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INCORPORATION OF PRESCRIPTIVE ANALYTICS FOR PERFORMANCE
ENGINEERING AND DYNAMIC PERFORMANCE MANAGEMENT
OF BIG DATA APPLICATIONS

B. ZIBITSKER, PhD
President and CEO
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Abstract: In a complex Big Data environment applications compete for resources and affect
each other performance. Selection of Machine Learning Algorithms and Machine Learning Libraries
and Big Data YARN's Scheduler, Queues and Containers rules can significantly affect accuracy, per-
formance and scalability of Big Data applications.

We will review how predictive and prescriptive analytics can be used to develop recommenda-
tions optimizing selection of the algorithms, priorities, concurrency and resource allocation to effec-
tively satisfy Service Level Goals for each of the workloads.

During this presentation we will review how prescriptive analytics can be used for evaluation
of the options and justification of the changes necessary to proactively and continuously meeting
Service Level Goals (SLGs) for each workload. We will review how comparison of the actual results
with expected are used to organize a feedback control.
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BIG DATA ANALYTICS - MISSING OR MESSY DATA, WHAT NOW?

D. A. HEGER, PhD
CEO/Owner DHTechnologies
& Data Nubes

DHTechnologies, Austin, TX

Introduction. Missing data scenarios are common Big Data problems in domains such as biol-
ogy, finance, medicine, life-science, research, or climatic science (to name a few). They can arise
from different sources such as mishandling of samples, low signal-to-noise ratios, measurement er-
rors, hardware failures, transmission errors, no-response, or deleted aberrant values. Rubin introduced
the notion of the distribution of missingness as a way to classify the conditions under which missing
data should be treated. Little and Rubin distinguish among data missing completely at random
(MCAR), data missing at random (MAR), and data missing not at random (MNAR):

1. Data missing completely at random (MCAR) describes scenarios where the probability of an
instance (case) having a missing value for a variable does not depend on either the known values or
the missing data, respectively. An example would be a sensor outage that results into missing some
measurements.

2. Data missing at random (MAR) describes scenarios where the probability of an instance
having a missing value for a variable may depend on the known values but not on the value of the
missing data itself. For example, suppose men are less likely (compared to women) to respond to an
income question in a survey, but the likelihood of responding is independent of their actual income.
In this case, unbiased gender-specific income estimates can be made if one has data on the gender
variable (as an example by replacing the missing income value with the gender-specific median in-
come).

3. Data missing not at random (MNAR) describes scenarios where the probability of an instance
having a missing value for a variable may depend on the value of that variable. For example, this may
occur if either low or high income subjects (or both) are less likely to answer the income question in
a survey. This is the most complex type of missing data and in many cases, there is no good value to
substitute for the missing one. But, by just dropping these subjects, the results will be biased and
hence such an approach is normally not suggested.

It has to be pointed out that missing data introduces an element of ambiguity into the data anal-
ysis cycle. Missing data can affect properties of statistical estimators such as the mean, variance, or
percentage, resulting in a loss of information power and misleading conclusions. A variety of tech-
niques have been proposed for substituting missing values with statistical predictions, a process that
is generally referred to as missing data imputation. To reiterate, it is very often the case that the
weakest link in a Big Data analytics study is the quality of the available data sets. It is a fact that the
more one can find out about why the data sets are as they are, the more one can develop a case on the
pattern of the missing data, as well as on a rationale on why the pattern may or may not matter. It has
to be pointed out though that in many studies, just eliminating missing cases prior to the analysis is
not viewed as a legitimate solution to the problem.

Some of the rather standard techniques to address missing data (such as list-wise deletion, single
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mean imputation, or single regression imputation) may lead to biased estimates of the model param-
eters. To illustrate, a simple mean substitution method leaves the mean unchanged but decreases the
variance! Some of the more appropriate techniques (in many cases) for dealing with missing data are
the multiple imputation (MI) and the (full information) maximum likelihood (ML) estimation that
incorporate the missing data points in the analysis (see Enders and Enders & Peugh). Ml involves
imputing a range of random plausible values for missing data, a process that results in several com-
plete data sets that can then be analyzed. One of the advantages of this approach is that the technique
introduces variability into the distribution of cases with missing data (simulating the messy world we
are living in), a process that is more likely to represent the population than imputing a single value
for each missing case. Partial data actually contributes to the estimation of the model’s parameters by
implying probable values for missing scores via the correlations among the variables. Expectation
maximization (EM), a common method for obtaining ML estimates with incomplete data sets, treats
the model parameters (rather than the data points themselves) as missing values to be estimated and
borrows information from the existing data at successive iterations until differences between succes-
sive iterations are minor. Missing data can pose a number of additional problems in multilevel data
structures, depending on the sampling design underlying the data set, the extent to which the data are
missing at each level, and whether or not the data can be assumed to be missing at random. In some
modeling situations, there may be a considerable amount of missing data. Compared with single-level
analyses, the difficulties presented by multilevel analyses scenarios concerns the likelihood that the
missing data at one level (Level 2) may be linked to the missing data at Level 1.

In any Big Data analytics project, it is paramount to distinguish between data preparation and
data analysis. While preparing the data for analysis, it is imperative to determine the amount of miss-
ing data, as well as the missing data pattern(s). It is essential to note that the reality is that there is a
very small chance to get the missing (real) data back in the first place. Hence, a data scientist always
has to deal with the problem of missing information. The quality of the analysis though depends on
assumptions one makes on the pattern of the missing data and what is reasonable to conclude about
those patterns. Now, what one can do about the missing data becomes the pressing concern!

Definition - Missing Completely at Random (MCAR). Suppose the probability of an observation
being missing does not depend on observed or unobserved measurements. In mathematical terms, one
can stipulate:

Pr(r | ¥o. Ym) = Pr(z) 1)

Then one can state that the observation is missing completely at random (MCAR). Note that in
a sample survey, MCAR may be labeled as uniform non-response. If data sets are MCAR, then con-
sistent results with missing data can be obtained by performing the analyses as if there were no miss-
ing data. But, doing so will result in some loss of information. So that implies that with MCAR data
sets, the analysis only provides valid inferences with complete data sets! So does an analysis based
on moment based estimators (for example generalized estimating equations) and other estimators
derived from consistent estimating equations. The term consistent estimating equations refers to func-
tions of the data and unknown parameters whose expectation (taken over the complete data at the
population parameter values) is 0. Under MCAR, they still have expectation zero and so still lead to
valid inferences.

Stating the same mathematically, an estimating equation can be written as U (y, 8) and at the
estimate 9, U (y, 9) = 0. The estimating equation is consistent because EU (Y,8) = 0 (where 6 re-
flects the population parameter value). It remains consistent if the data reflects missing completely at
random (MCAR) because EU (Y,,0) = 0. A simple example of a consistent estimating equation is
the sample mean U (y,0) = y — 8. With MCAR a single imputation or a multiple imputation (MI)
method can be considered. It has to be pointed out that with a single imputation method, it may be
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difficult to generate valid variance estimates though! The author of this report always suggest to at
least consider an MI approach with MCAR.

Definition - Missing At Random (MAR). After considering MCAR, a second scenario may come
up. That is, what are the most general conditions under which a valid analysis can be done using only
the observed data and no information about the missing value mechanism, Pr(r | yo, ym)? The answer
here is when, given the observed data, the missingness mechanism does not depend on the unobserved
data. Mathematically stated:

Pr(r | Yo. Ym) = Pr(r | yo). (MAR) ()

This is equivalent to stating that the behavior of 2 runs who share observed values have the
same statistical behavior on the other observations, whether observed or not. To illustrate:

Table 1. Some Measurements

Measurements Features

Collection Run 1 2 3 4 5 )
I 1 3 4.3 3.5 1 4.6
2 1 3 NA 3.5 NA NA

As runs 1 and 2 in Table 1 have the same values (where values for both runs are available),
given these observed values (under MAR), features 3, 5 and 6 from run 2 have the same distribution
(not the same value!) as features 3, 5 and 6 from run 1. It has to be pointed out that under MAR, the
probability of a value being missing will generally depend on observed values, so it does not corre-
spond to the intuitive notion of random. The important idea is that the missing value mechanism can
be expressed solely in terms of observations that are observed. Unfortunately, this scenario can hardly
ever be definitively determined from the data at hand! An example of a MAR mechanism may be the
scenario where 2 measurements of the same variable are made concurrently. If they differ by more
than a given amount, a 3d measurement is taken. This 3d measurement is missing for those scenarios
that do not differ by the given amount specified for the 1st 2 measurements.

A special case of MAR is known as uniform non-response within classes. To illustrate, one
seeks to collect data on income and property tax bands. Typically, those with higher incomes may be
less willing to reveal the actual numbers. So a simple average of incomes from people who actually
responded will be downwardly biased. However, assuming one has everyone's property tax band and
given that the property tax band non-response to the income question is random, then the income data
is missing at random. The reason, or mechanism, for it being missing depends on the property band.
Given the property band, missingness does not depend on income itself. Therefore, to get an unbiased
estimate of income, one has to first average the observed income within each property band. As data
IS missing at random given a property band, these estimates will be valid. To get an estimate of the
overall income, one has to combine these estimates, weighted by the proportion in each property
band.

It further has to be pointed out that likelihood methods (such as EM) are valid for MAR as well.
However, in general, non-likelihood methods (based on simple completers, moments, estimating
equations) are not valid for MAR per se. So ordinary means and other simple summary statistics that
are based on the observed data will be biased. Finally, with likelihood, the term ignorable is often
used to refer to a MAR mechanism. But it is the mechanism (the model for Pr(R | yo)) that is ignorable,
not the missing data! To summarize, MAR scenarios can be analyzed via multiple imputation (MI)
methods or likelihood-based methods (such as EM).

Definition - Missing Not At Random (MNAR). When neither MCAR nor MAR holds, one states
that the data sets are Missing Not At Random (MNAR). Now, in a likelihood setting, the missingness
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mechanism is labeled non-ignorable. All this basically implies that while even accounting for all the
available observed information, the reason for observations being missing still depends on the unseen
observations themselves.

In other words, the probability of a data value being missing is related to the unobserved values.
To illustrate, a study may focus on analyzing tumors. So that study requires measurements of the
actual tumor sizes. The data may show that smaller tumors are less like to have sizes recorded (maybe
due to any detection delays). So it is harder to actually measure the size of smaller tumors. Hence,
while there may be good data available for larger tumor sizes, the sizing data for smaller tumors may
be missing. So with MNAR, the important question to be answered is how is the data related to the
unobserved value?

Similar to MAR, MNAR scenarios can be analyzed via Multiple Imputation (MI) methods or
likelihood-based methods (such as EM). It has to be pointed out that MNAR is much more complex
to deal with and basically requires modeling the process yielding the missing values.

Definition - Multiple Imputation/ Multiple imputation refers to a statistical technique for ana-
lyzing incomplete data sets (data sets for which some entries are missing). The actual application of
the technique requires 3 steps, imputation, analysis, and pooling.

1. Imputation (impute = fill in). Impute the missing data m times to produce m complete data
sets. Regression models, Bayesian ideas (with MCMC), or Fully Conditional Specifications (that
works well for categorical data) can be used here.

2. Analysis. Analyze each data set by using a standard statistical procedure. This step results in
m analyses.

3. Pooling. Integrate the m analysis results into a final result See Rubin or Schafer.

Note: Rubin has shown that if the method to create imputations is proper, then the resulting
inferences will be statistically valid. The real challenge here is in the imputation phase (aka the con-
struction of the m completed data sets). This step accounts for the process that created the missing
data. A typical problem here could be that the missing data is actually related to its value (aka wealthy
people tend to skip income questions in surveys). It further has to be reemphasized that missing entries

can appear anywhere in the data and that the method used in the imputation step must foresee
the intended complete-data analyses. But, the repeated analysis step on the imputed data is actually
somewhat simpler than the same analysis without imputation, as there is no need to bother with the
missing data per se. The pooling step consists of computing the mean over the (m) repeated analysis,
its variance, and its confidence interval or p value. In general, these computation are reasonably sim-
ple. Some common data imputation techniques are (to just name a few):

— MI Mean

— K-nearest neighbors (KNN)

— fuzzy K-means (FKM)

— singular value decomposition (SVD)

— Bayesian principal component analysis (BPCA)

— Bayesian ideas (regression, MCMC)

— Multiple imputations by chained equations (MICE)

— Fully conditional specifications (FCS)

To further discuss MI, The MCMC and the FCS methods are elaborated on in more detail here.
Both methods are very popular iterative methods for performing multiple imputations for missing
data patterns. The Markov Chain Monte Carlo (MCMC) method is widely used for Bayesian infer-
ence (Schafer) and is considered as one of the most popular iterative algorithm for multiple imputation
scenarios. The basic flow is that one commences with some reasonable starting values for the mean,
variance, and the covariance among a given set of variables. Next, one divides the sample into sub-
samples, each having the same missing data pattern (the same set of variables present and missing).
For each missing data pattern, one uses the starting values to construct linear regressions for imputing
the missing data, using all the observed variables in that pattern as predictors. One then imputes the
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missing values, making random draws from the simulated error distribution, which results into a sin-
gle completed data set.

Using this data set with missing data imputed, one recalculates the mean, variance and covari-
ance and then makes a random draw from the posterior distribution of these parameters. Finally, one
uses these drawn parameter values to update the linear regression equations needed for imputation.
This process is typically repeated many times. For example, one may run 200 iterations of the algo-
rithm before selecting the first completed data set, and then allow for another 100 iterations between
each successive data set. So producing 5 data sets (as an example) requires 600 iterations (each of
which generates a data set). Why so many iterations? The first 200 (burn-in) iterations are designed
to ensure that the algorithm has converged to the correct posterior distribution. Then, allowing 100
iterations between successive data sets gives the confidence that the imputed values in the different
data sets are statistically independent. If all assumptions are satisfied, the MCMC method produces
parameter estimates that are consistent, asymptotically normal, and almost fully efficient. Full effi-
ciency would require an infinite number of data sets, but a relatively small number normally gets one
very close.

An alternative algorithm is known as the fully conditional specification (FCS) or multiple im-
putation by chained equations (MICE) (Brand, Van Buuren, Oudshoorn). This method is attractive
because of its ability to impute both quantitative and categorical variables appropriately. It allows one
to specify a regression equation for imputing each variable with missing data (usually linear regres-
sion for quantitative variables and logistic regression (binary, ordinal, or unordered multinomial) for
categorical variables. Under logistic imputation, imputed values for categorical variables will also be
categorical. Imputation proceeds sequentially, usually starting from the variable with the least missing
data and progressing to the variable with the most missing data. At each step, random draws are made
from both the posterior distribution of the parameters and the posterior distribution of the missing
values. Imputed values at one step are used as predictors in the imputation equations at subsequent
steps (something that never happens in MCMC algorithms). Once all missing values have been im-
puted, several iterations of the process are repeated before selecting a completed data set. Although
attractive, FCS has 2 major disadvantages (compared to the linear MCMC method). First, it is much
slower, computationally. Second, FCS itself has no theoretical justification. By contrast, if all as-
sumptions are met, MCMC is guaranteed to converge to the correct posterior distribution of the miss-
ing values. FCS carries no such guarantee, although simulation results by VVan Buuren are very en-
couraging.

Summary - Multiple Imputation (MI). Just as the single imputation methods, multiple imputa-
tion fills in estimates for the missing data. But to capture the uncertainty in those estimates, M1 esti-
mates the values multiple (m) times. As M1 utilizes an imputation method that has an error term built
in, the multiple estimates should be similar, but not identical. The result basically is multiple data sets
(m) with identical values for all of the non-missing values and slightly different values for the imputed
values in each data set. The statistical analysis of interest (such as logistic regression) is performed
separately on each data set and the results are then consolidated. Because of the variation in the im-
puted values, there should also be variation in the parameter estimates, leading to appropriate esti-
mates of standard errors and p-values, respectively.

Definition - Maximum Likelihood (ML). Depending on the pattern and the amount of missing
data, a potentially legit approach may be to analyze the full, incomplete data set via a maximum
likelihood estimation. This method does not impute any data, but rather uses each cases available data
to compute maximum likelihood estimates. The maximum likelihood estimate of a parameter equals
to the value of the parameter that is most likely to have resulted in the observed data.

When data points are missing, one can factor the likelihood function. The likelihood is com-
puted separately for those cases with complete data on some variables and those with complete data
on all variables. These 2 likelihoods are then maximized together to find the estimates. Like multiple
imputation, this method provides unbiased parameter estimates and standard errors. One advantage
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of ML is that it does not require the careful selection of variables used to impute values on (necessary
with MI).

Some Actual Guidelines

In the next few paragraphs, some basic guidelines are provided. It has to be pointed out though
that if more than 5% to 10% of the data is missing, a scenario like that is considered a potential major
source of a serious bias that has to be addressed accordingly.

— Assuming that the proportion of missing data is < 0.05. If less than 5% of the data is missing,
studies have shown that it matters little what imputation method is chosen or whether one adjusts the
variance of the regression coefficient estimates for having imputed data in this case. So for continuous
variables, imputation via the median value should be adequate. For categorical predictors, the most
frequent category can be used. A complete case analysis may be an option here as well.

— Assuming that the proportion of missing data is between 0.05 and 0.15. In this scenario, if
a predictor is unrelated to all of the other predictors, imputations can be done the same way as above
(impute a reasonable constant value). If the predictor is correlated with other predictors, develop a
customized model (such as via a transcan function - a nonlinear additive transformation and
imputation function) to foresee the predictor from all of the other predictors. Then impute missing
data with predicted values. For categorical variables, classification trees are good methods for
developing customized imputation models. For continuous variables, ordinary regression can be used
if the variable in question does not require a non-monotonic transformation to be predicted from the
other variables. For either the related or unrelated predictor case, variances may need to be adjusted
for imputation. The author of this report suggests multiple imputation or maximum likelihood
methods here while single imputation methods may be considered.

— Assuming that the proportion of missing data is > 0.15. Such a scenario requires the same
considerations as in the previous case and adjusting variances for imputation is even more important.
To estimate the strength of the effect of a predictor that is frequently missing, it may be necessary to
refit the model on the subject of observations for which that predictor is not missing. In this case
either multiple imputation or maximum likelihood methods are preferred for most models.

Summary. Analyzing and cleansing (missing) data is paramount in order to achieve actual, ac-
curate conclusions. To illustrate, while using the same ANN to conduct a regression study, using 2
differently cleansed data-sets as the input, there is a high probability that the 2 different input sets
will result into 2 different answers/conclusions. Further, in any data analysis project, greater than 5%
to 10% of missing data points is considered a potential source of a very serious bias condition. It is
always important to consider and scrutinize the model/environment that produces the missing data.

Many studies have shown that in most scenarios, either a multiple imputation or an ML method
does provide excellent results (even for MCAR). Further, if the missing data reflects MNAR, there is
a need to consider and scrutinize the model that actually gives rise to the missing data. Plus, if the
missingness is strongly related to the value of the variable, the problem becomes rather complex (a
fact that cannot just be ignored).
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BIG BELARUS DATA. THE YEAR OF TRUTH FOR BELARUS, BIG DATA AND
ANALYTICS

M. G. STROO, PhD
Owner of Invisi, Netherlands, Owner of Act
On Insight, Belarus, Information Innovation
Leader, Business Intelligence Consultant:
Royal Agio Cigars, City of Rotterdam, Nuon

Invisi BV, Netherlands

Data Is The New Oil

* Many leading companies are now data driven:
+ Amazon - books
+ Apple - music
- Skype - telecom

- Software enables them to collect and analyse data as source of their
success

- Data is the oil, software is the drill

- While oil availability is limited, data availability grows exponentially

Invisi=

Internal Business Data Oil

* Modern companies all run on software for their core business processes:
-+ Finance
* HR
-+ CRM
- Sales
+ Production
+ All this software stores potentially valuable data for decision making
* Integrating data from different processes for overall insight is the challenge

Invisi=

Analytics Maturity - Start Drilling Your Own Oil

Know about yourself, before you start to know about
others

Drill in your own business data to generate valuable
information from it

+ Acquire drilling tools and people to work with the tools
+ Set up an information and analytics strategy

Implement information and analytics processes and
centres

Invisi=

The Data Warehouse As The Business Data Engine

Core Business Data will largely keep coming from
databases connected to business applications

- All businesses need to ensure revenue, profitability and
process quality in order to survive

+ The Data Warehouse is the proven way to collect
historical business data and make it available as high
quality integrated information to answer business
questions

Invisi=
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Analytics Maturity - Crawl Before You Run

+ People first learn to crawl, then to walk, then to run

+ In analytics maturity, first learn to see what happened, then
why did it happen, then what may happen:

+ Reporting and scorecarding
+ Dashboarding and OLAP
+ Forecasting and Predictive Analytics

+ First look inwards to your structured process data, then deal
with larger amounts of more varied customer and market data

Invisi=

Data Science As Business Innovation Driver
- Companies also possess more and more customer data
+ This customer data can be analysed for patterns and trends

+ Once Data Mining, now Data Science, is how data is
analysed for valuable insights

+ Open source tools and software languages like R and
Python bring Data Science within reach of many

+ This may lead to product and process innovation even for
smaller companies

Invisi=

Innovative Business Models to Turn Data Into Profit

+ Data generated by your business processes can be used
as new products or services

- This data goes from a byproduct of the process to the
centre of a new product

+ The new products can open up new markets and new
clients

+ These products typically follow one of a couple of basic
patterns

Invisi=

Data Driven Product Patterns
- Sell data
Innovate products through data
- Swap commodity offerings into value-added services
- Create interaction in the value chain

- Create a network of value based on data exchange

Invisi=

Sell Data Example
Bank analyses account transactions with specific retailers
Bank anonymises this data
Bank benchmarks this data with selected competitors

Bank sells the result to these specific retailers

Invisi=

Product Innovation Example
+ Bank offers checking accounts to consumers

- Bank offers household expenses dashboard to their
consumers based on their account transactions

- Bank offers this dashboard also to non-customers who
can upload data from their own bank

- Bank offers recommendations based on comparisons,

such as energy spending compared to similar
households

Invisi=
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Data Driven Issues To Consider

- These issues may have limited impact on the original
process, but big impact on your data driven product:

Data quality
Data continuity

Interference with other processes

Invisi=

The State of Big Data and Analytics in Belarus

Large software services companies in Belarus with data
related professionals largely ignore Belarus market

Middle and large private Belarus companies are seen as
having low budgets and limited interest for analytics

- State controlled Belarus companies are seen as not

interested in analytics, business performance
management and not thinking value driven

Invisi=

Overcoming Belarus Bl Challenges

+ Increase numbers and level of data related and analytics
professionals in Belarus

- Reduce knowledge drain of high potentials to other countries

+ Use Agile project methods to rapidly implement Bl in Belarus state
and private companies

+ Use innovative methods and tools to decrease development time of
data warehouses

+ Implement standard and conformed logical data models for core
business processes for fast insight in areas like finance, sales and
production

Overcoming Belarus Bl Challenges

+ Use open source and low cost tooling as backbone of an analytics architecture
+ Database
+ PostgreSQL, MariaDB, MongoDB
+ ETL and data warehouse automation
+ Pentaho, Talend, Quipu
+ Bl server, visualisation and OLAP
+ Pentaho, Jaspersoft, Palo

+ Improve on existing open source tooling and create new ones from joint Belarus
university and enterprise research

Invisi= Invisi=
Belarus Data Innovation Opportunities Belarus Data Research Opportunities
Reserve budget for data related research and innovation Effectiveness of various visualisation options
Review current internal business and customer data Data virtualisation
Start data warehouse projects in Belarus companies Data Warehouse automation
Start exploring innovation based on existing company Data Lake and Data Warehouse architectures
and customer data
Hadoop based Data Warehousing

Start Smart City initiatives in major Belarus cities

Invisi= Invisi=
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Belarus Data Challenge

Bring Business Intelligence and Data Warehousing to one
hundred medium sized Belarus companies per year

Bring Data Science initiatives to ten larger Belarus
companies per year

- Create hundreds of new Data related Belarus jobs per
year

- Transform three Belarus companies to data centred
companies per year
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DATA ANALYSIS USING ELK STACK

L=

F. MOHAMMED D. BALTUNOU C.S.DZIK

Utech LLC location Utech LLC location Utech LLC location
— Madison — Madison — Madison

Utech Solution Inc, Madison, USA
E-mail: constantine.dzik@utechdata.com

AGENDA
A
/A Utec hdata © What is ELK, and why do we need it?

A.k Technical services
o The ELK stack(Logstash, ElasticSearch, Kibana)

o Architecture

o Use Cases

DATA ANALYSIS USING ELK STACK

o Demo
o QA
bl

Farooq Mohammed
Constantine Dzik

Dzmitry Baltunou .
April 2017

THE CHALLENGES

Search

WHAT Is ELK STACK, AND WHY DO WE NEED IT?
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ONE SoLUTION: ELK

What is the ELK stack

* Elasticsearch

« Search server

* Based on Apache Lucene
« Logstash

+ Data pipeline

+ Processes logs and other data

+ Plugins
* Kibana

« Web frontend for Elasticsearch

Stack Components by Type
* Shippers
* Brokers
« Storage / Processing
* Visualization

ELK Overview

1 Elasticsearch: NoSQL DB Storage
§ Logstash: Data Collection & Digestion
& Kibana: Visualization standard.

THE ELK STACK(LOGSTASH, ELASTICSEARCH, KIBANA)

LOGSTASH

h
E Analysis
\ ; Archiving
—_—

’
( T4

Menitoring

logstash

\|

\

W E

Alerting

LOGSTASH CONFIG STRUCTURE
P
uﬁw =

input {}
|

> (output {}

> mef.} ——
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LOGSTASH CONFIG FILE EXAMPLE

i & Ut JSON
input , : AP TS
massively Elasticsearch vLucene
fier dnea .
O ol s Sy A s higl real t|me’ based
Walablly  search and  distributed
- analytics engine
KiBANA
« Kibana is an open source ics and visualizati latf i o
work with Elasticsearch

Use Kibana to search, view, and interact with data stored in Elasticsearch
indices.

Easily perform ad d data lysis and visuali

y your data in a variety
of charts, tables, and maps.

Easy to understand large volumes of data. Its simple, browser-based
interface enables you to quickly create and share dynamic dashboards
that display changes to Elasticsearch queries in real time.

widows Windows?_
e s MACOSK ol

- U e
Rl U -
- — <t

ARCHITECTURE

Qur ELK stack setup has four main components:

-Logstash: The server component of Logstash that processes incoming
logs

+Elasticsearch: Stores all of the logs

-Kibana: Web interface for searching and visualizing logs, which will be
proxied through Nginx

-Filebeat: Installed on client servers that will send their logs to Logstash,
Filebeat serves as a log shipping agent that utilizes

the liimheriack natwarkina nrataenl ta commiinicate with | nastach

Filebeat |  App Server

User +—— Nginx = Kibana ElasticSearch « Logstash «—

Filebeat DB Server
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Use CASES

USAA®

JSAA

USAA reduces security incidents by searching 3-4 billion security events a
day, running Python scripts, building custom applications to mine the data,
and utilizing Watcher, the Elasticsearch alerting and notification extension.

FICO

FICO is leveraging Elasticsearch, unstructured and semistructured data
to significantly improve the performance of FICO's analytics models.
FICO's Analytic Modeler for Text products makes these advanced
analytics and visualizations available to end users in an intuitive and
interactive way. FICO has integrated advanced descriptive, diagnostic,
and predictive analytics with Elasticsearch, and extended Kibana to
provide advanced visualizations against same.

NETFLIX

Netflix millions of 's a day across many channels —
email, push notifications, text, voice calls, etc — via its messaging platform:
a distributed system made up of a series of separate applications. They use
Elasti " for higher ge deliverability and operational !

GitHub

GrHub

GitHub uses Elasticsearch to continually index the data from an ever-growing
store of over 8 million code repositories, comprising over 2 billion documents.
Using Elasticsearch, GitHub was able to let users easily search this data.

One goal of GitHub's Elasticsearch implementation is to index everything that is
publicly available on GitHub.com and make it easy to find. Full-text searching is
fully supported, but searching based on a wide variety of criteria is also possible
and dead simple.

On GitHub you can search for a project that uses Clojure as the primary
language, and has had activity over the past month, and all this functionality is
powered by Elasticsearch. ‘

Facebook

Facebook has been using Elasticsearch for 3 plus years, having gone from a
simple enterprise search to over 40 tools across multiple clusters with 60+
million queries a day and growing.
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ORACLE BIG DATA: A MUST-HAVE TECHNOLOGY IN 2017

N. USPENSKIY
BigData Specialist, ORACLE Representative in
Russia, Kazakhstan, Mongolia, Russia

ORACLE, Russia
E-mail: nikita.uspenskiy@oracle.com

Abstract. The speaker will share information major Big Data market trends and most popular
use cases in CIS region. The presentation will also cover Oracle Big Data portfolio overview and
recommendations for Big Data projects implementation.

Oracle Big Data

TexHonoruu, 6e3 KoTopbix ; Safe Harbor Statement
He oboitTuch B 2017 rogy . '
The following is intended to outline our general product direction. It is intended for information
purposes only, and may not be incorporated into any contract. It is not a commitment to deliver
any material, code, or functionality, and should not be relied upon in making purchasing decisions.
The development, release, and timing of any features or functionality described for Oracle’s
products remains at the sole discretion of Oracle.
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BCE faHHbIe B paMKax eauHbIX 0BLLMX NOAWTUK obecnedeHus 6e3onacHocTU

ORACLE
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TexHONOrMKM yBe/IMYEHUA CKOpoCTH Big Data SQL

CokpalyeHue sBoga-BbiBOAa

EEEEEE EEEEEE EEEEEE EEEEEE
u 1 EEEEEE EEEEEE ENEEEE
EEEEEE EEEEEE EEEEEE

EEEEEE EEEEEE ENEEEE

u 1 EEEEEN ENEEEE EEEEEE
EEEEEN ENEEEE ENEEEE EEEEEN
User Query Partition Pruning Storage Indexing Predicate Pushdown

Coprpn © 255, e kst s g e | i

MHTerpauma AaHHbIX MEXAY TPaAULNOHHbLIMM
penauMoHHbiMM CYB/ 1 mupom Big Data

Queryin-place
with Big Data SQL

saL

Oracle Table
‘Access for Hadoop

1=}
Oracle Loader for
Hadoop (Big Data i
connectors) ‘

XpaHUAULLE A3HHBIX

o © 255, e kst s g s =

Pezepeyap AaHHbIX

2. UccnepoBaHue
HOBbIX BO3MOXHOCTEeM

ORACLE

oo 200 Crsewefr e g e, | 2
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M3 AaHHbIX B Hadoop He TaK JIerko n3pjiedb NoJibsy

* CyLLecTByiOLME aHANUTUYECKNE
CPEeACTBa HE NOAXOAAT
— TpebyeTca MHOTO yCHMii 417 MOATOTOBKM AaHHbIX
— Pyunan 06paboTka HaBOPOB AAHHBIX

* CNoXHble KoMMNoHeHTel Hadoop
— Pig, Oozie, Sqoop, Hive, Spark

a - 8, Spaik’

* CNIOXHO HalTn cneunanncroe

— A3bIKM NPOTPAMMMUPOBAHUA
(Hanpumep, Map Reduce, Python, Scala)

— OMMCTKG AGHHBIX 1 1X NIOATOTOBKA CHIBHO 3ABMCAT
or ETL urcrpymenTos

— AHaNMTUECKHE 3aNPOCHI AOMIKHBI BbiITb
onpepenenbi 3apariee

* HeT eaMHOro MHCTpyMeHTa AnA

aHanusa g, @ puthon FScala
~ Hecon R L — Mar. cratmeTika 1 mawmHHoe oBydenne
— HeT eiHOro «MCTOUHMKa NpaBab!» — WnTepdelickl ¢ KOMaHAHOI CTPOKO
* Hy)XeH NonHbIM dyHKUMOHaN
RACLE I —— B

Big Data Discovery. BusyanbHbiii uHtepdeiic kK Hadoop

P T ——— =

WU3yyaiite faHHbIe U pacKpbiBaiTe Ux NoTeHuMan

* TOHUMaHKe CTPYKTYPbI
AaHHbIX. Busyanusauma
aTpubyTos No Tnam

T
.

* Coptuposaka atpubyros no
CTEeNeHU UX BaXHOCTH Ha
0OCHOBE anropuTMoB
MaWHHHOIO OGVM(’IIMR

* Pacnpegenexne aHHbIxX,
KauecTso AaHHbIX W

BbIGPOCH!
81

* lNoHumarne Kopennaummn b

Meway aTpubyTamu _/_\_ = g

o oo - oy prm——

* Ouexka uenecoobpasHocT =

AanbHenwei pabotbi ¢ . -

HabopOM AaHHBIX

ORACLE Capegee ©2013 G weer o wetmtes. s et | =

Mccnep,yiire JaHHble 4NA NoAy4YeHUA HOBbIX 3HAHWH

© OBBepHHEHHE Pa3NUHBIX
[aHHbIX 1A Gonee
rny6okoro aHanusa

Sales Analysis: Customar Crum

* OMNBTPALMA AaHHBIX C
MOMOULB K MOWHOTO
NOMCKOBHKA M MHTYHTHBHOM
HaBMIaLMK € NOACKAsKaMK

* Wntepdeiic «Drag & drop» - - - - - - - 0 -
ANA CO3/AHNA
MHTEPAKTUBHLIX BU3YANbHBIX  —oe
Axwbopaos

* Nybamukauus 8 Hadoop
OT4ETOB Ha OCHOBE
CMeWaHHbIX HaBopos
AaHHbIX

ACLE

L L =

39

AHanutuka 6onbLunx AaHHbIX Tpe6yeT HOBbIX MOAX0008B

MOHATHDBIM Beem, AnA GbicTporo
OMCKa, MBYMEHNS, TPAHCHOPMALMM
1 aHanwsa farHbix 8 Hadoop,

aTaioke an owero
NoAb30BaKYS pesynbTaTaMM

VHTYMTHB HBIF, MHTEpPaKTHBHbIT
Y HATAAAHBIIA MOMb30BATEGCHHIA
nhrepdeiic

Tpanchop-
Mauva

RACLE

Copr 1905 e s A s et | u

Jlerko HaxoauTe HyKHble Ha60pbl AaHHbIX

P — = 2.e * &} * [lOCTYN K MHTEPAKTMBHOMY
Karanory AlaHHbix,

pacnonoxerHbix 8 Hadoop

* YaoGHbIi NOUCK 1 HaBUrauus
8 Habopax AaHHbIX

* AHHOTAUMM, KpaTKkue
ONMCaHNA 1 PEKOMEHAALUM K
Habopam AaHHbIX

* 3arpyska coGCTBEHHbIX
AaHHbIX

*+ AsTomatnyeckoe
oborauwieHue AaHHbIX

* Hasurauma no co6CTBEHHbIM
¥ KOANIEKTUBHBIM NPOEKTaM

- P o et
[ mgme e
RACLE Compe 3583 e s 5 i, 8 g | =

TpaHcdopmupyitte 1 oborauiaiite aaHHble

= » - i e ana

‘Sales Analysis: Wine ° TpaHcHOPMALMK AaHHBIX
-— = = * Pacwmpreman 6ubnuoteka
. yHKUMI (3ameHa sHaueHHii,

KOHBepTaUMA THIOB,
TPYNINMPOBKH, CAANMA 1 T.A.)

+ MNpepsapurenbHbiil NnpocMoTp
¥  pesynLTaTos, OTMeHa,

NOATBEpHK/AEHNUE U NOBTOPHOE
= BLINONHENME TPaHChOPMALMI

+ Tecruposanme Ha HeGonbuIOM
HaBope aHHLIX B ONEPATUBHORM
NaMATH, NPUMEHEHUe Ha
NONHOM HaBope AaHHbIX &
Hadoop

Coppe @ 2068 race et s s s | =

JAenutecb pesynbtaTamu ¢ Ballmu Koineramu

- Benwreco u ssaumopeiicTeyiTe ¢ Bawei

o jrcien KoMaHA0
oo e — Dlenvrecs npoekTam, 3aKnaakamy, cHanuoTam
neeligence.
5 - « MySnukyiite fanubie & Hadoop
s - ot e Fads
ity s — TpanchopmaLyin 1 oBoraueHAR moryT BbiTe
ot dns . FIDUMEH e K HCXOIHbIM HABOpaM AaHKBIX
warehouse — Myruraunn noaroToBneHi KaBopos AakHbX &
Share & Collaborate Publish Leverage HDFS.

- Mcnonssyiire pesynbTars anm pabos ¢
APYTUMY MHCTRYMeHTaMM

Oracle Big Data Discovery oT/iM4HO ~ MyGnuwyiiTe fanreie & Hadoop s opwarax,
ONTAMA3WpOBaHHSLX AnA aHaTHTECKIX
pabotaeT co Bcex 3KocucTeMoit Big Data

WHCTpymerTOR (HampuMep, ORAAH)

— McnonssyiiTe craaapTHsie KomnoHeHTs! Haddop.
(wanpumep, Pig, Hive, Impala, Python, 1.0.)

oy © 2015, crace o a4 s s | =
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3. Pa3BepTbiBaHue,
CONpoOBOXAeHue
nTCO

Copyreh 0200, s sl s st A s et |

ORACLE

BIG DATA APPLIANCE — nporpammHoe obecneyeHue

* Oracle Linux 5 unw Oracle Linux 6
. *Oracle Java—JDK 8
ORACLE" oracle R Distribution
* Oracle Big Data Appliance Enterprise Manager Plug-In
* Big Data SQL
* Big Data Discovery )
* Oracle NoSQL Database Enterprise Edition
)

* Cloudera Enterprise 5 — Data Hub Edition

* Cloudera's Distribution including Apache Hadoop (COH) with
cloudera  support for YARN and MR2

* Cloudera Impala

*® HBase (as well as support for Accumulo)

* Cloudera Search

* Apache Spark

* Cloudera Manager including:

* Cloudera Back-up and Disaster Recovery (BDR)

* Cloudera Navigator

ORACLE B,

Yto Bam HE npuaetcs genatb ¢ Big Data Appliance (1/2)

* Moa6upaTb 1 ONTUMN3NPOBATE KOMMOHEHTbI — CEPBEPDI, AUCKH,
KOMMYECTBO AUCKOB, MPOLLECCopbl, CeTH, NaMaTb U T.N.

* 3aKnio4aTe OTAENbHBIN forosop o noaaeprke ¢ Cloudera

= CobupaTe Knacrep

* Hactpausatb ceTeBble KOMMYTaTOPbI

* VHCTanAnpoBsarth ONepauMoHHYI0 CUCTEMY Ha KaXKA0M y3/e 1

= OTcnerknBaTh M yCTaHAB/IMBaTL ONTUMA/bHbBIE BEPCHM APaNBEPOB U
MPOLWNBOK ANA KaXA0ro KOMNOoHeHTa

* HactpausaTe OnepaLMoHHY CUCTEMY ANA ONTUMAaNbHOMN
MPOM3BOAUTENLHOCTH (Y HAaC e 04eHb MHOrO AaHHbIX!)

= Hacrtpaueats Java

ACLE

Coppre 208, rsce s s it s e =

TCO u pa3BuTUE CUCTEMDbI

* IKOHOMMWA Ha NNLEH3NPOBAHUM!
—To Kon-By Auckos (Hanpumep, Oracle Big Data SQL):
+ BOAbLUE pasmep AUCKOB = MEHbLUE IMUEH3UIA /1A HYKHOTO 06bema faHHbIX
* JKOHOMMA Ha Tex. noaaepke MO:
—12% ot croumoct Oracle Big Data Appliance, Tex. nogaepka Cloudera y4teHa
—Hanpsamyio nokynaTe gopoxke
(ueHa Ha ysen $3000-57000, yzabl MoryT 6biTb «cnabees)
* 3anagHble 3aKa3uMKM NepexodaT Ha Enterprise-pelueHun
* PbIHOK Pa3BMBAETCA B CTOPOHY KOHBEPTEHTHbIX CUCTEM, 3 He noAgxo4a
«caena cam»

ACLE

Copyep 02015, crace o s At g reves | 5

BIG DATA APPLIANCE - annapartHasa nnaatpopma

Jlo 792 apep c 4.6TB RAM (pacwmpsaetca ao 13.8TB)
* MOLUHbINA| /1o 1728 TB AMCKOBOTO NPOCTPaHCT8a
40 Gb/s InfiniBand

) MuHUMyM 6 Y3108 1 pacwmpenue no 96TB
¢ MoAv/IbHbIK A0 20+ cuctem B Knactepe

ONTMMM3aLMM A0 Linux
CroHdurypuposarHan Java

OnTI Ceresble

Ontumusaumum ans Hadoop

EAnHan TouKa 0GHOBNEHWUA M NaTYNPOBAHMA

Kerberos ayreHtudukauma
+ BE3OMACHBIN Astopu3aums Apache Sentry @

Ayaur Oracle Audit Vault
WndposaHue AaHHbIX
LWudposanue Tpaduka

. YnPABIIHEMbIﬁ] LlenTpanusuposanHoe ynpasnenme yepes OEM 12¢

ORACLE ;

3nacTmyHoe macwrtabuposaHue ot Starter Rack to Multi-Rack

Multi-Rack

* HauanbHan KoHoMrypauus skniouaer 6 BDA yanos
- M A06 no BDA yany
- C A 1 MOMKHO pa cus

ORACLE

Copirge 6296 racn ot s s 1 s =

YT1o Bam HE npuaetca aenats ¢ Big Data Appliance (2/2)

= WHcTananposatb gonoatutencHoe MO ot Cloudera

* TecTuposaTe paboTocnoco6HOCTL U NPOU3BOAUTENBHOCTE KaX/A0r0
y3na knactepa

* 3aHMMaTbCA CAMOCTOATE/IBHO TPYA0EMKOI NpoLeaypoit
MHOTypoBHero anrpeiaa 1 nat4nposarua BIOS, OS, Java, Hadoop 1
T.n.

* M npocto cneauTh 3a TeM, 4TO HYXKHO YTO-TO MPOANrpenanTh

* May4aTb KaK 3T0 Bce cenars 6e3 OCTaHOBKM U NpepbiBaHua paboTsl
nonbsosatenen

* 3aHMMaTbCa 4M3aiiHOM NepeBanaHCcMpoBKM KNacTepa npu ero
pacwmperHun

*Nra.vTn.

Coprie 201, race o s et s . | =

TexHMYecKan NoALEepKKa

* Premier Support: 24x7, pycckuii asbik B paboudme vacsl ¢ 9:00 go 18:00

- nOKprBaET BECb «CTEK» MPOrpaMmmHO-annapaTHOro KOMnNAeKca:
— AnnapaTtHble KOMMOHEHTLI
— Cuctemtoe MO (OC, Javaut.a.)
—MnatdopmenHoe MO Cloudera

* EAvHbIN MHTepbelic obpaleHns —yepes Oracle

* 12% OT CTOMMOCTU pellerus B rog,

ACLE

Copyrp © 2085, s o et s e =
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4. NMpounssoauUTeNbHOCTb

RACLE

opri @ 203, rase s s s, s e, | -

ACLE
A CleverDATA  ~poone
" OPTIMIZED

1DMP (CleverDATA)

P napTHep F

N PEByanaTbl TECTUPOBAHUAL

— O6paborka Gonee 101,5 Toicay (8 1,45 pa3 Gonblue
M3HUANLHO OMMIAEMOr0 UMCNE) 33NPOCOB B
CeKyHAY BCEro Ha ofHOM y3ne Oracle Big Data
Appliance. Bpema oTKAMKa Ha 3anpoc B 99% cnyuaes
e npesbicuno 1,17 munnncekyrap (8 1,7 pasa
NyuwWe 0XMAIEMOrD).

— Bpema KnaccudpuraLn UHTEPHET-CTPAHNLL U
NOCTPOEHME NONL3OBATENLCKUX NPOGUIEH Ha 6
yanax Oracle Big Data Appliance coctasmno 11
MMHYT 17 cekyHA M OKa3anocek B 5,43 pasa nydwe
OKMIAEMbIX PE3Y/ILTATOB.

«Hucno Knuenmos Bugn AanHbix pacmEm, G Mo sHasum,

+a darom pume pabomsi ¢ arrumus

Devuc Adanacses, renepanssii aupextop CleverDATA

http://cleverdata.ru/1dmp-na-oracle-big-data-appliance/

RACLE

Copprgp 02015, cnce o s At s =

<D

G DaTA.
Al 3

UEHTP PASPABOTK  — T
orPTIMIZED

ForSMedia (®OPC — LIP)

TectnposanMe NapTHepPCKoro pewenus s PO

“ PeB\/ﬂbTBTI:I TecTUpoBaHUA:

— CKOPOCTb NOMCKE B apXMBE BLIPOCAA B9 pas —
€40 000 o 366 600 JoKYMEHTOB B cekyHay

«Cmos eneuamnaioujue pesynomamol
mecmuposanur ForsMedia ua Oracle Exalytics In-
Memery Machine u Oracle Big Data Appliance
CBUGEMENBCMBYIOM O HECOMHEHHBIX
npeum amux onmumusupoeaHHLIX
Mpo2paMMHO-annapambIX KoMnAeKcos neped
MpABUUUOHHbIMU, YMO OMKDbISTEM WILPOKuE
nepenexmuesi s npodauicerun Howux pewenull ¢
UCNOMb30BAHUEM MeXHOD2UT] BONbUILX OGHHbIX
Gpedu KomMNaHuIl GUHAHC0B020,
menexommyHUKGUOHHG20 Cermopa, & pumeline u

Opyeux undycmpusx»

Aneceii fonocos, npesugesT GOPC

http://www.fors.ru/pressr [1892/

RACLE

Copprg © 200 rsca st s s e «

Oracle Big Data: pedepeHcHble 3aKa34inKkm

i .
DX Marketing A Alfa-Bank - ambev 5,'5. Statnett @ $||

|desett. R B ~
i | oumesseis sy STAST §8Garanti S

SRAYDON sunul Zsla

@ &
WARGAMINGNET @ 7% TURKCELL @Fﬂ::‘
@ S0,

Washington Suburban
(@ soniary Commission

% THOMSON REUTERS

dunnhumby

:K CaixaBank

ORACLE

ORACLE

©  Tatefonica
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Oracle Big Data Appliance

f

R R R R R A £

AR R

B
CEﬁMOC@ODHOI’O HﬂaCTe;[Da1

i@ cloudera

N ORACLE
IQPLATFORM® (AjikymeH UBC) WNCH srrimiees

B P®

Tectup napTHey op

- Pe3\/!'le3TbI TECTMPOBAaHWMA:

— CKOPOCTb NOMCKE B apXMBE BLIPOCAA B 9 Pas —
€40 000 go 366 600 AOKYMEHTOB B CEKYHAY

«YcKoperiue 06paGO KU OGHHbIX C IPUMEHEHUEM
MpozpamMMHG-annapamHbIx KomnaeKcoe Oracle
Exadata, Oracle Exalogic u Oracle Big Data Appliance
noseonsem naurum knuenmam HauGonee
Sippexmuato 06puGAMBIEaMY GobiLile MaCCUaL!
HaKOMUTEHHO1 UHGOPMAYUU, UCTTONb3YA Golcmpod
OHNGH-BOCMYN K HEOBXOOUMBIM OBHHbIN O3 UX.
"HOMIUAEKCHOZO GHANUST TPAMO I EXOOHOM NIOMOK.

mpebyiouyux obpabomku danneix s pexame
peansoz0 apemenuy

[T Yaco sckoi,
DYKOBOUTE/b NPOEKTHOTO OTAENA CAVKYMEH MECH

http://www.igmen.ru/igmen-oracle_exastack

ACLE
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NMpumepbl NnpoeKkToB
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Garanti Bank — TekyLLan apxuTeKkTypa

Garanti Bank — UICTOYHUKM AaHHbIX
I

Unstructured
|

| Structurpd Data | | semistuetured | loen 'k
f ' J ¢ 1

* Credit Card Behaviour
* Customer Financials

* Customer Behaviour

* CreditBureau

* Smart Application location

* System and Application
Logs (Netwitness ,
Arcsight, RUM) logs

* Channel logs (ATM,
Internet, IVR, CC)

* Click Stream Data

* Customer Complaints
* Social Media data
* Speech-to-text

$ Garant

ORACLE

o 1013 rnce st s s s e |

Garanti Bank — cuctema onoseugeHui
(MOLWeHHNYECTBO, PUCKK, penyTaums)

-
& LEETTI

i
D) i

—

Garanti Bank — reo-aHanuTtuka

3apaym:

1. MnaHWpoBaHWe passuTUA
dununansHo cetn

2. PacnpepgeneHue 4enose4eckux
PECYPCOB MEXAY TOYKaMU
npoAax u punmanamm

3. MoppepiKka ynpasneHus
MapKeTUHIOBbIMWU KaMNaHNAMMU

ORACLE

Bankomate!

42

Garanti Bank — uenesas apxutektypa

S
«n

$ Garant!

ORACLE

Coppipe 30 crace st b it s et | -

Garanti Bank — iydiiee HoBOe NpeasioXKeHue KAMeHTy

s R cm

B S bl frnatar S
Hern Stee Hem Ariadagunsn 1071 o_o

—
oo

ORACLE

I

Garanti Bank — aHanus cou. ceten

' Network Analysis— Metrics

Variables derived from DNA
Five Main Subject Areas

ORACLE"
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DEEP LEARNING IN BIG MEDICAL IMAGE DATA

P

[ ——

V. KOVALEYV, PhD V. LIAUCHUK A. KALINOVSKY

Head of the Laboratory of Bi-  Research Assistant of the La- Research Officer of the La-
omedical Images Analysis boratory of Biomedical Im- boratory of Biomedical Im-
ages Analysis ages Analysis

J

| N
E. SNEZHKO A. TUZIKOV, DSc.
Senior research associate of laboratory of ~ General Director United Institute of Infor-
Mathematical cybernetics matics Problems, National Academy of

Sciences of Belarus, doctor of physical
and mathematical sciences, professor,
Corresponding member of the National
Academy of Sciences of Belarus on "Infor-
matics in Medicine and Biology"

Biomedical Image Analysis Department, United Institute of Informatics Problems, National Academy of Sci-

ences of Belarus, Republic of Belarus
E-mail: vassili.kovalev@gmail.com

Outline

Deep Learning in Big Medical Image Data

Advanced Big e }

Learning

Image (annotated) o
Analysis i Image (CNN)
Methods Data
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Medical Image Data: Exponential Growth is also observed Big Medical Image Data: When and Why they are “Big” ?

ile Moving from 2D to 30
(tomography)
* e.g. Emergence of Whole
Slide images (~20 G Pixels)

‘e Spread of non-invasive
imaging techniques

Cell image analysis 3D image anisotropy

06 @

D (W

0 6000
0 0000
| [

http://imlab.grid.by/

Cancer Diagnosis: Detection & measuring of Metastases (Data)

Troining/Validetion dataset:

International
Competitions:

* CAMELYON-2016
* TUPAC-2016
EU-Funded project

Cancer Diagnosis: Detection & measuring of Metastases (Pipeline)

SBl challenge on cancer me sis detection in lymph node
Camelyon 2016

Our solution:
Train Deep Learning Model, and clessify whole slide histology imoge at “Level O°

Deeplearning Model

¢ ¢ éﬂj
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Cancer Diagnosis: Estimating Proliferation Score (our results) IBM Open Power Challenge: 15t place (together with Altoros Development)

Distributed TensorFlow for cancer detection

fuma ‘.Pwe:‘:‘l:u‘n ‘Assessment Challenge 2018
‘ W
Finalists

Task 2: Prediction of the proliferation score based on gene expression . torso Caron Dow  Yelegles ok
s ST GOART  tnes

Autovatic metho
I 0 T

Lank e Korsa

a (
o (— e | |3

XRay (100 ooo people): Image mining (past research)

I PP e
VAN AV RHLYAY '
LA LTI AN

MRTH DOHG ¥ | A
AT CRET " ERLLL R o —
] 3 —

WAmMm
WAID TROD = e
ATOEH QRWE £

TOEE QEED

females, 41 males, 41

6.0 years 0.95
[

A

females, 61 males, 61
atically outperform

Deep Learning: Lung Cancer Diagnosis

/" Malignantnodule

. 4 Lung tissue (background)

[ cakircation

ARINRININTA
(LA TV E ¥ [ P

Results with maximum Dice’s score. Results with minimum Dice’s score.

Mean Dice score is 0.966 with STD =~ 0.04.
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Lung Lesion Detection & Segmentation

Conclusions

AIRY|

N i Results obtained with < National Academy of Sciences of Belarus,

Manual labeling (for Training set) Convolutional Neural Network < National Institutes of Health, US. Department of Health and Human
Services, USA through the CRDF project OISE-16-62631-1, and

< Altoros Development (Minsk office).
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APPLICATION OF TIME SERIES TO PERFORMANCE ASSURANCE OF BIG

DATA ENVIRONMENT
Y. BALASANOV , PhD, B. ZIBITSKER, PhD T. BAKANAS
University of Chicago President and CEO University of Chicago Graham
BEZNext, Emeritus professor ~ School of Continuing Liberal
of BSUIR and Professional Studies
E. HAMMOND M. ISLAS-MARTINEZ
University of Chicago Graham School of Con-  University of Chicago Graham School of Con-
tinuing Liberal and Professional Studies tinuing Liberal and Professional Studies

CEO BEZNext, Chicago, USA
E-mail: bzibitsker@beznext.com

Abstract. The selection of the Big Data algorithms, YARN rules and infrastructure can affect accuracy, perfor-
mance and scalability of Big Data Applications.

We will present a methodology and algorithms for proactive performance management. Every hour collected
measurement data are aggregated into workloads representing each lines of business. Each workload has three profiles,
including 1) performance (response time and throughput), 2) resource utilization and 3) data usage profiles. Profiles rep-
resent Workloads” Time series. This information is used as input for exploratory analysis techniques specific to time
series data. The data are transformed into stationary Time Series and an analysis to select the best time series model
(ARMA, VARMA) is conducted. Historical data are used to identify past exceedances which are utilized as predictors or
outcome variables to build a classification model.

We will review short term prediction, seasonal peaks identification, diagnostic and root cause analysis Perfor-
mance Assurance algorithms enabling proactive performance management of Big Data Application.

Key Words: Missing data, time series data, anomaly detection, performance prediction, big data, performance
assurance.

Introduction.Big Data applications implementation success depends on design, implementation
and management decisions.

Selection of Machine Learning (ML) algorithms and libraries, software timing parameters and
rules assigning priorities and concurrency limitations. for software subsystems like YARN, Kafka,
Spark, Storm and selection of the architecture and hardware configuration also can affect perfor-
mance, scalability and cost.

Difficulty of managing complex multi-tier, distributed, virtualized, parallel processing environ-
ment creates an uncertainty and high risk of performance surprises for Big Data applications.

Failure to meeting Business Service Level Goals (SLG) can affect ability of business to make
real time decisions. Therefore, our goal is to implement performance prediction technology justifying
proactive measures necessary to meeting SLGs in growing and constantly changing environment.

Predictive models are based on performance measurement data continuously generated by each
of Big Data subsystems. It includes response time and throughput, resource utilization, ( CPU,
memory, storage and network ) by Systems, Users and Applications and Data usage, including
read/write ratio, level of parallelism during accessing data. We aggregate measurement data into
hourly profiles by business workloads / line of business.

Each workload use different set of applications. The number of users and volume of data are
growing. The number of new applications is increasing as well. It increases the contention for re-
sources and affects performance.

We aggregated performance measurement data into 44 business workloads, characterized by
performance, resource utilization and data usage as a time series. All workloads compete for the same
resources and affect each other performance, so they should be tested for the degree of cointegration
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to determine the type of time series analysis that can be conducted. Different applications are active
during different time of the day. Hardware and software configuration periodically changes as a
result of tuning or hardware outages. Many workloads have a random arrival rate and service time
[Buzen].

Gaps in measurement data and randomness of the performance of workloads characterization
affect the selection and use of the modeling algorithms.

Queueing network models for example, assume the Poisson distribution of the independent
variables. Calibration of the multi-tier distributed, virtualized parallel processing environment sup-
porting mix workloads have many challenges [z and S and L]. ML algorithms which we implemented
use a lot of resources and do not scale well.

In this paper we will illustrate how time series algorithms can be used for performance predic-
tion, determining seasonality and performing the diagnostics and root cause analysis to justify Per-
formance Assurance decisions and implement dynamic performance management. We will review
problems of data preparation, fitting and applying time series and categorical models. We will present
a methodology of selecting the segment from an incomplete time series that maximizes the number
of original data points while minimizing the amount of data that need be imputed, review a point
forecasting model for each performance indicator for each workload to detect and predict extreme
positive anomalies in key performance variables

Data Collection, Aggregation and Preparation. BEZNext agents continuously collect measure-
ment data from Linux, YARN, Kafka, Storm, Spark, Cassandra and other Big Data subsystems [BZ].
Measurement data are aggregated by workloads in hourly performance, resource utilization and data
usage profiles to represent the aggregated activity of users and applications supporting each line of
business. [BZ]

Data set used during this study contains 44 workloads with 15 variables each. List of Variables
includes: Date, Hour, Workload Name, Number of Parallel Jobs, Number of Parallel Requests, Num-
ber of Network Messages, Total Number of Execution, Total Arrival Rate, Average Response Time,
Total CPU Time, Total # 10, Total Delay Time, Total CPU Utilization, Concurrency Limit, CPU
Utilization Limit.

Any changes in number of users, changes in volume of data, implementations of new applica-
tions or modifications of existing applications and corresponding changes in performance and usage
of resources are reflected in the hourly workload profiles. The Average Response Time and Total
Number of Executions per hour are the Key Performance Indicators (KPIs), which are used in the
time series and categorical models. All other variables are used as predictors for the KPI.

The methodology presented in this paper focus on data imputation, time series forecasting, sea-
sonal peaks and anomalies determinations, performance problems and their root causes prediction
and development proactive performance management recommendations.

Imputation. Time series data have a significant number of time intervals without observations.

In a 2010 paper in the American Journal of Political Science, two researchers, Honacker and
King, apply a particularly apt analogy to the problem. If a data set is a cheese, most real data sets are
Swiss, filled with holes. With some data sets, one could simply drop the missing data pieces. When
dealing with time series data, however, the missing chunks cannot be dropped as both auto-regressive
and moving average predictive techniques depend upon consecutive values.

Since for time series data melting the cheese down and reforming with no holes doesn’t work,
the other option is to fill the holes. Filling in long chunks of data, however, runs the risk of either
artificially reinforcing or removing any seasonality in the time series. As Honacker and King put it,
“if you fill the holes in the cheese with peanut butter, you should not pretend to have more cheese!”
(Honacker and King, 2010).

Honacker and King suggest a method of data filling that is based upon building an imputation
model and combining the imputed values with expected values from historical analysis of similar data
sets (Honacker and King, 2010). Their work, while robust, does not cleanly apply to the problem of
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Big Data systems performance forecasting, where some of the workloads might be not active for
some time and some of the nodes might having problems and not available during period of time.
Imputation over such a long period loses its validity.

We applied algorithm that selects a time frame based on maximizing length while minimizing
hours filled is selected as the best method of imputation for this data. In terms of the cheese analogy
mentioned in the Background section, it identifies as large a portion of the Swiss as it can where all
the holes all remain under a certain size. The idea is that small holes can be reliably filled with a
simple algorithm without biasing the data. Using this methodology can produce unbiased data sets
capable of supporting further analysis.

The algorithm developed has two parameters, neighborhood size and minimum size. The neigh-
borhood size is the number of values before and after a missing value that will be used for imputation.
The minimum size is the minimum length of the selected segment. There are cases where a Workload
has multiple segments that meet these requirements. In those cases we select the most recent segment.

The proposed methodology is described below:

e  Select a time series and identify all missing values within

o For our analysis, each workload is examined over the length of one year.

e  For each missing value extract a neighborhood of adjacent values.

o Our analysis used a total neighborhood size of ten, which includes the five values
preceding the missing point and five after.

e  Each missing value is evaluated.

o If there is at least one true value on both sides of the point within the neighbor-
hood, then missing value is imputed with average of all the existing values
within the neighborhood.

o If there are no existing values on both sides of the point, then the point remains
missing.

o If avalue cannot be imputed, then the segment is ended and a new segment starts
at the next non-missing value.

e The best subset is selected.

o The short-term analysis uses the most recent segment.

o The anomaly prediction analysis uses the largest segment.

This subset selection methodology allows for the consistent treatment and cleansing of time
series data across many distinct time series with differing degrees of missing data.

In the graphs below we see how the imputation algorithm selects both the ‘largest’ and the
‘best’ segment for the Workload DBC. For DBC the ‘Largest’ segment occurred from 2015-05-03
through 2015-09-18. The imputation algorithm selected a different, more recent, time frame for the
‘Best’ segment. Both perform as they are supposed to, a larger set of data is selected to feed the
anomaly prediction from ‘Largest’ and the most recent set of data is selected to feed the time series
model from ‘Best.’
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Fig. 1. DBC Workload Total Response Time Full Year

49



Tpemws Mescoynapoonas nayuno-npakmuyeckas kongepenyus «BIG DATA and Advanced Analytics. BIG DATA u ananus evicokozo ypoeHsy,
Munck, Pecnybauka Benapycs, 3-4 mas 2017 200a

2015-05-03 to 2015-09-18

2500000

2000000

1500000

1000000

500000 OV T _L e )JI .IJ-u

0
o 500 1000 1500 2000 2500 3000 3500

Fig. 2. DBC Workload Total Response Time Largest Segment
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Fig. 3. DBC Workload Total Response Time Best Segment

The Workload Best and Longest segments have return a variety of lengths across the 44 Work-
loads. In many cases a segment from a Workload is selected as both the Best and the Longest. As can
be seen from the histograms below the ‘Best’ segments trend shorter than the ‘Longest’ segments.
This is due to the requirement that the ‘Best’ segment be the more recent available.
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Fig. 4. DBC Workload distribution of best and largest segment lengths

The imputation methodology is reliable and flexible. From 44 Workloads with varying data
quality it selected time periods capable of supporting two types of analysis. We used methods based
on linear Time Series models which do not require very long samples.

Time Series Forecasting. Big Data systems produce multiple time series system status variables
that are likely to be related. Aboagye-Sarfo, Mai, Snfilippo, Preen, Stewart and Fatovich (2016) pre-
sent VARMA forecast model as a technique designed for modeling multiple time series simultane-
ously. Aboagye-Sarfo et all use VARMA for predicting emergency department demand in Western
Australia. They compare results that use benchmark univariate autoregressive moving average
(ARMA) and Winters’ techniques. Their research demonstrates that a VARMA model provides a
more accurate forecast than the normal or standard univariate ARMA and Winters’ methods.

We followed a similar methodology. After assessing stationarity for each variable in each work-
load a VARMA and ARMA model is fit to each of the KPI variables. We expect the VARMA model
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to be the strongest fit, but by running both time series techniques we are able to customize the results
for each variable workload combination..

Example of Time Series Forecasting for DBC workload

Overall, ARMA models had the best forecasting performance with all three models out-per-
forming the naive Yt — 1 forecasting model. Average Response Time had an MASE value over one
which indicates that using t — 1 for a prediction would have been more accurate than the VARMA
model.

Table 1. DBC 1-Hour Forecast MASE

Variable ARMA 3-VARMA
Average Response Time | 0.9439 1.240
Total 10 0.8184 0.835
Total CPU 0.9268 0.896

Extreme outliers are a major obstacle in our forecasts, with the VARMA models proving to be
particularly sensitive. The figures below show that the VARMA forecasts an extreme outlier around
hour 85, where none occurs in the original data.

Stationarity. The first step in building a time series forecasting model is testing for stationarity
in the data. If the time series is not stationary, then it must be transformed into a stationary state
otherwise the model will not be stable enough to generate accurate forecasts. Testing for stationarity
can be done quantitatively using statistical tests such as the Augmented Dicky-Fuller (ADF) and the
Kwiatkowski—Phillips—Schmidt-Shin (KPSS) tests. These tests evaluate a time series for the presence
of a unit root or trend-stationarity. Stationarity testing can also be done be qualitatively by examining
autocorrelation plots for exponential decay.

Numerous techniques (de-trending, differencing, seasonal adjustment, log transformation,
smoothing) can be used to transform non-stationary data into stationary data. This analysis uses the
differencing and seasonal adjustment techniques to achieve stationarity in the data.

Overall, the stationarity tests indicate that our differencing selection methodology produced
accurate results. Before each model was constructed ADF and KPSS tests verified that the data used
to train the series models was stationary. No variables were found to be non-stationary after differ-
encing.

Differencing. A stationarity transformation algorithm was developed for this analysis. The al-
gorithm is a brute force approach that differences each variable with a set of predefined differencing
functions. Then, metrics are calculated from the differenced data sets and ranked. The differencing
functions were selected based on our knowledge of the problem domain and segment lengths identi-
fied in the imputation stage. The differencing techniques evaluated for each variable are:

— No difference.

—  First-order difference.

—  Second-order difference.

— Daily difference.

—  Weekly difference.

—  Monthly difference.

—  First-order + daily difference.

—  First-order + weekly difference.

First-order + monthly difference.

Each differencing function is applied to each variable of each Workload and a set of ranking
parameters are calculated. These parameters are used to select the optimal differencing function. The
ranking parameters are

— Mean absolute scaled error of ARMA in-sample predictions after integration (lower is
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better).
— Root mean squared error of ARMA in-sample predictions after integration (lower is better).
—  Count of autocorrelation function points with the confidence interval (higher is better).
— Count of partial autocorrelation function points with the confidence interval (higher is
better).

— Absolute average of autocorrelation function points (lower is better).

— Absolute average of partial autocorrelation function points (lower is better).

— The differencing function is automatically rejected if one of the Augmented Dicky Fuller,
Kwiatkowski—Phillips—Schmidt—Shin and Phillips—Perron tests indicate nonstationary.

This brute force process allows for many independent time series with different types of sta-
tionarity and seasonality to be accounted for in an automated fashion. Each differencing function also
has a corresponding integration function that is used to transform the forecasts generated by the
ARMA/VARMA models. Refer to Appendix 2 for example Python code of the differencing functions
used in this analysis.

Five unique differencing functions were selected. However, the most commonly selected ap-
proach was to use no differencing. The most common differencing function was first-order differenc-
ing. Thirteen variables had seasonality detected by our algorithm.

Table 2. Differencing Functions Selected
Function Count
no_difference 52
first_order_difference 4
weekly difference 7
daily difference 5
second_order_difference 3
first_order_weekly seasonal_dif-
ference 1

For instance, the differencing algorithm determined that the three variables in the DBC Work-
load were already stationary and selected the “No Difference” differencing function. In contrast, the
Total CPU variable of the SALES Workload was non-stationary. We will illustrate the differencing
selection algorithm by using the SALES Workload.

The autocorrelation function of the SALES Workload indicates non-stationarity and possible
seasonality.
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Fig. 5. SALES Workload Total CPU raw data

52



Tpemwvs Meaicoynapoonas nayuno-npakmuuecxas kongepenyus «BIG DATA and Advanced Analytics. BIG DATA u ananus evlcoko2o ypogHsy,
Munck, Pecnybauka Benapycw, 3-4 mas 2017 200a

Autocorrelation

Imhlh .,HI”HH““II. —tiii

) £ © £
aaaaaaaaaaaaaaa lation

l“ va-t—cesterilelte *

IO e WG X 3
LR e R A S P

) 0 © ©

Fig. 6. SALES Workload Total CPU ACF and PACEF plots

The periodogram is extremely noisy, with no clear indication of seasonality.
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Fig. 7. SALES Workload Total Periodogram plot

Again, there is a disagreement between the periodogram and the autocorrelation plots. Auto-
correlations indicates that there is daily seasonality, while the periodogram does not. The differencing
selection algorithm selected “First-Order Difference” as the differencing function.

Fig.8. SALES Workload Total CPU First-Order Difference
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Fig. 9. SALES Workload Total CPU Daily Difference
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Fig. 10. SALES Workload Total CPU First-Order + Daily Difference

Three autocorrelation plots above show that the differencing selection algorithm correctly iden-
tified the best differencing technique. The “First-Order” differencing function has the best autocorre-
lation plot of the three.

Cointegration. We hypothesize that the Workload data from BEZNext contains variables that
are dependent on each other. This lends itself to VARMA time series analysis. A requirement of a
VARMA model, however, is that data be cointegrated.

Total Response Time and Total CPU Co-integration Test
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Fig. 11. DBC Workload response time vs CPU Cointegration results
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Our approach uses the Augmented Dickey-Fuller and the Johansen tests to determine if any
variables are cointegrated. These are standard tests that are applicable to a wide range of time series
data.

We find that the Key Performance Indicators mostly are cointegrated with each other. In some
Workloads, the Average Response Time Variable is not cointegrated and is excluded from the
VARMA time series model.

The ADF and Johansen tests both show cointegration between the CPU and 10 variables. We
run these tests for each Key Performance Indicator before building the VARMA model for each
Workload. Any analysis of Workload data from Big Data systems should undergo testing to deter-
mine if its descriptor variables display cointegration.

Model Construction. ARMA and 3-variable VARMA forecasting models are constructed for
each variable, Both models follow a similar workflow:

1 If VARMA, test for cointegration.

2 If necessary, difference data.

3 Train models for all p, ¢ combinations between 0, 0 and 5, 5.

4  Select best p, g values using AIC as the evaluate metric.

5 Generate forecasts.

6 If using differenced data, integrate previous value(s).

The univariate ARMA approach is the most straight-forward model and directly follows the
above workflow. One model is constructed for each of the Key Performance Indicators in each Work-
load. This approach has the fastest training and cross validation times by a large margin.

VARMA forecasts are generated for variables without cointegration. A single VARMA model
is generated for each Workload.This approach has slower training and evaluation times compared to
ARMA.

This approach constructs three VARMA models per Workload, one for each Key Performance
Indicator, with each model containing the fields cointegrated with the target Key Performance Indi-
cator. This approach seems to the most through and our initial hypothesis was that this technique
would be the most accurate method. However, this approach proved to be very cumbersome, with
extremely long training and evaluation times. The large number of variable combinations often re-
sulted in models with invalid states. Many models did not converge or had errors when fitting the
model to the data.

Refer to Appendices 3 through 5 for Python code samples showing the model construction and
cointegration testing.

Model Evaluation. Cross validation evaluates the forecasting accuracy of the ARMA and
VARMA models. A rolling-origin forecast cross validation procedure follows these steps:

Create an 80-20 train test split within each Workload time series.

Train the model on the train data set.

Forecast 7'+ 1 value.

Roll the origin forward in the train data set by adding the Salesl 7'+ 1 value.
Retrain the model.

Forecast T'+ 2 value.

Continue until all values in the test dataset have been forecasted

We find the VARMA usually outperforms the ARMA model in the rolling forecast origin cross
validation. However, we also want to see how these forecasts perform with multiple forecasts instead
of just forecasting a single hour. We look at 3 to 6 hour forecast periods. The forecast accuracy de-
creases as it predicts further to the future.

We also noticed that in some cases accuracy increases proportionally to the forecasting inter-
vals. In these cases, the models revert to predicting a constant value around 4 hours in the future. This
lead to accurate forecasts in T + 4 or later if we had properly selected the differencing function and
there were not a significant number of anomalies in the data.

~No o, owN -

55



Tpemwvs Meosicoynapoonas nayuno-npaxkmuueckas xongpepenyus «BIG DATA and Advanced Analytics. BIG DATA u ananus evicoko2o ypoeHsny,
Munck, Pecnybauka Benapycs, 3-4 mas 2017 200a

Seasonality. Generally, qualitative approaches are used for identifying seasonality in time series
data. Patterns indicating seasonality can often be spotted in the power spectral density or autocorre-
lation plots after careful review. However, these approaches can result in inconsistent interpretations
and tend to be very time-consuming.

A periodogram plot of a time series’ power spectral density (PSD) is one of the most common
ways of identifying seasonality. When focused on a single time series, techniques can be applied to
draw a signal out of noisy data (Fernandez et all, 2016). However, proper interpretation can be ex-
tremely challenging. The plot below shows the Total 10 variable from the DBC Workload. At ap-
proximately daily intervals there are spikes in the time series which indicates that there may be some
seasonality in this data.
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Fig. 12. DBC Workload Total CPU raw data
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The periodogram below indicates that there might be a daily seasonal pattern as well. The left
plot is the standard power spectral density while the plot on the right is the transformed PSD plot with
hours on the X-axis instead of frequency. There is a large spike at hour 24 in the transformed plot
indicating a daily seasonal pattern.

Fig. 13. DBC Workload Total CPU Periodogram

An autocorrelation plot can also be used to identify seasonality. The autocorrelation and partial
autocorrelation plots are shown below and clearly indicate that there is no seasonal pattern. In fact,
the data already appears to be stationary with very little autocorrelation.

The above example shows how difficult it can be to perform these qualitative interpretations.
The raw data seems to contain some form of seasonality. The periodogram while very noisy shows
some element seasonality may be present. However, the autocorrelation plot is a stark contrast. It
shows no indication of seasonality at all.

The other challenge in identifying seasonality is the sheer number of Workloads in our data set.
Evaluating only the Key Performance Indicators in each of the 44 Workloads requires 132 separate
analyses and a full evaluation of all variables requires 528 analyses.

Consistent interpretation in a timely manner requires an automated approach. Differencing can
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be used to both transform a time series into a stationary form and to capture any seasonal patterns if
they exist. The key is to select a differencing function that addresses both conditions.

Identification of the workload’s seasonality enables organization of the proactive planning of
changing workloads’ management rules, including priorities, concurrency and resource allocation.

Diagnostic and Root Cause Analysis. Many businesses are making business decisions in real
time. It creates a pressure to develop real time Big Data applications capable to extract necessary
attributes from the stream of data supported by Kafka or Flume and apply ML algorithms processing
data by Spark or Storm in memory. Itis critical to be able to detect anomalies and predict performance
problems and their root causes in order to proactively and dynamically make necessary changes to
continuously meet SLGs for each workload. Alexander Lavin and Subutai Ahmad (“Evaluating Real-
time Anomaly Detection Algorithms — the Numenta Anomaly Benchmark”, 2015) propose a bench-
mark anomaly detection methodology called Numenta Algorithm Benchmark (NAB). The technique
applies a variety of anomaly detection and prediction algorithms and selects the combination it deems
has the highest score. The score is determined by rewarding early detection while penalizing false
results.

When deciding how to approach the anomaly detection and performance problems prediction,
a real time streaming approach such has NAB was considered. However, because Workloads’ varia-
bles are hourly aggregations the approximate real time and simpler techniques may be applied to
achieve the same effect. Since models can be re-fit in the intervening hour between data point arrivals,
past extreme positive anomaly detection and future problem prediction can be treated separately.

The anomaly detection approach followed in this paper focuses on detecting both global as well
as local anomalies through applying the Generalized Extreme Studentized Deviate test. This tech-
nique can be used to identify one or more outliers in a data set. It holds the advantage that the number
of outliers does not need be preset, but instead is determined within the algorithm.

In addition to NAB, a real time streaming model that combines Markov models and Bayesian
classification methods can be used to predict anomalies. Experiments show that this approach effi-
ciently predicts and diagnoses extreme positive anomalies with high accuracy (X. Gu and H. Wang,
2016). However, these models are highly complex, and due to the slightly less than real time nature
of our data, such techniques need not be applied. This paper focuses on applying traditional classifi-
cation models such as logistic and extremely randomized trees to the identified anomalies while using
lagged variable data as the predictors.

For Big Data Applications, extreme positive anomalies on system status variables represent
when resources are being stretched to capacity. The goal for this stage is to design a framework that
enables automated prediction of these anomalies within Workload KPI variables and thus provide a
warning to Big Data Application administrators of when changes to the configuration may be neces-
sary.

Anomaly Detection. To train a model to predict anomalies, historical anomalies must first be
identified. Two techniques from previous methodology sections are applied to generate a clean and
continuous data set for anomaly detection. The imputation and best segment methodologies provide
the data set for each Workload’s anomaly detection. However, where the time series analysis used
the most recent segment above a certain size, it was deemed more important for the anomaly detection
to find the largest segment available to provide more anomalies against which to train.

This Generalized ESD (gESD) algorithm is then applied to the data set generated for each
Workload and KPI variable. The gESD works best on data that approximates normal. The code pack-
age used automatically normalizes the Workload segment fed to it to meet this requirement. The
generalized ESD algorithm assumes there can be up to n anomalies. The algorithm iterates by remov-
ing the point with highest G value (the point farthest away from the mean of the sample) calculated
from the similarly iterated sample mean and standard deviation. The critical value changes with the
number of points that are removed from the sample. The number of anomalies is the condition with
the most outliers with a G above the critical value.
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Anomaly Prediction.Now that the anomalies of each Key Performance Indicator are identified,
the next step is to design an anomaly prediction model that will alert a company in time to change its
system configurations. To do this, we run four probabilistic machine learning models for each work-
load. The dependent variables are a time series of binaries for each workload KPI variable: 1 if anom-
aly detected in that hour, 0 if not. The independent variables are time lagged values of all 15 variables.
It is this lagging that necessitated the anomaly detection be done on a continuous set of data.

A lagged data frame is created for each Workload KPI variable (6 hours of lags for the DBC
Workload, as the example on Table 2 outlines). This effectively increases the number of independent
variables from 15 to 90. It also removes the data from its time series format and directly pairs each
set of dependent and independent variables.

Table 3. Workload lagged data frame sample
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Total Arr Total Parallel
| Anomaly | Response Response |Response [Response |[Response Response Response |Arr Rate 1501 || Sessions 13a4!™
Time [ Time_lag1 | Time_lag2| Time_lag3 | Time_lagd | Time_lag5 | Time_lags | Rate oA 9 |

— 4 4 -t — A | — - . — 4 4
|6 |0 271.0 \ ) 184 0 14 188 0 170.0 1
— 4 + 4 + 4 + 4
7 |0 7 {2710 184 1530 167 188 (

. 4 ‘ . 4 S 4 4 4
8 |0 417.0 |710.0 271.0 178 1840 167.0
s lo 15 417
—e . 4 . + : +
10]0 2920 | 155 4170 7100 2710 178.0 184 0 |

A logistic regression model using all fields is implemented. Then, recursive feature elimination
is conducted to trim the variables to only the most important. A new model is trained on the selected
variables. It is tested on a 70/30 train/test data split.

The same sequence is conducted with an Extremely Randomized Trees classification model.
The ERT model was selected over the standard random forest due to the faster training time and better
classification accuracy (Geurts et all, 2006). The ERT is run using all 90 lag variables. Recursive
feature selection is conducted on the results. Then the ERT is refit with just the selected variables and
tested on a 70/30 train test split.

The logistic regression model does not always handle the skewed nature, few anomalies spread
over many data points, of the datasets correctly. This results in high occurrences of false-negatives.
The extremely randomized trees model handles the skewed dataset slightly better, reducing false-
positives and false-negatives in many cases.

All the models are run for each Workload and the error rates are collected. The model with the
lowest error rate is selected as best.

Anomaly Detection and Prediction Example. The plot below demonstrates an example of the
gESD algorithm used with the DBC Workload data. The red points represent the anomalies that are
detected. The anomalies are displayed against the undifferenced data demonstrating that we selected
the largest values as anomalies. This is good as it is the largest values that affect the performance of
a Big Data system.

Fig. 14. DBC Workload — Average Response Time
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Fig. 15. DBC Workload —Total CPU Time

Confusion matrices from the both the naive (non-feature selected) and feature selected logistic
regressions run against DBC Workload data are shown in Figure 28. Generally running the feature
selection and removing some of the lagged predictor variables improved the quality of the logistic
models. Figure 29 shows which 10 independent lag-variables were the most frequently selected across
all Workloads and KPI response variables by the recursively feature selected logistic models. It is
fluctuations in those variables that are most closely tied to whether the logistic regressions predict an
anomaly or not. These 10 lag-variables would be a good place to begin a root cause analysis of the
source of an extreme positive anomaly.

DBC

Naive Prediction for Average Response Time Feature Select Prediction for Average Respense Time
800 800

Actual Normal 950 -] 2
600 600
400 400
Actual Anomaly 30 8 200 7 3 200

Naive Prediction for Total 10 Feature Select Pradiction for Total 10

800 800

Actual Normal 939 2 954 8
600 600
400 400
Actual Anomaly 14 17 00 2 n 200

Naive Prediction for Total CPU Feature Select Prediction for Total CPU

750 750

Actual Normal 886 21 895 12
600 600
450 450
00 300

Actual Anomaly 4 72 4 & .
150 150
Predicted Nomal  Predicted Ancmaly Predicted Normal  Predicted Anomaly

Fig. 16. Naive and Feature Selected Logistic Regression Confusion Matrix

Top Features selected in Logistic Regression include Total Time Delay, Total Parallel Sessions,
Average Response Time,

pBC
Average Response Time - Naive ERT Average Response Time - Selected ERT
800 800
Actual Normal 949 1 950 0
600 600
400 400
Actual Anomaly 44 0 200 44 0 200
0 0
Total 10 - Naive ERT Total 10 - Selected ERT
800 800
Actual Normal 965 4 965 4
600 600
400 400
Actual Anomaly 19 6 200 18 7 200
Total CPU - Naive ERT Total CPU - Selected ERT
800 800
Actual Normal 911 2 910 3
600 600
400 400
Actual Anomaly 39 42 200 <) 48 200
Predicted Normal Predicted Anomaly Predicted Normal Predicted Anomaly

Fig. 17. Naive and Feature Selected Extremely Randomized Trees Confusion Matrices
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Top Features Selected in Extremely Randomized Trees include Total I/O, Total Priority Index,
Total Intercon Messages

Forecast Accuracy:
rrrrrrrrrrrr ] |
- |
| .

MASE Distrobution Across 27 Workloads

Fig. 18. Overall Forecasting MASE Values

The accuracy results were mixed with a roughly 60/40 split between models that performed
worse than a naive forecasting and models that performed better. The ARMA models tended to out-
perform the VARMA with 67% of the ARMA models scoring a lower MASE value than the VARMA
models.

Overall Accuracy for each Key Performance Indicator: The Extremely Randomized Trees gen-
erally do better than the logistic regression at predicting the anomalies though it is harder to tell what
the relevant variables are. The accuracy rate tables demonstrate that the Naive (non-feature selected)
ERT model generated the most accurate results at the highest rate.

Conclusion. Performance Assurance algorithms reduce uncertainty and risk of performance
surprises during design, implementation and performance management of Big Data applications. Al-
gorithm of the short term prediction based on time series is applied to identification of current anom-
alies and future performance problems. Diagnostic and root cause analysis reduces the scope of anal-
ysis and enables organization of the proactive performance management. Determination of the sea-
sonality of performance characteristics improves accuracy of recommendations. Data collection,
workload aggregation is performed every hour. Models are retrained every day and short term pre-
diction algorithms are applied every hour to predict anomalies and develop proactive recommenda-
tions.

In general, the forecasting models were unable to outperform the naive forecast. The VARMA
models struggled with low forecasting accuracy and long training times. Anomalies created extreme
outliers in many Workloads which were nearly impossible to forecast and caused the VARMA mod-
els to generate inaccurate outlier forecasts. Some Workloads seemed to contain additive outliers that
impacted the results.

Cointegration and outliers are present in some of the Workloads which negatively impact the
VARMA models. Switching to a Vector Error Correction Model might be an appropriate way to
address cointegration. The anomaly detection methodology outlined in this paper or the approach
described by Chen & Liu (1993) for identifying additive outliers in time series data could be used to
detect significant outliers. Smoothing, or removing, the outliers may yield before training may also
improve the VARMA model forecasting.

The multiple models trained for anomaly prediction provide fairly accurate results. The main
issue is that there are too many false negatives, instances where an anomaly occurs and it was not
predicted. The number of false negatives can be addressed by lowering the probability threshold for
an anomaly but would come with a corresponding increase in false positives. The most commonly
selected lagged predictor variables would be a good place to begin an analysis into what causes an
extreme positive anomaly.
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Two additional time series techniques may also improve the validity of the short-term predic-
tions. First, there are methods to deal with the additive outliers that may be affecting the ARMA and
VARMA fits and forecasts. Second, the cointegration results indicate that a Vector Error Correction
Model may be more appropriate than a VARMA for some of the Workloads and KPIs.

Future Work. This paper focuses on implementation of the time series algorithm for short term
prediction, diagnostic and root cause analysis. We are planning to apply similar approach to Perfor-
mance Engineering focusing on new Big Data applications and development a Prescriptor generating
recommendations related to selection of the ML algorithms and ML libraries and dynamic perfor-
mance management of Big Data environment.

First, the use of a smoothing algorithm may eliminate the extreme value anomalies. The
smoothing can be applied to the predictor variable time series before it is used in the VARMA model.
This would prevent sudden spikes in the predictor time series from passing into the response variable
prediction.

Additionally, it would be interesting to see how well a neural network could learn and predict
the Workload performance. The month, day and hour previously encompassed by the time series
nature of the data could be transformed into dummy variables. Pairing the dummies with the values
of the Workload interaction variables would create a dataset which could be fed to a neural network.
The neural network would be able to handle the high dimensionality of the data given a sufficiently
large sample size.

Limitation of the common time series algorithm is a requirement not to have gaps, and Have
equally spaced data. Nonlinear Time series and other algorithms providing high accurate results and
do not having strict requirements to data can be evaluated. BUT from the practical point of view
common time series algorithms provide acceptable accuracy and relatively fast solutions . If neces-
sary training can be done more frequently

Finally, both the short-term forecasts and anomaly predictions can be included into a framework
for monitoring and maintaining Big Data systems. Using the outputs from these models it is possible
to proactively adjust resource allocation and system settings to prevent downtime or significant drops
in performance.
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Abstract. Abstruct: Understanding users' queries and documents describing merchandise are
crucial for building eCommerce applications such as shopping search engines and recommendations
systems.

Entity extraction, attribute extraction, semantic understanding and tagging, query expansion
improves search quality, and help to improve conversationand revenue per session.

In this presentation key NLP technologies will be presented as they used in building eCom-
merce applications
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Abstract. There is a Chinese curse which says “May he live in interesting times.” By all ac-
counts we live in the most interesting times. Human kind has never witnessed so much danger and
uncertainty. At the same time these are the most creative times in the history of mankind. This phe-
nomenon of Creative Destruction will have its victims but it will also create many winners. The win-
ners will be those who can gather enormous amounts of data, harness the computing power to get
insights out of the data and create augmented intelligence that matches or even exceeds human intel-
ligence.
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TEXHOJIOI'MHA BIG DATA B CUCTEMAX KOHTPOJISA KAYUECTBA
METAJIJTYPTHYECKOI'O TIPOU3BOJACTBA
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Abstract. The paper considers the application of Big Data technologies in quality control systems in metallurgical
production. The concept of a technological pyramid is introduced on the basis of which an approach to solving the problem
of the optimal assignment of technological routes is developed and it is shown how this approach can be used to reduce
the level of manufacturing defects. The proposed methods are aproved at the «Severstaly metallurgical plant within the
framework of the AS SPC project (automated system for statistical production control).

Beeoenue. B HacTosee BpeMsi aHamuTHKa Oonbiinx qaHHbIX (Big Data) Haxoaut Bc€ 6ombiiee
IIPUMEHEHNUE B OpraHU3al[My PA3JIMYHBIX [IPOU3BOJCTB, B ONTUMHU3ALUN TEXHOJIOTMYECKUX MTPOLEC-
coB. IIpu 3TOM Ba’KHBIMU OCOOEHHOCTSIMU JJAHHBIX, UCIIOJIB3YEMBbIX JJISl aHAJIN3a, SIBISIOTCS UX 00b-
éMbI (M3MepsieMble MHOTUMHE TepabaiiTamu nH(pOpMAaNKK), TTOTOKOBBIA XapakTep JaHHBIX (Hempe-
pBIBHAS FeHepalys JaHHBIX) U O0JIbIIOE Pa3HOOOpa3He MCIONIb3YeMbIX MapaMeTpoB (THICAYM U Je-
CSATKU THICSY NapaMeTpoB). B mpuiiokeHnn Kk MeTaulyprudeckoMy NMpOU3BOICTBY JAHHBIA MOIXO
IpearnosaraeT OpraHu3alnio CKBO3HOT0 cO0pa TEXHOJIOTHUECKUX TapaMeTPOB B ITPOLIECCE IBUKEHUS
MIPOU3BOJIMMOM MPOAYKLMHU BJIOJIb TEXHOJIOTHYECKOro MapuipyTa. B pesynbTare Takoro mporiecca
(buKcupyeTcss UCTOPHSI CO3JaHMS KaXKIOU €JMHULIBI TPOJYKLIUH C YUETOM MTPOXOXKJICHHS e€ uepes Bce
TEXHOJIOTUYECKHE MEepEeIeNIbl U C MPUBA3KON BCEX BaXKHBIX TEXHOJOTHYECKUX MapaMeTpPOB, BIIUSIO-
IIMX Ha Ka4eCTBO MPOM3BOIMMON NMPOAYyKLMHU. B paboTe pa3BuBaeTcs MOAX0/ K aHAIU3Y NaHHBIX JUIs
TaKoW OOLIMPHOMN 0a3bl HCTOPUUYECKUX TEXHOJIOTUYECKUX JTaHHBIX C LEIbI0 MOBBIIEHUS AP (HEKTUB-
HOCTH MPOU3BOJICTBA U CHUKEHHUS YPOBHS Opaka B IPOU3BOICTBE.

OcHOBHBIE OIpeIeIeHHs

PaccMoTpuM JUCKpPETHOE MTPOU3BOJCTBO, COCTOSIIEE U3 ONPENEICHHOIO YMCIIa TEXHOJIOTHYe-
CKUX TIEpE/IEIOB, OCYIIECTBISIONIMXCS Ha COOTBETCTBYIOIIUMX TE€XHOJIOTMYECKHX arperarax u Jiu-
Husix. Harmpumep, B kauecTBe TaKOro MpOU3BOACTBA MOXKET CIIYKUTh METAJUTYPTHYECKOE POU3BOJI-
CTBO.

ITycte A ={A,...,A} — COBOKYITHOCTh TEXHOJOIHMYECKHX arperaToB, 3a/CHCTBOBAHHBIX B
pou3Bo/IcTBE. B nanHol paboTe BaXKHBIM NOHATHEM OYAET CIYKHUTh OHATHE €AMHUIIBI IPOTYKIIUN
(EIT). [lox enuHuLiel MPOIYKIIMU MOHUMAETCS HEJlEeIMMasl 4YacTh BBIXOJHOM MJIM BXOJHOW MPOJIYK-
L[1H, [T0JIy4aeMOM Ha arperaTe Uiu TEXHOJIOTMYeCKON JIMHUH. B KauecTBe THIMYHBIX IPUMEPOB E11-
HUI[ POTYKIIUU MOXHO MPUBECTU CTaJlb, NOJIYUEHHYIO B CTAJICIIJIAaBUJIBHOM arperaTe W BBITYIIECH-
HYIO B CTaJIepa3IMBOYHBIA KOBIIL; CJIAOBI, MOJTy4aeMble IMOCIE€ MAIIWHBl HENPEPHIBHOW DPa3TUBKU
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CTaJIu; TOpsiYeKaTaHble PYJIOHBI, OJydaeMble KaKk KOHEUHBIN pe3ynbTaT padoThl cTaHa ropsyei mpo-
KaTKH; XOJIOJHOKATaHbIE PYJIOHBI, OJIy4aeMble KaK KOHEUHBIH pe3ysIbTaT pabOThl CTaHA XOJIOJAHON
MIPOKATKH.

Onpeodenenue. OpuentupoBanunbiii rpadp G =(A, E) C MHOXKECTBOM BepIIUH A ¥ MHOXe-
ctBoM ayr E < A? GyzieM Ha3bIBaTh HHPACTPYKTYPHBIM TPadoM, eclu (Ai, AZ) € E torga u roneko

Tora, korga BeixonqHas EIT arperata A moxxert ciyxuts BxonHoit EII nns arperara A, .

Hampumep, u1s1 MeTamypru4eckoro mpou3BOJICTBA SAMHUIIA MTPOYKIINH CIISI0 SBISETCS BbI-
xoaHoi EIl g MammmHbel HENPEPHIBHOTO JIMTHS 3arOTOBOK M 0JJHOBpeMeHHO BXxoHou EIT qys ctana
ropsiuei IpOKaTKH.

TexHonornueckuM mapupyrom P = (Al, Ao A ) Oynem Ha3bIBaTh 1000 OpUEHTHPOBAH-

HbIH yTh B Tpade G . MHOXKECTBO BceX TEXHOJIOMMIECKUX MapipyToB P ={P1, ey F'}(} Oyznem Ha3bl-
BaTh  TEXHOJOTMYEeCKOM 0a30if  paccMmarpuBaemMoro mpousBojicTBa. (O003HauuM  uepe3
EP :{epl, cen epn} MHO>KECTBO BCEX BO3MOXKXHBIX CAUHUI] ITPOAYKIIMHN PAaCCMATPUBACMOT0 IPOU3BO/I-

crBa. Ilycte Kaxkpasd eaMHMUA TPOAYKLMH €D, XapaKTepHU3yeTcs HaboOpOM MapaMeTpoB

P ={Pu Piysees P 1 €1, K . Torza nocie10BaTenbHOCTh

Al =(ALP, (A1), AP, (AL)),

e P (AIi ) — HabOp 3HAYCHUH 1aPAMETPOB I eP; B KOHKPETHOM Pean3allii TEXHOJIOIHYECKOro

mapmipyra Al, — Oyaem Ha3bIBaTh HCIIOJHEHHBIM TEXHOJIOIHYecKuM MapmpyroM (UTM).

B pesynbpTaTe npon3BOJCTBEHHOM 1€ATEIbHOCTH PaCCMaTPUBAEMOI0 IIPOU3BOCTBA OYIET cre-
HEPUPOBAHO MHOXKECTBO HMCIIOJIHEHHBIX TEXHOJIOTMYECKUX MapLIPYTOB Ha TEKYLIMH MOMEHT Bpe-
MeHH t:

P (©) ={AlL [1=[L q(O]}

B nponecce npon3BOACTBEHHOMN I€ATENBHOCTH IPOUCXOJUT IIPOLIECC HEMPEPBIBHOIO HAKOILIE-
Hus UTM. 3ameTnM, 94To HakaruimBaeMmasi HH(GOpMAIHS UMEET BCe MPU3HAKH OOJBIINX JaHHBIX, a
UMEHHO:

1 wumeer 3HauMTENBHBIE 00BEMBI, U3MEPSIEMbIE MHOTUMH TepabaiiTaMu HHGOpMaIiy;

2 HakoIIeHHe HH(POPMAIIUH TPOUCXOAUT B IIOTOKOBOM PEXHUME C OOJIBIION CKOPOCTHIO;

3 HakarmBaeMasi nH(OpMaIHs XapaKTepu3yeTcs: OOJBIINM pa3HOOOpa3ueEM U COJCPIKHT 3HA-

YCHHA HCCKOJIbKUX

Pir(G,v)

Onpeoenenue. TeXHOTOTMUECKON MUPaMUION B rpage G KOPHEBOM BepIIMHOKH Y

OymeM  Ha3biBaTh  moxarpag  rpada G ,  TIOPOXAEHHBII  MHOXECTBOM  BEpIUMH

2 k
(VUGW) WG (M)w...uG (V) TaKoM, 4To M000it OpHeHTUpPOBaHHKI TyTh P rpada G , HaUMHa-
romuiics B BepmuHe V| IIeTMKOM JIEKHUT B 3TOM IoArpade.

G*(v)

00603Ha4eHO0 MHOKECTBO BCeX BepumuH V  rpada G TaKMX, 4TO CyIlle-

\Y

3aech uepes

CTBYET NPOCTOM MYTh U3 BEPINKMHEI ¥ B BEPIIMHY ¥ JUIMHBI k-1, TepmuHanbHOMI BepIIMHON rpada
(moarpaca) Ha3bIBaeTCs BEpIIMHA, U3 KOTOPON HE BBIXOJIUT HU OJJHOM JIyTH, JeKalllel B 3ToM rpade

!
(moarpade). [IycTp v — MHOXECTBO TEPMUHAJIBHBIX BEPIINH noarpada
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(VUG(V) UG (V) U...uG (V) y y V. eV
. J1ns KaK10M TEPMUHAIIBHOW BEPILIMHBI CYIIECTBYET HEKO-
TOpasi €AUHULA TPOAYKLINHT €p , aBisomasca BbixogHor  Ell miid 3ToM BepLIMHBI, IPUYEM TaKHUX

ep.
Py MOJKET OBITh HECKOJIBKO B 3aBUCHUMOCTH 0T Buja U'TM, B pe3ynbrare KOTOporo Obliia mojrydeHa
JTAHHAs €UHULIA TPOTYKIIUU.

N 3 Al =(A,Py.. ALP)
HcnonHeHHbI TEXHOTOTUYECKUM MapiipyT ! Av P AP OyneM Ha3bIBaTh IPO-

. Al
AYKTOBBIM, €CJIM €AWHUIA IPOAYKIHH HAa BBIXOA€ TCPMHUHAJIIBHOU BEPUINMHBL AS NUTM i —0003Ha-

term(Al)

YHM 3Ty BCPUIUHY — ABJIACTCA OAHHUM K3 BUJOB KOHCUHOI'O IIPOAYKTA, IIOCTABJIICMOI'O Ha

'e(VUG(V) UG’ (V) L...UG (V)

Vv o
pbiHOK. JI100yI0 BepunHy OyzneM Ha3bIBaTh Pa3BUIIKOHN (pHC.

G (v)[>1.

1), ecm

G(')

Puc. 1. Bepmmnaa—pa3Buika B uHGpacTpykTypHOM Tpade

Koumponv kawecmea npooykyuu na ocnoge mexnonoeuii Big Data. Ilpeanaraemplii moaxon
MOKeET OBbITh 3()(PEKTHUBHO IPUMEHEH TP MOCTPOSHUH CUCTEMBI KOHTPOJIS Ka4eCTBA MPOAYKIIUH JJIsI
CJIO’KHOTO METAJUTypru4ecKoro npousBocTsa. Huke paccMoTpuM 3agady NporHo3UpoBaHus Opaka
EIT npu BBINOJIHEHNH 3aJaHHOTO TEXHOJIOTMYECKOro MapuipyTta. OueBUIHO, YTO B 3TOM CIIydae J1axe
TaKo€ MPOCTOE PEIICHUE, KAK IPEKPAILCHUE JaIbHEHIIET0 UCIIOJHEHN TEXHOJIOTMYECKOr0 MapI-
pyTa, KOTOpOe MOXKET MPHUBECTU K IMPOU3BOJCTBEHHOMY, OpaKy BBITIAIUT 11€JI€CO00pa3HbIM U, KaK
MUHHUMYM, 1aET SKOHOMHIO Ha 3aTpaTax Ha MPOJ0KEHUH padoT Ha MOCIEAYIOIINX arperatax, KOTo-
pbI€ MOT'YT JOCTUTaTh CYLIIECTBEHHBIX 3HAYCHUM.

s kaxxnoit  EIN, mocne Bepugukanuy ee kayecTBa, MOKHO OIPeJIeIUTh MHOKECTBO HAOOPOB
apaMeTpoB KOPHEBOI BEPIIMHBI, MPU KOTOPBIX MOIYyYalIoCh Obl TO WJIM MHOE KauecTBO ep. ITo
OyayT kiacchl B oOyuaroniei Bbioopke. COOTBETCTBEHHO, HaM HEOOXOJMMO ONPEEeTUTh pelarolee
IIpaBWJIa B BEPIIMHAX—PA3BUIIKAX TakK, 4TOObI Ha 00y4aroiel BHIOOPKE OHU MPABUIIBHO I€TEPMHUHHU-
poBaiM BEPLIMHBL. B 5TOM ciiyyae I KaKIOro MPUMEHSEMOI0 TEXHOJIOTMYECKOIO MaplipyTa

P= (A1 A Ak) ¢dopmupyercs MHOkecTBO U'TM Ha Tekymiuit MOMEHT BpeMeHH 1 :

P () ={Al [i=1,q(1)}.

Jis kaxnoro UTM u3 P (t) onpenenenst mapamerpbl Koneunoi EIT, BEIXOSIIEN MTOCIE 3a-

HUTM
BepIleHus BoinonHeHus 3toro UTM. Ha ocHoBe 3TUX mapamMeTpoB MOKET ObITh ONpeesieHo Kaye-
CTBO IOJIyYEHHOH eIMHUIIBI TPOAYKIMH. B pocTeiiiiem ciydae 3To MOTyT OBITh JiBa Kiacca: TOAHbIE
1M OpaKkOBaHHbBIE €IMHULBI TPOTYKIUH.

3aMeTuMm, uTo JUIs JII00O0W BEpIIMHBI U3 MapiipyTa P, aBisiomielcss BepIInHOW—Pa3BUIKON B
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TeXHOJIOTn4ecKkoM rpade G = (A, E) MOYET OBbITh COCTaBlIeHa 00yyYarolasi BHIOOpKa, COCTOSIIIAs U3
JIBYX KJIACCOB: TOAHBIC U OpaKOBaHHBIC €AMHUIBI IPOTYKIIHH.

Al =(ind, ,i,, AP, A Pr,,....A ,Pr),
Al,=(ind, ,i,, A ,Pr,, A P, ...,A ,Pr,),

Al =(ind, i, APt A Pr,, ..., A, PL.),

rie (A1 AL A<) — TOCJIEJ0BaTeIbHOCTh BEPIIMH TeXHoJoruueckoro rpaga G = (A, E),
IPELICCTBYIONINX BepIIrHe—pasBuike B Mapiupyrte P, n Ind, — ungukarop, npuanMarommii 3Ha-

uerne 0, ecu eIMHUIA KOHEUHOM MPOAYKIUH 1ipu gaHHoM U TM nony4nnack GpakoBaHHOM, U 3HA-
yeHue 1, ecim eIuHHIA KOHEYHOH npoaykiuu npu gannoM MUTM nonyunnacek roanoil. Takum 06-
pa3oM, B 3TOM CITydae MoJIydaeTcst Kilaccu4eckas 3aaada 00ydeHus ¢ yuuTesaeM, B KOTOpoil o0ydaro-
11ast BHIOOpKa pa3burta Ha JiBa Kiiacca.

IlycTte N — COBOKYITHOE MHOXECTBO IapaMmeTpoB i yactu UTM mapuipyra P, npeamectBy-
rolieil paccmaTpuBaeMoii BepmuHe—passuiike V' . Toraa o6ydaromas BEIOOpKa B JAHHOM 3a1a4e MO-

’KeT OBITh 3aIMCaHa KaK JBa MHOXecTBa By u B, N-MepHBIX BekTOPOB:

(B, ay),
(B,)...

(B s @)

(a(m+l)1 1o a(m+1)n) )
(B){...

(..., ay),

TAC COBOKYITHOCTD BO — OpCACTABIIACT 6paKOBaHHHe CANHUIBI ITPOAYKIIUA, U Bl — T'OAHBIC CAMHUIIbI

npoaykiuu. Toraa 3ajada pacno3HaBaHus 00pa30B B F€OMETPUYECKON NOCTaHOBKE Oy€T CBOAUTHCS
K PELIECHUIO CIENYIOIIEH CUCTEMBI IMHEUHBIX HEPABEHCTB:

a, X% +...+a,-X, >0,

Ay X +...+a,, X, >0,

1)

a‘(m+1)1 ’ Xl +"'+a(m+l)n ’ Xn < O !

QX +...+q,-%X,<0.

X=(X,..., X ..
Ecnu cucrema coBMecTHa U (%0 %) — e€ pelIeHue, TO MPaAKTHYECKOE UCII0Ib30BaHNE

OTOro peuICHUA COCTOUT B TOM, YTO JJIsI BHOBb PACCMATPUBACMOI'0 TCXHOJOIMYCCKOro MapuipyrTa

!
TIPH JOCTHKEHHH BEPIIMHBI-PA3BUIKH ¥ OyIyT MMeThCAd KOHKDETHbIE 3HAYeHHs IapaMeTpoOB

a0, a,)
( e Ein ) peanuszoBaBIInMecs MPU TaHHOM MapIupyTe. B 5ToM cilydae MOKHO MPOrHO3MPOBAThH
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peE3yIbTAT HCITIOJTHCHU HaMCYCHHOI'O TEXHOJIOTHYCCKOT'O Mapuaipyrta P: €CJIIn

aj, X +...+a, %, >0, .
TO NPOrHO3UpYyeTcs Opak KOHEYHOM €AMHMLIBI NPOAYKLMH, €CIU Ke

a, X +...+a, X <0, . o
! ! TO IIPOTrHO3UPYECTCS MOTYUCHUE IT'OJHON CAUHMILIBI IPOAYKIMHU IIPU JaJbHCH-

el peaau3alii pacCMaTPUBAEMOT0 TEXHOJIOTHYECKOTO MapIipyTa P. Ecimu xe cucrema necos-
MECTHa, TO JUUIS PEIICHUs 3a/1a4ll PACIIO3HABAHUS B TEOMETPHUYECKON MOCTAHOBKE MOTYT OBITH TIPH-
MEHEHBI METO/IbI PACIIO3HABaHUs 00Pa30B, pa3paboraHHbie B padorax [1-7].

HJ’I?I 3aaHHOI'0 TCXHOJIOI'HYCCKOro Mapumpyra P YKazaHHasd 3a/lada MOXKET peIIaTbC AJId KaX-

N G=(A,E), 3 P
JI0W BEpIIMHBI—PA3BUIIKHU rpada BxoJmeit B Mmapmpyt '+ Takum oOGpazom, npu J10-
CTHXKCHHNU Ka)KI[Oﬁ BCPIIMHBI—PA3BUJIKM Mbl MOXEM BBIYUCIIUTL IIPOrHO3 110 TOMY, 6yﬂeT JIKA T1I0J1y-
YCHO I'OAHOC H3ACIUC HIIHN 6paKOBaHHO€ HU3ACIINE IIPpU palrn3allii JaHHOI'0 TEXHOJIOTHYECKOI'O

MapuipyTa. IIpeanoaokKum, 4To pacCMOTPEHBI BCE UCIIOJIb3yeMble TEXHOIOIHYeCKHe MapIpyThl P

U JUTS K&KA0H BEpPIIMHBI—PA3BUIKU TEXHOJIOTUYECKOTO rpada G= (A’ E) peleHbl 33/1a4H IPOTHO-
3WPOBaHMUs Pe3yJbTaTa JAIBHEHIIET0 UCTIONHEHUS TEXHOJIOTHYECKOT0 MapipyTa. Torna crparerus
noBbIIeHUS () (HEKTUBHOCTH MPOU3BOACTBA HA OCHOBE PACCMATPUBAEMOI B JaHHOUW paboTe ONTH-
MH3aIUU TEXHOJOTHYECKUX MPOIIECCOB Ha OCHOBE TexHoJorui Big Data cocrout B ciemqyromiem.

" P=( . A)

[TycTh NOANEKUT pean3aluy TEXHOJIOTHYECKUI MapIIpyT AA oA B KOTOPOM
(A A ....,A)

COJICP’KUTCS. HECKOJBKO BEPUIMH—PA3BHIIOK b In TEXHOJIOTHYecKoro rpada

G=(AE). ) A
' 3amyckaeM IpoLecC MPOM3BOJACTBA A0 NEPBOW BEPIIMHBI-PAa3BUIKU ' BKIHOYH-
TEJIbHO:

(A A ....A).

. A
[lo 3aBepiieHHH TEXHOJOTMYECKOW ONEpalluyd Ha arperate * QUKCHUpyeTcsl peaqu30BaB-

(al,a2 ,...,anl)

muiicss Habop mapaMeTpoB Jns 1aHHOrOo MapuipyTa P, BeplIMHBI--pa3BUIKH

!

~ "'h Hamu paHee OBUIO BBHIYHCIICHO PENIAIOIIEE TPABHIIO

R(ai,az,...,am)e{o,l},

KOTOPOC HAaCT IIPOTrHO3 110 KOHEYHOH MMPpOAYKIUHU IIpH JalbHEHIIIEM MMPOAOJDKCHUN MapaipyTa

Ecmu R(a1 Ay ., anl)zl, TO MBI TPOJOJIKAEM JATBHEHIIYI0 00pabOTKy MPOJYKIIHH CO-
TJIaCHO TEXHOJIOTHYECKOMY MapUIPYTy /10 AOCTHXKEHHUS Clleyiolled Bepiumnibl-passuixkn A; . Ecin

R (a1 b8y, Ay ) =0, To mampHeiIIce CIIEIOBAHUE 10 TEXHOIOTUUIECKOMY MApPIIPYTY HEIENeco00-
pa3Ho, OCKOJIBKY B pE3yJIbTaTe €ro UCIIOIHEHUS 0’KUAaeTCs MoTydeHue opaka. B atom ciryuae HeoO-
XOJIMMO MPOBEPUTH, CYLIECTBYIOT JIU JPyrHe TEXHOJIOTHUECKHE MapIIpyTel P, a1 KOTOpBIX yke
WCIIOJTHEHHBIM HA TEKYIIUA MOMEHT BPEMEHH MOAMApIIPYT MapuipyTa P, BKIIOYArOMUNA TEKYILYO
BEPIIMHY--Pa3BIIIKY, TaKXKe SBIACTCS IMoaMapipyrom mapmpyra P.Ecmu takux mapmpyToB Her,

TO JalbHEHIyI0 00pabOTKy MOJYy4YE€HHOM €AMHUIIBI MPOAYKIUHU CIIEAyeT NPEeKPaTUTh U OTIPABUTH
JAHHYIO €IMHUILY IPOAYKIMU Ha IOBTOPHOE UCIIOJIb30BAHUE B KAUECTBE UCXOIHOTO ChIpbs. Eciu ke
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TaKHe MapLIPYThI CYIIECTBYIOT, TO HEOOXOIUMO Ul KaXKA0T0 TaKOro Mapupyra P B3ATb cOOTBET-

CTBYIOLIEC ITPaBHUIIO RP n BBIGpaTB TE€ U3 HUX, IJId KOTOPBIX
1

RF,i(al,a2 ,...,anl)zl.

Hanee, cpeny Takux MapIIpyToB cieayeT oToOpaTh Hanbonee 3¢ (HEeKTUBHBIE U BOCTpEOOBaH-
HBIC, BO3MOXKHO, C YY€TOM TEKYIIHX TUIAHOB IIPOU3BOCTBA.

3akarouenue. B paboTe paccMOTPEHBI BOIPOCHI MIOCTPOCHUSI CUCTEMBI KOHTPOJISI KauecTBa B
CJIOKHOM MHOTOTEPEICIIBHOM MTPOU3BOJICTBE, HAIPUMED, METALTYPIrHIECKOM C TTOMOIIHI0 METOJI0B
AQHAJTUTHKH OOJIBIIIMX JJAHHBIX HA OCHOBE HAKATUIMBAEMbBIX HCTOPUYECKUX TEXHOJIOTHUECKUX JTAHHBIX.
[Tomyyens! cnenyromume OCHOBHBIE PE3yIbTAThI:

BBeneHO TOHSATHE TEXHOJIOTUYECKON MUpaMUIbI UTs HHOPACTPYKTYPHOTO Tpada Mpou3Bo/I-
CTBA, HTPAOIIIEE KIIFOUEBYIO POJIb B MPEJIaraeMbIX METOaX ONTUMHU3AIMH TEXHOJIOTHYECKHX Mapa-
METPOB;

[TpuBeneHa MOCTAHOBKA 3a1a4M KOHTPOJISI KAY€CTBA MPOTYKITUU Ha OCHOBE TEXHOJIOTHUECKUX
MUPaMUJL JJ1s1 CHCTEMbl HA3HAYCHHS U BBIITOJHEHHS TEXHOJIOTHUECKUX MapIIPYTOB;

[TpemnaraeTcss METOMOIOTHS PEIICHUS 33a]]a9d Ha3HAYCHHS TEXHOJIOTHUSCKUX MAPIIPYTOB HA
OCHOBE METOJIOB PacIio3HaBaHUsI 00Pa30B C LEIbI0 CHUKECHUs Opaka MPOU3BOJICTBA,;

[TpemnaraeTcs nmpuMeHeHHE pa3padOTaHHOW METOJOJIOTUU ONTUMHU3AINHU 3a/1a49i TEXHOJIOTH-
YECKUX MPOIECCOB K 3a/1a4e MPOTHO3UPOBAHUS M CHI)KEHUS Opaka B TIPOM3BOJICTBE.
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BCEJIEHHASA OBIIECTBEHHBIX ®HUHAHCOB. KAK AHAJIMTUKA
BOJIbHINX JAHHBIX MOXKET IOMOYb B YIIPABJIEHUU I'OCYJAPCTBOM

Y/

A. Cmupnos
Hadoop-cneyuanrucm Teradata

Teradata, Poccus
E-mail: alexander.smirnov@teradata.com

Abstract. CoBpeMeHHbBIE TEXHOJIOTUH BU3YaJIH3alUH II03BOJISIOT OJYYUTh COBEPIICHHO HOBBIC
IIPEACTABJICHUS HA OCHOBE JAHHBIX, C KOTOPBIMU MBI CTAJIKUBAEMCs B IIOBCEHEBHOM KU3HU U B pa-
6ote. OHn Oonee OoraThl, KpaCO4HbI, HH(POPMATHUBHBI U MHTEPAKTUBHBL Hampumep, TeXHOIOTHH
Teradata Aster o3BoJIsIFOT OOHAPYKUTH HOBBIC 3aKOHOMEPHOCTH, 00JIETYAr0T aHAITN3 U TIOMOTAIOT B
MIPUHATUU pellieHui. BeeeHHas OTKPBITBIX TaHHBIX MPOAOIIKAeT pacupaTbes. Jlanubie Munduna
Poccun, packpeiBaembie Ha EnuHoMm moptaiie OrojpkeTHOM cuctembl Poccuiickoit denepanum, a
TaK)Ke JaHHbIE FOCYAAPCTBEHHBIX 3aKYIIOK U IPYTHe JaHHbIE - 3TO OoraTeiiias no4sa ass KOMILJIEKC-
HOI'O aHajIu3a.
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OBJIAYHASA IJIAT®OPMA SAP CLOUD PLATFORM (SCP)

A.B. Tankesuu
Jlupexmop, komnanus JET Bl
(OO0 “JDKET Bbu Au”

CTO, IBM Analytics Emerging Technologies, USA

Abstract. ApxutekTypa u cCepBHCHI, TpeaocTaBisieMbie miaTdgopmoii. CoOCTBeHHAs pa3padoTKa
[Ipunoxennii B obnake. CobctBennsblil npumep paspadorku pemenns JET City Cloud.

Kpamxas ungpopmayus o komnanuu:

JET Bl - xoHCanTHHroBas KOMIaHUs, IPEAOCTABIISIIONIAS YCIYTH B 00JIACTH CO3/IaHUS U MOJ-
JIepKKU MHTEJUIEKTyalbHBIX pemeHni Ha mardopmax SAP u Salesforce. OtpacneBas skcrepTusa,
BbIJICJICHHBIE KOMaH/Ibl pa3paO0TYMKOB MO/ KAXK/IbIM MPOEKT U CEPTUPUIIMPOBAHHBIC CTICLIUATHCTHI
rapaHTUPYIOT BBICOKOE Ka4eCTBO HANIMX YCIyr. MHAWBUYaIbHBIA MOIX0A K KOKIAOMY MPOEKTY -
9T0 3ai0T 3¢ (HEeKTUBHOTO pelIeHUs IMEHHO s Bac.

Kpamxasa 6uoepagpua. Aunpeit TankeBUY SBISETCS AUPEKTOPOM KOMITAHWH, CO CTaKEM pa-
6ot1bel B UT-cdepe G6onee 17 ner, u3 Hux 8 net pabotsl B kadectBe UT-mupekropa, S et — B JOJIK-
HOCTHU AMpeKTopa Aenapramenta Bl Hanpasnenus, onslT BHeApeHus 6osnee 10 KpyNmHBIX IPOEKTOB
o paspabotke cuctem Business Intelligence.
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MICROSOFT POWERBI
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epynnst Cloud+Enterprise pe-
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BENCHMARKING THE EFFICIENCY OF DEEP LEARNING METHODS ON
THE PROBLEM OF PREDICTING SUBJECTS’ AGE BY CHEST RADIOGRAPHS

V. KOVALEV, PhD V. LIAUCHUK A. KALINOVSKY A. SHUKELOVICH
Head of the Labora-  Research Assistant of ~ Research Officer of ~ Junior Scientist of the
tory of Biomedical the Laboratory of Bi-  the Laboratory of Bi- Laboratory of Bio-
Images Analysis omedical Images omedical Images medical Images Anal-

Analysis Analysis ysis

Biomedical Image Analysis Department, United Institute of Informatics Problems, National Academy of Sci-
ences of Belarus, Republic of Belarus
E-mail: vassili.kovalev@gmail.com

Abstract. This paper presents results that were obtained in comparative study of the efficiency of conventional and
Deep Learning methods on the problem of predicting subjects’ age by their chest radiographs. A large study group con-
sisting of chest radiographs of 10 000 people was created by random sub-sampling of suitable subjects from the input
image repository containing 1.8 million items. The age range was chosen to span from 21 to 70 years. The age prediction
was performed by Convolutional Neural Networks AlexNet and GooglLeNet as well as using conventional methods based
on Local Binary Patterns and extended co-occurrence matrices as image features followed by kNN, Random Forest,
Linear Model, SVM, and Decision Trees classifiers. The conclusion was that the convolutional neural networks greatly
outperform conventional methods. It was found that the lowest RMSE error achieved on the task of age prediction using
convolutional networks is 5.77 years whereas conventional methods demonstrate on the same data much higher error
value of 11.73 years.

The purpose. Recent achievements in biomedical image classification using Deep Learning
methods and Convolutional Neural Networks (CNN) give well-grounded promises to become an ef-
fective tool in biomedical image analysis [1-4]. Several studies accomplished by authors on the use
of CNNs for histology image classification in breast cancer diagnosis [5], lung segmentation [6] and
lung lesion detection in computed tomography images of tuberculosis patients [7] confirm the ap-
plicability and power of Deep Learning methods in medical imaging domain.

In the context of a difficult choice of the most efficient machine leaning methods and software
solutions for medical image analysis the primary goal of this study was to examine abilities of CNNs
and to compare them to conventional methods on a large sample of chest radiographs acquired from
as many as 10 000 people. The performance comparison was accomplished on the hard problem of
predicting patient’s age based on their chest X-ray images. Such an examination was performed using
both machine learning modes including classification and regression.

Image data. A large database of natively digital chest radiographs containing about 1.8 million
items resulted from pulmonary screening of population of a large city was used as input image data
repository of this study. Subjects’ age was measured in complete years with the precision of one year.
A study group consisting of chest radiographs of 10 000 subjects was created by random sub-sam-
pling of suitable subjects from the input image repository. The age range was chosen to span from 21
to 70 years.

In order to create a study group which is well balanced by both age and gender, for every year
of life we selected 100 male and 100 female subjects what finally constituted a study group consisting
of (100+100) * 50 years = 10 000 subjects. No attention has been given to the subjects’ health status.
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This particularly means that the created study group mostly represents healthy subjects. Nevertheless,
it is still possible that a small fraction of people with certain lung abnormalities at their early stage as
well as subjects with some anatomical deviations could be presented in the study group too.

Since the primary goal of this study was not the analysis of chest radiographs as such but bench-
marking of Deep Learning methods, original images were preprocessed to avoid unnecessary varia-
bility of the image content and to reduce computational expenses. The preprocessing included visual
quality assessment, normalization of intensity, and reformatting. The normalization of image intensity
was done using commonly known technique of intensity quantiles.

Males, 21 years Females, 21 years

, 41 years

Males Females, 61 years

Fig. 1. Examples of chest images used in this study

More specifically, a small fraction of 1% of minimal and maximal values of intensity histo-
grams was saturated and the resultant intensity range was rescaled down to the 0-255. The image crop
was performed by cutting off 25% of rows of original image size from the bottom and 5% from the
other three sides. Finally, all the images were resized down to 256x256 pixels. Example images of
subjects of different age and gender are presented in Fig. 1.

Experimentation outline. At the preliminary stage of preparing experimentation the input im-
ages were shuffled within every age year of each gender, i.e. within of each 100 male and 100 female
subgroups of every complete year of life. Since there was sufficient amount of image data available,
it was decided to subdivide the whole set of 10 000 images into the training and validation sets in the
proportion of 70% to 30%. Thus, the training and the test sets consisted of 7000 and 3000 images
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respectively. Once created, exactly the same training and validation image sets were used in all the
experiments performed in this work. Such a technique guarantees that the results of different experi-
ments are kept comparable in all over the study.

It should be noted that in this work we considered the subjects’ age prediction results obtained
on the validation image set only. This is because analysis of corresponding results achieved on the
training set is typically performed for studying the issues related to the convergence characteristics,
influence of certain imbalance or lack of objects of certain classes, solving the problem of overfitting,
exploring the necessity of image data augmentation for a proper CNN training, etc. However, all these
problems are either atypical for present work or lie outside of the scope of this paper.

Deep Learning methods. Two different approaches were used for prediction of subjects’ age
based on Deep Learning tools. The first approach makes use of CNNs for a direct age prediction
either in regression or in classification mode. In case of classification CNN categorizes an image into
one of 50 age classes each of which corresponds to 50 full age years in the range of 21-70. However,
the characteristic feature of the first approach is that the final, fully-connected layer of CNN is used
as a classifier.

The second approach predicts subjects’ age in a similar way. The exception is only that here
CNN is employed only for creation of image descriptor. The last pooling layer generated by CNN
which contains 1024 elements is used as image descriptor. This layer precedes the fully-connected
layer of CNN. The fully-connected layer can be viewed as an “internal” classifier of CNN and which
is not used in the second approach. Instead, once created the image descriptor is extracted from CNN
and supplied to an “external” classifier which could also be executed in regression and classification
mode.

Combination of two training options either in regression or in classification mode and the usage
of 6 different classifiers employed in this study resulted in 12 different CNN-related algorithms being
examined. The list of classifiers includes internal CNN classifier (i.e., the fully-connected network)
along with such external classifiers as KNN, Random Forests, Linear Model, SVM, and Binary Re-
gression Decision Tree. These algorithms are enumerated in Tab. 1 and abbreviated for brevity. Note
that the leading letter “D” stands for image descriptor created by CNN on the prediction stage.

Table 1. Twelve age prediction algorithms utilizing CNNs and their abbreviations.

No Internal/External classifier of CNN A(‘é?((;g?eﬂ ?r?grﬁ\]gggg)n
1 | Fully Connected Layer of CNN (internal) CNN

2 | KNN (descriptor-based, external) D-kNN

3 | Random Forests (descriptor-based, external) D-RF

4 | Linear Model (descriptor-based, external) D-LM

5 | Support Vector Machines (descriptor-based, external) D-SVM

6 | Binary Regression Decision Tree (descriptor-based, external) D-DT

Training convolutional networks. Two convolutional networks AlexNet [8] and GoogLeNet [9]
were trained under Linux operating system using the Caffe framework from Berkeley Learning and
Vision Center which supports GPU acceleration via cuDNN to massively reduce training time [10].
The Caffe framework was chosen from the list of freely available Deep Learning frameworks [11]
because of the following reasons:

— Recently, the Caffe framework is one of the best frameworks optimized for GPU-based
computing using convolutional networks for image classification.

— The Caffe framework is supported by Nvidia company and it is integrated into the Deep
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Learning GPU Training System (DIGITS) interface [12] which provides high level user interface.

— The Caffe framework is well supported by a large academic community which provides
voluntary consulting, share pre-trained and trained CNNs for free, etc.

The training was performed on a personal computer equipped with recent Intel® Core™ 17
central processor and two GPU of Nvidia TITAN X type with 3072 CUDA Cores and 12 GB of
GDDR5 onboard memory each. The network training parameters were set to the following values:

— Network architectures: AlexNet, GoogLeNet (the first version of Inception architecture from
Google).

— Batch size: 32 (the minimum batch size to place network in GPU memory).

Solver: SGD Caffe solver.

— Number of iterations: 13 140.

— Number of epochs: 60.

— Training set size: 7000 images, 256x256 pixels each.

Age prediction with the help of internal CNN classifier was performed using DIGITS interface.
Several Python scripts using PyCaffe interface were written for extracting image descriptors produced
by convolutional layer of CNN and inputting them into external classifiers.

The network training time varied from 30 to 60 minutes depending on such parameters as batch
size, number of iterations and some other.

Results achieved with Deep Learning methods. The first series of experiments with AlexNet
and GoogLeNet convolutional networks have revealed that GoogLeNet slightly but systematically
outperforms AlexNet in the quality of subjects’ age prediction by chest radiographs. In terms of the
Root Mean Square Error (RMSE) of the deviation of predicted age from real one the prediction qual-
ity achieved by GoogLeNet was approximately for 0.3-0.8 years better comparing to the one provided
by AlexNet. Thus, all the prediction results reported below were obtained with the help of Goog-
LeNet.

Results of all twelve experiments measured in RMSE error presented in a condensed form on
the left panel of Fig. 2.
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Fig. 2. Results of predicting age of 3000 subjects using convolutional network. Left panel: RMSE
error for 12 different algorithms (the lower the better). Right plot: example histogram of residuals.

The right panel provides rather typical example of histogram of residuals in case of running
GoogLeNet in regression mode with the native fully-connected layer as a classifier (see the first bar
of the left plot).

Local Conclusions. Results of age prediction presented in Fig. 2 allows drawing the following
local conclusions.
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— Depending on the specific algorithm employing CNN the mean error of age prediction varies
in the range from 5.77 years in the best case using of image descriptors created by GoogleNet in
classification mode which were inputted to the external SVM classifier up to 7.25 years of mean error
for the same descriptors supplied to kNN classifier.

— The “direct” age prediction by CNN (i.e., without additional manipulation with extracting
image descriptors and employing external classifiers) do not provide the best results. However, it is
reasonably good with its RMSE value of 6.08 (see the first column of the left plot of Fig 2) compared
to the best one of 5.77 achieved by CNN followed by SVM.

— Despite the best value obtained in case of running CNN in classification mode, there can be
some tendency observed for better results being achieved when CNN is used in regression mode (see
gray bars in Fig. 2). The reason behind could be purely technical such as classification for 50 age
classes provide integer age output whereas regression predicts age with the precision of a fraction of
year.

The histogram of residuals depicted on the right panel of Fig. 2 demonstrates relatively good
fit to the Gaussian distribution what is suggestive for bias-free prediction model.

Conventional methods. Prediction of subjects’ age based on chest X-ray images was done by
implementation of a three-step procedure comprising of calculation of image descriptors, performing
the Principal Component Analysis (PCA) and inputting resultant features into classifiers for age pre-
diction. Below these steps are described in more details.

Step-1: Calculating image descriptors. Since chest images used in this study exhibit typical
textural appearance, texture features were employed as image descriptors. Two kinds of texture fea-
tures were used in order to obtain more extensive, reliable and trustful results. They include com-
monly known Local Binary Patterns (LBP, [13]) and extended multi-sort and multi-dimensional co-
occurrence matrices introduced in [14].

In case of LBP rotation-invariant versions of both uniform and non-uniform types of binary
patterns were examined. In case of co-occurrence image descriptors we used 2D version of six-di-
mensional co-occurrence matrices [15] abbreviated as IGGAD which fuse intensity (denoted by I)
gradient magnitude (G) and anisotropy (angle between gradient vectors A) image features for pixel
pairs with inter-pixels distances ranged from 1 to D. It is easy to see that the classical intensity co-
occurrence matrices 11D with varying inter-pixel spacing can be viewed as a reduced version of the
above general case. Next, the particular case of AD type gives us some rotation-invariant version of
widely used Histogram of Oriented Gradients (HOG), etc. Technically, all reduced versions can be
obtained from IIGGAD by summing up (collapsing) the unnecessary dimensions. It should be re-
membered also that dimensionality of extended co-occurrence matrices depends on the number of
selected features characterizing the pixel pair and not related to image dimensionality (see [15] for
more details).

Step-2: Principal Component Analysis. The above “raw” texture features (e.g., elements of co-
occurrence matrices) can be very large and contain mutually-correlated elements. Performing PCA
dramatically reduce feature space and resulted in uncorrelated principal components which contain
essentially the same information because any original variable can be presented as a linear combina-
tion of principal components.

Step-3: Age prediction. The principal components obtained on the previous step were consid-
ered as image features. Similar to the neural networks case considered in previous sections they were
inputted into the same KNN, Random Forests, Linear Model, SVM, Binary Regression Decision Tree
classifiers and executed in regression mode to predict subjects’ age. In all the occasions the control
parameters were kept same to make comparison of results obtained by conventional methods and
CNNSs straightforward.

Results achieved with conventional methods. Preliminary experiments. In context of this par-
ticular study it should be emphasized that in the case of using convolutional network there were al-
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most no control parameters notably influencing the quality of image descriptors produced by convo-
lutional layers. However, this is not the case with LBP and extended co-occurrence features. Thus, in
order to avoid unnecessary favoritism towards newly immerged Deep Learning tools there were a
number of experiments performed for tuning control parameters of LBP and extended co-occurrence
image descriptors.

A total of 18 variants of rotation-invariant LBP descriptors were examined including 9 uniform
and 9 non-uniform versions with the radius of local circular neighborhood of 1, 3 and 5 pixels and
number of pixels compared to the central one equal to 8, 12 and 16. As a result it was found that
depending on combination of these parameters the RMSE error varied in the range from 12.93 to
17.30 years.

Similar investigation was performed for extended co-occurrence matrices. A total of 32 variants
of IGGAD, AD, and GGD matrices were evaluated with the number of intensity bins equal to 8, 16,
24 and 32, gradient magnitude bins equal to 8 and 16, number of angle bins 12 and 16 as well as inter-
pixel distances of 1, 3 and 5 pixels. Note that not all possible combinations of control parameters
were tested. Also, it was found that contrary to a wide spread believe an increase of intensity resolu-
tion (number of intensity bins) towards 256 not necessarily increases quality of final results. Finally,
the exploratory experiments with extended co-occurrence descriptors have revealed that RMSE error
of age prediction varied between 13.12 and 16.84 years what is similar to the range obtained when
using LBP.

Principal Component Analysis. Instead of selecting the most prominent variants from 18 par-
ticular LBP and 32 co-occurrences image descriptors described above they were merged into two
corresponding data tables as subsets of variables and supplied to PCA. As a result we got two sets of
image features obtained with the help of LBP and extended co-occurrence image descriptors. In all
the occasions the output principal components were selected so that they explain 99% of variation of
raw image descriptors of training image dataset. As a result, the number of selected principal compo-
nents varied from several dozen up to one hundred.

It is important to note that the output principal components derived from raw LBP and extended
co-occurrence image descriptors were also mutually correlated. This is not surprising because these
two kinds of features describe quantitatively the content of the same image set. Finally, they were
inputted together into the “second” PCA for obtaining a set of joint image features combining ad-
vantages of both LBP and extended co-occurrence image descriptors.

Final results. The results obtained based on LBP, extended co-occurrence and joint image fea-
tures using 5 different classifiers are presented in Fig. 3. Similar to age prediction results obtained
with convolutional networks, they measured in RMSE error. The right plot of Fig. 3 depicts histogram
of residuals obtained based on the joint image descriptor using SVM classifier and illustrates propor-
tions of different prediction errors.

Local Conclusions. Results of age prediction by the subjects’ chest X-ray images using con-
ventional methods which are presented in Fig. 3 allow to draw the following local conclusions.

— The use of joint image descriptors always provide better result comparing to LBP and
extended co-occurrence alone (black bars in Fig. 3 are lower for all 5 classifiers).

— Formally, the best result with minimal error value of 11.73 years was achieved based on joint
image descriptors using SVM classifier. However, this is only for 0.04 and 0.15 years better than
prediction provided with the help of Linear Model and Random Forest respectively.

— The LBP descriptors alone (see gray bars) slightly outperform extended co-occurrence
matrices. For instance, in case of Random Forest classifier the error value of LBP is 12.39 against
12.61 years achieved by co-occurrence what corresponds to subtle difference of 0.22 years. The
highest difference of errors in age prediction of 0.60 years between these two descriptors is observed
in case of kNN (16.24 vs. 16.84) whereas with Decision Tree classifier LBP and co-occurrence
descriptors demonstrate same error of 15.50 years.

— Random Forest, Linear Model and SVM classifiers doing always better than kNN and
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Fig. 3. Results of predicting age of 3000 subjects using conventional algorithms. Left panel: RMSE
error obtained using 3 types of image descriptors and 5 classifiers (the lower the better). Right plot:
example histogram of residuals.

As can be seen from the histogram of residuals which was calculated as the difference between
real and predicted age, there is a tendency for overestimating subjects’ age when using conventional
approaches (see the shift to negative values of histogram of Fig. 3).

Conclusion. Results obtained with this comparative study of the efficiency of conventional and
Deep Learning methods on the problem of predicting subjects’ age by their chest radiographs allow
drawing the following conclusions.

(1) The convolutional neural networks greatly outperform conventional methods. The lowest
RMSE error achieved on the task of age prediction using convolutional networks is 5.77 years
whereas conventional methods demonstrate on the same data much higher error value of 11.73 years.

(2) The worst error value of 7.25 years obtained in 12 experiments with neural networks is still
far better than the best result of 11.73 year error obtained in 15 experiments following conventional
approach. In general, results obtained with convolutional network approximately twice as good com-
paring to the conventional methods examined in this study.

(3) Results produced by convolutional layers during the network training can be used as com-
pact image features describing the image content.
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BUSINESS CONTEXT OF BUSINESS INTELLIGENCE (WORKSHOP LESSEN 1)

M. G. STROO, PhD
Owner of Invisi, Netherlands, Owner of
Act On Insight, Belarus, Information
Innovation Leader, Business Intelli-
gence Consultant: Royal Agio Cigars,
City of Rotterdam, Nuon

Invisi BV, Netherlands

Opening Exercise

+ You will work for one of these companies during the
course:

Business Context Of Business Intelligence - Belarus Tractor (production)
+ Act On Insight (IT services)
MTS (telecom)

- Choose your company from a raffle

Business Intelligence Definition Business Intelligence Definition

Definition of Bl as a process: + Definition of Busin
Business Intelligence is the continuous process with Business Intelligence is the collection of IT resources that
which organisations can gather and register, analyse data s Intelligence as a process, makes it

in a structured manner and use the resulting information efficient and gives it a face.

and knowledge in decision making processes to improve
the performance of the organisation.

ess Intelligence as technology:
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Business Intelligence Definition

Definition of Business Intelligence as phenomenon or
discipline:

Business Intelligence is the whole of concepts,
processes, strategies, culture, structure, methods,
standards and IT resources that ensure that
organisations can behave and develop themselves more
intelligent.

Why Business Intelligence

- Stabilise or improve cor

Which goals does your organisation want to reach
or support with BI?

73%
70%
64%
58%
55%
48%
45%
45%

Operational monitoring / process control
Financial analysis / reporting
Quality improvement
Save cost
Save time
Forecasting / planning
Support with tactical / strategic decisions
Product-/service development
18%
15%
12%

Development new revenue streams
Improvement empioyes satisfaction
Reduce absenteeism

CRM | 3%

Three Levels of Business Intelligence

Intoligence,
\__ Indicators, Dashboards

Strategic planning “Strategic" Bl

Tactical planning
and management

Operational
management

Aggregated intelligence

g W.M Customer and Corporate N
, mainky (Balanced) Scorecards, )

/" Marketing/Sales Campagnes with

" Measuring low-level processes and

generating of actions real-time):
"Operational" Bl

Detailed intelligence

Business Intelligence is "more than reporting"

Events
Performance
Management
Interactive OLAP
Balanced
Scorecard s i i
Foid roent Reporting preadsheet

What happened? ~ Why did it happen? What will happen?

Disciplines of Business Intelligence

Advanced Analytics
Management Information

Performance
Management

Data Discovery

Reporting and
Dashboarding

Balanced Scorecarding
Marketing Intelligence
Predictive Analysis
Data Mining

Analytical CRM

Business Activity
Monitoring

Business Intelligence cycle variations

Strategical / tactical / operational level

Frequency of use: from yearly and ad hoc to daily and real-
time

Planning: e.g. collect daily, analyse weekly and apply monthly
Scope: from individual and department to company and chain
Explicitness

+ Area of use

Data Warehousing

Business Intelligence

Data Warehousing
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Business Intelligence is (mostly) human work

Data steward
Manager

Process
director

ETL developer

Business
Intelligence ./

Planner /
Controller

DBA

Competence (i
Business infomaon - Center
Analist N\ Report designer
Analyse
Statistician Analysis expert

Types Of Business Intelligence Users

Events | Operators
Interactive | Explorers
Tourists Miners
Recurring 3
occasions | Farmers
What Why did it What is going
happened? happen? to happen?
Reactive Proactive

User Type: Farmers - Clear Sighted

Monitor the effect of decisions on the business by
tracking key performance metrics and analysing business
reports

Provide Explorers/Miners with feedback on the
effectiveness of their predictions

User Type: Farmers - Clear Sighted
Have a fairly predictable pattern of usage

They know what data they want, how they want it
displayed, when they want it and in what media

See the world in terms of dimensions (time, product,
geography) and metrics (usage, counts, revenue, costs)

User Type: Farmers - Clear Sighted
Farmers mainly use multidimensional data marts
Examples of farmers:
Sales Analysts
Financial Analysts
Market Campaign Managers

Accounting Analysts

User Type: Explorers - Innovative

Work to understand what makes the business work by
looking for hidden meanings in corporate data

Have little or no idea what to expect from query execution
An out of the box thinker
Launches large and often unpredictable queries
Often receives no results back

Occasionally receives incredible insight

User Type: Explorers - Innovative
Strive to predict the future based on past results

Very knowledgable about data content within and outside
of the business

Demonstrate an unpredictable pattern of usage

Sees the world in terms of data and data relationships

User Type: Explorers - Innovative

Explorers may start with multidimensional data marts but
often require their own environment

Examples of explorers:
Insurance Actuaries
Process Control Engineers

Market Research Analysts
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User Type: Miners - Thorough

Scan large amounts of detailed data looking for
confirmation of a hypothesis or for suspected patterns

Have a pretty good idea what to expect prior to query
execution

Operate on a base of data that is preconditioned for

analysis

User Type: Miners - Thorough
Demonstrate a reasonably predictable pattern of usage

Interested in finding meaningful relationships in
transactions

User Type: Miners - Thorough

Miners may start with multidimensional data marts but
often require their own environment

Examples of Miners:
Expert Marketers
Risk Controllers
Logistic Specialists

Statisticians

User Type: Tourists - Generalists

Have a broad business perspective and are aware of the data

produced by the busine:

Use the data warehouse frequently

adth of material quickly but in little depth
Are accustomed to a c«

nsistent graphical user interface

Need ability to search large banks of data without a lot of

typing

Demonstrate unpredictable patterns of usage

User Type: Tourists - Generalists

Tourists mainly use multidimensional data marts and/or
informal warehouses

Examples of Tourists:
Executives
Managers

Casual users

User Type: Operators - Focused

Use the intelligence derived by Explorers and Farmers to
improve business conditions

Provide increasing pressure on the Corporate Information
Factory in terms of availability, data freshness and query
performance

Need fresh, detailed, day-to-day information

Expect transactional performance and response times

User Type: Operators - Focused
Have a fairly predictable pattern of usage

See the world in terms of process

User Type: Operators - Focused

Operators mainly use the operational data store and
sometimes multidimensional data marts

Examples of Operators:
Customer Support Representatives
Manufacturing Line Managers

Inventory Control Managers
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User Types Exercise
Identify two departments in your company
Name one role in each of the departments
Say for each role what user type it is

Name a typical type of Bl application for each role

Business Intelligence Maturity Scan

Business Intelligence Maturity Matrix

BIMM Local
Bl Architecture

Coordinated Integral

Intelligent

Bl Organisation

Bl Ambition

Bl Maturity Scan Business Questions

+ How do you see the organisation?

jour priorities at the moment?

Jr most important measures?

5 your department use and what do you think about

Bl Maturity Scan Technical Questions

+ Which B

hardware

ss Intelligence and Data Warehouse related
oftware is in use?

How, when and why is chosen for this setup?

chosen and applied?

How do you receive

requests to supply information or make it

le for consumption?

is available in standards and documentation?

s are there in relation to the system?

Business Intelligence Maturity Scan Excercise
Choose 4-7 key people from your company to interview
State their department and role

Answer the top five questions of each subject area briefly

from your company key people

Draw your basic maturity matrix by writing the main
factor in the appropriate block for each subject area

Business Intelligence Competency Centre

Business Intelligence Competency Centre
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BICC Positioning Which BICC structure to choose?

BICC as a department Virtual BICC

BICC

Distributed BICC ‘

What is the Strategy?

Product Leadership

X

Key Performance Indicators

*:

Customer

Operational
Intimacy

Excellence

Strategy and Indicators Advantages of Managing With Indicators

rganisations use scorecards to visualise result * Ind

From Strategy to Indicators Four Different Approaches to Formulate Indicators

+ Process and Intearal Chain Approach
B roce I Integral Chain Approach
Success factors
Targets and strategy

Horizontal Approact
Performance
indicators
Method and Vertical Approach

Strategic
map

Organisation

Processes
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Balanced Scorecard Overview Balanced Scorecard

Mission, vision, goals + Four perspectives:

Financial: how do shareholders and other investors see

us?
BoD Strategy
BU BU Four perspectives + Customers: how do (potential) customers see us
Financial N
Top-down Internal: What must we excel at? How do our

Customer and market P

Success factors processes perform?

Indicators Processes

Innovation + Innovation: How can we continue to improve, create

value and innovate?

Balanced Scorecard Balanced Scorecard
e & (Strategic) objective
KPI: indicators:
invest: it i
possbitios _soabily @ Key Performance Indicators
liquid assets

& Indicators

Customer Internal
KPt: indicators: KPL: indicators:
Loyalty amount of Vision and strategy production % rejected WDl
e Product leadership pats b - Limit your KPI's!
bought % coverage
quality control
- Typical is one or two KPI's per subject area
Innovation
KPI: indicators:

competence number of
R&Dstaff  publications

number of
patents
Value of the Balanced Scorecard Success Factors and Causalities
Vision of Top management + Key Success Factors are...
Key performance indicators those factors that determine the success of the unit,
ultimately leading to the economical performance of
Gives a balanced of indicators

that unit

Focus on continuity and controlled change it an o
K =hg the aspects that are crucial to realising the strategy

Stimulates full control . . )
the core priorities for managing quality and productivity

Suitable

for professione

ng of management

- Causalities show the dependencies between Key

Makes strategy explicit and communicable Suc
Balanced Scorecard - Strategic Map Example Balanced Scorecard - Indicators Example

k - Strengthen p N+ % new revenue with existing customers

Financial e o 4 g new revenue with existing customer
- ~—— Key with customers
Improve revenue Improve cost level  «+—  Success Profit margin per customer
Factor
~
— = - Revenue with ne stomers
Beat competitors  w__
strengthen position with customers Improve image and brand awareness + Average lead time
Effort ratio to hours
Internal
__» Design processes and tune internally o
— T—
Qualified employees Improve price-quality ratio of resources
+ Improve image - Spontaneous brand recognition
Innovation T . Dmms\ brand awareness
. 2d brand recognition
Set up training for employees Develop new products and services
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Master Card for an Indicator

Master Card Activity Ratio to Hours
General Nr 823
Definition Size new revenue / number of hours sales activity
Type €0
Owner Director Marketing and Sales
Perspective Internal
Direction Increasing
Norm tb.d
Bandwidth tbd

Norm setter Director Marketing and Sales

Report frequency ~ Monthly

Measurement Supplier Department MI administration

Source systems  Sales system and time sheets

Known issues Time sheets of sales representatives lags 2 weeks

Characteristics of a Good Indicator

Variation of and Alternative for Balanced Scorecard

Key Performance Indicators Exercise

Describe one KPI in one subject area

for your company

Describe three to five indicators relatec
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DATA WAREHOUSE ARCHITECTURE AND DESIGN (WORKSHOP LESSEN 2)

M. G. STROO, PhD
Owner of Invisi, Netherlands, Owner of
Act On Insight, Belarus, Information
Innovation Leader, Business Intelli-
gence Consultant: Royal Agio Cigars,
City of Rotterdam, Nuon

Invisi BV, Netherlands

Data Warehouse Architecture And Design
Data Warehouse Architectures

Inmon's Corporate Information Factory Inmon's Corporate Information Factory
; house is not intended to be queried directly
& ! y 3, business intelligence tools, or the like
Er ed additional data stores dedicated to a variety of
I
+ Inmon advocates the use of third normal form database design for
f I the enterprise data warehouse
+ Inmon uses the term ETL only for the movement of data from the
operational systems into the enterprise data warehouse

w il + He describes the movement of information from the enterprise data

letail pc D¢ &

warehouse into data marts as “data delivery
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Inmon's Corporate Information Factory

- & &8 §

Data Marts

ERENE

Dss
Applications

)
)

Exploration
and Mining

i

Integrated repository
Operational of atomic data
Systems Normalised format

Kimball's Dimensional Data Warehouse

Kimball is largely responsible for popularising star
schema design in the 1990's

Kimball developed an enterprise architecture for the data
warehouse, built on the concept of dimensional design

Sometimes referred to as the "bus architecture"

Shares many characteristics of Inmon's Corporate
Information Factory

Kimball's Dimensional Data Warehouse

ETL =

Integrated repository Data Mart:
Operational of atomic data Subject area within
Systems Dimensional format the data warehouse

Kimball and Inmon Similarities
Separation of the operational and analytic systems

ETL process to consolidate, integrate and load the data
into a single repository

Data goes into an integrated repository of atomic data

Kimball and Inmon differences

The dimensional data warehouse is designed according
to the principles of dimensional modelling. It consists of a
series of star schemas or cubes, which capture
information at the lowest level of information possible

The enterprise data warehouse is designed using the
principles of ER (entity-relationship) modelling.

The dimensional data warehouse may be accessed
directly by analytic systems. The data mart becomes a
logical distinction; it is a subject area within the data
warehouse

Kimball and Inmon Variations

+ An intermediate step with a set of tables in third normal form to make the ETL
easier is acceptable for Kimball

+ These are usually staging tables and should be accessed directly only by the ETL
process

- This makes the Kimball solution more like the Inmon solution, with a normalised
repository of data not accessed by applications

+ Another variant is where the dimensional data warehouse is not accessed directly
by analytic applications

- New data marts are constructed by extracting data from the dimensional data
warehouse

+ This increases the resemblance to the Corporate Information Factory, where data
marts are separate entities from the integrated repository of atomic data

Stand-Alone Data Marts

+ Can achieve rapid and inexpensive results in the short term

+ The stand-alone data mart is an analytic data store that has not been
designed in an enterprise context

+ Itis focused exclusively on a subject area
+ One or more operational systems feed a database called a data mart

* Analytical tools or applications query it directly, bringing information to end
users

+ Data marts may be offered as part of packaged (operational) applications

+ Sometimes they are built within user organisations, outside of the IT
department

Architecture and Dimensional Design

known as Role of Di

Description

Architecture Advocate Al

Corporate Bil Inmon

Raiph Kimball +

Stand-Alone
Data Mart
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Operational Data Store

Contains current or near current integrated data
Subject oriented

Limited amount of historical data

Volatile

Speed of data updates varies from seconds to a day
Quick updating limits transformation possibilities

Comes in different types with different levels of integration and quality

Data Warehouse Architecture Exercise

You are asked by your company to propose a data
warehouse architecture:

The director for a company wide solution

The manager of a department to give him specific
information

The Operations Manager to help him to manage his
operation

Propose an architecture and explain your choice

Dimensional Modelling

Purpose of Analytic Databases

Operational systems support the execution of business processes
Analytic systems support the evaluation of processes

Both systems have contrasting usage profiles

Different principles guide their design

Interaction with an analytic system takes place exclusively through
queries that retrieve data

These queries can involve large numbers of transactions

It supports the maintenance of historic data

The Star Schema

Dimensional design for a relational database
Contains dimension and fact tables
Dimension tables contain context for facts

Dimensions are used to specify how facts will be rolled
up

Dimension values may be used to filter reports

Dimension tables are not in third normal form

The Star Schema

+ Each dimension table is given a surrogate key, typically an integer

The dimension tz

lumn name

usually have the se

e related dimension t

Juely identified by these foreign keys, but not alway

The level of detail of the fact table is called the grair

rmat
gatio

on in the fact tables is typically consumed in diff

Main Guiding Design Principles

These two design principles are at the core of dimensional
modelling:

accuracy
+ performance
Accuracy: is it possible that facts can be aggregated in a way

that does not make sense? Is there a design alternative that
can prevent this?

Performance: dimensional designs are very good to providing
a rapid response to a wide range of unanticipated questions

Dimension Table Features - Keys

Each dimension table

)

3 is assigned a surrogate key. It is created especially for

the data warehouse or data mart

* One or more natural keys will also be present in most dimension tables

The natural keys are identifiers carried over from source systems

They identify a corrt stem

onding entity in the source

The values in natural keys may have meaning to users of the data warehouse

Even without significant meaning, the presence is needed for the ETL that load

fact tables
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Dimension Table Features - Rich set of dimensions

queries in different combinations to answer a wide

- Dimension tables with a large number of attributes 1 be thought of as wide

mbinations of attributes ma

nding de: otion values

values into descriptive text

- Flags are translated from boolean

« Multi-p

d are

- Consider numeric attributes that can serve as dimensions

Dimension Table Features - Common
Combinations

s common practice data elements down to constituent parts

well. Uses:

ions of these elements ar

common combir
ases query performance

« Sort reports

+ Order data
+ Example:

First name, middle initial, last name

so full n nd Last-name rmat

+ St

+ Database administrators can index these columns

Dimension Table Features - Codes and Flags

In operational systems it is common to describe values in a domain using
codes

+ Both the codes and description may be useful dimensions

+ Store both in your dimension table so that users can filter, access and
organise in whatever way they see fit

Flags can be stored in source systems in different ways; boolean data
type, integer with value O or 1, character with "Y" or "N" or two values
indicating “True" or "False"

In a dimensional design, store the descriptive value of the flag options.
These are far more useful than 0/1 or Y/N and much clearer when
defining a query filter

Grouping Dimensions

Dimension attributes are grouped into tables that
represent major categories of reference.

+ Junk dimensions collect miscellaneous attributes that do
not share a natural affinity.

+ When principles of normalisation are applied to a
dimension table, the result is called a snowflake

+ Snowflakes may be useful in the presence of specific
software tools. Dimensional design fully embraces
redundant storage of information (= no snowflakes)

Dimension Table Example

DIM_product
product key
product_code

product_name

product_group
DISI,

size

colour

cost_price

Dimension Table Features - Benefits of
Redundancy
+ The storage of redundant data element specific in dimensional modelling have
three advantages in an analytic environment
- performance
+ usability
- consistency

+ Precomputing and storing extra columns reduces the burden on the DBMS are
query time, optimise performance with indexes and other techniques

+ The redundant information makes it also easier for users to interact with the
analytic database

- Explicit storage of all dimensions guarantees they are consistent, regardless of the
application being used

Degenerate dimensions

Sometimes some dimensions associated with a business don't fit
into a neat set of tables

It may be appropriate to store one or more dimensions in the fact
table. It is then called a degenerate dimension

Although stored in the fact table, the column is still considered a
dimension

Consider if the attribute is really a degenerate dimension. Often such
dimensions are better placed in junk dimensions.

Transaction identifiers are commonly used as degenerate dimensions

Degenerate Dimension Example

FCT _order_line

order_date_key

customer_key
product_key
order_number
order_line
quantity_ordered

unit_price

discount_given
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Slowly Changing Dimensions

Information in a dimension table may change in the
operational source over time, through correction of errors
or updates.

Because the dimension tables have surrogate keys as
the primary key , it can handle changes different from the
source systems

How changes in source data are represented in
dimension tables is referred to as slowly changing
dimensions

Slowly Changing Dimensions - Type 1

+ When the source of a dimension value changes, and it is not
necessary to preserve its history in the star schema, type 1 is used

+ The dimension (attribute) is simply overwritten with the new value

+ The star carries no hint that the column ever contained a different
value

+ Any associated facts from before the change have their historic
context altered

- Type 1 typically used for dimensions where a change is usually
because of an error that is corrected (like birth date for a person)

Slowly Changing Dimensions - Type 2

+ Type 2 preserves the history of facts:
+ Facts that describe events before the change are associated with the old value
+ Facts that describe events after the change are associated with the new value

+ With type 2, a new row is inserted in the dimension table when there is a change in
the source data

+ This creates the effect of "versions" of a single dimension value in the dimension
table

+ These versions have the same natural key, but a different surrogate key value
+ You can add a "current” flag to indicate the current row of a given natural key value

+ To know when a version of a dimension row was valid, a date stamp is added

Choosing and Implementing Response Types

A single dimension may have a type 1 response to some
changes and type 2 response to other changes

Most of the time a type 2 response is most appropriate

There are situations in which the change of a source element
may result in either type of response. When the source
system records the reason for a change, you may choose to
treat a change as type 1 in the case of an "error correction" or
type 2 otherwise

When a dimension contains multiple response types, ETL
developers must factor in a variety of possible situations

Grouping Dimensions into Tables

A dimensional model does not expose every relationship
between attributes as a join

Contextual relationships tend to pass through fact tables

Natural affinities are represented by putting attributes in the
same dimension table

Dimensions are entities that can be related in multiple
contexts (in different stars)

Dimensions are grouped into tables based on natural affinity

Breaking Up Large Dimensions

« It is not uncommon for large dimensions to contain well over 100
attributes

+ A dimension table may become so wide that it may have an effect on the
database, like allocation of space or block size

« Large dimensions can be a concern for ETL developers. With many type
2 attributes, updates can become a tremendous bottleneck

+ You may solve this by splitting dimensions arbitrarily

+ An overwhelmingly large dimension may also be a sign that there are two
distinct dimensions. Put these in two tables

+ You can relocate free-form text fields to an outrigger

Dimension Roles and Aliasing

Measurement of a business process can involve more
than one instance of a dimension

These roles are represented in a fact table by multiple
foreign key references to the same dimension table

This is very common to happen with the date dimension

Avoiding the NULL

NULL can fail in WHERE clauses that lack a condition
specifically for the NULL

Never allow the storage of NULL in dimension columns.
Instead, choose a value that will be used when data is not
available (e.g. "Unknown")

When a fact can't be associated with a row in a dimension
table, we will use a special row in the dimension table

You may have special rows for different situations, like
invalid data or late-arriving data
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Fact Table Features

+ Where dimer
many more rov

numbers

+ Th >t table should contain

N if some of the fac

Some facts are nonadditive, like percentages or account balances

Fact Tables and Business Processes
Dimensional models describe how people measure their world

To be studied individually, each process should have its own
fact table

To determine if facts belong to one process, ask:
Do these facts occur simultaneously?
Are these facts at the same level of detail (or grain)?

Multiple-process fact tables can be useful when comparing
processes

Facts That Have Different Timing

Events may share the same dimensions and seem related,
but take place at different times. Then they are different
processes and should have separate fact tables

When a fact table for example can contain shipments and/or
orders, the "and/or" in the statement of grain is usually a sign
of problems to come

Querying on such a table may get unexpected result rows
that will confuse users

Working around poor schema design may end up in an
example of boiling the frog

Facts That Have Different Timing - Example

day key customer key product key quantity ordered quantity shipped
123 777 111 100 0
123 . 202 200 0
123 777 333 50 0
456 777 BEE 0 100
456 777 222 0 75
789 777 222 0 125

These zeros will cause trouble

Facts That Have Different Timing - Example

Shipment Report - January 2008 - Customer 777

Product Quantity shipped
Product 111 100
Product 222 200
Product 333 0
Page 1 of 1

A zero appears because there was an order

Facts That Have Different Grain

When two or more facts describe events with different
grain, they describe different processes

Different grain can be caused by a different number of
related dimensions or different level of hierarchy in a
dimension (e.g. months versus days)

Fact Table Types

The transaction fact table tracks individual activities or
events that define a business process

The snapshot fact table periodically samples status
measurements such as balances or levels

The accumulating snapshot table is used to track the
progress of an individual item through a series of steps

Transaction Fact Tables
Examples:
Booking of an order
Shipment of a product
Payment on a policy
Each individual row describes the occurrence of an event

By storing facts and associated dimensional detail, they
allow activities to be studied individually and in aggregate
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Transaction Fact Table Grain

+ May be defined by referencing an actual transaction identifier,
such as an order line

+ May be specified in purely dimensional terms, as in "orders by
day, customer, product and salesperson”

- Sometimes the grain is already a summary instead of an
individual transaction, for instance because detail is available
elsewhere or because the transaction volume is too large

- Despite a clearly defined grain, also an optional relationship is
possible. Then the dimension contains a special row to
represent this missing relation, like "not applicable"

Transaction Fact Tables Are Sparse

Rows are only recorded for activities that take place, not
for every combination of dimension values

For instance rows are only created for those days when
there are orders, only those products that are ordered
and customers that place the orders

Transaction Fact Tables Contain Additive Facts

Most nonadditive measurements, like ratios, can and
should be broken down into fully additive components

This allows the granular data in the fact table to be
aggregated to any desired level of detail

If you can use the sum of each measurement in the fact
table in an aggregation, the fact is additive

Storing fully additive facts provide the most flexible
analytic solution

Transaction Fact Table Example

FCT_order_line
lorder_date key
customer_key
product_key

order_number

order_line

unit_price

discount_given

Snapshot Fact Tables

Are used to describe the effect of a series of transactions.
These effects are called status measurements

Some status measurements cannot be described as the
effect of a series of transactions, for example the water
level in a reservair, the oxygen level in the air

The snapshot fact table samples the measurement in
question at a predetermined interval

A snapshot fact eliminates the need to aggregate a long
chain of transaction history

Snapshot Fact Example

To know the balance of a bank account it is possible to
calculate this from the full transaction history

Over time this may involve thousands of transactions per
bank account

The account balance may be used to compute interest
fees for example

When Transaction Data Is Not Stored

It is possible that transactions reach further back into the
past than is recorded in the data warehouse. For
example a bank account that has been active for 50
years

The volume of transaction detail may be too large to
store in the data warehouse. For example the quality of
train tracks every 20 cm

A measurement may be status-oriented. For example
budgets, temperature readings, reservoir levels

Don't Store the Balance with Each Transaction

The transaction fact table is sparse. When there is no
activity on a certain day, the balance will not be recorded
when stored with transactions

When there is more than one transaction, there will be
double-counting in queries
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The Snapshot Model
Snapshots are dense

A snapshot model contains at least one fact that is semi-
addiditive

The grain of a snapshot must include the periodicity at
which status will be sampled and a definition of what is
being sampled

The grain of a snapshot fact table is usually declared in
dimensional terms (definition of what is being sampled)

Semi-Additivity

A semi-additive fact cannot be summed meaningfully
across the time (date) dimension

The fact can be additive across other dimensions
The semi-additive fact can be summarised across
periods in other ways, like minimum, maximum and

average

Some status measurements are not additive at all. For
example water level or ambient temperature

Snapshot Fact Table Example

FCT_bank_balance
PONOd KOV: - ocovorminosy
rbank account_key
branch_key

account_balance

Pairing Transaction and Snapshot Designs

Many processes can be modelled both in a transaction
and a snapshot fact

When a design will include both a transaction fact table
and a periodic snapshot, the snapshot can and should be
designed to use the transaction fact table as a source

This eliminates duplicative ETL processing of the source
data

It ensures that dimensional data will be identified and
loaded consistently

Accumulating Fact Tables
Focuses on time between events in a process

The grain is a unit that goes through the business
process, like a loan application

The fact table will have exactly one row for each unit

It will have multiple keys to the Date dimension for
completion of each stage of the process

Each row has a group of facts that measure the number
of days spent on each stage

Accumulating Fact Tables
The active rows are updated regularly

Fact for the duration of the active step is incremented at
each load

Each time a stage is completed, the appropriate end date
key is set

When the design for a business process includes both a
transactional star and an accumulating snapshot, the
accumulating snapshot should use the transaction star as
its source

Dimensional Modelling Exercise

- You are approached by one department of your company to create a data
mart for one of their processes:

+ Accounting - bookkeeping
- Sales - product sales
+ Human Resources - employees
+ Specific to company:

+ Production

+ Client product development

+ Customer activity (telecom)

Querying Dimensional Models
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Using a Star Schema

+ Most queries against a star schema follow a consistent pattern

+ One or more facts are requested, along with the dimensional attributes that
provide the desired context

+ The facts will be summarised in accordance with the dimensions present in the
query

- Dimension values are used to limit the scope of the query (filter)

+ The star schema can be used in this way with any
dimensions (in the star)

ation of facts and

+ Note that the ability to report facts is primarily limited by the level of detail at which
they are stored

« Various aggregations are sum, average, count

Typical Star Schema Query Example

SELECT store_location, month_name, SUM(sales_price) AS
total_sales, SUM(discount) AS total_discount
FROM fact_sales fs

JOIN dim_date dd

ON dd.date_key = fs.date_key

JOIN dim_sales_people dp

ON dp.sales_people_key = fs.sales_people_key
WHERE year = 2015

AND country = 'Belarus'

GROUP BY store_location, month_name
ORDER BY month_number

see: aggregation, relate fact table to dimension tables, filters, order

Typical Star Schema Query Example Alternative

SELECT store_location, month_name, SUM(sales_price) AS
total_sales, SUM(discount) AS total_discount

FROM fact_sales fs, dim_date dd, dim_sales_people dp
WHERE dd.date_key = fs.date_key

AND dp.sales_people_key = fs.sales_people_key

AND country = 'Belarus'

AND year = 2015

GROUP BY store_location, month_name

ORDER BY month_number

Analysing Facts From More Than One Fact Table

+ When comparing facts from different fact tables, it is
important to collect them from separate SELECT clauses

When you use a single SELECT, there is risk of double
counting, or worse

The two-step process used is called drilling across,
stepping from one star to another

Drill-across Procedure

Phase 1: retrieve facts from each fact table, applying
appropriate filters, outputted in desired level of
dimensional detail

Phase 2: merge the intermediate results together
This process can be done with any amount of fact tables
This can also be done across different databases, as

long as the dimensions involved have the same structure
and content

Data Vault

How to Query Semi-Additive Facts

When summing the semi-additive fact, the query must be
constrained (filtered) by a unique row in the nonadditive
dimension, or grouped by rows in the nonadditive
dimension

Consider the grain of the snapshot fact table to see if the
SQL AVG function can be used

Data Vault in a Data Warehouse Architecture

Source data
Data Marts & Cubes
{ "’- Stagng - .!g'é’;:
L
-8 8 Data Vault :
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ew
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Data Vault Fundamentals - Hub Data Vault Fundamentals - Hub

H_customer

h_customer_sid

h_customer_code

h_customer_Idts

h_customer_record_source

Data Vault Fundamentals - Link Data Vault Fundamentals - Link

A Link represents a natural business relationship betw

two or more business L\(“,:Q

Just like the hub, it contains no des

criptive information L_customer_product_sale

A link row is created the first time a unique association
between business keys is introduced to the Enterprise
Data Warehouse

hi)}oduf' S

h_sale_sid

Ink_cps_ldts
The link consists of the data warehouse IDs from the hubs Ink_cps._record_source
that it is relating, with a data warehouse ID, a load date

timestamp and a record source

Data Vault Fundamentals - Satellite Data Vault Fundamentals - Satellite

" S_customer

an descrit ly one key (hub or link -
h_customer_sid

T ellite is connected to a hub or li s_customer_lIdts

hub or link s_customer_ledts

omer_name

y using s_customer_record_source

Choosing Satellites Modelling With The Data Vault

- |dentify business concepts

+ There are different reasons to put attributes or context in
various satellites:

* Establish the enterpr

ide business

+ Model the hubs

fy natural business relationships

+ rate of change (do values change often or seldom)

+ source system (and arrival time of data)

ontext attributes to keys

- Establish criteria and design satellite:

- Mo

the satellites
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Data Vault Modelling Challenges - Business Keys

A business key is a unique identifier according to a
business person

Some business concepts may lack a visible identifier

Data Vault Load Order

First load the hubs, so new keys are appointed to new
rows in the hubs

Secondly load the links, so new keys are appointed to
new rows and the correct hub data vault keys can be
assigned to each row

Lastly load the satellites, so the correct hub or link data
vault keys can be assigned to each row

Data Vault 1 or 2 - ID

The original Data Vault uses a meaningless sequence
(integer) per hub or link as an ID

The new Data Vault uses a hash key derived from the
business key

The hash key has the advantage that parallel loading of
hubs, links and satellites is possible

The hash key ID can cause key collisions (identical keys),
although the chance of this is tiny

Data Vault Advantages

+ Uses mainly fast inserts into the database instead of slower updates
+ Restarting a load again after an error can be done safely

+ Using many-to-many relationships by default means no rework when
the relationship type changes

+ Traceability with the load date-timestamp and record source columns

+ Use of various satellites offers flexibility and means no rework when
new attributes are added or source systems change

- System of 'facts' as there is (almost) no application of business rules,
cleansing or other transformations

Data Vault Considerations

Data Vault is bad for querying, it is no substitute for data
marts

The amount of tables is higher due to the separation in
hubs, links and satellites

Data Vault Exercise

Create a Data Vault model that fits the dimensional model
you created earlier

Do it step by step:
Hubs
Links
Satellites

Present and discuss results after each step

101




Tpemws Mescoynapoonas nayuno-npakmuyeckas kongepenyus «BIG DATA and Advanced Analytics. BIG DATA u ananus evicokozo ypoeHsy,
Munck, Pecnybauka Benapycs, 3-4 mas 2017 200a

MIR-3179 CAN BE REPRESS APOPTOSIS IN NSCLC
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Lung Cancer is the most common cancer type resulting in death of the course of disease world-
wide. Approximately 85% of lung cancer cases are Non-Small Cell Lung Cancer (NSCLC). Mi-
croRNAs (miRNAs) have a key role in post-transcriptional regulation binding to the 3’UTRs of
MRNAs. Recent studies have shown that miRNAs may be potential target at NSCLC theraphy. We
aimed to find NSCLC related miRNAs at our study. We selected some miRNAs that might potentially
be related with NSCLC according to our bioinformatic analysis. We investigated that expression level
of miR-3179 on NSCLC was higher than breast cancer and normal endothelial cell lines. So, we
generated microarray analysis for finding out miR-3179 target mMRNASs and role at biological proces
of that. Our microarray pathway results showed that miR-3179 is highly related with apoptosis and
Whnt signaling pathway.
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C3435T POLYMORPHISM OF MDR1 GENE EFFECT OF SURVIVAL ON NON-
SMALL CELL LUNG CANCER
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Purpose: MDRL1 gene which codes P-glycoprotein (PGP) is important factor chemotherapy re-
sistance. The expression of P-glycoprotein (PGP) is higher TT genotype with patient than CC geno-
type with patient. In additionally TT genotype with patient has good progression chemotherapy treat-
ment. We have evaluated whether the genotypic and allelic polymorphism has the effect of survival
on MDR1 gene codon 3435.

Material and Method:DNA was isolated 79 patient with Non-small cell lung cancer which
treatment chemotherapy by giagen EZ1 kit. C3435T polymorphism was evaluated pyrosequencing
and gRT-PCR.

Results:The average age was 59.8+7.8 years, 68.7% of patients are male, 31.2% are female.
Genotype frequency of CC, CT and TT is detected as 35.4%, 51.6% and 12.9%, and allele frequency
of Tand C as 44.5% and 55.5%, respectively. All patients have been followed up for 2 years. The
elapsed period until progression was calculated as 21+8.7months in CC genotype, 13+1.6 months in
CT genotype and 12+3.5 months in TT genotype but no significant difference was found between
them. General survival period was 28.9+ 4.7 months and these value 52.5+ 12.4 months for CC gen-
otype, 20.5+ 2.7 months for CT and TT genotype and Statistically significant( p=0.004).

Conclusion:Our results indicate that CC genotype was less progression and related with general
survival. The results from our patient group correlate with the literature.

103



Tpemws Mescoynapoonas nayuno-npakmuyeckas kongepenyus «BIG DATA and Advanced Analytics. BIG DATA u ananus evicokozo ypoeHsy,
Munck, Pecnybauka Benapycs, 3-4 mas 2017 200a

MOLECULAR SPECTRUM OF KRAS, NRAS AND BRAF MUTATIONS IN
DENIZLI COLORECTAL CANCER PATIENTS
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Purpose: Mutations in genes such as KRAS, NRAS and BRAF have become an important part
of colorectal carcinoma evaluation. The aim of this study was to screen for mutations in these genes
in Turkey patients with colorectal cancer (CRC) and to explore their correlations with certain clini-
copathological parameters.

Material and Method: We tested mutations in the KRAS (exons 12, 13 and 61), NRAS (exons
12, 13 and 61), and BRAF (codon 464 and 600) genes using polymerase chain reaction with biotinyl-
ated primers following pyrosequencing in a small portion of 136 Turkish CRC patients who has ap-
plied to Pamukkale University Hospital.

Results: The prevalence rates of KRAS, NRAS and BRAF mutations were 45%, 15% and 8%,
respectively. Mutant KRAS was associated with the mucinous subtype and greater differentiation,
while mutant BRAF was associated with right-sided tumors and poorer differentiation.

Conclusion: Our results revealed that correlation in the genetic profiles of KRAS, NRAS and
BRAF at mutation hotspots in Turkish CRC patients and some of those mutations patterns were con-
sisted with those patients from the far East countries.
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DEVELOPED RLE ALGORITHM AND BITPLANE SLICING TO COMPRESS
GRAYSCALE IMAGE
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Abstract. New suggested RLE compression algorithm to compress grayscale images with bitplane slicing tech-
nique to reduce the size of the encoded data by separating image into 8 binary layers, then use our modified RLE algorithm
to compress the bitplanes. Our modified algorithm designed perfectly to compress bitplane. The proposed method
achieved very good compression ratio especially with the MSB layer.

Introduction. Data files frequently contain the same character repeated many times in a row or
column. The digitized signals can also have runs of the same value, indicating that the signal is not
changing, also images and music [1]. The Image can be considered as a two dimensional array of
pixel intensities or can be considered as a discrete representation of data possessing both spatial (lay-
out) and intensity (color) information [2].

There is significant redundancy present in image signals. This redundancy is proportional to the
amount of correlation among the image data samples [3].

The goal of image compression is to represent an image signal with the smallest possible number
of bits, thereby speeding up transmission, minimizing storage requirements,reduces the cost of data
transmissionand reduces the errors of transmission.

Our method is implemented using MATLAB2012 on WINDOWS?7 Operating System.

Bitplane slicing. The bitplane slicing is a fundamental technique of image processing in which
the image is sliced into different planes(each layer contains sequences of only binary digits 0 or 1). It
is ranges from planel which contains the least significant bit (LSB) to the last planeN which contains
the most significant bit (MSB), where the number of layers depends on the bit depth of the image. The
bit depth means how many bits need to represent the pixel’s intensity. for example if the image is
grayscale i.e. bitdepth is 8bit and it will be separated into 8 layers, or into 24 layers if the image is
colored i.e. bitdepth is 24bit.

It is clear that the intensity value of each pixel can be represented by 8-bit binary vector (b8,b7,
b6, b5, b4, b3, b2, bl) bk, where k is from 1 to 8 and each bk is either “0” or“1”. In this case, an image
may be considered as an overlay of eight bit-planes. Each bit-plane can be thought of as a two tone
image and can be represented by a binary matrix [6][7]. The formation of bitplanexis given by Equation
below [4]:

BitPlane y = Reminder {%floor [21(1_1 Image ]} Q)

The bitplane decomposition is very useful for image compression. It allows some bi-level com-
pression [5], i.e. it is used in some ways to compress images based on the idea of splitting the image
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into layers of binary values then either omit layers which are not highly effect on the image quality
or by using the idea of similarity of elements in the bit plane which would be appears highly in the
MSB layers, and by this way a long runs of similar values would result in very good compression
rates [8][9]. Thus The RLE may be advantageously applied because the long runs in the bit planes
which is the backbone of RLE [10]. This technique is very useful even if there are no repeated runs
in the pixels, and by using bitplane slicing we will find some kind of repetition especially with last
layer which contains MSB and achieving the highest compression ratio because it is contain fre-
quently repeated runs.

The modified RLE algorithm (I3BN). The RLE method counts the values and their runs or re-
peated time as pairs of value and run (I,N), where | is the vector of values and N is the vector of repeats.

Run Length

—_— r >
1110010000 Encoding (1,3)(0,2)(1,1)(0,8)

Input Output

Fig. 1. Illustration of RLE for a binary input sequence

The modified RLE algorithm I3BN using the same idea of RLE which countsrepeated runs but
instead of sending the values and runs as pairs we will send only the repeated runs by sending one bit
or two or three followed by the number of repeated runs [11].

The algorithm I3BN using three symbol b1, b2 and b3, which takes 1 if the value | repeated and
0 if absent. The structure of coded data for algorithm I3BN can be represented by the following dia-
gram:

nsj

Fig. 2. Coded data structure of 3BN

So if the run repeated one time we will send the binary series 0, if the run repeated two times
we will send the binary series 10, if the run repeated three times we will send 110 and if the run
repeated more than three times we will send the sequence 111 followed by subtraction four from the
run, for example if the value repeated 8 times, we will send 111(4), and we need to represent the run
in binary and reserve number of bits to represent the new subtracted runby finding the binary loga-
rithm which will be 3 bits so we will send 111 (100).

The code Size Rizen (bit) ofalgorithm I3BN defined by the expression:

Ry3sn = S(BD, +1)+ Sibl(s)Jr §b2(5)+ BD, sibs(s) @

Where BD; is the bit depth of the image and BDy is the bitdepth of the maximum repeat.

The modified algorithm I3BN will work perfectly with bitplane by increasing the number of
runs and decreasing the number of bits to represents runs.
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Experiment implementation of bitplane slicing. First step is converting the images into bit-
planes(each layer will be binary image contains 0,1 only)

£

a - bitplane8; b - bitplane7; c - bitplane6; d - bitplaneS5; e - bitplane4; f - bitplane3
Fig. 3. The bitplanes for test image

It is possible to remove some information from an image without any apparent change in its
visual appearance because the first three bits does not contribute so much information in image for-
mation.

The image can be stored with the information provided by bit4 to bit8 only. Thus number of
bits per pixel can be reduced to 5 which save more storage space [2][4].
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Fig. 4. The test image with their 5bit reduced image
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We can see that there is no big change in the visual appearance of the images because the 3
LSB does not contribute big value.

Results and disscution. First part of experiment is compressing the original test images without
bitplanes, which achieved not high compression ratio as we can see from the table below:

Table 1. Compression ratio without bitplane
Image Imgl Img2 Img3
CR 1,082 1,053 0,928

From results above we can see that the proposed algorithm provides compression ratio up to
1,082-0,928 times for the original images without using bitplane technique.

The second part is splitting the images into 8 bitplanes and implementing the modified RLE
algorithm I3BN on each plane, and we got the result in the table below:

Table 2. Compression ratio with bitplane

Image | Layer8 | Layer7 | Layer6 | Layer5 | Layer4 | Layer3 | Layer2 | Layerl
Imgl | 3,134 2,294 1669 |1,039 |0,863 |0,765 |0,681 | 0,638
Img2 | 3,551 3,221 2,354 |1,853 |1,213 |0,744 |0,638 | 0,608
Img3 | 2,206 1,385 |1,116 |0,913 |0,752 |0,638 | 0,616 | 0,605

From results above we can see that the proposed algorithm provides compression ratio up to
3,551-0,605 times for the MSB plane of the images.

The third part is implementing the modified algorithm on the images after reducing the three
LSB and we got the results below:

Table 3. Compression ratio for reduced images
Image Imgl Img2 Img3
CR 2,028 2,970 1,572

We can see that the modified algorithm has achieved very good ratio of compression up to
2,970-1,572 times without big change in the image visual details.

Conclusion and future work. The Results showing that the modified algorithm provides com-
pression ratio for the original images without bitplane up to 1,082-0,928 times while the compression
ratio was up to 3,551-0,605 times for bitplanes of images. The modified algorithms provide encoded
image size reduction up to 2,970-1,572 times when removing the first three LSB bits.

108



Tpemwvs Meaicoynapoonas nayuno-npakmuuecxas kongepenyus «BIG DATA and Advanced Analytics. BIG DATA u ananus evlcoko2o ypogHsy,
Munck, Pecnybauka Benapycw, 3-4 mas 2017 200a

For the future work it will be good to use the proposed algorithm with other compression meth-
ods like JPEG to get a high compression ratio in the lossy compression methods with keeping the
image visual details as high as we can.
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Obijective: The relationship between neurological findings in patients with ischemic damaged
brain regions shown in more postmortem studies. However, 3-dimensional (3D), the case has not
been evaluated in vivo. The purpose of this study, magnetic resonance obtained from the patient (MR)
and computed tomography (CT) three sectional ischemic damaged brain regions on images dimen-
sional (3D) is by making investigate and to correlate them with the clinical findings.

Methods: 105 patients for this purpose (53 males, 52 females) were examined images in 3D
computer-assisted programs and clinical findings were correlated with infarct scale. Level of con-
sciousness, orientation, limb motor activation, the facial motor activity, eye movements, visual fields,
limb ataxia, sensory conditions, neglect articulation and language were evaluated.

Results: In the clinical signs of ischemia under the influence of men and women were found to
be different. Unlike known, damage was observed in patients with ischemic area of the same lead to
different clinical manifestations. Infarct size was found to be an important factor in the emergence of
clinical scheme.

Conclusion: A plurality of functional regions of the brain has been identified to date. Present
study was performed to correlate the clinical evaluation in 3D for the first time. The results of com-
puter-aided neuroscience (compututional neuroscience) can be the source terms. As a basic and clinic
could pave the way for new studies
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The developments in the digital world show us that even the dreams established in the past days
have exceeded their limits. The internet, which only transmits the limited data of military institutions
and major trading companies, is one of the essential infrastructure elements of every sector today. At
this point, it is seen that the internet is not only the basic necessity of the institutions or organizations
but also the basic necessity of the person. For this reason, it is unlikely that the education sector will
fall behind internet technologies. Cloud computing technology is one of the internet technologies that
find solutions to many problems today. Cloud computing can be defined as a kind of software and
hardware solution that is independent of time and place for people or institutions that need IT infra-
structure. In other words Cloud computing is mainly is a computing service consisting of services
provided by distant servers whose maintenances and hosting is carried out by others. But behind this
simple definition is a complex technology. The use of cloud technology has been a game changer, as
it is in all other sectors. With the use of Cloud Computing, infrastructure installation, management
and updating etc. are performed by the professionals. On this count, the instructor, the manager and
the students have the opportunity to allocate more resources to the teaching activities which are the
main tasks. With cloud technology, the obligation to invest in continuous infrastructure upgrades in
education and the requirement to acquire new software licenses ceases to exist. It is possible to have
quick access to information resources. In this context, it is thought that the effect on future learning
environments of Cloud Computing will increase in the future because it offers higher quality services
by lowering costs.
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MORPHOLOGIC-VOLUMETRIC ALTERATIONS IN BRAIN STRUCTURES
RELATED WITH PSYCHOTIC DISORDERS INCLUDING SCHIZOPHRENIA,
SCHIZOAFFECTIVE DISORDER AND PSYCHOTIC BIPOLAR DISORDER IN
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Obijective: It has already been investigated that schizophrenia (SZ), schizoaffective disorder
(SZA) and psychotic bipolar disorder (BD) cause volumetric alteration on brain structures previously.
However, these are in separated studies from each other and have some contradictions in findings.
The aim of present study is to estimate volume of the brain structures in the same study in order to
improve understanding of morphologic abnormalities in underlined psychotic disorder.

Methods: For this purpose, brain structures from MR images of the 174 cases with psychotic
disorder (58 female and 116 male) were compared with 186 healthy controls (67 female and 119
male). 16 right, 16 left and 11common, tottally 43 structures that might be related with psychotic
disorders was evaluated.

Results: There was a volume decreasing in almost all structures in patient with SZ. But, ventri-
cles volume increased in patient with all SZ, BD and SZA. Most of the alterations was correlated with
Positive and Negative Syndrome Scale (PANNS).

Conclusion: Then we concluded that the effect of the psychotic disorders were definetely dif-
ferent on sexes. Volumetric alterations were descriptive mostly for patients with SZ. BD and SZ
might overlap in clinical and biological features but they demonstrated significantly different altera-
tions morphologically. PANNS was more correlated with SZ, especially with SZA than BD via mor-
phometry. Morphemetric abnormality was less in BP than SZ and SZA. These findings indicate the
availability of anatomical markers in the diagnosis and treatment of psychotic patients.
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Abstract. A method for texture images segmentation based on selection texture regions on the image based on
classification assessment density of contour elements. The goal of the method find the contouring of the image, determin-
ing the position of contour elements in the image and classify it for different types(points, lines, and shapes) close the
region which had same type of contour type into binary regions objects. The result will be representing in binary matrix.

Introduction. Texture segmentation and contour analysis provide an important information for
machine vision tasks such as scene classification, surface orientation, and shape determination and
so on. Contour analysis (e.g. edge detection) may be adequate for untextured images, but in a textured
region it results in a meaningless tangled web of contours. For example, the detection of the edge will
return to the region in the beans as shown in Fig. 1. The all old solutions problem in edge detection
went to use a high threshold so as to minimize the number of edges which can found in the texture
area. This is obviously a non-solution—such an approach means that low-contrast extended contours
will be missed as well [4].

Fig. 1. Use Prewitt and Roberts filters for the image using different thresholds:
(a) low threshold level, (b) high threshold level.

In this paper; we proposed a method is to develop iterative algorithm selection texture regions
on the image based on classification assessment density of contour elements [2, 3]. We are chosen
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texture images from Brodatz textures with different and the method texture image segmentation based
on classification of contour elements and logical addition of classes [5] are used to classify the image
to different types like (point, line, cell, spot) and find the central pixel for each class and use the
proposed method to find the homogenous (texture) regions in the image as shown in Fig. 2.

Fig. 2. (a) texture image, (b) point in image (a), (c) line in image (a), (d) spot in image (a)

The algorithm of selection texture regions on the image based on classification assessment
density of contour elements. The algorithm selection texture regions on the image based on classifi-
cation assessment density of contour elements the input image for the algorithm is a binary image

B=[o(y. ¥)|, 672 o%3 (1)

of isolated homogeneous regions. The maximum allowable number of iterations Ne and the seg-

ment area Ss , NSthe segments number whereY , X the size of the input image vertically and hori-

zontally, b(y, X)- A pixel of the input image, takes the value 1- for homogeneous segments and O -
for the zone. The algorithm allows combining isolated regions in the larger region and then combines

them until will be provided with the specified output conditions of the algorithm ( Ne the maximum

number of iterations, Ss segment area, Ns the number of segments).
The algorithm consists of the following steps:
1) Start the iteration
nc <0
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2) Start the iteration and combination of isolated homogeneous regions.
Segmentation of the homogeneous regions in the image. In this step the input image B is asso-
ciated with a matrix

SB = "SB (y’ Xl|(y:W—l,x:0,T—1) (2)
the value of each element
sa(y.x)e[0,Ng] (3)

which indicates for segment number, which it belongs, where N -The number of segments.
Elements s, (y, x) = 0they belong to the zone. For the image segmentation in this step are used the

method of region growing [1].
3) Define the area for the segments. For all segmentsFormed by the pixels of the input image,
the values which b(y,x)=1 segment S, (n)all pixels (the area) of the segments by using the equation

(6(y.x) =1)= (54 55 () - S, (1)+) @

whenx=0,X -1,y =0,Y -1, where ne[L, Ng | — the number of the segment, when initialization
Ss(n)<« 0 when n=1,Nq
4) Determine the maximum area of the segments by using the equation

(Ss(N)>Syae )= (Syex < Ss(n)) )

when n =1, N when initialization S, « 0

5) Define the size of the segments. For all segments formed by the pixels of the input image,
the values which b(y,x)=1. Calculate the coordinates of the leftx, (n), right x,(n), upper Y, (n),
lower y,, (n) pixels by using the equation

( , X))
((y <Yy (SB(yl X))):> (yH (SB(y: X)) < Y))
((y > yu (ss(y.¥)) = (yn (s5 (v, X)) <= ¥)) (6)

whenx=0,X -1, y=0,Y —1when initialization x_(n)« X -1, x,(n)«<0, y,(n)<~0 when
n :1, NS

6) Calculate the coordinates for the centers for each segment. For all segments calculate the
coordinates of their centers by using the equation

Xc (n)=(x(n)+ %z (n))/2
Ye (n): (yL(n)+ Yr (n))/2 (7)

when n=1, Ng
7) Find the overlap between the segments. For each iteration great new matrix dnc(y,x) Put
overlapping segments in new matrix
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(d nc(yi X) < b(y! X)) (8)

And delete overlapping segments from b(y, x) in the case of increasing the size of images can
lead to a substantial increasing in the running time of this step and in the result is a Low speed algo-
rithm as a whole.

8) Increase the counter for the loop by using the equation n. < n. +1

9) Check the conditions for the end of the loop. Exit from loop by doing any of the following
conditions:

e =N ©)
Ng < NS
10) Combine the matrixes
(A (v = do(y,%)) (10)

according to this condition ( Ng >6 ) where NIS number of segments as explained above.

An example of the algorithm of selection texture regions on the image based on classification
assessment density of contour elements. Fig. 3 shows the some of test of texture images and Contour
filtering. images, distributed by several binary images; each one contains a homogeneous area points,
lines, spots. For texture segmentation are used the method based on the selection texture regions on
the image based on classification assessment density of contour elements. The goal of this method
find a contour pixels of the input image, search the position of the contour elements and classify it’s
for different types (points, lines, and shapes) convert each region which had same contour to one
segment, binary coding and mutual arrangement obtained polygon objects in the boundaries of the
input image, segmentation resulting is formed as a code in the matrix.

As shown in Fig. 4, the result of tests image in Fig. 3(a, c), of The algorithm selection texture
regions on the image based on classification assessment density of contour elements and the result of
the method based on energy map.

In the table 1.The error of texture segmentation for each test image. The proposed method can
reduce the average segmentation error to 14 times in comparison with the methods based on energy
map.

Table 1. The values of errors in the texture segmentation of test images

Method
Imge Proposed
method Method based on energy map
An error in the texture segmentation for test images
Cell; long line 0,0814 0
long line; spot 0,0501 0,0104
Cell ; point 0,0108 0
Point; short line 0,0344 0,0050
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Fig. 3. Some tests images : a) cell, long line image ; b) contour for image (a);
¢) point, short line image; d) contour for image (c)
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c d

Fig. 4. a) segmentation result for image in Fig. 3(a) based on proposed method ; b) segmentation

result for image in Fig. 3(a) based on energy map; c) segmentation result for image in Fig. 3(c)
based on proposed method; d) segmentation result for image in Fig. 3(c) based on energy map;
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In the table 1.The time of texture segmentation for each test image. The proposed method in-
crease the time for segmentation to 18 times in comparison with the methods based on energy map.

Table 2. The values of errors in the texture segmentation of test images

Method
Imge Proposed
method Method based on energy map

Time of texture segmentation for test images

Cell; long line 4,7793 1,7508
long line; zone 12,8403 1,7606
Cell ; point 15,1225 1,7458
Point; short line 129,473 1,7128

Summary. The algorithm selection texture regions on the image based on classification assess-
ment density of contour elements, based on a search of the position of the contour pixel in the image
and classify it’s to different types. The advantages of propose method is:

4 Texture analysis or texture classification: define the contour element in the image and locate
its as binary boundaries, classify theses contour elements for different type (point, line, cell, shape).

5 Texture segmentation: define the homogeneous regions, it helps to search different size of
homogeneous regions and segment it as shown in the experimental above. The algorithm selection
texture regions on the image based on classification assessment density of contour elements can re-
duce the average segmentation error to 14 times in comparison with the methods based on energy
map and increase the increase the time for segmentation to 18 times in comparison with the methods
based on energy map.

References

[1]. M. Kumar, K. K.Mehta,“ A Texture based Tumor detection and automatic Segmentation using
Seeded Region Growing Method”, IJCTA, Vol 2 (4), 855-859, July- August 2011.

[2]. Yong, J. Texture Analysis and Classification With Linear Regression Model Based on Wavelet
Transform/ J. Yong, Z. Wang // IEEE TRANSACTIONS ON IMAGE PROCESSING. —2008. — Vol. 17, Ne 8.
—P. 1421-1430.

[3]. AKI, A. Structure Tensor Regularization for Texture Analysis / A. AKI, J. Iskandar // Image Pro-
cessing Theory, Tools and Applications (IPTA). — Orleans. — 2015. — P. 592 — 596.

[4]. Boulkenafet, Z. Face Spoofing Detection Using Colour Texture Analysis/ Z. Boulkenafet, J. Komu-
lainen, A. Hadid // IEEE TRANSACTIONS ON INFORMATION FORENSICS AND SECURITY. — 2016. —
Vol. 11, Ne 1. —P.1-13.

[5]. Al zakki, H. M. Texture image segmentation based on classification of contour elements and logical
addition of classes / H. M. Alzakki, V. Yu. Tsviatkou // 2016 Al-Sadeq International Conference on Multidisci-
plinary in IT and Communication Science and Applications (AIC-MITCSA, IEEE). — 2016. —P.1-6.

118


http://ieeexplore.ieee.org/xpl/mostRecentIssue.jsp?punumber=7746775
http://ieeexplore.ieee.org/xpl/mostRecentIssue.jsp?punumber=7746775

Tpemwvs Meaicoynapoonas nayuno-npakmuuecxas kongepenyus «BIG DATA and Advanced Analytics. BIG DATA u ananus evlcoko2o ypogHsy,
Munck, Pecnybauka Benapycw, 3-4 mas 2017 200a

EXPERIENCE IN ORGAANIZING EDUCATIONAL
PROCESS IN BIG DATA ANALYTICS AT BSUIR

M. BATURA, Doctor of Enge- S.K. DZIK, PhD B. ZIBITSKER, PhD

neering Sciences First BSUIR vice-rector, PhD, President and CEO
Rector BSUIR, Full Professor, associate professor BEZNext, Emeritus professor
Member of the International of BSUIR

Higher Education Academy of

Sciences, Honored Worker of

Education of the Republic of
Belarus

D. LIKHACHEVSKY, PhD I. TSYRELCHUK, PhD K. YASHIN, PhD

BSUIR Faculty of Computer- BSUIR Lifelong and E-learn- ~ BSUIR Engineering Psychol-
aided Design Dean, ing Studies Faculty Dean, In-  ogy and Ergonomics Depart-
PhD, associate professor formation and Computer- ment Head, PhD, associate
aided Systems Design Depart- professor
ment Head, PhD, associate
professor

The Belarusian State University of Informatics and Radioelectronics, Republic of Belarus
E-mail: sdick@bsuir.by, bzibitsker@beznext.com, likhachevskyd@bsuir.by, tsyrelchuk@gmail.com, yas-
hin@bsuir.by

Abstract. For the last three years BSUIR has been offering Big Data educational courses. The initial course was
conducted by Dr. Boris Zibitsker and Dr. Dominique Heger remotely. One part of the course included theory and the
second one was Capstone project. Many students faced the problem of understanding the English materials and so the
consequent courses were read in Russian. We always look for the way to improve educational process. Currently we use
IBM’s Big Data University Ambassodar program and students have a remote access to IBM’s Big Data clusters to com-
plete exercises. Fourth year students of Computer-aided Design Faculty took introductory courses and currently there are
58 3" year students studying Fundamentals of BIG DATA, Introduction to data analysis and R technology, and Machine
learning algorithms.

The classes are conducted in Russian and the students complete the exercises at the time suitable for them. This
approach of conducting classes in Russian and completing exercises using IBM resources improved the process signifi-
cantly. We are working on expending Big Data curriculum and offering courses to the students and PhD candidates of
different faculties.
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Introduction. The demand of modern production, the tasks of the banking sector, the develop-
ment of nuclear energy and rapidly developing scientific research - all these and many other factors
necessitate the training of specialists with higher education in the field of BIG DATA. In order to
meet these requirements, as well as pass ahead of the development of the national economics and
science, the Belarusian State University of Informatics and Radioelectronics started looking for solu-
tions to the problems of training specialists in Big Data Analytics several years ago.

In this presentation we will share our experience in organizing the educational process in the
Big Data Analytics and the plan of expanding the program at different departments and PhD pro-
grams.

Training of the specialists for working with large amounts of information - Big Data Analytics

Here are the main steps taken by the University for solving the problem of specialists with
higher education training over the past 3 years.

1) There was organized scientific and technical cooperation with BEZNext (USA) specializing
in the field of BIG DATA.

2) Specialized scientific and practical conference BIG DATA and Advanced Analytics was
organized to be held annually. This conference enables specialists to discuss the development and
application of modern information technologies in this area.

3) Commercial courses were set up. The courses provide teaching in English for those who
want to learn the basic approaches and technologies of BIG DATA.

4) A supercomputer suitable for processing large amounts of information was purchased.

5) Master students of the Faculty of Computer Systems and Networks conduct research in the
field of BIG DATA as a part of Master's theses.

6) Practice-oriented Master course of the Faculty of Computer Systems and Networks opened
a new specialty for studying BIG DATA technologies.

7) Business relations with IBM employees (USA), who developed the educational program
Ambassador and organized BIG DATA University to study modern technologies for processing large
amounts of information, were established.

8) Three teachers were trained to conduct classes on BIG DATA in Russian with students of
the Computer-aided Design Faculty.

9) Finally, the classes aimed at studying the main technologies of BIG DATA are organized for
the 4th year students of Computer-aided Design Faculty.

The study of BIG DATA technologies was organized in the autumn semester of 2016 for the
students of the 4th year (a group of 25 people). Students are trained in the field of Information Systems
and Technology (in ensuring industrial safety), the qualification obtained is a system engineer, and
the period of studies presupposes 4 years of full-time education.

BOU AMBASSADORS

rhq ~
rRANgf;euron <I. } AndEla BEZ
v

> E=EdUMUC

g 00 : University of Maryland
LIGHTHOUSE # LABS Fellowship Univrsiy College

Together with the covering of two planned IT disciplines 1) System software and 2) Modern
programming languages, students were offered the Big Data Analytics materials designed with the
practical experience of the IBM BDU program.

The Ambassador program and BDU are organized by IBM specialists. The founders of the
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noted educational programs are IBM specialists working in the USA, Canada, India and other coun-
tries.

Universities of the USA, China, and Russia have been using educational resources of IBM Big
Data University (BDU); BSUIR joined the BDU programs at the end of 2016.

In July-August 2016 three teachers of the Engineering Psychology and Ergonomics Department
(BSUIR), which trains system engineers in two specialties: 1) Engineering and psychological support
of information technology and 2) Information systems and technologies (in ensuring industrial
safety), began the preparation of BIG DATA training materials for working with the students.

The educational program Ambassador BDU includes eight following sections (modules).

1) BIG DATA Fundamentals 5) Introduction to Open Refine
2) Introduction to Data Analysis Using R 6) Spark Fundamentals

3) Machine Learning Algorithms 7) NoSQL

4) Python 8) Hadoop Fundamentals

Start the Free Course

TELL YOUR FRIENDS.
fivwiGlin

The following three sections (modules) were selected as the primary steps for mastering the
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BDU materials by IBM in Russian with the students of the 4" year:

1 The Basics of BIG DATA

2 Introduction to the analysis of data using R technology

3 Algorithms of machine learning

As already mentioned above, in June 2016 three teachers were assigned to train students. All
the three teachers completed their master's and postgraduate studies and are fluent in English which
is necessary for covering BDU educational materials provided by IBM. The beginning of the classes
with students was scheduled for November 1, 2016.

Teachers studied the BDU materials in July-August 2016 and in September-October they de-
veloped lectures and practical classes for students in Russian. In preparing the training materials the
teachers used not only BDU resources (provided by IBM), but also studied educational resources on
relevant topics at other universities around the world.

One of the teachers completed the training, passed exams and received certificates on the fol-
lowing 6 courses in July-August 2016:

1 BIG DATA Fundamentals (BDU ot IBM)

2 Introduction to R-DataCamp Course (BDU ot IBM)

3 Introduction to Machine Learning (DataCamp)

4 Intermediate R (DataCamp)

5 Intro to Statistics with R: Correlation and Linear Regression

6 Hadoop Fundamentals [ (BDU ot IBM)

F”&Big DataUniversity & BIG DATA UNIVERSITY
ente oF Hopy, yiiente of Achipg,
‘g,x{‘ bp @e* e
& -~ S . ‘ &ty
°$ Michael Amelin ¢(f Michael Amelin
Big Data Fundamentals Introduction to Data Analysis using R

¢ B1G DATA UNIVERSITY
tﬁﬁfratg of "»Adﬁe&e)ne
@ &y
Michael Amelin
Hadoop Fundamentals |

Further on, we will consider the questions the teachers gave to the students in the process of
studying the individual sections (modules) of BIG DATA.

Section "BIG DATA Basics". For the theoretical study of the section "Fundamentals of BIG
DATA" by the students 18 hours of lectures (9 lectures) were allocated.
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Gartner Hype Cycle for Emerging Technologies, 2016
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The section included the covering of the following 8 questions:

1. Definition and description of big data; its role in the economics and in the activity of enter-
prises.

2. Stages of big data technologies development.

3. Holistic approach to the big data development.

4. Examples of the big data formation: data and indicators of sensors in production; information
from social media sources; results and arrays of scientific research results; information coming up
with the expansion of data warehouses.

5. Explanation of the reasons for forming an integrated big data Platform for a general merger
of what, otherwise, would be separate information stores with their own separate and autonomous
analytics; in other words, the reason why the integrated Big Data Platform requires the connection of
all types of information, individual before, into a single unit and a powerful information space (the
creation of an information lake).

6. Identification of the importance of data management that will subsequently ensure big data
control.

7. Description and determination of the components necessary for the formation of the Big Data
Platform.

8. Comparison and confrontation of the following concepts: inactive data processing (data-at-
rest processing); data stream processing (data-in-motion processing); data warehouses processing;
contextual search.

Upon mastering the section "Fundamentals of BIG DATA" students passed the exam success-
fully. After the local BSUIR exam students were able to log in at BDU by IBM and cover the disci-
pline "BIG DATA 101" and to get BDU certificates (examples of certificates are presented below).

BIG DATA <) BIG DATA 0
UNIVERSITY UNIVERSITY

Dzmitry Kuzmiankot Yauheni Basko

sl orgbetid rcmived b i e, e s a0 g D LTy corpbebe, e 2 preing o 2w e 3 g
[Te—_—

Uty G o il

Big Data 101 Big Data 101

RASWTRARIR 7. 3614 | WOsaiTR CRRTIRCAT

Section "Introduction to data analysis using R technology". For students’ studying this section
24 hours of lectures and 36 hours of practical training were allocated.
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The content of the discipline is as follows:
Topic 1 Introduction to R Technology

§ 1.1 Numerical vectors

§1.2 Factors

§1.3 Arithmetic operations
Topic 2 Simple manipulations: numbers and vectors

§2.1 Vector arithmetic

§2.2 Logical vectors

§2.2 Symbol vectors
Topic 3 Objects, their modes and attributes

§3.1 Attributes, Modes

§3.2 Getting and installing
Topic 4 Ordered and unordered factors

§4.1 Obtaining factors from a categorical variable

§4.2 Obtaining factors from a quantitative variable
Topic 5 Arrays and Matrices

§5.1 Product

§5.2 Transportation

§5.3 Matrix Tools

§5.4 Linking Arrays

Upon mastering the section "Introduction to data analysis using R technology" students suc-

cessfully passed the exam. After the local BSUIR exam students were able to log in at BDU by IBM
and cover the discipline "BIG DATA 101" and to get BDU certificates (examples of certificates are
presented below).

BI1G DATA C3 BIG DATA K1
URIVERSITY UNIVERSITY

Andrei Barysau Nikita Korbut
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Section "Algorithms of machine learning”. For the students studying this section 24 hours of
lectures and 36 hours of laboratory work were allocated.
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The content of the discipline is as follows:
Topic 1 Introduction to data analysis and machine learning. Logical classification methods

§1.1 Examples of machine learning application

§1.2 Problems of retraining

§ 1.3 Python for data analysis

§1.4 Working with vectors and matrices in NumPy

§1.5 Decision trees
Topic 2 Metric and linear classification methods

§2.1 Nearest neighbors algorithms

§2.2 Parzen window method

§2.3. Emissions detection

§2.4 The stochastic gradient method

§2.5 The SAG algorithm
Topic 3 Support vector method. Logistic regression

§3.1 The essence of support vectors method

§3.2 Application of support vectors method

§3.3 The essence of logistic regression

§3.4 Application of logistic regression
Topic 4 Linear regression. Dimension reduction and principal components method

§4.1 Singular decomposition

§4.2 Crestal regression

§4.3 The LASSO Method

§4.4 Approach to the characteristics selection
Topic 5 Compositions of algorithms. Neural networks

§5.1 Bagging and Random Forest

§5.2 Gradient boosting

§5.3 Back propagation
Topic 6 Clustering and visualization

§6.1 Lowering the dimension

§6.2 Solving semi-supervised learning tasks
Topic 7 Machine Learning in Applied Problems

§7.1 Working with numerical characteristics

§7.2 Categorical and textual features

§7.3 Data preprocessing

Prospects. In future, in spring semester (April and May 2017), two new groups of students will
be trained in BIG DATA basics under the IBM Big Data University (BDU) program. The first group
will consist of 32 3™ year students specializing in Engineering and psychological support of infor-
mation technology (system engineers); the second group is represented by 26 students of the 3' year
specializing in Information systems and technologies (in industrial safety) (system engineers). Both
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groups study 4 years full-time.

Together with the development of the planned IT discipline "Virtual Reality Technologies" the
students of the first group will be offered the materials of the same three sections (modules) of BIG
DATA developed last semester. These are: 1) The fundamentals of BIG DATA, 2) Introduction to
data analysis using R technology; 3) Algorithms of machine learning. 24 hours of lectures and 32
hours of practical training are allocated to master all these three sections (modules). This is supposed
to be a good experience for teaching in consolidating and improving the material, although with other
students.

The students of the second group will be offered the same three sections (module) for parallel
learning, but with two other IT disciplines already: 1) System software and 2) Modern programming
languages. 24 hours of lectures and 18 hours of practical classes will be allocated for covering the
section (module) "Fundamentals of BIG DATA". The two other modules will require the total 12
hours of lectures and 12 hours of laboratory work.

The number of sections (modules) is expected to be increased from 3 to 5 in the 2017-2018
academic year. The teachers will prepare two more new modules: 1) Python; 2) Introduction to Open
Refine.

The following key technologies are required to prepare a high-level specialist for BIG DATA:
Kafka, Spark, Storm, R, Cassandra, NewSQL, Columnar Database, In Memory, NoHadoop, NoSQL,
OLTP, OLAP, ERP, Map Reduce, Scala, etc. Teachers pay special attention to the preparation of
practical classes following the recommendations of the IBM BDU educational program and the edu-
cational programs for BIG DATA developed by other universities.

When we started Big Data program, it was a new field. Today, 3 years later, there is nearly no
University teaching Computer Science, Business Administration, Finance or Economics with the stu-
dents unaware of applying Big Data analytics to solving practical tasks.

Most of the requests for new projects financing by new startups include plans for Big Data
analytics application. BSUIR invested a lot of efforts and energy into the introduction of Big Data
Analytics education. Its success will depend on implementing this technology into the teaching
courses at BSUIR and applying this technology by all PhD students in their theses.

We are planning to establish partnership with several vendors in open source projects using
Machine Learning Algorithms. This will provide the students with the access to the state-of-the-art
technology and prepare them to the challenging opportunities in the future.

= ]
= Scala @

Big Data Fundamentals Scala Programming for Data Science Hadoop Fundamentals
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Spark Fundamentals Data Science Fundamentals Hadoop Programming
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NERVOUS CRISIS IN GAMERS UNDER THE INFLUENCE
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Abstract. It was established that 36.2% of respondents used to spend 40 or more hours a week in the virtual world.
The majority of the respondents, 90.8%, is fond of computer games and devote to it about 55% of the time on average
(100% is the total time spent at the computer). 78 students (54.9%) wake up due to fear and anxiety. The analysis showed
that the number of people to wake up due to fear and anxiety among the users who combine computer games with watch-
ing movies is credibly higher: the criterion 2 = 5.83. The article presents the dream description of one of the respondents.
Keywords: addiction (psychology), computers, gambling, dreams, mental health.

Computer online games, social networking, movies are an important part of the today’s enter-
tainment industry. Numerous studies have shown that both Internet in general and games in particular
have a significant impact on the mental health of users (Yashin, Mezianaya, Zalivaka & Karaneuski,
2013; Seyyed, Mohammad, Fereshte & Mehdi, 2011).

Scientists have already established personal and behavioral deviations typical for people with
Internet-addicted (Avetisova, 2011; Egorov, Kuznetsova & Petrova, 2005; Koronczai et al., 2011;
Koc & Gulyagci, 2013). Other studies have found a relationship between behavioral disorders in
computer-addicted persons and the symptoms of mental disorders (Dalbudak et al, 2013; Goldsmith,
Keck, Khosla, McEIlroy, 2000). However, the problem of impact of the virtual world images on the
human psyche, including unconscious processes has been hither to poorly study. In this regard,
Freud's direction is especially up-to-date: “The study of dreams may be regarded as the most trust-
worthy approach to the exploration of the deeper psychic processes”(1922).

The objective of this study is to analyze the combined impact forms of the virtual world on the
health of students.

Method of the Study. A survey using a continuous questioning method was conducted among
142 students studying information technology at one of the technical universities of Minsk, all of
them 2-5-year students, 119 (84.4%) being males and 23 (16.2%) females. The average age of the
respondents was 19.7 years. The average duration of the virtual world use was 9 years. The survey
was conducted in the second half-year (in April, 2015). All respondents gave an informed consent to
participate in the study. In order to study the influence of the virtual world on the health of the students
a special questionnaire developed by K. Mezianaya, K. Yashin and K. Karaneuski entitled, “Method
of Screening Diagnostics of Computer Addiction and its Effect on Physical and Mental Health” was
used. The questionnaire included questions on the time spent in the virtual world, the structure of
sleep and the nature of dreams. Six forms of virtual reality was analyzed: computer games, social
networking, surfing, watching television series and movies, stock gambling and gambling (cards),
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cybersex. The students were allowed to mark more than one answer. To analyze the time devoted to
computer activity a period of 168 hours (7 days) with gradation in three intervals: from 1 to 24 hours,
25 to 39 hours, 40 hours or more was taken. Insomnia were identified by questions about waking up
with fear, anxiety and unpleasant dreams, since according to the results of the studies conducted the
relation between sleep disorders and anxiety disorders was established (Remizevich, 2010;
Remizevich, 2013; Strygin, Yumatov, Levin, 2010).

In this study, an analysis was made of the frequency distribution of symptoms of pathological
involvement in computer activities and sleep disorders. Contingency tables were made for the two
samples, and y2 criterion was calculated for the symptom of waking up due to anxiety and fear. The
data obtained in this study were processed with standard application Microsoft Office Excel 2010 and
a package of STATISTICA 10.0.

Results of the Study. Students were engaged in a full variety of forms offered by the virtual
world. Two virtual world forms were used by 54 persons (38%), three forms by 48 persons (33.8%),
and four by 15 persons (10.6%), while two students used all six forms. At the time of the study, 22
students (15.5%) used one form: 13 persons played computer games, 5 persons used social networks,
and the rest spent their time surfing and watching movies. The analysis showed that the majority of
users, 128 persons (90.8%) were fond of computer games.

100 00.8 %

60 49.6 %

) 54%  447%
40
30
20
6.4% 549
10
® &

number of respondent

1-computer games; 2-surfing; 3-social networks; 4-viewing television serials;
5-stock gambling; 6-cybersex

Fig. 1. Distribution of the virtual world forms per the frequency ofuse byrespondents, %

As shown in Fig. 1 computer games take the first place by the number of users in the group
studied. Three virtual world forms are equally popular: watching movies, surfing (including video
hosting) and social networks.

Analysis of the time spent in the virtual world per day showed that an average of 55% of the
time is devoted to computer games (of 100% being the total time spent at the computer). 46.8% of
respondents dedicate to it from 80 to 100% of the time.

Fig. 2 shows that 51 students (35.9%) stay in the virtual world more than 40 hours a week. Extra
long stay, from 80 to 168 hours, took place in 12 students (8.5%). Their interest has acquired an
addictive nature: they either do not visit the virtual world at all or stay there around the clock for
seven days at a stretch, engaging mainly in computer games. Currently, scientists believe that one
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reliable sign of computer addiction is when the duration of regular participation in virtual space as a
sheer pastime without performing work exceeds 38 hours per wee (Young, 1998).

The majority of respondents play different genres of games, but they have preferences in the
choice of action strategies of characters. The analysis was made with regard to psychological motives
of computer game addiction.

from 1 to 24 hours — 25.5% of respondents; 25-39 hours — 36.2% of respondents;
40-79 hours — 29.8% of respondents; 80 hours and more — 8.5%

Fig. 2. Distribution of respondents by duration of stay in the virtual world during a week, %

As seen in Table 1, striving for suppression and subjugation of others in the games attracted
5.6% of respondents more than the hero action for rescue and protection. This fact testifies to the
choice of aggressive plots by a large part of the gamers. As shown by the analysis, the gamers who
want to achieve superiority and to rescue or protect others in the games, eagerly used violence and
destruction in the virtual world to attain this aim. Devotion to orientation games may be explained by
the fact that such psychological process as orientation in space and understanding of complex logical-
and-grammatical structures and tasks are basically common due to localization in the parieto-occipital
(low parietal) regions of the left hemisphere (Luria, 2006).

Table 1. Distribution of answers according to factors that characterize psychological motives of com-
puter games addiction

Number %
of answers
_ ) ) 46 324
The aim of actions in
ﬂf_lﬂ game Df_ the Destruction and suppression 54 380
virtual image
Achievement of supeniority 68 479

Analysis of the impact of the virtual world on the unconscious processes in students. The de-
structive nature of the influence of the virtual world on the psyche of the students is supported by the
fact that in 29 cases (20.4%) they stated to themselves in a dream: “I just dream it!”. 82 students
(57.7%) used to wake up due to unpleasant nature of the dream. The analysis showed that 78 students
(54.9%) woke up involuntarily due to fear and anxiety. In general, fear, anxiety, and unpleasant nature
of dreams are the cause of waking up in 101 respondents (71.1%). At the same time, 45 persons (32%)
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mainly rate their dreams as pleasant. This confirms the psychoanalytical fact that despite the negative
experiences in dreams, the fulfillment of desires occurs in them. Freud pointed out that in the course
of the dream some unconscious desires may be implemented: "... the painful elements of our daily
thoughts are able to force their way into our dreams only if at the same time they are able to disguise
a wish-fulfillment.” He also argued that the theory of the anxiety-dream belongs to the psychology of
neuroses: ... anxiety in dreams is an anxiety-problem and not a dream-problem™(1900/2012). On the
other hand, nightmares (incubi), according to psychoanalysis data, represent a punishment for realiz-
ing something illicit, forbidden, or a breach of moral standards.

The study in the combined effect of several virtual world forms on the mental processes of users
revealed a special role of computer games, along with the video films. The analysis showed that
among users of these two forms there was a credibly higher number of people waking up due to fear
and anxiety, criterion x2 = 5.83, as compared with those not combining viewing video films with
playing games.

14.8 %o

1

Note: 1 - the feeling of one’s selectness and special mission; 2 - appearance of strange dreams; 3 - presence
of a hero of computer games; 4 - continuation of the game in a dream

14.1 %

10.6 %o
l ]
2 3 -

16

14

12
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(=%
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Fig. 3. Analysis of the nature of dreams, %

The presence of game scenes in dreams occurs in 16.3% of those surveyed. As shown in Fig.
3, 8 students continue to play in dreams (5.6%), in 15 respondents (10.6%) a hero or a virtual world
image were present in the dreams, owing to his/her identification with the characters of games. 21
respondents (14.8%) experienced strange premonitions in a dream: "strange sensation of future
changes, presentiments of their selectness, some mission." Analysis showed that such students often
played strategy genres more than 6 hours per day, and some of them for up to 168 hours a week.

Freud stated that dreams are a response to all that is relevant at this time to the sleeping soul
and that "every dream without exception treats of oneself. Dreams are absolutely egoistic...”
(1900/2012).

Dreams of a 18-year student:

A huge ship made of white metal is hanging in the sky. My friend is in the air, holding on to
the edge of the board, so as not to fall. I'm trying to pull him out, but he falls down and naval guns
destroy him in flight. I suddenly find myself among the crowd, which the naval guns start to shoot at.
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And I just have to run faster than shells.” He further said: "Today, my nightmares have fairly the same
structure:

— There is a character in dreams to cause a sense of discomfort: fight with him, cross-talk,
bullying and so on.

— Other characters of a dream are indifferent to his actions in relation to me;

— My attempts to resist this villain cause a general resentment of other characters in the dream,;

— The very attempt to confront him turns out to have devastating consequences for me."

As established by psychoanalysis, such scenes are dreams of punishment of oneself. At the time
of survey the student stated that his experience of video games was 14 years. He visited by about five
virtual world forms, limiting the sessions to 4 hours. He believed that "everything was permitted"” to
the hero of the computer game and "he was feeling the impact of the virtual image on himself." In his
dreams there was a sexual theme, dream in a dream, self-punishment and the sense of connectedness.
The extent of his immersion in the game and/or the Internet is such that sometimes it leads to the loss
of perception of the surrounding.

Conclusion. The results of the study indicate that some of the students studying technical spe-
cialist, are involved in all the variety of services offered by the virtual world. Stay in cyberspace for
40 or more hours per week is established in 36.2% of respondents, which can indirectly indicate a
pathological passion.

Striving to achieve the desired results leads to the ignoring of morality standards in the games,
resulting in the inner psychological conflict. The combined effect of video films and game plots de-
stabilizes the mind of users, leading to disturbed sleep due to anxiety and fear in 54.9% of respond-
ents. It is a sign of formation of anxiety and depressive disorders.

The changes in mental activity at an unconscious level in combination with psychopathological
phenomena, developing under the influence of computer games, may pose a threat of uncontrolled
behavior of such persons.
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The aim of the present project was to test whether or not in vitro culture of mouse zygotes under
atmospheric oxygen concentrations has any different effects on the expression different genes. Two
control groups and one experimental group were included in the project. Control group consisted of
fetuses obtained through mating of female mice that were not super-ovulated. The experimental group
consisted of fetuses generated by transfer of in vitro-developed blastocysts obtained through in vitro
culture of zygotes. In both groups, fetuses obtained on day 18 of gestation were weighed and expres-
sion genes in fetal lung tissue samples were determined using micro-array analysis. Results indicated
that fetal weight was significantly reduced in experimental groups. Micro-array and gRT-PCR anal-
yses demonstrated that when compared to fetuses in the Control-1 group, the level of 13 mRNA
transcripts were significantly reduced in Experimental group. Taken together, data gathered from the
present study indicates that in vitro embryo culture and embryo transfer leads to reduced fetal weight,
delayed lung development. Evidence gathered from these studies is important as it leads to a better
understanding of cellular/molecular mechanisms underlying increased susceptibility of newborns
with low birth weight to various allergic/infectious diseases.
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Abstract. The method of direct selection of the system technical states is the simplest and most understandable
method for predicting the reliability of an electronic system under any connection scheme from the point of view of the
reliability of its component parts (devices). If the number of devices entering the system is more than 8 ... 10, algorithms
are needed to generate and further process large amounts of data on possible technical conditions of the system. Such
algorithms are proposed and used in the developed software tool for assessing (predicting) the reliability of the electronic
system. This software tool allows you to build a structural scheme of reliability in an interactive mode on a computer.
After entering the data about the system components (devices) reliability the computer calculates the reliability indicator
automatically.

In a number of cases technical systems, including electronic systems of different functional
purpose, from the point of view of reliability, have such a structure of their component parts connec-
tion (or interaction) that is not reduced to parallel-sequential or sequentially parallel circuits. An ex-
ample of such a connection structure is the bridge circuit (Figure 1).
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Fig. 1. Bridge connection of electronic system devices in terms of reliability

In practice, such schemes may exist for electronic systems containing information and computer
subsystems.

We will assume that the system under consideration contains n devices. The system can be in
two states: functionality and failure. We mark the state of the system by R symbol. We assume that
R takes value 1 if the system is functional and value O if it fails. The state of the j™ device of the
system is indicated by x; symbol. We assume that x; takes value 1 if the j' device is working without
fail, and the value is O if it fails j = 1, 2, ..., n).

The state of the electronic system depends on the state of its devices, i.e.,

R = (X1, X2, ..., Xn), 1)

where ¢ is the symbol of the functional connection.
Function (1) is called the structural function of the system. For existing electronic systems the
following relations hold true:

00,0, ...,0)=0;
o(l,1,..,1)=1;

O(X1, X2, ..., Xn) > @ (Y1, Y2, ..., Yn) provided that x x; >vy;, =1, 2, ..., n).

Physically, the last condition denotes that the failure of the device can not transfer the system
from its inoperative into operable state.

In [1-3] one can become familiar with the methods of calculating and evaluating the reliability
of technical systems not reducing to parallel-sequential or sequentially parallel schemes.

The simplest and most understandable method for calculating the probability of an operable
state of these systems is the method of direct selection of system technical states. This method can be
successfully applied also to reliability calculation of the systems that, from the point of view of reli-
ability, reduce to parallel-series or series-parallel devices connection.

The essence of the direct search method. Taking into account the criterion for the failure of the
electronic system the entire set of its technical states G is divided into two subsets: the operable states
of G1 and the inoperative states of Go. For each state of the electronic system X = {xa, X, ..., Xn} we
can calculate its probability px and then find the probability of a functional state of the electronic
system (P».):

Pac = P{X eGl}z Z pX
XeGy ’ (2)

where P {...} hereinafter denotes the probability of the event indicated in curly brackets.
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The probability of an inoperative state of the electronic system can be defined as

Q3C=P{X EGO}z Z pX
XeGy . (3)

For the probability of the system X state, under the assumption of the independence of the de-
vices from the point of view of the occurrence of their failures, the formula is true

pX = H pxj ! (4)
j=1

Where py; is the probability of the state x; of the j*" device of the system (x; = 1 or x; = 0).

In the general case, without applying IT-technologies, the method is justified if a number of
devices in the system is relatively small (n <6 ... 10), since with the number of devices in the system
n = 10 the number of possible technical states S for the system is S = 2" = 1024, which is actually
problematic for engineering analysis.

To quantify the probability of the electronic system’s functionality it is necessary to consider
the possible technical states of the system. These states are determined by the technical states of the
devices making up the system [4]. For devices, as a rule, one of two states can exist: either inoperative
or operable, while for the system as a whole there are many states that differ by combinations of
operability and inoperability of system devices. Some of these states correspond to the state of inop-
erability of the system as a whole, others - to the state of operability.

Estimating the reliability of a complex electronic system by examining the system as a whole
in practice causes many difficulties due to the excessive number of the possible system S technical
states. For example, with the number of devices n = 30, the value S> 1 billion. The total amount of
data needed to describe such a number of possible technical system states will approach the size of
Big Data [5]. However, with the value n <30 ... 40 the reliability analysis of the electronic system can
be performed using traditional methods on a computer with medium performance, but this requires
algorithms employing prediction principles [6]. These principles allow us to systematize and further
process large volumes of data on possible technical states of electronic system. Such algorithms are
proposed and used in the developed application software for assessing (predicting) the reliability of
the electronic system by the method of enumeration of technical states.

The developed software allows to build a structural scheme for calculating the reliability of the
electronic system in the interactive mode on a computer. After entering the data about the reliability
of the components (devices) the computer calculates the reliability index of the system automatically.
The application software was developed at the Information and Computer Systems Design Depart-
ment of BSUIR.

Below are the explanations that allow you to get the most general idea about the software. A
fragment of its main window is shown in Figure 2.

The software application for the implementation of the project for the reliability of the elec-
tronic system analysis includes the following steps:

1 Clarification of the electronic system condition. At this stage it is necessary to find out what
is the operability of the system: complete or partial (the latter presupposes normal functioning). Such
operability is considered to be the performance of the electronic system while its functional parame-
ters are within the limits specified in the technical documentation.

2 Structural scheme for calculating the electronic system reliability construction. This scheme
is built by the user, with the help of computer graphic capabilities software and the electrical structural
and / or functional circuit of the system under consideration accounting the conditions for its opera-
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bility and normal functioning. The dialog box of structural scheme for calculating the electronic sys-
tem reliability construction is shown in Figure 3. It shows the already constructed structural scheme
for calculating the reliability of the electronic system under consideration. The software allows you
to set the functional parts of the system interactively on the working field of the monitor, assign names
(identifiers) to them and make the necessary connections taking into account the conditions of the
electronic system operation.

3 Entering data about the components (devices) of the electronic system reliability and calcu-
lating the probabilities of its operable and inoperative states. The calculation is performed automati-
cally by the software by means of analyzing the built structural scheme of the system reliability. The
windows for data input, output of the results analysis and calculation of the system reliability indica-
tors are shown in Figure 4.
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Fig. 2. Main window of the software
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Fig. 3. The constructed structural scheme for calculating the system reliability

The right table of Figure 4 displays the entered data on the reliability of the system components
(devices). In the left table the first column shows the system state number, the second column indi-
cates which subset of technical states the state of the electronic system is related to: green color - a
subset of operable states, red - a subset of inoperative states. In the following columns number "1" in
the symbolic designation of the device status corresponds to its operable state, and digit "0" - to the
inoperative state of the device. The rightmost column of the table indicates the probability of the
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corresponding state of the electronic system with four digits after the decimal point. Value "0" (zero)
means that the probability of this state is less than 0.00005. When the value is slightly more than
0.00005, rounding to the value 0.0001 is performed.
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Fig. 4. Electronic system reliability analysis and calculation results

The bottom window (see Figure 4) shows the results of calculating the electronic system prob-
abilities of an operational and inoperative state, indicating the number of states of each subset.

Developed software testing proved that it successfully solves the problem of estimating (pre-
dicting) the reliability of the electronic system with up to 30 functional parts (devices) in it. With their
number n = 30 it took about 1.5 hours to complete the task. The computer had the following resources:
RAM - 8 GB; Processor - Intel, 2 cores - 2.5 GHz.

Conclusion: the development of successful algorithms and their use for computer information
processing allows to solve the problems in calculating the complex electronic systems reliability,
even though the description of technical states of the hypothetical data volume is close to the size of
Big Data.
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Abstract. Evaluation of the design reliability of a complex electronic system causes many difficulties. This is a
consequence of an excessive humber of possible technical states of the system. In a number of cases, the number of these
states and the data volumes for their description is so large that they fall under the notion of Big data. As the result, the
usual methods of processing such volumes of data are not possible. As a way out of the situation, we propose to use the
simplification of analysis which is based on the decomposition of the system.

We have developed software for applying the decomposition method to assess the reliability of electronic security
systems. It allows you to build a protected object (the building plan with its premises) in an interactive mode with the
help of a computer, place the components of an electronic security system in the premises, allocate subsystems and per-
form their analysis in terms of the reliability and protection of the premises.

The reliability of a technical system is one of its most important properties. This property
largely determines the success of the task assigned to the system. Therefore, when designing a tech-
nical system of any functional purpose, the question of predicting the index of its reliability is urgent
[1]. Such indicator should be considered as the efficiency preservation coefficient Cep or its modifi-
cations [2]. Coefficient Cep in accordance with State Standard 27.002-89 is a generalized name of a
group of indicators used in various industries and having their own names, designations and defini-
tions [3]. For electronic security systems, it is appropriate to consider the probability of ensuring the
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security of an object or an individual as such an indicator. The value of this indicator depends on both
the reliability of the technical devices included in the system, and the probabilities of perception
and/or the correct threat signals processing. The values of these probabilities are determined by the
temporary failures of the system's devices, which are the consequence of the external environment
influence (climatic factors, electromagnetic influences, etc.) on the system and its constituent parts
[4, 5].

To quantify the probability with which the security of an object is ensured, it is necessary to
consider the possible technical states of the system and to take into account the efficiency coefficients
corresponding to these states. It is logical to use the probabilities of object protection as the efficiency
coefficients (provided that the system is in this technical condition). Technical conditions of the sys-
tem are determined by the technical states of the devices included in it [6]. For devices, as a rule, one
of two states can exist: either inoperative or operable, while for the system as a whole there are many
states that differ by combinations of operability and inoperability of system devices. Some of these
states correspond to the state of inoperability of the system as a whole, others - to the state of opera-
bility. Depending on the combination of technical states (operable or inoperative), the functioning
state of the electronic security system is characterized by different probabilities of object protection,
or, it is said, different functioning efficiency.

Estimation of functioning efficiency of a complex electronic security system by considering the
system as a whole in practice causes many difficulties due to the excessive number of possible tech-
nical states of the system S, which is defined as

s=2, (1)

where n is the total number of technical devices included in the electronic security system.

For example, in the case when a building contains 30 rooms and the installation of only one
sensor on each entrance door and on each window (with one window in the room) is available, the
number of possible technical states of the electronic security system will be

S =230+30 ~ 1,153-10%,

Which is important, this number takes into account only the sensors but not other devices of the
electronic security system.

Considering that dozens of memory bytes are needed to store data on one technical state of the
system, the total amount of data necessary to describe all possible technical states of the electronic
security system can amount to a number that falls under the concept of Big Data [7 ].

Thus, the effectiveness of the electronic security system analysis is associated with the exami-
nation of a large amount of data about the system state. In this case it is impossible to process such a
volume of data by traditional methods. The question arises, what is the way out of this situation, how
to take into account the large amount of data on possible technical conditions of the electronic security
system?

To solve the problem for engineering practice various methods for simplifying the analysis of
system reliability can be proposed. One of these methods is decomposition [5, 8]. Its essence consists
in dividing the system under consideration into smaller subsystems, each of which is much easier to
analyze than the original system. Upon receiving reliability indicators of the subsystems it is relatively
easy to find the reliability index of the system as a whole.

For analyzing the reliability of the electronic security system by the decomposition method
application software was developed at the Information and Computer Systems Design Department of
BSUIR. Below are the explanations that allow you to get the most general idea of this software.

The developed software allows to create a plan of the building in an interactive mode, to place
sensors, video cameras and other security devices on the building premises, to allocate subsystems in
the initial system on the basis of the composition and interaction of the technical devices of the system
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consideration, i.e., in fact, perform the decomposition of the system, analyze the effectiveness of the
of premises protection using the allocated subsystems, determine the efficiency (reliability) of the
system as a whole. The probability of the premises protection (with the help of the electronic security
system) from an offender’s penetration is considered as an indicator of the effectiveness of the func-
tioning of the system.

Figure 1 depicts the main window of the developed software. The menu bar at the top of the
window is used to select the user's actions during preparation (configuration) and project execution.
You can choose to execute a new project and save the results of its development and calculation, or
open a previously saved project and continue its execution.
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Fig. 1. Main window of the software tool

Figure 2 demonstrates a fragment of a constructed building plan, the premises of which will be
protected by an electronic security system.
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Fig. 2. Fragment of the protected building premises plan
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The plan of the object (building premises, see Figure 2) is designed by a user with the help of
the graphical capabilities of the software and the tools provided for editing the plan.

Figure 3 illustrates one of the options for the user to place sensors and other devices of the
electronic security system on the built-up plan of the building's premises.
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Fig. 3. Example of placement of system devices in the premises of a building

In Figure 3 the following designations are used: M1 ... M6 - magnetic contact sensors; V1 ...
V3 - shock sensors; K1, K2 - infrared motion sensors; BK1 - video camera; BP - DVR; MII1 -
microprocessor receiving and monitoring device.

Figure 4 illustrates the allocation of the subsystem, i.e., the actual implementation of the elec-
tronic security system decomposition.
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Fig. 4. Selection of the subsystem from the system devices
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Let us describe the basic principles of decomposition with reference to electronic security sys-
tems. On the one hand, the subsystems should be distinguished from the condition of counteracting
the infiltration of the intruder into the building's premises; on the other hand, they should be simple.
The number of devices in the subsystems should not exceed 4 ... 6 units. The same subsystem device
can be a part of two or more subsystems, for example, the MII1 device will be a part of all subsystems
that will include at least one sensor, since the threat signals generated by the sensors arrive for pro-
cessing at the device MII1 - microprocessor- control device. When real projects are implemented, the
number of allocated subsystems having the same composition of devices and their interaction may
turn out to be a remarkable number: dozens, sometimes hundreds.

The electronic security system functioning efficiency indicator (in the form of the probability
of the object protection Pprot) is relatively simple to be obtained from the results of the subsystems
performance analysis.

Thus, the use of complex technical systems decomposition makes it possible to isolate homo-
geneous information (to do system decomposition) from a large amount of data (Big Data) about
possible technical states of a complex system and keep completing the task by traditional methods.

References

[1]. Borovikov, S. Prediction in Big Data Technology / S. Borovikov, E. Shneiderov, N. I.
Tsyrelchuk, S.S Dzik // BIG DATA and Advanced Analytics. crionbzoBanue BIG DATA i1t OnTHMHA3AINAN
Ou3Heca M MH(POPMAIIMOHHBIX TEXHOJOTHH : ¢0. MarepuanoB 1l MexayHap. Hay4.-nipakT. koH(. (MuHck, Pec-
my6nmka benmapyce, 15—17 urons 2016 rona) / peaxoa. : MLIL barypa [u np.]. — Musck : BI'YUP, 2016. — C. 98—
101.

[2]. Hané&xuocts B TexHuke. OCHOBHBIC MOHATHS, TepMHHBI U onpenenenus. [OCT 27.002-89. — M. :
W3n-Bo cranmaptos, 1990.

[3]. Cocrar u obume npaBuia 3amanust TpedoBanuii o Haaéxuoctu. TOCT 27.003-90. — M.: Uza—Bo
CTaHIapToB, 1991.

[4]. Bopoukos, C. M. TeopeTrueckue OCHOBbI KOHCTPYHUPOBAHHUS, TEXHOJIOTUH U HAJEKHOCTH : y4e0-
HUK JUIA WHX.-TeXH. criel. By30B / C. M. bopoBukos. — Munck : duzaiin [TPO, 1998. — 336 c.

[5]. Hapé&xuocth TexHnueckux cucteM : crnipaBounuk / FO. K. benses [u ap.] ; mox pex. U. A. Yimakosa.
— M. : Pagmo u cBs3b, 1985. — 608 c.

[6]. Lpipenpuyk, H.M. OneHka HaaéKHOCTH IEKTPOHHON CHCTEMbI METOJIOM aHAM3a MHOXECTBa €€
texunyeckux cocrossauii / H.U. Lpipensuyk, C. M. boposukos, C. C. luk, U. H. Lpipensuyk // CoBpeMeHHBIE
cpencta cBsi3u: Matepuanbl XXI MexayHap. Hayd.-TexH. KoH]., 20-21 okT. 2016 roga, Munck, Pecn. bena-
pycs; peakoi.: A.O. 3eneBuy [u ap.]. — Munck: YO BI'KC, 2015. — C. 126-127.

[7]. Batura, M. Big Data Volumes and Some Approaches to the Creation of Corporate Analytical
Systems / M. Batura, S. Dzik, I. Tsyrelchuk, S. Borovikov // BIG DATA and Advanced Analytics. Mcmons30o-
Banue BIG DATA nns ontumuzanuy 6usHeca 1 HHOOPMAIIMOHHBIX TEXHOJIOrHi: ¢0. MaTepuaiios 11 MexayHap.
Hayd.-ipakT. KoH}. (MuHCk, Pecrryonuka benapycs, 15—17 utons 2016 rona) / peaxon. : M.IL. batypa [u ap.].
— Munck : BI'VUP, 2016. — C. 74-80.

[8]. Muk, C.C. IIporuosupoBanue 3PPEKTUBHOCTH (PYHKIIMOHHUPOBAHUS DJICKTPOHHOW CHCTEMBI MPH
HaIun O0obIoro 00béMa nanubx 0 e€ Texuudyeckux cocrosuusax / C.C. Juk, C. M. bopoBuxos, H. U.
Hprpensuyk, C.K. duk // CoBpeMeHHbIe cpeAcTBa cBsi3u: Marepuaibl XXI MexyHap. Hayd.-TexH. KoH., 20—
21 oxkrt. 2016 roga, Munck, Pecn. benapycs; penkoin.: A.O. 3enesud [u mp.]. — Munck: YO BI'KC, 2015. — C.
377-378.

143



Tpemws Mescoynapoonas nayuno-npakmuyeckas kongepenyus «BIG DATA and Advanced Analytics. BIG DATA u ananus evicokozo ypoeHsy,
Munck, Pecnybauka Benapycs, 3-4 mas 2017 200a
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Abstract. Vibration sensors installed on a set of similar devices produce large volume of data for the analysis over
long period of time. Accurate analysis of data allows to identify technical malfunctions at an early stage and efficient
measures for their elimination. This paper shows examples of data analysis of vibration monitoring systems that control
operation of turbine units

Bseoenue. JIns obecriedeHns TOCTaTOYHO KOM(BOPTHBIX YCIOBH CYIIECTBOBAHUS YeIIOBEKA
TpebyeTcst HajexHas, Oe3aBapuilHas U, IPU ITOM, SIKOHOMHUYECKU >PQeKTUBHAs paboTa MHOTUX
CIIOKHBIX, MATEPUAIOEMKHUX, SJHEPTONOTPEOIIAIOIIUX, O0JIbIIEPa3MEPHBIX TEXHUUECKUX O0BEKTOB U
npou3BoAcTB. Ha Takux 00beKkTax 3KCIIyaTUpyeTcs: 00JIbIIOe KOIUYECTBO JOPOIOCTOSALIET0 000py-
JIOBaHUS: IBUTATENN, TYpOUHBI, TEHEPATOPBI, HACOCHI, KOMIIPECCOPHI, BEHTHIIATOPHL. B Xo/1e ux pa-
00TBI OCYILIECTBISIETCS KOHTPOJIb Pa3HOOOPA3HBIX MApaMeTPOB, IO KOTOPHIM MOYKHO CYJUTh 00 MX
UCIPAaBHOCTH U paboTocrnocobHocTu. [Ipu 3TOM, MapameTpsl BUOpALIUy SBISIOTCS OJHUMH U3 BaXK-
HEUIINX U MOAJNIeKaT 00s13aTeIbHOMY, B TOM YHCIIE€ U HEPEPHIBHOMY, KOHTPOJIIO JJIi MHOTHX MeXa-
HU3MOB U arperaToB pOTOPHOIO THUIIA, B OCHOBY MEXaHUYECKOr0 ()YHKIIMOHUPOBAHUS KOTOPBIX IO-
JIO’KEHO BpalaTenbHoe aBrmkenue [ 1-6].

CucreMbl HEIPEPBIBHOI'O KOHTPOJI (MOHUTOPUHTA) ONPEEIISIOT TapaMeTphl BUOpallMy B TOU-
KaxX YCTaHOBKHU JJAaTYMKOB Uepe3 HeOOIbIINE TPOMEKYTKH BpEMEHHU (0T HECKOJIBKUX CEKYHJ J10 10J1eH
CEKYH/Ibl) U pearupyroT Ha BOSHUKHOBEHHE aHOMAJIbHBIX CUTYallUH, IPOSBISIOIIUXCS B U3MEHEHUN
BUOPAIIIOHHOTO COCTOSIHUS, ITyTE€M BBIPAOOTKH CUT'HAJIOB YIIPABICHUS YCTPOMCTBAMU CUTHAINU3ALIUU
Y 3alIUTHOTO OTKJIIOYEHUs. B KkauecTBe OCHOBHBIX MapaMeTpOB BUOpAIIUU Ul PUHATHUS TaKUX pe-
HIeHUH Ucronb3yeTcs cpenee kpaaparudeckoe 3HaueHue (CK3) BUOpOCKOPOCTH U aMILTUTYABI psijia
YaCTOTHBIX COCTaBIISIONIMX BUOPOCUTHAJIA, KPATHBIX YacTOTE BpaleHus Bana (poropa) [1,7,8].

OpHako (akT BO3ZHMKHOBEHUS CUTYallUuH, TpeOYIOLed OCTaHOBa TEXHHUUYECKOTO OOBEKTa, BO
MHOTHUX CIy4asX UMeeT HEOJHO3HauHOe OTOOpakeHue B mapameTpsl BuOpanuu. CTaHaapTU30BaH-
HbIe KpUTEPUH 3aIIUTHl OTPaXaloT Hambosee oOlre B3auMOCBs3U [6,9], mosyueHHbIE HA OCHOBE
JUIUTETIBHOTO OIbITA 3KCIUTyaTallud M UCCIIEJOBAHHSI MEXaHU3MOB C BPAILlaTEIbHBIM JIBUKEHUEM, U
JlaJIeKo He BCerja B MOJHON Mepe MOTYT YAOBJIETBOPUTH HKCIUTYaTUPYIOIIUN U YIIPABISIONINN Mep-
COHAJ.

Cucrtembl BUOPALIMOHHOTO KOHTPOJIS M 3aIUTHI, IIOCTPOCHHBIE Ha 0a3e KOMITbIOTEPHOM TeX-
HUKH, TI03BOJISIIOT PEaIN30BaTh Pa3HOOOPA3HbIE U CII0KHBIE AJITOPUTMBI 3aIUTHI, OPUEHTUPOBAHHBIE
Ha KOHKPETHBIE TUIIBI 1e(DEKTOB U CUTYyalluil. ITO, B CBOIO OUEPE/Ib, O3BOJISIET N30€KaTh HEOOOCHO-
BaHHBIX («IOXHAasi TpeBOray) cpabaTbIBaHUI 3aIIUTHOTO OTKIIIOUEHUSI U HE JOMYCTUTh «IIPOIyCKa
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nedexTay.

PeanuzoBan u mpormen anpodanuio Ha psijie TypOooarperaTtoB ajaropuTM 3alIUTHOTO OTKIIIOYe-
HUS 110 BUOpAlMy, B KOTOPOM YUUTHIBACTCS HECKOIBKO (PaKTOPOB:

— HU3KOYAaCTOTHAs COCTaBJISAIOLIasi BUOpaIUy;

— 000pOTHBIE COCTABIISIONINE BUOpAIUH;

— BBICOKOYACTOTHAs COCTABJIAIONIAS BHOPALIUH.

Cursai Ha 3aIIMTHOE OTKJIIOUYEHHE KOHTPOJIUPYEMOIr0o MEXaHN3Ma BbIpabaThIBaeTCs B TOM CIIy-
Yae, ecIi OH BBIPa0OTaH 10 OAHOMY U3 YKa3aHHBIX KPUTEPHUEB, HIIU 110 HECKOJIBKHUM KPUTEPHUSIM OJ1-
HoBpeMmeHHO [10].

Taxoke B pe3ynbprare (QyHKIMOHUPOBAHHUS KOMITBIOTEPHBIX KOMILIEKCOB BUOPALIMOHHOTO KOH-
TPOJIS © MOHUTOPUHIA HAKAILJIMBAIOTCS OOJbIINE 00BEMBI JAHHBIX, COAEPKAIIMX UHPOPMAIIHIO 00
M3MEHEHUHU BO BPEMEHU Pa3/InYHbIX BUOPALIMOHHBIX TapaMeTPOB I BceX ToueK KoHTpous [11,12].
[Tonydyaemble TakuM 00pa30M JIaHHBIE B OIIPEICTICHHON CTENIEHU COOTBETCTBYIOT COBPEMEHHON KOH-
HEeNIMU «OONBIINX AAHHBIXY». OHH MO3BOJISIOT BBIIBUTH H3MEHEHUE TEXHHUECKOTO COCTOSHHS KOH-
TPOJIUPYEMOro 00BEKTa WIIM MPOBECTH aHAIN3 MPUYHH, IPUBEIIINX K HEUCIIPABHOCTU WJIA OTKa3y
obopynoBanusi. ['opazno 6osnee nmonHyro nHGOpMaIHIO 00 SKCILTyaTUPYEMbIX MEXaHU3MaX COJEPIKAT
HeTpepbIBHBIEC BUOPAIIIOHHBIE CUTHAIIBI, PETUCTPUPYEMbIE Ha IPOTSHKEHUH ITTUTEIBHBIX BPEMEHHBIX
MHTEpBaJlaX U B Pa3HbIX pexuMax padoTel. OHU B MOTHON Mepe SBISIOTCS «OOJIBIIMMU JTaHHBIMID)
[13].

Obpabomka OdanHbix 6UbpayuoHHo20 MoHumopunea. JlabopaTopueil cucremM BHOpPOIUArHO-
ctuku BI'YUP pa3pabotan u BHEIPEH Ha OCHOBHBIX T€HEPUPYIOIIMX dJEKTpOCTaHIuUAX benapycu
KOMITBIOTEPHBIN N3MEpUTENbHO-BhIYMCIUTENbHBIN KoMILIeke (MBK) cepun «JlykoMiby, peanusyro-
Iy GYHKIUU BUOPAITMOHHOTO KOHTPOJIA, 3allUTHl U MOHUTOpHHTa TypOoarperaros [8,11,12,14].
NBK pemiaer 3a1a4u TEKyIIEro MITATHOTO BUOPALIMOHHOTO KOHTPOJIS U 3aIIUTHI [6,9], a Takxke co-
3[Ia€T CYTOYHbIE (Qailyibl, B KOTOPBIX COXpaHsAETCS OONBIION 00BheM TaHHBIX, IPEICTABISIONINX U3-
MEHEHHE MMapaMeTpOB BUOpAIIUU B €IUHUIIAX BUOPOCKOPOCTH BO BPEMEHH (4acTOTa BpallleHUS BaJia,
CK3 BubOpockopoctu B yactoTHOH monoce 10-1000 ', 3Ha4eHHsT aMIUTHTYTHBIX ¥ (Da30BBIX Tapa-
METPOB JI0 JECSITH CHEKTPATBHBIX COCTABIAIOMIMX BUOPALIMU, KPATHBIX YAaCTOTE BpalleHUs (TOpsia-
KOBBIW aHAJIN3), MUK-(AKTOP UCXOAHOTO CUTHAJIA).

=

0

1:48:45 (2998) 21:54:57 (2999) 22.01:45 (2999) 22:08:34 (2998) 221523 (2999) 222211 (2998) 22:29:00 (2999) 22.35.48 (3000) 224237 (2999) 224926
epems fobopomsl)

M%) ) 077 TH(@ M6(x) ne(Y) 292 N6@

M-2¢9 n2(Y) 143 N-2(0 n7¢9 n7¢y 282 N7(0 Bpema OBopoTe! 3anuce.
39 na(y) 245 N3Q) 8¢9 re(Y) 259 M8Q) 22:09:18 2997 169
-4 T-4(Y) -4 n-8¢9 negy) 278 9@

509 n5(Y) 177 150 m-10(4 r-10(Y) n-10()

Puc. 1. Tpenn CK3 BubpockopocT (BepTUKAIb) MOAMIUITHUKOBBIX OTIOP
TypOoarperara rnpu ero HopMajabHO# padoTe

145



Tpemws Mescoynapoonas nayuno-npakmuyeckas kongepenyus «BIG DATA and Advanced Analytics. BIG DATA u ananus evicokozo ypoeHsy,
Munck, Pecnybauka Benapycs, 3-4 mas 2017 200a

360

90

4 AL ot s v ‘MMNW
T B o : . e ;
- ST RS IR T e B G PO O 7 e ]
21:48:50 (2998) 21:55:24 (2099) 220235 (2999) 22.09:38 (2097) 22:16:48 (3000) 22:23:59 (2999) 22:31:02(2999) 223813 (2998) 22:45:23 (2999)
epens (obopomsi)

OBwwit yposers  4.06 3-06 7-06 0.28 ®aza 1-06 Bpema OBopoTel 3anuce
Aunnutyga 05-06 0.04 4-06 0.78 8-06 48.11 22:09:16 2997 168
Aunmutyaa 1-06 212 5-06 0.57 9-06 ®Daza 2-06

Amnautyaa 2-06 6-06 0.39 10-06 0.15 211.75

Puc. 2. Tpena CK3 BubpockopocTH (ropu30HTaIb), 000POTHBIX COCTABIISIONINX, (ha3bl IEPBOM U
BTOPOI OOOPOTHBIX COCTABJISIONIUX JJIsl TIOALIMITHUKOBOM OMOPBI BO3OYAUTENS TypOoarperara

Ha pucynkax 1-2 npencrasiieHbl npuMepbl K3MEHEHHS BO BpeMeHU (IPUMEPHO Yac), mapamer-
pOB BUOpanuu, 3apUKCUPOBAHHBIX IIPU KOHTPOJIE BUOpALIMK MOALMITHUKOBBIX ONIOp TypOoarperara.
Jlaxxe BU3yasbHBIN aHAIH3 TPEHIOB ITApaMETPOB BUOPAIMH MTO3BOJISIET OOHAPYKHUTh UX BO3ZMOKHBIC
U3MEHEHUS U, COOTBETCTBEHHO, U3MEHEHUE TEXHUYECKOTI'O COCTOSIHUS KOHTPOJIUPYEMOI0 OOBEKTA.

gHCKBET BepOoATHOCTE

/f0.0000
/0.0000
JA0.0000
/0.0000
/0.0000

b b b b W W WWNMMNMN R RR D000
n
=}
e T o e TRl T T el e M M Tt e e et
-
[=}
n
ey
o
=
B

CpefHee SHaveHMe CK3 BMEPOCKOPOCTM 5a nepuop Habmopenus: 2.674
CK3 paz6poca BHaueHMII EMEPOCKOPOCTM 3a mepuopl Ha6mogeHua: 0.1287
MakcuMasibHoe BHadYeHMe: 2.968

MMHMMaNBEHOE BHaYeHue: 2 .3992

OuanasoH MsMeHeHHMA: 0.5689

KomM4ecTBRO aHamMBuUpyeMix oTcdeTos 10800

Puc. 3. Pe3ynbrarsl 06paboTku cyrouHoro BpemenHoro tpenaa CK3 Bubpockopoctu
MOJIINITHUKA T€HepaTopa IpH ero HopMajibHOM paboTe

OnnHaxo ero nNpoBeIeHUE CBA3AHO CO 3HAUYUTEIBHBIMU BPEMEHHBIMH 3aTPaTaMU TEXHUYECKOTO
CIEINAJINCTa, K TOMY K€, KOHEUHO XOTeJI0Ch Obl MOJIYYUTh KaKue-TO YHCICHHbIE OLIEHKH 00padaThl-
BaeMbIX JaHHBIX. [[03TOMY akTyallbHa aBTOMAaTHU3aLMs 3TOM POLETypHI.

Craructuueckast o0padoTka qaHHbIx, noaydaembix UBK «JIykomiby», MoxkeT ObITh BHIIOJTHEHA
C TIOMOIIIBIO TIOCTAaTOYHO IIPOCTOrO NMpOrpaMMHOro cpencrsa. Ha pucynke 3 nokasan npumep Takon
00paboTKH, B pe3ysbTaTe KOTOPOH MOJydeHa TMCTOrpamMMa paclpeAeieHHs UCCIeNyeMOoro napa-
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MeTpa [0 YPOBHIO ¥ YHCIICHHBIC 3HAYCHUS, OTIPEICISIONINE OTIMUUTEILHBIE 0COOCHHOCTH €TI0 H3Me-
HEHUs. DTH BBIYUCIICHHBIC 3HAYCHUS MOXKHO MPHUHITH B KA4€CTBE BEKTOpa MH(POPMATHBHO-3HAYH-
MBIX TIAPAMETPOB JUIS CUCTEMBI MOJICPKKNA MPUHSATHS PEHICHUH 10 OlIEHKE W3MEHEHHS TEXHUYe-
CKOTO COCTOSIHHSI KOHTPOJMpyeMoro o0bsekra. B kauecTBe mpumepa Juisi CpaBHEHUST Ha PUCYHKE 4
npuBeneHbl n3meHeHnst CK3 BHOPOCKOpOCTH MOAMIMITHUKOBBIX ONOp TypOoarperara mpu BOSHUKHO-
BeHUU JedeKTa, a Ha PUCYHKE 5 pe3ysbTaThl CTATUCTHIECKONH 00pabOTKM OJTHOTO U3 ITUX MapameT-
POB. AMIUTUTYTHBIN AMAIIA30H JIJIsl TOCTPOCHHUS THCTOTPAMMBI BHIOMPACTCS C YUETOM PEaibHOTO BUO-
PAIMOHHOTO COCTOSIHUSI KOHTPOJIUPYEMOT0 O0BhEKTa U HOPMATHBHBIX TPEOOBAHMIA IO YPOBHIO BUO-
paruu.

mMM/c

S i ik A A S

0 : - . : - - -
17:26:15 (3000) 17:32:52 (3001)  17.40:05 (3000) 174719 (3000) 17:54:33 (3000)  18:01:48 (3000)  18:09:04 (3000)  18:16:22 (3000)  18:23:39 (3000
apemsa (o6opomsi)

M09 236 MHIQY) n1(@ N6y 138 MY n-6(7)
n2¢9 455 02(Y) n2@ n7¢y 059 N7(Y) n7(@ Bpema OBopore! 3anuce
n3pg 411 N30 n3@ nepy 045 N8 ¥=1ra) 17:56:25 2998 8542
M-4(%) m-4(Y) n-4(2) neK 128 N9 na(@
509 n5(1) n5(7) n-10¢9 m-10(Y) 100

Puc. 4. Tpenn CK3 BuOpockopoCTH (TOPU30HTAIB) MOAIIUITHUKOBBIX OTIOP
TypOoarperara npu BO3HUKHOBEHUU JePeKTa

OuckpeT BepoATHOCTBL
{rmi/c)
0.00 / /0.0000
40.0000
40,0000

/0.0000

wn
(=)
S T T e e e T e T e e el el el T e e
—
o
[=]
=]
)
o
e T T e e T T e e o e e el e e el o el e

UMb b b WU WURNNRNRE OO0
=]
1]

.00/ /0.0000
CpepHee SHaYMeHMe BMEPOCKOPOCTM Sa Mepuop HaGmopgenms: 2.253
CK3 paz6poca BHa4YeHMHM BMEPOCKOPOCTM Ba nepuon HabmomeHma: 0.9581
MakcuManeHoe BHadeHue: 4.685
MMHMMAJIbHOe BHa4deHMe: 1.6213
NuanakzoH MBMeHeHMa: 3.0634
KonmM4ecTBo aHAJMBMpPYeMex oTcdeToe 10108

Puc. 5. Pe3ynbrarsl 00paboTku cyTouHoro BpemenHoro tpesaa CK3 Budpockopoctu
NOAIIUITHUKA TypOoarperara np1 BO3HUKHOBEHUH Jle(heKTa

AHanu3upys NoJy4yeHHbIEe Pe3yIbTaThl MOKHO CIIENATh Psijl BHIBOJIOB.
[Tpu HOpManTbHOM (YHKIIMOHMPOBAHUN MEXaHU3MA!
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— mapametrp «CK3 pa3bpoca 3Ha4eHHII BHOPOCKOPOCTH 3a TEPHUOJA HAONIONCHUS» HMEET
3HAUUTEJIFHO MEHbIIIee 3HaueHue 1o cpaBHeHUIo co «CpeanuM 3HaueHueM CK3 BubGpockopocTH 3a
TepUoJT HAOTIOICHU S,

— «Cpennee 3naueHne CK3 BUOPOCKOPOCTH 3a NEepHOA HAOMIOACHUS» MONAJaeT B KBAaHTUJIIb
MaKCHMAaJIbHOH BEpOSATHOCTH TMCTOIPaMMBbI paclpe/leIeHus;

— «/lnamazon wm3meneHus» Menblie, yeM «Cpennee 3HadenueM CK3 BuOpockopoctu 3a
nepuo, HaOMIONEHHUs» (XOTS MPH HAJTHMYUU CIyYaiHbIX BBIOPOCOB, MOMEX WM KPaTKOBPEMEHHBIX
3HAUUTENbHBIX M3MEHEHUSAX PEKUMA ITO YCIOBUE MOKET HE BBIIIOJIHATHCSA);

— (opma THCTOrpaMMbl paclpeneleHuss MO YPOBHIO JUIS aHAIM3MPYEMOro IapaMmerpa
npeAcTaBiIsieT co00i HECKOJIBKO, PACIONOKEHHBIX IO COCEICTBY APYr C APYroM, 3HaYalluX
KBaHTHUJIECH.

[Tpu BO3MOXHOM J1e(heKTe UM HEUCTIPAaBHOCTH MEXaHU3Ma:

— napamertp «CK3 pa3zbpoca 3HaueHHI BUOPOCKOPOCTH 3a I1EPUOJL HAOIIOIEHHS» CPABHUM I10
BesinunHe co «CpennuM 3HaueHneM CK3 BuOpockopocTu 3a neproj HaOlmoaeHus »;

— «Cpennee 3nauenre CK3 BUOPOCKOPOCTH 3a MEPHOA HAOIIOICHHS» BO MHOTUX CIyJasx He
IIOT1aaeT B KBAaHTUJIb MAKCUMAJIbHON BEPOATHOCTU THCTOIPAMMBbl Paclpe/IeeHuUs;

— «J/luamazoH M3MEHEHHs» CpaBHUM wWin Jaxe npesbimaer «Cpennee 3HaueHuem CK3
BUOPOCKOPOCTH 32 IEPUO] HAOIIOICHHS;

— (hopma rucTorpaMMmbl pacrpeiesieHUs 0 YPOBHIO Ul aHAJIM3UPYEMOro IapaMeTpa MOXKeT
UMETb MPOU3BOJIbHBIA BU, NMPHUYEM 3HAYalllMe KBAHTHJIM MOTYT pacIojararbCsi C pa3pblBOM I10
aMIUIUTYIHOM IIKaJIE.

Taxum 06pa3zom, peBapUTEIbHO IPOBEIEHHAs CTaTUCTUYECKast 00pabOTKa BpEMEHHBIX TPEH-
JIOB TTapaMETPOB BUOPAIIMU MOXKET 3HAYUTEIILHO 00JIETYUTh pabOTy TEXHHUECKOTO CIEIHAIHNCTA.

HenpepbiBHbIEe BUOPALIMOHHBIE CUTHAJIBI HECYT el11e O0nbLIni 00beM nHpopmanuu. Jlnurens-
Hble HaOJIIOACHUS 32 KOHTPOJIUPYEMBIMH OOBEKTAMHM TIO3BOJIUIM OOHAPYKUTh KPATKOBPEMEHHbBIE
BUOpAIMOHHBIE BCIIECKU-BO3MYILeHUs [15]. MccnenoBanue Takux BO3MYILEHHH MpeCTaBIIsAeT CO-
001 1OCTaTOYHO OOJIBIIYIO MPOOJIEMY, TaK KaK OHU HOCAT CIIy4alHBIA XapakTep, a BpeMEHHBIC WH-
TepBajbl MEKAY HUMU MOTYT COCTABIISATh Yachl M Ja)K€ CYTKH.

HeobOxonumMocTh 00HapYyKeHUS! pEeIKUX KPaTKOBPEMEHHBIX U3MEHEHUH CTPYKTYphl BUOpAlIU-
OHHBIX CUTHAJIOB M MOCJIEIYIOIee BISBICHUE IPUUMHHO-CIIEICTBEHHBIX CBSA3EH MEXTy UX MOsIBIIE-
HUEM U pa3BUTHEM J1e(DEKTOB, TPEOYET CO3JaHUsI CUCTEM, CITOCOOHBIX HAaKaIlJIMBaTh U 00pabaThIBaTh
HeNpepbIBHbIE BUOPAIIMOHHBIE CUTHAJIBI, OTpaskKalollre BUOPAIMOHHOE COCTOSIHUE 00BEKTa, Ha MPOo-
TSOKCHUU JTUTEIHHBIX BPEMEHHBIX HHTEPBAJIOB. Takue CUCTEMBI MOTYT OBITh TIOCTPOEHBI 110 TIPHH-
LIUITY pacHpeaeeHHOro coopa 1 LeHTpanu3oBaHHON 00paboTku [16]. Ilpu 3ToM noaxone GpyHKIUM
HENPEPBHIBHOTO BBOJIAa U PETUCTPALMU HAa CMApT-KapTe BUOPOCHUTHAJIOB BBINOJIHSIOT aBTOHOMHBIE,
SHEeproHe3aBUCHMbIe ycTpoicTBa [17], a ux 00paboTKa OCyIecTBIseTCS Ha TPOU3BOIUTENBHBIX BbI-
YHCIIUTENbHBIX MAIIMHAX, B TOM YHCJIE C HEOJHOPOAHBIMU U PaCIpeIeICHHBIMU pecypcamH.

3aknrouenue. B pe3ynbTare cOopa JaHHBIX OT BUOPOIATYMKOB, YCTAHOBICHHBIX HA MHOYKECTBE
OJIHOTHUITHBIX YCTPOMNCTB, B TEUEHHE AJTUTEIILHOTO IEpUOa oTydaeTcst 00bII0H 00beM JaHHBIX AJIs
aHanu3a. TIiarenbHO MPOBEACHHAs 00pabOoTKa 3TUX JAaHHBIX CO3/IaeT MPEAOCHIIKY /IS BHISIBICHUS
TEXHUUYECKUX MPOOJIeM Ha paHHEH CTaJANM U UX ONEPAaTUBHOTO pa3peIIeHHU .
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Abstract. Sentiment Analysis (SA) is an ongoing field of research in text mining field. SA is the computational
treatment of opinions, sentiments and subjectivity of text. In this paper various algorithms for sentiment analysis are
studied and challenges and applications appear in this field are discussed.

Poct nnopmarnzanuu ob1iecTa 1 IPOHUKHOBEHHE TEXHOJIOTHH BO BCe C(hephl 1eATEIbHOCTH
YeJI0BeKa MOBJIEK 3a COO0M HaKoMIeHHE 00IbIINX 00BEMOB JJAHHBIX, B YACTHOCTH TEKCTOBBIX. Tek-
cTOBasi MH(OPMALIMS UTPAET BAXKHYIO POJIb B JESTEIBHOCTH YEJIOBEKA, TaK Kak 3TO Haubosee pac-
IPOCTPAHEHHBIH W YHHMBEPCAJIbHBIN CIOCOO NpEACTaBICHUs 3HAHUM 4YeroBeKka 00 OKpy)Karollem
mupe. [loaToMy B HacTosIIee BpeMs SIBISIETCS aKTyallbHOM 3a/1a4a 00pabOTKM TEKCTOBBIX JAHHBIX.
Pyunas 0O6paboTka HEBO3MOXKHA M3-3a 0OJBIIOr0 00beMa HAKOIUIEHHBIX JaHHbBIX, aBTOMaTHYeCKas
00paboTKa OCIIOKHSAETCS OTCYTCTBUEM CTPYKTYPUPOBAHHOCTH B TEKCTOBBIX JaHHBIX, HEOJIHO3HAU-
HOCTBHIO TPAaKTOBKHM 3HAUCHWH CJIOB, HaJMYHUEM MHOTOUYHUCIECHHBIX HCKJIIOUEHUH M3 MpaBUJI ecTe-
CTBEHHOTO fA3bIKa U T.J.

3agaya aHann3a TOHAIBLHOCTH TekcTa (Sentiment analysis) siisieTcst ogHOM M3 3ama4 0Opa-
6oTku ectectBeHHOTO si3bika (Natural Language Processing). L{enbro aHann3a TOHAIbHOCTH SIBISCTCS
HaXO0X/IEHNE MHEHUI B TEKCTE U ONPEEIICHNE NTO3ULUN aBTOPA OTHOCUTEIBHO YIOMSIHYTOW TEMBI.
[To3unus aBTOpa MOKET OBITH PA3IMYHON, U TOHAIbHAS OLEHKAa MOXKET IPUHUMATD pa3IMyYHbIe 3HA-
yeHus. Harpumep: “nonoxxutensHas’, “oTpuuaresnbHas’ U “HeHTpanbHas MO0 “NOJ0KHUTENbHAs
u “orpuuatenbHas’. JlaHHYIO 3a/1a4y MOYKHO paccMaTpUBaTh Kak 3a7audy KjJacCU(QUKAIUU HA TPU U
JIBa KJ1acca COOTBETCTBEHHO, Jlajiee Mbl OyJIeM pacCMaTpHUBaTh 3aJauy C IByMsI BO3MOKHBIMU BapH-
aHTaMU TOHAJIBHOW OIICHKH, TaK KakK 3a7ava KiacCu(pUKaIy Ha TPH U 00JIee Kiiacca sSBIsIeTCs 0oee
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CII0)KHOW B TEXHHUYECKOM OTHOIIEeHUH. [y pemenus 3aaaun kinaccudukanuu 3¢pGeKTUBHBIMU SBIIS-
FOTCSI METOJIbI MAIIMHHOTO O0YYECHHS C YUUTEIIEM.

J1y1s Toro, 4ToOBI METO/IbI pElIeHHs 331a4 KJIaCCU(PUKAIIUN MOYKHO OBbLIIO IPUMEHHTD ISl aHa-
7132 TOHAJIBHOCTU TEKCTa, HEOOXOAUMO TEKCT MPEACTaBUTh B BHJIE€ MaTeMaTHYecKoro Bekropa. C
3TOM 11€JIbIO MPUMEHSETCS BEKTOPHAsI MOAEIb “MEIIOK CJIOB” - MOJENb TEKCTa, MpeiiokeHHasi B 1975
roay /. ConToHOM, U B HacTOSIIEEe BpeMs OJJHON U3 CaMbIX PaclpOCTPaHEHHBIX B Pa3IMYHBIX 00-
JACTSIX JINHIBUCTUYECKUX HcciaeloBaHui. TeKCT B JaHHON BEKTOPHOU MOJIENIN pacCMaTpUBAETCs Kak
HEYIOPSIOYEHHOE MHOKECTBO CJIOB. BEKTOD, ABISAIOMIMIICS MOJEIbHBIM IIPEICTABICHUEM TEKCTA B
BEKTOPHOM IPOCTPAHCTBE, 00pa3zyeTcs ynops04eHHeM BECOB BCEX CJIOB (BKJIIOYAs T€, KOTOPBIX HET
B KOHKPETHOM TEKCT€). Pa3MepHOCTh 3TOro BEKTOpA paBHA KOJMWYECTBY Pa3jIMUYHBIX CIOB BO BCEH
KOJUIGKIIMH, U SIBJISIETCS OJAMHAKOBOM JJIsl BCEX TEKCTOB KOJUICKIIUU.

Tax kak B €CTECTBEHHBIX A3bIKaX BCTPEYAIOTCS] yCTOMYHMBBIE CIOBOCOUETAHUS, CMBICII KOTOPBIX
OTJIMYACTCS OT CMBIC/IA BXOIAIINX B HX CIIOB (Hampumep, “give UpP” B aHIJIMICKOM SI3BIKE) IEIIECO-
00pa3HO MPUMEHATHh MOJIENb HE “MEIIOK CJIOB”, a “Memok N-rpaMM”. N-rpamMMa - mocjae1oBaTeib-
HocTh U3 N anieMeHTOB (cioB). [TocnenoBaTenbHOCTD U3 TPEX 3JIEMEHTOB Ha3bIBAIOT TPUTPAMMA, T10-
CJIEIOBATENFHOCTh U3 JIBYX JJIEMEHTOB Ha3bIBaeTCs Ourpamma. N-rpaMmbl MEHbIIEH AJTUHBI, KakK
MIPaBUJIO, AT JIYUIIIUE PE3yabTaThl, ueM N-rpaMMbl OOJbIIECH JUIMHBI, T.K. 00yJaroiias BEIOOpKa B
OOJIBIIMHCTBE CIy4yaeB HEIOCTATOYHO OOJbIIas Ui HaXOXKJIEHUS CTAaTUCTHYECKUX 3aKOHOMEPHO-
creid N-rpaMM OOJIbIIOH JUTMHBL. [IJIT MHOTHX MPAKTUYECKUX MPUIOKEHUH MOXKHO TOJIYYHUTh XOPO-
LU pe3yNbTaT, UCIONb3ys B KaueCTBE MPU3HAKOB OJMHOYHBIE CIIOBA U OUTPaMMBI.

Mogenb “MelIoK cja0B” HEKOPPEKTHO pabOTaET CO CIO0BAMU, MEHSIOLUIMMHI TOHAJILHOCTH BbIpa-
JKEHUs Ha MPOTHBONOJ0KHOe. Harpumep, ¢passl “MHE HpaBUTCS 3TOT GUIBbM” U “MHE HE HPABUTCS
3TOT GuiIbM” OyIyT UMETh MOJOKHUTEIBHYIO TOHAIBHOCTB, XOTSI y BTOPOi (hpa3bl OHA JOJKHA OBITh
oTpunatensbHoil. YToOBl pemmTh 3Ty mpobiieMy, MOKHO OOBEAUHSTH CIIOBO “HE” CO CIEAYIOUIUM
CIIOBOM, B pe€3yJbTaTe B JAHHOM IPUMEPE MBI ITOJIYYUM CJIOBO “‘HE-HPABUTCS U MOJIENb OyneT pa-
060TaTh KOppeKTHO. Takke 3Ty MpobiieMy MOKHO peliaTh Mpu momoiy N-rpamm, HO, Kak MpaBUIo,
3TO BBIHYAAET UCIOJIb30BaTh N-rpaMMbl OOJIbIIEH JUIUHBIL.

Jlyis TUKBUJAIMYM HEOJHO3HAYHOCTH, BBI3BAHHON BO3MOYKHOCTBIO OJHOTO M TOTO K€ CIIOBA
OBITh PA3IMYHBIMH YACTSIMH PEUYH, TIPUMEHSIETCSI TETUPOBAHUE YaCTEH PeUu - ONpeIeIeHUE IS KaX-
JIOTO CJIOBA B NMPEJI0KEHNUHN €r0 YaCTH PEUYH IO MOJIOXKEHHUIO B MPEITI0KEHUN U/UIIA TPaMMaTHYeCKON
dbopwme.

[Tony4yeHHyto 3aauy KiIacCU(PUKAMK MOXHO PELIMTh Pa3IMYHbIMU METOAAMHU MAIIMHHOTO
oOyueHusi: HAaUBHBIN OailecOBCKMI KiacCu(PUKATOP, JIOTUCTUYECKAs! PErPECCHs], METO OTIOPHBIX BEK-
TOPOB, METO/Ibl HEUPOHHBIX ceTel U T.A. CpaBHUB UX BPEMEHHYIO CII0)KHOCTD, KAUECTBO IOJTY4EHHBIX
MO/IeJIeH, MacIITaOMPyEeMOCTh MOKHO BBIOpaTh HAaMOOJIee TTOAXO/ISIINM JIJIs1 KOHKPETHBIX TaHHBIX U
KOHKPETHOM 3aJ1auH.

ANTOpUTMBI aHaIN3a TOHAIBHOCTU TEKCTOB IpeIHAa3HAYEHBI JJIs ONpeAeSIeHUs] TOHATbHOCTH
LIEJIOT0 TeKCTa JIM00 ero (hparmeHTa. B Takom moxoie npeanoiaraercsi, YTo NCXOAHbIN TEKCT ABIIs-
€TCsl MHEHUEM aBTOpPa O KaKOM-TO OJHOM KOHKPETHOM OOBEKTE, HallpUMEp, PECTOPAaHE WU KHUTE.
OnHaKo B HEKOTOPBIX JOMEHaX B OT3bIBE O OOBEKTE MJIM CYIIHOCTH TakK K€ COJIEP>KUTCS MHEHHUE
aBTOpa 0 ee cocTapisronux. Hanmpumep, B 0T3pI1BaX 0 MOOMIIBHBIX Telle(hOHAX MOTYT OBITh OIICHEHBI
Takue 4acTH TeneoHa, Kak 9KpaH, kKamepa, akkyMyJsiTop, 6atapes. [loaTomy nocie perieHus 3aj1aun
aHaJIM3a TOHAJIBHOCTH TEKCTOB HaualM pa3padaTbIBaThCS aIrOPUTMBI JIJIsl aHAIM3a MHEHHI 110 KOH-
KPETHBIM CBOMCTBAM MJIM 4YacTsM (Takue CBOMCTBA MJIM YacTH Ha3bIBAOTCS acnekramu). O Takux
CBOMCTBAX WJIM YaCTSAX aBTOP OT3bIBa MOXKET BBICKA3bIBaTh MHEHHUS C PAa3IMYHON TOHAIBHOCTBHIO U
OCHOBHO 3a7jaueil aJIrTOpUTMOB aHAJIN3a TOHAJIBHOCTH SABJIETCS BBIACIECHUE ACIIEKTOB U ONpeelie-
HUE TOHAJIBHOCTHU OT3bIBA MOJH30BATENS 00 Ka)K/IOM acIeKTe.

Cornacio [1] MHeHMe (MM perylsgpHOE€ MHEHHE) 3TO Habop M3 MATH HIIEMEHTOB

(ei, a;j, 00;jir, hy, tl), 7€ ; — 9TO UMs CYIHOCTH; @;j — 9TO OJMH M3 ACIEKTOB CYIIHOCTH; 00;j; —
5TO TOHAJILHOCTh MHEHHS aBTOPA O ACIEKTE (;;, OTHOCAMIEMYCS K CYIIHOCTH €;; hy — aBTOp MHEHMUS;
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t; — Bpems, Koraa aBTop hj BBICKa3al cBOe MHEHHE. PeryispHoe MHEHHE — 3TO MO3UTUBHOE WU
HEraTHBHOE HACTPOCHHUE, OTHOILIEHHUE, SMOIHSI 00 00BEKTE UITH acleKTe 00BEKTa, KOTOpOe BhICKa3all
aBTOp. TOHAIBHOCTE MHEHUS 00;jk; MOKET OBITh TOJOKUTETLHON, OTPUIIATENLHON UM HEUTPAITb-
HOM, 1100 K€ U3MEPATHCS B HEKOTOPOM HHTEpBaie, Hanpumep, oT 0 10 1.

JI0BOJIBHO YacTO B OT3bIBaX IMOJIb30BATEJICH MOKHO BCTPETUTh MHEHUE 00 OOBEKTE B LIEJIOM,
Hanpumep, «OTINYHBIA cMapThony». B [2] nenaercs npeAmnonoxeHue o TOM, 4YTO TaKyl KaTeropHIo
MO’KHO paccMaTpuBaTh KaK acleKTHYI0. Takke CylIIeCTBYyeT BO3MOKHOCTh OOBEAMHUTH aCEeKThl B
acriekTHble Kareropuu. [ ciydas cMapT(OHOB Takue acleKThl KaK paspelieHue, [BeTonepeaaya,
JUaroHaJlb MOTYT ObITh 0OBEMHEHBI B ACIIEKTHYIO KATETOPHUIO JHUCILICH.

Kora uenoBek BbICKa3bIBAa€T CBOE MHEHHE O YeM-JIH00, TO €ro BhICKAa3bIBAHHE UMEET HEKOTO-
pyto 1enb. Takoil LeNbIo CAYKUT acleKT WK TeMa, KOTOpbIe B JalbHeHIeM OyAyT U3BJIEKAThCs U3
BBICKa3bIBaHUS. TakuM 00pa3oM, OCHOBOHM 3a/1a4Ml W3BJICYECHUS ACIIEKTOB SIBISETCS OIpENEICHUE
000pOTOB, XapaKTEPU3YIOIIUX OTHOILLIEHUE aBTOPA, U ACMIEKTa, K KOTOPOMY aBTOP BBICKA3bIBAET CBOE
otHomeHne. OOGOPOTHI, BBIpAXKAIOIINE HACTPOSHUE, MOTYT BBITIOIHATH JBE (PYHKIMHU: MOKA3bIBATh
MOJIOKUTEIBHOE UM OTPULIATENIbHOE OTHOIIIEHUE U OBITh HESIBHBIM aCIEKTOM, HapUMeEp «3TOT Te-
nepoH OoJIbLIOW», «OOJIBIION» 3TO MpUIAraTesIbHOE, XapaKTEpU3YIOLIEe OTHOILIEHUE aBTOpa, HO
TaK)Ke 3TO HESBHBIN acreKT pa3mep. Kak mpaBuiio, B Ka4ecTBE aCIIEKTOB BBICTYIAIOT CYIECTBUTEIb-
HbIe ¥ UMeHHbIe Tpymnbl[3]. JnmiHa U3BIeKaeMbIX IMEHHBIX TPYIII IIPU 3TOM OOBIYHO HE IPEBOCXO-
JTUT TpeX.

B [4] BimensroT 4 OCHOBHBIX MOIX0/a K U3BJICUYCHUIO SBHBIX aCIICKTOB:

— W3BJICYCHHE Ha OCHOBE YaCTO BCTPEYAIOIIUXCS CYIIECTBUTENBHBIX U HIMEHHBIX IPYIIIL,

— U3BJICYCHHE Ha OCHOBE OTHOIICHUN MEX/y OIEHOYHBIMU 000POTaMH U aClIeKTaMu;

— U3BJIEYEHHE Ha OCHOBE MAIIMHHOTO OOYUYEHUS C YUUTEIEM;

— U3BJIEYEHHE Ha OCHOBE CTATUCTUYECKUX TEMATHUECKUX MOJEIISX.

B moaxone u3BieYeHHUsS acEeKTOB HA OCHOBE YacCTO BCTPEUAIOIIUXCS CYIIECTBUTEIBHBIX U
UMEHHBIX TPYII OCYIIECTBIISIETCS] TOUCK SIBHBIX OIICHOYHBIX 00OPOTOB, KaK OBUIO OTMEUEHO BHIIIIE,
9TO CYLIECTBUTENbHbIE U UMEHHbIE rpynnbl. OHU W3BIEKAIOTCS W3 OOJBIIOTO YMCIa OT3HIBOB U3
OTpeIeTICHHOM 001acTH.

B pab6ote [3] mis u3BIeYeHUS aClICKTOB HMCIOIB3YETCs alrOpUTM, ocHOBaHHbBIH Ha CBAJ[S].
[lepen Hawamom pabOTHI K KaX/10MY OT3bIBY HEOOXOJMMO OCYIIECTBUTH MPeT00padoTKy. ITO HEOO-
XOZMMO JJIs1 UCKIIIOUEHHS CJI0B, KOTOPbIE OOBIYHO HE SIBIISIIOTCS acrekTamu. [IpenodpaboTka BKIIO-
yaeT yJaJIeHue CTOI-CJI0B, CTEMMUHT, JIEMaTH3allMIO U HCIIpaBjieHne HanucaHus cioB. Ha cnenyro-
meM 1mare aaroputM CBA u3BiekaeT 4acTo BCTpeyaroIuecss MHOXKECTBa 3JeMeHToB. Kaxplii ane-
MEHT B 3TOM MHOKECTBE 3TO BO3MOKHBIH acnekT. [Ji n3BieyeHus MOJIE3HbIX U MOJUIMHHBIX acleK-
TOB UCHONB3YyeTCs (GUIbTpaIusi. ABTOPHI MPEIaraloT UCIIOIb30BaTh JIBAa TUIA (PUIBTPAIUU: (PHITb-
Tpalusi HA OCHOBE KOMITAKTHOCTH (CpeIy KaHIUJaTOB JUIMHBI 2 U OoJee yAalsioTcs Te, COCTaBISAI0-
II1€ KOTOPBIX OTCTOAT APYT OT Apyra Ha OOJIBIIOM PACCTOSIHUN) U (pUIbTpaLMs IMIIHUX KaHAWIaTOB
(cpenu KaHIUAATOB JUIMHBI | ynanstoTcs Te, KOTOpbIE ONPEIEICHHOE YUCIIO Pa3 BXOAAT B KaHIUAATHI
OobIIeH UIMHBI). 3aTeM OCYLIECTBISAETCS MOMCK OLIEHOYHBIX 000pOTOB. JIJIsl KaX/10ro OT3bIBa, KO-
TOPBIN CONEPIKUT acTIeKT, U3BJIEKaeTcs Onmkaiiiiee npuiararenbHoe. Ecny Takoe mpuiarareiabHoOe
HaiiJIeHO, TO OHO paccMaTpPUBAETCs KaK OLIEHOUHBIH 000poT. Tak e JaHHBIM MOIX0 MO3BOJISET U3-
BJICKaTh aCHEKThI, YIOMSHYThIE TOJIBKO HECKOJBKUMHU MOJIb30BaTENAMU. )1 3TOr0 U3 KaXkJ10ro oT-
3bIBa, KOTOPBII HE CONEPKUT aCHEKTOB, HO COJIEPKUT OLIEHOUHBIH 000pOT, U3BJIEKaeTCss Hauboee
0JIM3KOE K OIEHOYHOMY 000POTY CYIIECTBUTEILHOE I UMEHHAs TPyTIIa.

B [6] npennaraercs cuctema, NOCTpOEHHAs! HA OCHOBE JOMEH HE3aBUCUMOM CUCTEMBI U3BIIEYE-
uus napopmarmu KNowltAll[7]. Ha mepBom 3tamne cBoei pabOThI MpEAIOKEHHAs CHCTEMa H3BJIe-
KaeT CYIIECTBUTEIbHBIE U UMEHHbIE I'PYIIIbI U3 OT3BIBOB, OCTABISASA MPU 3TOM TOJBKO T€, YaCTOTa
BCTPEYAEMOCTH KOTOPBIX OoJiblie ompesesieHHoro ypoBHs. [locie 3Toro kaxaoi UIMEHHOH rpymnmne
IIPUCBANBAETCA OLIEHKA C TIOMOIIBIO OLEHUBAOLIET0 MOy sl. OIleHKa BBICTABIISETCS HA OCHOBE BbI-
gucienus: PMI[8]. Cucrema ucnonb3yet sSiBHbIE aCTEKTHI JJISI U3BJIICUEHUS OIIEHOYHBIX 00OpPOTOB.
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Ecnu B ipeyioxkeHnH COAepKUTCS aCleKT, TO OHA UCTIOIb3YET ONPE/IeTICHHbIE 11a0I0HbI U3BJICUEHUS
OLIEHOYHBIX 000pOTOB. B cucteme, onrcanHoi BhIlIe, HCIOIB30BANIACh IIOX0Kas UAEs, OJTHAKO B AaH-
HOM CHCTEME JIJIs U3BJICUEHUS IPUMEHSETCS Tapcep, TEHEPUPYIOIINNA CUHTAKCHYECKHE 3aBUCUMOCTH.

Kak Ob110 OmrcaHo BhIIIIE, OIEHOYHBIE 000POTHI UMEIOT 11eJTh. JIOBOIBHO YaCTO HAWNTH OLIEHOY-
HbIE 000POTHI HE ABJISAETCS CII0KHOM 3a/1a4eid, TOATOMY JJIsl U3BJICYEHHS aCIIEKTOB JOCTATOYHO HAUTH
uenu. Ha 3Tolt njaee ocHOBaH METO/ U3BJIEUYEHHUS ACIIEKTOB HA OCHOBE OTHOLIEHUM MEX]ly OLIEHOY-
HBIMH 000POTaMU M aCIIEKTaMHU.

B paGorte [9] 1151 n3BiI€UEHHS aCIEKTOB UCIIOJIb3YETCsl CHHTAaKCUUECKUN aHATIM3aTop, KOTOPbII
reHepupyet rpad rpaMMaTH4YeCKON 3aBUCUMOCTU. DTOT rpadu UCIONb3YeTCs ISl MOTYyYSHUs 3aBU-
CHUMOCTEW MEX]y aCIEeKTaMM U HAIPaBJICHHBIMU Ha HUX OLIEHOYHBIMHU 00OpoTamu. B 3T0ii cucteme
npumensiercs Stanford Parser (http://www-nlp.stanford.edu/software/lex-parser.shtml). Dror mapcep
UCTIOJIB3YEeTCs Ul ONpeeNICHHsI Hanbosiee KOPOTKOTO PACCTOSHUS OT acleKTa A0 OLIEHOYHOTro 000-
poTta. 3aTeM NpOU3BOAUTCA CTEMMHHI M YacTepedHas pazMerka. [locne 3Toro m3Biekaercs pazme-
YeHHAss 4acTh MEXAY AaclleKTOM UM OLEHOYHBIM O0OpOTOM, Hampumep, B mpeioxkeHun «This
smartphone is great» smartphone siBisieTcst acrekrom, a great oreHOYHBIM 000pOTOM. DTO MIPEIO-
*eHue Oyzner pasMedeHo cieayronm oopasom «smartphone(NN) — nsubj — is(VBZ) — dobj — great
(JJ)». Tocne ynaneHus: BCTpeYaeMbIX PEIKO IMIA0JOHOB OCTABIIMECS MIA0TIOHBI UCIONB3YIOTCS KaK
11a0JIOHBI OTHOIICHUH MEXKIY aClIEKTaMH M OLEHOYHBIMU 000POTaMHU JIJIsl U3BJICUEHUS ACTIEKTOB.

B nocnennee BpeMsi 1OBOJIBbHO aKTUBHOE PACIPOCTPAHEHUE MOIYYHIIN aJTOPUTMbI MAILIMHHOTO
oOyuenus. OHM HAXOIAT aKTUBHOE NMPUMEHEHHE B 3a/ladye W3BiIeueHUs: nHpopmaiuu. M3BieueHue
aCIEKTOB U3 OT3bIBOB TaK € OTHOCHUTCS K ITOW 3a/1aye, YTO JaeT BO3MOXKHOCTh IPUMEHEHUSI aJIro-
PUTMOB MAIIMHHOTO O0Y4YeHHUs AJisl u3BJIeueHus acnekToB. CyliecTBYeT /Ba MOIX0/a MPH UCTIOIb-
30BaHUU AJITOPUTMOB MAIIMHHOTO OOyUYeHUS B HaIlleH 3a/1a4ye: METO/bl, UCIOJIB3YIOLIUE 115 00yue-
HUS 3apaHee MOJATOTOBJICHHBIM CIMCOK aCleKTOB U METOJIbl, OCHOBAaHHbIE HA Pa3METKeE MOCJe10Ba-
TeabHOCTU clioB. Hanbompiiee pacrpocTpaHeHUE NOMYyYUIM METOJIbI HA OCHOBE CKPBITBIX MapKOB-
CKHMX MOJEJIEH U YCIIOBHBIX CIIYYalHBIX MOJIEH.

B pa6ote [10] O6butn U151 M3BIICYECHHUS ACTIEKTOB OBUTH PUMEHEHBI YCIIOBHBIE CITy4aliHBIC TTOJIS.
AcneKkThl M3BIEKaINCh U3 MPEAJOKEHUM, CoJepKallux OleHO4YHble 000poThl. Ha Bxon Momaenu
YCIJIOBHOT'O CITy4alHOTO 10Jist ObUIN IepeaHbl CIEYIOIINE TapaMeTphlL:

— TOKEH - 3TOT MapaMeTp MPUCTaBIAET COO0H TEKyIUi TOKEH;

— 4acCTh PEUYH — ATOT [MapaMeTp MPeACTaBISAET COOO0M YacTh peun TEKYyIIero TokeHa. Tak xe 3ToT
MapaMeTp MOXKET CIY>KUTh JJIsl pa3peleHus JIEKCUYECKON HEOJHO3ZHAYHOCTH;

— IIyTb 3aBUCHMOCTH — IIyTh, IIOJIy4a€MbIil B CHHTAKCUYECKOM JIEPEBE MEXK]y aCIIEKTOM U Olie-
HOYHBIM 000poTOM. JIJ1s1 TIOJTyUeHus MyTH 3aBUCUMOCTH ucnonb3yetcs Stanford Parser (http://www-
nlp.stanford.edu/software/lex-parser.shtml);

— paccTosTHUE MEXKAY CIOBaMHU.

B aT10if crcTeMe BO3MOXKHBIC METKH HCIIOJIb30BAIMCH B COOTBETCTBHH cO cxemoit Inside-Out-
side-Begin: metka B-target o3nauvana Havana acriekta, |-target o3nadanga mpoao/DKeHHE acrleKTa, a
MmeTka O ucmonp30BaIack A1l 0003HAYCHUS APYTHX TOKEHOB.

CraTtucTuyeckre TEMATUYECKUE MOJENN MCIONb3YIOTCS Il ONpEAEICHUS TEM Ha OCHOBE
00JIbII0H KOJUIEKIIMU IOKYMEHTOB. TeMaTH4ecKoe MOJIEIMPOBAHUE OTHOCUTCS K 00YUEeHHIO 0€3 yuu-
TeJsl, KOTOPBIM CYMTAET, YTO TEKCT COCTOMT M3 HEKOTOPOT'O YHMCIIA TEM, & TEMBI SBIIIOTCS BEPOST-
HOCTHBIM paclpeiefieHUeM CJIOB. TeMaTH4ecKre MOJENIN MOTYT ObITh IPUMEHEHBI JIsl U3BJICUEHUS
ACTIEKTOB, €CJTH KaXK/IbIi aclieKT OYJIeT pacCMaTpUBATLCS KaK YHUTpaMMHast si3bIKoBast Mojenb [11].

B pa6orte [12] npeayoxkeHna Moieb, KOTOpas SIBISETCS CMEChIO MOJIENEH /ISl aCTIEKTHOTO aHa-
7133 U aHaJIu3a TOHAJIBHOCTH. DTO MOJENb COCTOUT U3 aCIEKTHOM MOJIENH, MOEIN aHalIu3a I0JI0-
KUTEIbHON TOHAIIBHOCTH U MOJIEJIH aHaJIN3a OTPUIATEIbHON TOHAILHOCTU. DTU MOJIENH OBbLITN 00Y-

YCHBI HAa HCKOTOPBIX TPCHUPOBOYHLIX TCCTOBBIX JAHHBIX. HpCI[HO)KCHHaH MOACIb 6a31/1pyeTc;[ Ha
pLSA [13].
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[Toxo/16l, OCHOBaHHbIE Ha MAITMHHOM OOYYEeHHH, TIOKAa3hIBAIOT HEIUIOXHE pe3yiabTaThl. Oj-
HAKO OHHU TPeOYIOT JUIst 00yUYEHHUS pa3MEUCHHBIE JaHHbBIC, 4 3TOT MPOLECC JOBOJIBHO TPYIOEMKH, K
TOMY JK€ TI0JTy4EeHHbIE MOJIEJH SABJISIOTCS JOMEHHO-3aBUCUMBIMH. [10/1X0/1bI, OCHOBAHHBIE HA 4acTO
BCTPEUYAIONIUXCS CYIICCTBUTEIBHBIX ¥ UMEHHBIX TPYIIAaX W Ha OTHOIIEHHUSIX MEXIY OLECHOYHBIMHU
000pOTaMH ¥ acIeKTaMH MO3BOJISIOT U30€KaTh ATUX MPOOJIEM, OTHAKO OHU TOKAa3bIBAIOT MEHBIIIYIO
TOYHOCTH MPH padoTe.

B nmanpHeieM npeamnoaaraeTesi peajin3oBaTh paCCMOTPEHHBIE METOJIBI, & TAKIKE PACCMOTPETh
BO3MOKHOCTH IIPUMEHEHHST METOI0B MAIIHHHOTO O0YUEHHST — PErPECCHOHHOTO M CTPYKTYPHPOBAH-
noro BapuanToB SVM, Gradient boosting.

Jlumepamypa

[1]. LiuB., Zhang L. A survey of opinion mining and sentiment analysis // Mining Text Data. Springer:
US, 2012. P. 415-463.

[2]. JlyxameBuu H. B. ABTOMarnueckuii aHaau3 TOHATBHOCTH TEKCTOB MO OTHOIICHUIO K 3aJJAHHOMY
00BekTy u ero xapaktepuctukam // Russian Digital Libraries Journal. — 2015. — T. 18, Ne 3-4 . — C. 88-119.

[3]. Hu M, Liu B., Mining opinion features in customer reviews, Proceedings of the 19th national con-
ference on Artifical intelligence, p.755-760, July 25-29, 2004, San Jose, California.

[4]. B. Liu. Sentiment analysis and opinion mining. Synthesis Lectures on Human Language Technol-
ogies, pages 1--167, 2012,

[5]. Liu, B., Hsu, W., Ma, Y. 1998. Integrating Classification and Association Rule Mining. KDD-98,
1998.

[6]. Popescu A., Extracting product features and opinions from reviews // Natural language processing
and text mining. A. Popescu et al. Springer: London. 2007. P. 9-28.

[7]. Etzioni O., Unsupervised named-entity extraction from the Web: An experimental study, Artificial
Intelligence, O.Etzioni, [et al], v.165 n.1, p.91-134, June 2005 .

[8]. Turney P.D., Mining the Web for Synonyms: PMI-IR versus LSA on TOEFL, Proceedings of the
12th European Conference on Machine Learning, p.491-502, September 05-07, 2001.

[9]. Zhuang L., Jing F., Zhu X. Movie review mining and summarization // Pro-ceedings of ACM In-
ternational Conference on Information and Knowledge Management (CIKM-2006), 2006. P. 43-50.

[10]. Jakob N, Gurevych I., Extracting opinion targets in a single- and cross-domain setting with condi-
tional random fields, Proceedings of the 2010 Conference on Empirical Methods in Natural Language Processing,
p.1035-1045, October 09-11, 2010, Cambridge, Massachusetts.

[11]. Chu W.W. Data Mining and Knowledge Discovery for Big Data: Methodologies, Challenge and
Opportunities (Studies in Big Data, Springer. 2013.

[12]. Mei Q., Ling X., Wondra M., Su H, Zhai C, Topic sentiment mixture: modeling facets and opinions
in weblogs, Proceedings of the 16th international conference on World Wide Web, May 08-12, 2007, Banff,
Alberta, Canada.

[13]. Hofmann T., Probabilistic latent semantic analysis, Proceedings of the Fifteenth conference on Un-
certainty in artificial intelligence, p.289-296, July 30-August 01, 1999, Stockholm, Sweden.

154



Tpemwvs Meaicoynapoonas nayuno-npakmuuecxas kongepenyus «BIG DATA and Advanced Analytics. BIG DATA u ananus evlcoko2o ypogHsy,
Munck, Pecnybauka Benapycw, 3-4 mas 2017 200a

PEAJIM3AIIUSI MYJIbTAMEJIUMAHOT O I0T PEHIEHUS C HCTIOJIb30BAHUE
OBJIAYHBIX TEXHOJIOT UM
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Mazucmpaumom Kagheopwl ungopmamuxu BI'YUP
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E-mail: e.pobyvanets@itransition.com

Abstract. Main goal of this research is to describe possible implementation of multimedia 10T solution, which will
allow user to play multimedia content, such as music or video, on remotely controlled devices. Meanwhile, played mul-
timedia content should adapt to user preferences and provide recommendations for end-user. During this research, | was
able to determine most possibilities and limitations of such systems, describe an architecture of application and start
working on prototype solution, based on cloud technologies.

Ha cerogusiuinuii 1€Hb «yMHBIX» YCTPOUCTB, TOJAKITIOYEHHBIX K CETH, MMPEBHIIIAECT KOJTUIECTBO
moner Ha manere 3emuns. Lllyrka iu 3t0? Boee Her, 1o ctatuctuke, Ha 2016 roa K ceTy NOAKIO-
4yeHo 0oJ1ee 8 MUILIUAPI0B YCTPOUCTB [ 1]. B CBSI3M € TaKMM KOJTMYECTBOM MOAKIIOYEHHBIX YCTPOUCTB
HE YIUBHUTEIBHO, YTO BCE Yallle U yalle B ceTH npockakuBaeT TepmuH Internet of Things (IoT, Un-
TepHet Beiel). Yro xe takoe MuTepHer Beweit? CornacHo IT rnoccaputo MHTEpHET Beliel — 310
CeTb, cocTosIIast U3 PUINYECKUX 0OBEKTOB, KOTOPBIE COJAEPKAT BCTPOSCHHBIE TEXHOJIOTHH, TTO3BOJIS-
o1e 0OMEHNBATHCSA COCTOSTHUEM 3TUX OOBEKTOB C OKPYKAIOIIUMU 00bEKTaMH M yCTPOUCTBaMH [2].

[TepBoe ynomunanue o6 Mutepuete Bemieit gatupyercs 1990 romom, korjaa mupokon ooie-
CTBEHHOCTH OBbLI POJEMOHCTPUPOBAH TOCTEP, KOTOPHIN UMEI BO3MOXXHOCTh TTOJAKITFOYSHUS K UHTEP-
HETY, HO IIUPOKOE pa3BUTUE TEPMHH MOIYUYHI ToJIbKO HauuHasa ¢ 2008 roga. C Tex mop, MUp yxke
ycren yBUACTh U YIUBUTHCS MHOTHUM YCTPONCTBAM, U J1a)Ke MPUBBIKHYTh K HUM. Y MHBIE OpacieThl,
YMHBIE YacChl, CEPBUC JOCTABKU MOCHUIOK JpoHaMu oT Amazon, Google Home — Bce 3T Ha3BaHUsI
YK€ Ha CITyXY U SIBJSFOTCS YaCThIO HAaIlIEH MOBCEIHEBHOM )KU3HH.

«YMHBIE BEIIM» MPOYHO 3aKPEMUIUCh BO MHOTUX O0JIaCTSAX, W, IO MPOTHO3aM aHATUTHKOB,
MPEANOJaraeTcs, YTO OHU CTAaHYT aKTUBHBIMU YYaCTHUKAMH COIMATbHBIX, HH)OPMAIIMOHHBIX U OU3-
Hec-miporieccoB. Ceifuac jxe HHTEPHET BEIIeH CITYKUT I CBS3H O0JIee MENKHUX, Ka3anochk Obl, HECOB-
MECTHUMBIX MPOIECCOB B OJIHY OOJBIIYIO, €AMHYIO CETh (PUCYHOK 1).

[IpeumymectBa loT-pemennii 4OCTaTOYHO OYEBUIHBI — BO3MOKHOCTH AaBTOMATH3UPOBATh
MHOTHE TIPOLIECCHI B HAIIEH >KM3HU, MO3BOJIUTh YMHBIM aJITOPUTMaM M30aBUTh HAC OT PYTHHBI, WA
&Ke Ha000poT, Hanbosee OBICTPHIM CITIOCOOOM MOTYYUTh YBEIOMIIEHHE O TOM, YTO YEJIOBEK MOT OBl U
He 3aMeTHTh. HOo y 3THX ke pemeHnit ectb u HefocTatku. Kaxaoe Takoe pemeHne TpedyeTr aBTo-
HOMHOCTH Ka)J/I0T0 yCTPOKCTBA, O3BOJIAIOIIEE eMy paboTaTh MpakTudecku O6e3 mepepbiBoB. Takxke
BO3HHUKAET MpobdiieMa CTaHAapTU3aLUU — KaXbli pazpaboruuk loT-pemienns neitaeTcss aganTupo-
BaTh €ro moji ce0sl, MOCKOJIbKY Ha JaHHBIII MOMEHT HEeT OOIENMPHHSTHIX CTAHAAPTOB, MTO3BOJISIOIIIX
unrterpuposath Bee [oT ycTpoiicTa npyr ¢ npyrom [3].

B nanno# paboTe paccMaTpuBaeTCsl BO3MOXKHOCTh CO3/IaHusl MynbTuMeauitHoro [oT pemenus,
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MPEJICTABICHHOIO B BUJIE CUCTEMbI B3aUMOACHCTBYIOLIUX APYT C APYTOM MPHIIOKEHUN, KOTOpast 1M03-
BOJIsIIA OBl B <YMHOM» peKUMe (YIUTBIBAS MPEABIAYIINE BOCIIPOU3BEIACHIS, @ TAKKE TCKYIIYIO TPOM-
KOCTh BOCIIPOU3BE/ICHUS, BPEMsI CYTOK U APYTUE YCIOBUS) BOCIPOU3BOAUTH MYJIbTUMEAUMHBIN KOH-
TEHT C MOMOIIBIO cMap(TOHA, UITH JIFOOOTO IPYroro YCTPOMCTBA, HMEIOIIETO JAOCTYI B CETh HHTEP-
HeT. Mcxoas u3 chopMynupoBaHHOM 11eNd, ObUIH OTMCAHBI CIEAYIOLIE TPEOOBAHUS K CHCTEME.

1 Cucrema 10JKHA UMETh BO3MOXKHOCTH NMPUHUMATh YIPABJISIONIMNE KOMAaHABl OT KJIMEHT-
CKOTO IIPUIIOKECHHUS.

2 CucreMa I0JDKHA UMETh IPUHUMAIOIIEE YCTPOHCTBO, CIIOCOOHOE BOCTIPOU3BOIUTE MYIIBTH-
MEJIUUHBIN KOHTEHT Ha JOCTYMHBIX YCTPOHCTBAX.

3 Cucrema JIOJDKHA MMETh BO3MOXXHOCTH COXPAaHATH WH(MOPMAIUIO O BOCIPOU3BEICHHOM
MYJIBTUMEAUMHOM KOHTEHTE U JPYTyI0 HH()OPMAIIMIO O BOCIIPOU3BEICHUH, YMETh aHAJIU3UPOBATh ATY
uH(GOPMAIUIO U Ha €€ OCHOBE aHaIN3a UMETh BO3MOXXHOCTH MPEIOCTAaBUTh PEKOMEHIAIIUU K KOH-
TEHTY.

Internet of Things

1. Individual
networks

2. Connected
together

3. With security,
analytics, and
management

Puc. 1. Cdepsl, cBsa3annble ¢ momolibio HTepHeTa Belei

OcHoBBIBasICh Ha LENH U C(HOPMYIHPOBAHHBIX TPEOOBAHUAX ObUIM BBIAEIIEHBI CIEAYIOLINE 3a-
Jlauy JUId peain3aliy JaHHOTO PEeLeHUs:

4 PazpaboTaTb apXUTEKTYpy HPUIOKEHUs, MO3BOJSIOIETO MOJIepKUBaTh B3auMOJIeiicTBHE
«Kmuent — Ceprep — Yipasisioiiee yCTpOHCTBOY.

5 Ilpoananu3upoBaTh BO3MOKHOCTH MCIIOJIB30BAHUS PA3ITUYHBIX YCTPOHCTB B KAUYECTBE KOM-
MOHEHT CHUCTEMBI.

6 Ha ocHoBe mH(poOpMaluu, NPeACTaBICHHON B METaJaHHBIX MYJIBTUMEIUMHOTO KOHTEHTa,
IIPOaHAIU3UPOBATh BOZMOKHbIE PEKOMEHAAIIMOHHBIE CUCTEMbI M HalTH HanboJiee MOIXOSIIYIO.

7 Pa3paboTarb COOTBETCTBYIOIIME KOMIOHEHTHI CUCTEMBI.

ApXHUTEKTypa CUCTEMBI IIPUBE/IEHA HA PUCYHKE 2.

AHanuzupys TpeOOBaHUS K CUCTEME, HEOOX0IUMO ObIJIO HAlTH MOAXOAINEE pelIeHne, KOTo-
poe MorJio Obl TOMOYb B YHU(DUKAIIMK 3aIIPOCOB K MPUHUMAIOIIEMY YCTPOUCTBY. TakuM perieHuem
moxet 0bITh RESTTul Server — cepsep, npunumaromuii 3ampocer B popmare REST (Representative
Stateless Transfer). REST 3anpoc conepxut B ceOe naHHbIe, HEOOXOAUMBIE JIIs IIepeiadll Ha CEpBEp
u HTTP-riaro, no3Bosisiomui onpeaenuTb TUIl onepauu. Takas CTpyKTypa 3ampoca I03BOJIAET
OTIPABIATh YHU(PUIUPOBAHHBIE 3aMIPOCHI € JIF0O0T0 yCTPONCTBA, 6€3 MPUBA3KU K OCOOCHHOCTSIM CH-
crembl. g coxpaHeHuss uHpopmanuu o0 yxke 00pabOTaHHOM MYJIbTHUMEAMWHOM KOHTEHTE,
RESTful Server umeer noctyn k 6aze nanaeix MongoDB. MongoDB — NoSQL 6a3a nannbIx, mos-
BOJISIFOIIAst OBICTPO paboTaTh C HE PEISAILMOHHBIMU JaHHBIMH) U 00ecieurBaroias JOCTaTOYHO Mpo-
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CTYIO MHTETPAIIMIO C MHOKECTBOM CEPBUCOB M OMOJIMOTEK. AHAIM3UPYS METaIaHHbIC MYJIbTHME T~
HOTO KOHTEHTa, MOKHO 3aMETHTh, YTO ITH JAHHBIC SBJISIFOTCS HE PEIISIIUOHHBIME, YTO U 0OOCHOBBI-
BaeT BBIOOP ATOM 0a3bl JaHHBIX.

Control Application Multimedia Server Client Application

Recommendations
Database

DB Queries

WebSockets |

Receiver Data Streams

Y

RESTful Server \

REST Requests
T
™ Smarphone\PC

REST Reqguests

Direct Connection

Speakers Web Application

Puc. 2. Apxutekrypa cucremsl loT-pemenns

B kxauecTBe NPUHUMAIOIIET0 yCTPOHCTBA MOXKET OBITH UCIIOIB30BAHO JIF0O0E YCTPOHCTBO, TTOA-
JIep KUBAIOLee MOAKIIOUEHHE K MyJIbTUMEUMHOMY YCTPOHCTBY, @ TaKXkKe CIIOCOOHOMY NPUHUMATh
nHpopmanuio u3 cetu. Hanbosee noaxoasmmm o JaHHbIM KPUTEPHUSM, a TaKKe HanboJiee MpoCThIM
JUI TIPOTOTUIIUPOBAHUS YCTPOWCTBOM siBiseTcsi cMapTdoH Ha muatgopme Android, MOCKONIBKY
OO0JIBIIMHCTBO CMapT(OHOB UMEIOT TOTOBBIN MHTEpPENC 11 KOMMYHUKAIMU KaK ¢ BOCIIPOU3BO/IA-
IIMMH YCTPOMCTBAMHU, TaK U C CEPBEPOM, C TIOMOUIBIO MPUIOKEHUN. Taxke MOAXOIAIIMM yCTPOM-
CTBOM MOXET SIBJIAITHCS BBIJICJICHHBIN cepBep \ TOMAIIHUIH KOMITBIOTEP, HO 00IIasi KOHCTPYKITHS MO-
KEeT MOJIyYUTCs I0CTaTOYHO IpoMo3/1Koi. KoMMyHUKaIus Mexxay cMapT(OHOM U MyJIbTUMEIUHHBIM
cepBepoM OyIeT OCYIIECTBISITHCS C IIOMOIIBIO IBYX TexHoioruii. [IlepBas — WebSocket — mo3Bossier
OCYILIECTBIATH 0OMEH MH(pOpMalLel B pexXUMe peabHOr0 BPEMEHH, YTO MOJIOKUTENBHO CKa3bIBa-
€TCsl Ha BpPEMEHU OTKJIMKA YCTPOICTBa. DTa TEXHOJIOTHUS MO3BOJIAET NIEpeJaBaTh IPOCThIE KOMaH/bI,
takue kak «[layza», «Hauats BocripousBenenue» u T.1. Bropas sxe TexHonorus — Data Streams —
MO3BOJISIET OCYLIECTBIISITh CTPUMUHT MYJBbTUMEAUMHOIO KOHTEHTa, 0€3 OKUIAHUS €ro MmpeaBapu-
TeNbHOM 3arpy3ku. Takoe perieHre OblI0 MPUHATO B CBSI3M C OTpaHUUYEHHEM Ha JOCTYITHYIO NaMsITh.

JInst KOHTPOJIS HaJl TEKYLIUMH ONEPALMIMH, a TAKXKE JUIS PE3EPBHOIO JIOCTYyIa K CUCTEME, B
kayectBe HaacTpoiku Hag RESTful Server’om mpearaercst peaan3oBarhk NpocToe KIMEHTCKOE BeO-
MIPUIIOKEHUE, IPEIOCTABIISIFOIIUI IPOCTON (DYHKIIMOHAT 110 KOHTPOJIIO HaJl CHCTEMOH.

OTnenbHOTo paccCMOTPEHUs TpeOyeT peKOMEHJAlIMOHHBIN CepBUC, PACTIONOKEHHBIA HA MYJlb-
TUMEINITHOM cepBepe. B kauecTBe s/ipa, peKOMEHJaIllMOHHBIHN cepBHC Ucnoiab3yeT Open Source 6u6-
moteky Apache Mahout — GubamoTeka, npeHa3HaYeHHast 17151 MAITMHHOTO O0yYeHHs U UMEIOIast
B CBOEH peanusaiuu ciaeayroniie rpynnbl alropuTMOB, IPUMEHUMBIE K TJAaHHOMY pelleHuo [4]:

1 AnropuTmbl peKOMEHIATeIbHON CUCTEMBI.

Apache Mahout npegocTaBisieT BO3MOKHOCTb UCIIOJIb30BaTh AJITOPUTMBI, I03BOJISIOLIIE OCY-
IIECTBIIATh MOCTPOCHUE PEKOMEHJIATeIbHONW CUCTEMbl Ha OCHOBE KOJUIAOOPAaTUBHOW (pUIbTpaIuu,
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YTO TMO3BOJISIET JOCTATOYHO OBICTPO MOCTPOUTH OOYUEHHYIO MOJIeNIb Ha OCHOBE OOJBIIIOr0 00ObheMa
JAHHBIX O IPEINOYTEHUIX MOJIb30Baresel B chepe mynbTuMenua [5].

8 Aunroputmsl KiaccuuKaIuu.

B pononHeHMM K anropuTMaMm, CBS3aHHBIX C pPEKOMEHIATelIbHBIMH cucteMamu, Apache
Mahout nmpenocraBiseT BO3MOKHOCTb HCIOJB30BaTh aJTOPUTMbI KiIacCU(UKALUU MYIbTUMEIUN-
HOI'0 KOHTEHTA I10 METaJaHHbIM, YTO [103BOJISIET B KOHEYHOM UTOT€, YTOUHUTh PEKOMEHIATEIbHYIO
CUCTEMY U HOCTPOUTH 00y4aeMyl0 MOJeJib, HA OCHOBE MPaBUIbHON KJIACCU(UKALUKA HOBOTO KOH-
TEHTA.

[Tocneanee, HO HE MEHee BaXKHOE, UTO CTOUT PACCMOTPETh B JAHHOM HCCIIEIOBAaHUH, 3TO BO-
npoc HHPOPMALMOHHOM O€30MTaCHOCTH, CBSI3aHHBIH C repeaadeii JaHHbIX. B CBS3M ¢ BO3MOKHOCTBIO
yIpaBiIeHUS yCTPOWCTBAMU U3 CETHU, HEOOXOIUMO OOECIEeYUTh MEXaHU3M, MO3BOJSIOUINI OTHO-
3HaYHO MACHTU(HUIMPOBATH MOJIH30BATENSI, UMEIOLIETO JIOCTYI K JaHHOW cucteme. s peuieHus
9TOM mpoOsIeMbl TIpeaaraeTcst ucnoyib3oBath Token Based Authentication, u B wacTHOCTH bearer-
token. Mexanu3Mm ayTeHTU(UKALNN Yepe3 TOKEHBI TPEKPACHO ce0e 3apeKOMEH I0OBAIT TIPH COBMEIIIC-
HUU B €IMHYIO0 CUCTEMY Pa3IMYHbIX YCTPOUCTB U MPUIIOKEHUH [6], T.K. OH IPEIOCTABISET BO3MOXK-
HOCTb OJIHO3HAYHO UJICHTU(UIIMPOBATH MOJIH30BATENS 10 COBOKYITHOCTH BBEJICHHBIX UM JIAHHBIX U B
JTAJIbHENIIIEM UCII0JIb30BaTh CrEHEPUPOBAHHBIN Ha OIIPEIETICHHOE BpeMs TOKEH, KaK IMOATBEPKACHNE
TOT0, YTO TMOJI30BaTEIh UMEET IIPABO HA OCYIIECTBICHUE ONEPALIUH.

[TogBOIst UTOTH HCCIIEIOBAHUS, XOTEIIOCH OBl OTMETUTB, 4TO cepa loT mmeer oueHs Oosnpime
MEPCIIEKTUBBI, T.K. Bce OOJIbIIIE KPYIMHBIX KOMIIAHUH BBITYCKAIOT CEPbE3HbIC PEIICHHS], 3HAUUTEIBHO
YIPOILAOIINE PEUICHUE TOBCEAHEBHBIX 3a/1a4.

B nannoii pabote ObLIM pacCCMOTPEHBI pa3INYHbIC TEXHOJIOTUU U CPEACTBA, O3BOJIAIOIINE CO-
31ath MmyiabTuMenuitnoe 10T pemenue. Ha ocHoBe TpeboBaHMI K CUCTEME M TOCTABJICHHBIX 3a7a4
ObL1a pazpaboTaHa apXUTEKTypa pelieHus. AHanu3upys TpeOoBaHus K 3a/a4e U MOTy4YeHHOE apXu-
TEKTYPHOE pelIeHNE, ObUIM MOIY4YEHbI CIEAYIOINE PE3YIbTaThI:

Pa3paborana cucrema, cCOCTOSIIAsA U3 TPEX KOMIIOHEHTOB (KIIMEHTCKOE MPUIIOKEHHUE, MYJIbTH-
MEAUMHBIN cepBep, YIPABIAIOLIUE IPUIOKEHUE) B KOTOPOI:

B kauectBe unTepdeiica ans oTnpaBku U 00pabOTKK KOMaH/ B CETH UHTEPHET Hanboee mo/I-
xonsuie okaszanack koHuenuus REST u coorsercrByrommit RESTful Server, B cBsizu ¢ mupokoit
CTEeNeHbI0 YHU(DUKAIIMK JaHHOTO HHTepdeiica.

B xadecTBe NpUHUMAIOLIETO YCTPOUCTBA, MOKET OBITH HCIIOJIB30BAHO JIH000E YCTPOMCTBO, MOI-
JIepKUBAIOIEe BO3MOXKHOCTh MOJKIIOUEHUE K MYJIbTUMEITUHHOMY UHTEpQeicy U CeTH HHTEPHET, HO
HanboJiee MOAXOASAIINM JIJIsi OBICTPON pa3palboTKu sBisgeTcs cMapTdoH Ha 6aze Android.

B kauecTBe spa Ui CO37aHMs CUCTEMBI peKOMEHIAINH ObliIa BIOpaHa OUOIMOTEKA C OTKPHI-
TBIM UCXOJHBIM K01oM Apache Mahout, nMmeroniyro mmupokuii Habop peaTM30BaHHBIX AITOPUTMOB.

Jlumepamypa

[1]. FABS inthe Internet of Thins Era (2013), David Lammers, https://www.eiseverywhere.com/file_up-
loads/27ceb1798b372d92a7fd66726e007473_Applied-2.pdf

[2]. Gartner IT Glossary (2017), Gartner Inc, http://www.gartner.com/it-glossary/internet-of-things

[3]. «Murepret Bemieit — a uro 310?» (2014), Hukomait ITununenxo, https://geektimes.ru/post/149593/

[4]. «Mahout in Action» (2011), Sean Owen, Robin Anil. ISBN 9781935182689, 416 ctp.

[5]. Million Song Dataset (2012), Laboratory for the Recognition and Organization of Speech and Audio,
https://labrosa.ee.columbia.edu/millionsong/
Token Based Authentication Made Easy (2016), https://auth0.com/learn/token-based-authentication-made-

easy

158


https://www.eiseverywhere.com/file_uploads/27ceb1798b372d92a7fd66726e007473_Applied-2.pdf
https://www.eiseverywhere.com/file_uploads/27ceb1798b372d92a7fd66726e007473_Applied-2.pdf
http://www.gartner.com/it-glossary/internet-of-things/
https://geektimes.ru/post/149593/
https://labrosa.ee.columbia.edu/millionsong/
https://auth0.com/learn/token-based-authentication-made-easy/
https://auth0.com/learn/token-based-authentication-made-easy/

Tpemwvs Meaicoynapoonas nayuno-npakmuuecxas kongepenyus «BIG DATA and Advanced Analytics. BIG DATA u ananus evlcoko2o ypogHsy,
Munck, Pecnybauka Benapycw, 3-4 mas 2017 200a

BIG DATA. TPAHC®OPMAILUA MATUCTEPCKUX IPOTPAMM

Al A Al
H.U. Huneuykui A.E. /lewes B.HU. Ko3yo

Hayunwiti pyxosooumens coemecmmoti 3amecmumens oexana no Accucmenm ka-
nabopamopuu BI'VUP-IBA u ALIKT yuebonou pabome paxyv- ¢heopuvl ungopma-
IBM, apxumexmop omoenenus no npo-  mema KOMNbIOMEPHLIX CU- muxu BI'VUP
epammuomy ooecneuenuro IBA IT Park, cmem u cemeu BI'YUP, ma-
ooyenm Kagpeopvl ungopmamuxu 2UCP MEeXHUYECKUX HAYK

BI'VUP, kanouoam ¢puszuxo-mamema-
MUYECKUX HAYK

benopycckuii cocyoapcmeennbiil yHugepcumem uHGopmamuxu u paouodnekmponuxu, Pecnyonuka benapyco
E-mail: ianmenski@gmail.com, leschov@bsuir.by, kozub@bsuir.by

Abstract. This paper describes difficulties which we’ve experienced with training of IT professionals in Big Data
field. 1T skills with top demand on market are also given. Master degree study programs for speciality ‘Big Data Pro-
cessing’ are considered as well as difficulties with training of master degree students in this field. These difficulties are
caused by flexible and rapidly changing requirements for this speciality which can’t be fulfilled by university itself. En-
terprise technologies and solutions can be used in education as a tool for developing necessary skills. Using of these
technologies in master degree study programs is also considered.

1. IIpunyunvt mpancgopmayuu. B nocnennue roap Mup IT (1 HE TOIBKO OH) OBICTPO U3MEHSIETCSI.
JIaHHBIMU SBJISI€TCS BCE TO, YTO MBI BHIMM, CIIBIIIIAM, YTO ITOJTy94aeM OT Pa3IMuHbIX IPUOOPOB U AATIH-
KOB. JTO OIpOMHOE KOJIMYECTBO JAHHBIX, KOTOPhIE TIOXO CTPYKTYPHUPOBAHbI, HAIPUMEpP, TEKCTOBbIE
naHHbIe 13 HTEepHET-UCTOYHHUKOB, (hOTOrpaduu, BHICO3AITUCH, HIICKTPOHHBIC KyPHAITBI, T€OPOCTPaH-
CTBEHHBIE JJTaHHBIE U JIP.

Taxk, 90 % naHHBIX B MUpe OBLTO CO3/aHO B TIOCIIEIHKE /1Ba roja [ 1-6]:

— Ka)XIbli IeHb 0 BCEMY MUpY IpoJaeTcs 2 MiIH. MOOMIIBHBIX YCTPOUCTB;

— 1o ganaeiM GSMA, B 2015 roxy 3adukcupoBano 7,23 Mip1. MOOHIIBHBIX COEAUHEHUH;

— B 2016 roxy 6onee 70 % KIMEHTOB 3aBUCST OT COLIMAIBHBIX CAITOB (OT COBETOB JI0 IOKYIIKH);

— Kk 2020 romy obmras pabouast 3arpy3ka obnaunbix [{O]] Oyner mpubmmxarscs k 90 %, poinb
tpamuimonHsix IO 6yner cokpamarbes 10 8 % (B 2016 romy maHHoe cooTHoIeHHe cocTaBisuio 81 %
1 19 % cooTBETCTBEHHO);

— Kk 2020 roxy Oyner 50 mumapaos loT-ycTpoiicTs, noakmouéHHbIX K HTEpHETY;

— mnponoiwkaercst poct API skoHoMuku, miobanmsHbie mponaxu (E-commerce, M-commerce)
HEYKJIOHHO pacTyT U k 2020 rony npesbicaT 600 MILIIHApAOB J10IAPOB.

ITo nanueM koprioparu |IBM, HaGmoaeTcst 3HaUMTENBHBIN POCT MCHOJIB30BAaHUS OOIIECTBEH-
HbIX cereil. HacTymaer HoBasi mocTHHIYCTpHabHASA 3pa, B KOTopoil IT 3aliMyT mosokeHre KIro4eBoi
OTpaciu B SKOHOMHKE, IMOJJOOHO TOMY KaK TKAaI[KO€ MPOM3BOCTBO 3aHMMaIOo 3Ty poib B XVII-XVIII
BeKax, a MamrHocTpoeHue — B XIX-XX Bekax.

Hanbonee BocTpeboBaHHBIMU HaBbIKamu (crieranbHOCTsIME) B I T Bo BcéM Mupe B 2016 romy mo
naunbiM LinkedIn ssistivrcs cnemyromne (cM. Tadmuiy 1). st mogydeHns JTaHHBIX ObUTO TPOaHATN3H-
posatno 6osnee 330 muutroHoB LinkedIn mpodaiinos [7-8].
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Ta6muma 1. Haubonee BoctpeboBanubie HaBbiku B IT B 2016 rogy

#1 Cloud and Distributed Computing OO61auHBIe BRIYHCIIEHHS U PACIIPeIeIIEHHBIE BEIYUCICHIS
#2 Statistical Analysis and Data Mining CTaTUCTHYECKUI aHAIM3 W WHTEJUICKTYaJbHBIH aHaju3
JIAHHBIX

#3 Web Architecture and Development | Apxurekrypa u pa3paboTka BeO-caliTOB
Framework

#4 Middleware and Integration Software [IpomesxyTounoe u uarerpannontoe I10

#5 User Interface Design Jlu3aiin monp30BaTeabCcKOTro nHTEpdeiica

#6 Network and Information Security CerteBas 1 MH(OpPMAIMOHHAS 6€30IIaCHOCTh

#7 Mobile Development Paspabotka ITO 1t MOOMIBHBIX YCTPOHCTB

#8 Data Presentation [Ipencrarnenne MaHHBIX (BU3YyaTH3aIlns)

#9 SEO/SEM Marketing SEO/SEM mapkeTuHr

#10 Storage Systems and Management CucTeMbl XpaHeHUs! JAaHHBIX M YIIPABICHUE MU

B Ta6:n. 2 npuBeneHa TeHACHIUSA K TPEOYEMBIM CIIEIMAIBHOCTAM Ha ipoTspkennu 2015 u 2016
T'OJIOB.

Tabmuna 2. TenaeHnus K TpeOyeMbIM crielanbHOCTIM Ha npoTspkeHnn 2015 u 2016 rogoB

The hottest Skills of 2015 on LinkedIn Top Skills of 2016 on LinkedIn

Cloud and Distributed Computing Cloud and Distributed Computing

Statistical Analysis and Data Mining Statistical Analysis and Data Mining

Marketing Campaign Management Web Architecture and Development Framework
SEO/SEM Marketing Middleware and Integration Software
Middleware and Integration Software User Interface Design

Mobile Development Network and Information Security

Network and Information Security Mobile Development

Storage Systems and Management Data Presentation

B IT-cdepe nmosBunace HoBas mpobiieMa: agantanys 1 TpaHchopmarms 00pa3oBaTeNIbHBIX MPO-
rpaMM K COBpEMEHHBIM TpeOoBaHUsIM. OCHOBHBIE IPUHIIUITEI TPAHC(OPMALIUN IPOTPaMM:

— MpOrpamMMBl IOJDKHBI OTpaxkarsb TeHieHuH B [T, comgepkarh COBpeMEHHbIH KOHTEHT;

— TIOMOTarh CTYJEHTaM B KapbepPHOM ILIaHE;

— MIPelOCTaBIATh HOBBIE MOAXO/bI K 00pPa30BaHUIO, CBA3aHHBIE C HOBBIMU TEXHOJOTMUECKHMMHU
BO3MO)KHOCTSIMH I10 O0yYEHHUIO.

2. basza ona mpancgopmayuu. TlepBoe Harpasnenue (Ha kaenpe napopmaruku bBI'YUP daxymnn-
teta KCuC) cBsi3ano ¢ obyuenuem cmyoenmos 6 coemecmuotul nabopamopuu bI'YHUP-IBA nnst paboTsl ¢
Big Data. O6yuenue npoBoautcs Ha obnaunoit miatdopme [{OJ] BI'VUP [9-10] u miatdopme IBM
Bluemix [11].

[Tnardopma IO/l BI'YUP oGecnieunBaer cepBucHbie Mozenu laaS u PaaS. OcHoBy naHHO# mat-
(dopMbI cocTaBisoT ABa ceMeiicTBa nmpoaykToB: IBM InfoSphere (InfoSphere Biglnsights u InfoSphere
Streams) u Open Source pemenns: Apache Storm, Apache Spark u ap.

Hogeiinme o6maunbie TexHonoruu |BM u cepsuchbie moaenu tumna PaaS u SaaS minardopmer IBM
Bluemix [11] nucnonp3oBaiuch kKak 0a3uc TS BBITIOIHEHUS MPAKTHYECKUX PadOT CTYACHTaMH.

[TporpaMmsl 17151 00y4eHHs B COBMECTHOM JJAOOPATOPUU CTPOSATCS HA OCHOBE PETYIISIPHO YTOUHS-
fommxcst KypcoB IBM 1 MarepuasioB, MOATOTOBICHHBIX TpenoiaBareNisiMi. Tak, Ha MPOTSHKEHUHN TI0-
CIeTHUX TPEX y4eOHBIX JeT cTyaeHTsl pakynbrera KCuC npoxoaar B 1ab0paTopuy HavyalbHBIN Kype
IBM 1o Big Data u nony4atot cepruduxarst IBM [9].

Bropoe, ocHOBHOE HarpaBieHHe, CBSI3aHO C 0OyueHuem cmyo0enmos 6 mazucmpamype Kaheapbl
MH(POPMATHUKHU 1O crieruaibHOCcTH «O0paboTka 60IbIINX 00BEMOB HHPOPMALIUI.

B 2015 rogy corpyaaukamu BI'YUP Ob11 pazpaboTan oOpa3zoBaTenbHBIA CTaHAAPT Ul BTOPOI
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crynenn obpazoBanus (Maructparypsl) OCBO 1-40 81 04-2015 «O6paboTka 60bIIMX 00HEMOB HH-
(dopmanu», KOTopblii ObUT yTBEpkIeH MuHucTepcTBOM oOpazoBanust Pecryomuku benapyck. Cran-
napT oOsi3aTesieH JJisl MPUMEHEHHsT BO BCEX YUPEXKICHHUSX BbIciiero oopazoBanusi PecryOnuku bena-
PYCh, pealn3yIomx 00pa3oBaTe/ibHbIe IPOrPaMMBbl MarUCTPATYPHL.

B cranngapre npeaycMOTpPEeHbI OucCyuniuHbl 20CyoapcmeeHnvlx komnonenm. «TexHomornyeckas
wiaTgopma 1o YIPaBICHUIO OOJIBITMMU TaHHBIMIDY, «APXUTEKTYPHBIC PEIICHUs Ui 00padOTKH 00JTh-
X 00beMOB HH(MOpMAITUNY, «MOJeH 1 METO bl 00PaOOTKH U aHAIM3a OOJIBIIMX 00bEMOB HH(OpMAa-
LU,

B cootBercTBUmM ¢ maHHBIM cTaHzapToM B 2016 romy pa3paboTaHbl TpH y4eOHBIE MTPOrPaMMBbI
BI'YUP: «Texnonoruueckas miatdopma o yrpasieHHIO OOJIbIIMMHI JaHHBIMIY, «APXUTEKTYpPHBIE pe-
mIeHUs 1711 00paboTKKM 00JbIMX 00BeMOB HH(pOpMaIuny, «MoJie 1 MeToApl 00pabOTKH U aHaIHM3a
60nbIX 006EMOB HH(pOPMAIK» — 1O KOTOpIM B 2016 rogy Hauata HOATOTOBKA MarkCTPOB IO CIELH-
anmpHoCcTH 1-40 81 04 O6paboTka 6ONMBIIMX 00BEMOB HH(POPMALTAN.

OOmiass TeMaTHKa 3THX MPOrPaMM ITO3BOJSIET OXBATUTH OOJBIIMHCTBO acmekToB «OOpabdoTKu
OoubIIMX 00BEMOB TaHHBIX». [Ipu MpoBeeHNN 3aHATHI ObUTH PACCMOTPEHBI TAKKE TEMBI, KakK: YTo Ta-
KO€ «OOJIbIIINE JAHHBIEY», ICTOYHUKU OOJIBIINX JAHHBIX, METOJIBI JOCTYIIA K HUM, IPodiieMa 00paboTKu
OonbIMX O0O0BEMOB JAHHBIX, BBIYMCIHUTEIBHBIE MOJEIA MHOTONOTOYHOW MapauiebHONH OOpabOTKH,
daitnossie cucrembl (HDFS, GPFS, RDD), NoSQL 6a3sr nanubix (tuna Riak, Amazon Dynamo, Redis,
HBase, CouchDB, MongoDB, Infinite Graph, Neo4J), Meronb!l qocTyna v XpaHEHUS TaHHBIX (TIOCKUE
¢aiinsl, JSON, CSV, XML u NoSQL 06a3sl JaHHBIX), TIIATGOPMBL, IPUMEHsIEMbIe 17151 paboThl ¢ 00Ib-
mmmu anHeiME (Open Source, Enterprise Solutions, Cloud Based), 00paboTka JaHHBIX «B TIOKOE», 00-
paboTKa MOTOKA JAHHBIX, APXUTEKTYPHBIE PEIICHHs] CUCTEM BEPTUKAIBHOIO M TOPU30HTAILHOTO Mac-
mTabupoBaHUs, TWIAT(HOPMBI C OTKPBITHIM KOJIOM M PEaTU3YIOIIHE TPOMBIIIICHHBIC PEIICHUS, CPABHU-
TEJILHBIN aHAIN3 APXUTEKTYPHBIX pelleHui aTGopM At 00padoTku O0NIbIINX 00BEMOB TaHHBIX, CH-
CTEMBI 111 00pabOTKH OONIBIINX 00BEMOB JAHHBIX, SI3BIKU MAPAIETBHOTO IPOrPAMMHUPOBAHUS ISl aHA-
JM3a CTPYKTYPUPOBAHHBIX U HECTPYKTYPUPOBAHHBIX JaHHBIX Oosbix 00bEMOB (Pig, Jaql, Hive, SQL,
R), MeTosipI, Cpe/icTBa M aHATMTUYECKUE alITOPUTMBI aHAIN3a CTPYKTYPUPOBAHHBIX M HECTPYKTYPHUPO-
BaHHBIX JIAHHBIX, OMKCATEJIbHAS, TPOTHO3HAS U IUPEKTUBHAS aHATUTHKA, METOJIbl HAXOXKICHUS TaTTep-
HOB ¥ aHOMAJTM, MOJIETIH U METOIbl BU3YAJILHOTO MTPECTABICHHS JAHHBIX, IIPUMEPHI rpadUuecKoi HH-
TeprpeTanuy 60JabINX 00BEMOB HH(OPMALHH.

Tpetbe, HayuHo-uccredosamenvckoe HanpasieHue, CBI3aH0 C UCCIEIOBAHUSIMHI, KOTOPBIE MTPOBO-
JISITCS TIPU HAMMCAHUU IFICCEPTAIUi B MATUCTPATyPE U aCIIUPAHTYPE.

31ech BBITIOHSFOTCS Pa3JIMYHbIe PAOOThI, CBSI3aHHBIE C MCCIIECIOBAHUSIMU METOJIOB M TEXHOJIOTHI
00paboTKM eCTECTBEHHOTO 5i3bIKa U3 MHTEepHET NCTOYHHUKOB, pa3pabOTKON U peanu3anreil pa3InyHbIX
loT-penennii ¢ NCMOIE30BaHNEM O0JIAYHBIX TEXHOJIOTUH W KOTHUTHBHBIX TEXHOJIOTHIA, UCCIICIOBAHUEM
METOJIOB U CPE/ICTB aHATN3a MYJIbTUMEAUHHON UH(pOpMALIMH (B TOM YHCcIe U (POTO), APYTUX METOIOB U
AJITOPUTMOB MAITMHHOTO OOYYEHUS, METOJIOB M CPE/ICTB aHATMTHYSCKHUX PEIICHHH (B TOM YHCIC U B
cdepe TpaHcopTa).

B xauectBe yueOHOI 6a3bl 11l IPOBEACHNUS 3aHATUI TPUMEHSIINCH:

— CO3JaHHBIN BEIYMCIUTENBHBIN KIIACTEP B TOKATBHOM IIeHTpe 00padoTku ganHbix bI'YUP (IO
BI'YUP) ¢ T1O nmst 06paboTky 60NbIIMX 00bEMOB TaHHBIX [9];

— miargopmel Apache Hadoop, Cloudera Hadoop Distribution Platform, Apache Spark, Apache
Storm,;

— ©6a3p1 qansbix Riak KV, Amazon Dynamo, Redis, CouchDB, MongoDB, Infinite Graph, Neo4J;

— miargopmel IBM Biglnsights u IBM InfoSphere Streams;

— obOnaunas miardgopma IBM Bluemix;

— KorHuTuBHbIE cepBucsl IBM Watson.

B Hacrosimee Bpemsi, Hapsiay ¢ y)Ke CYIIECTBYIOIIEH 0a30id, Isi OpraHU3aIliK U TPOBEICHUS 3aHS-
THI TpeOYIOTCS UHOYCmpuUaibHble MexHoI02UU, TaK KaK PelnTh MpolsieMy aJanTaluy U Tpanchopma-
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UM 00pa3oBaTeNbHBIX TporpamMm B cdepe |T kK coBpeMeHHBIM TpeOOBaHUSIM UHIYCTPHH CHJIAMH YHU-
BEPCUTETOB HEBO3MOXKHO.

WunyctpualibHble TEXHOJIOTMM B 00pa3oBaHMM Ui (HOPMHPOBAHUSI HEOOXOIUMBIX HABBIKOB
JIOJDKHBI 00€CTIeYrBAaTh:

— JIOCTYII K TEXHOJIOTHSIM U PELICHUSM BeIyIX MUPOBLIX JHepoB B [T, mpenocrapistonmx kak
Open Source, Tak u Enterprise pemieHus;

— CBOOOIHBIN AOCTYII AJIs1 YHUBEPCUTETOB;

— MHCHOJIb30BaHUE 00JIAUHBIX PECYPCOB ISl BBIIOIHEHUS IPAKTUUECKUX U JIAOOPAaTOPHBIX PadOT.

B kadecTBe pecypcoB MOTYT OBITh UCIIOJIB30BaHbI Pa3IMYHbIC (KaK IUIaTHBIE, TaK U OECIIaTHBIC)
Hutepuer pecypcesl. Harmpumep, Ha caiite IMS GLOBAL Learning Consortium [ 12] npezsaratorest pas-
HooOpasubie cepruduipoBannbie Kypesl (IMS Certified Product Directory), LinkedIn na cBoem caiite
[13] npemyiaraer MHOXKeCTBO KypcoB aiist I T-cnenmanucros.

Ha LinkedIn st ka)kmoii crienuaibHOCTH MPEAIaraloTcs Kypehl M OTKPBIThIE pabourie BaKaHCHH,
tak s Cloud and Distributed Computing moctymasl kypesl Cloud Computing, Big Data, Hadoop,
Amazon Web Services, a ans Statistical Analysis and Data Mining — kypcbl R, SPSS, Data Analysis.
Kypcbl, kak paBuio, 1miaTHbIE.

Mupossle muaeps! uHAycTpus IT Takke npeanararoT pa3anyHble IPOrpaMMBl 1j1sl 00yYeHusI.

Vixe pmurensHoe BpeMs BI'YUP mnogoTBopHO cotpynnnyaer ¢ komnanusmu IBM u IBA Group.

B 2008 romxy Oputa co3naHa HaydHast yaeOHO-TIPOM3BOACTBEHHAs 1aboparopust «HpopmarmoH-
HbIX TexHonoruit» kadenpsl Mupopmaruku BI'YUP u CII 3A0 «MexayHapoIHbIi JeTI0BON aIbsHC
(IBA Group). barogaps ycrienisoi peanmzanun yaeOHO-UCCIeI0BaTeNbcKux mpoekToB B 2011 roay B
BI'VUP xopnopanus IBM otpsbiina nepssiii B PecriyOnrke AkageMudeckuil IEHTP KOMITETEHIIUH TEXHO-
noruii IBM Ha 6a3e coBmectHo# nabopatopun BI'YUP u rpynmer komnanuii IBA.

Kadenpa Undopmaruxu BI'YUP u dpakynsrer KCuC corpynanuarot ¢ kopriopauueit IBM o npo-
rpamme IBM Academic Initiative, yTo mo3BossieT moaydars OECIIaTHYIO TOAAEPKKY MO y4eOHbIM Ma-
TepUajiaM ¥ MPOrpaMMHBIM cpesicTBaM [ 14].

Kopmopanus IBM npeanaraer u odecriedynBaeT akTyaibHbIe HHAYCTPUATIbHBIE TEXHOJIOTHUH B 00-
pazoBaHuU A5l HOPMUPOBAHUS HEOOXOJMMBIX HABBIKOB Y 00Y4aeMbIX, UTO [TO3BOJISIET 00ECIICUUTD afarl-
TalUIO ¥ TpaHC(HOPMAIHIO YUEOHBIX MATEPHAIOB (JIEKIIMOHHBIX, TPAKTUYECKHX ) TSI MAaTUCTEPCKHX TIPO-
rpamMM K COBPEMEHHBIM yCIOBHSIM.

CotpynaudectBo BI'YUP ¢ kopniopanueit IBM B 06pa3oBarenbHOIT 0071aCTH MO3BOJISET MPEToia-
BaTeJIsIM M CTYIEHTaM T0JIb30BaThCs OECIIaTHO TAKUMHU pecypcamu, kak: IBM Academic Initiative, IBM
Bluemix, IBM Watson, IBM Big Data University, Obnaunsiii yauepcurer IBM Watson RCIS [15].

ITo mporpamme Academic Initiative komnanust IBM npennaraer pazHooOpasue TeMaTHueCKUX
y4eOHBIX MaTepHAIOB KaK B BHJIE CTaTel M KHUT, TaK M B BUJIE On-line 3aHSTHI U BHJICOMAaTEPHAIIOB HA
You Tube, Hanpumep:

— (Case management educator guide;

— Cloud and Big Data educator guide;

— Cognitive computing educator guide;

— DevOps Services educator guide;

— Enterprise computing educator guide;

— IBM Bluemix™ educator guide;

— Internet of Things educator guide;

— MobileFirst educator guide;

— NoSQL DBaaS with IBM Bluemix educator guide;

— Security educator guide;

— Watson Analytics educator guide;

— Watson Services on Bluemix educator guide.

Pa3zHooOpasue marepuanoB MPU3BaHO MOMOYb PA3IUYHBIM KAaTErOpHsIM MOJb30BaTeNeld HalTh
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MTOJIXOISIINHN CITOCO0 MOTyUeHUs 3HAHUH.

[Mporpamma IBM Academic Initiative mpemiaraer He TOIBKO KYpPCHI JUIs TIPENO/IaBaTesei U CTy-
JICHTOB, HO TaK)Ke OTKPBIThIE paboune BakaHCUU U TPEOOBAHUS K HUM.

[Tporpamma IBM Big Data University npenaraer pa3HooOpa3Hbie MHOTOYPOBHEBBIE KYpChI, IOCIIC
YCIIEIIHOTO W3Y4EHHS KOTOPBIX MPUCBAUBACTCS AIIEKTPOHHBINA 03K TPEX ypOBHEH B 3aBUCUMOCTH OT
CIIOXKHOCTH Kypca.

Obnaunwiii ynusepcumem IBM Watson RCIS 6b11 co3nan cotpyaaukamu kommnanuu |BM Mocksa
C LETIbIO TIOAJICPKKH CTYIEHTOB B BBIMOJHEHHH UMH PA3IMYHBIX 33/IaHUH B TIpoIiecce 00ydeHHUSI.

O6naunsnii yausepeutet IBM Watson RCIS — 3to BupTyaibHbIi pecypc, HCHOIb3YOIIUI HHCTPY-
MeHTBI Komnanuu |IBM, a Takxke IpOIayKThI ¢ OTKPBITBIM KOJIOM, JUIS TOAZEPXKKH CTYICHTOB BY30B B
BBINTOJTHEHUU UMH YU4€OHBIX 3a/IaHHM, BBITYCKHBIX PaOOT U HCCIEN0BATENbCKUX [IPOEKTOB, COJCPIKaHIE
KOTOPBIX CBS3aHO C CO3/IaHUEM BEO-TIPUIIOKEHUI U CEPBUCOB. Y YaCTHUKAMHU SIBIISIIOTCS MPETIOaBaTeNn
YHHUBEPCUTETOB U CTYJCHTHI, T0OPOBOJIBHO MPUCOSAUHSIONINECS K COOOIIECTBY, CO3/IaHHOMY B COLIU-
IBHOM CETH

YHUBEPCUTET CO3AACTCA YCUIUSIMU BY30B-OPTraHU3aTOPOB, B YMCIIO KOTOPbIX BXouAT MITY um.
baymana, BLLD, BI'VUP, Yuusepcumem «/{yonax.

OCHOBHBIMH TIEJISIMHU TIPOEKTA SBIISIOTCS:

— co3[IaHue U OOHOBIIEHHE YHUBEPCUTETCKUX KYpCOB IO HH()OPMAITMOHHBIM TEXHOIOTUSIM;

— pa3paboTKa M COBEPIICHCTBOBAHUE MIA0JIOHOB KYPCOB M CEMHHAPCKHX 3aHSATHH, CO3[aBAMBIX
Ha OCHOBE COITMAIBHBIX HHCTPYMEHTOB;

— COBEpILICHCTBOBAHHE M AKKYMYIMPOBAaHHE 3HAHWI, METONUK U M300pETaTeibCKUX MOIXOI0B
JUISL pa3pabOTKH BEO-NPUIOKEHHI W OONAYHBIX CEPBUCOB; B TOM YHCIE METOIOB BH3YaJbHOTO
MIPOCKTHPOBAHMUS;

— OBICTPOE MPOTOTHITMPOBAHNE KOMMEPUECKUX PEIICHU JJIs 3aKa3YHUKOB;

— CO3JaHHe CMOTPOBOMW TUIOLIAJIKU JIJIsl IPUBJICUEHHS TOTCHIUAIBHBIX KJIMEHTOB M 3aKAa3YHMKOB
MIPOEKTOB, pazMelieHue pemnrenuii Ha IBM Marketplace.

3. Hasvixu, cneyuanbHocms, kapbepa

CotpyanuuectBo ¢ koprnopareit IBM no3somnsier BI'YUP:

— BHEJPHUTh WHIYCTPHAIBHBIE TEXHOJIOTHH B 00pa30BaHHUU Uil (DOPMHUPOBAHUST HEOOXOTMMBIX
HaBBIKOB y CTYJICHTOB,

— o0ecneynTh alanTalyo MaruCTepPCKUX MporpaMM K H3MeHsroIumMes TpedoBanmsiM IT;

— TPEIOCTaBUTh PECYpChI 1Sl 00y4eHHsl B pexxruMe on-line;

— 00ecrne4ynTh BBIOIHEHHE IMPAKTUUECKUX U J1adOpaTopHbIX pabOT ¢ MOMOIIBIO OOJIauHbIX
pecypcoB

B Pecny0nuke benapycs, o ganHbIM caiita dev.by, 3aperucrpupoBano cBbiie Toicsiuu I'T komma-
HUIA, B KOTOPBIX OTKPBITO CBBIIIE TPEXCOT BakaHCHi. Ho 3TH BakaHCHH MaJIo CBSI3aHBI C COBPEMEHHBIMU
TeHAeHIMsIME B obnmactu Big Data.

ITo nannbIM caifta [Tapka Beicokux TexHosorul, B [IBT 3apeructpuposano 165 komnanuii, Koto-
pble Takxke HykaaroTed B IT crenmanucrax.

Hawnbornee rnepcrieKTHBHBIME HAIPaBJICHUSIMU B HACTOSIIEE BPEMS M HETAIEKOM OYIyIIeM SIBIIsI-
FOTCS: KOTHUTHUBHBIE CHCTEMBI, TPUIIOXKEHHs U cepBHChI, aHauTrka (Watson) + 10T (Internet of Things)
— WurepHer Bemieil kak cerb B3ammosmeiicteuss M2M (Machine-to-Machine) mossossier co3nath
0e3.110/JTHOE TPOU3BOICTBO, IPUMEHEHHE OECITMIIOTHBIX MAIllMH ¥ pOOOTOB B apMUM M Ha TIPOU3BO/ICTBE,
«PazymMHBIE» TOMa M TOPOIa, BUPTyaJIbHBIE TII00ATBLHBIE OpraHU3aIiy, Mara3uHbl 0€3 TOBApOB, JIOTH-
CTHUYECKHE NPEIPHUATHS 0€3 TIOIBIKHOTO cocTaBa U T.1. (A. Copoxun, IBM Bocmounas Eepona\ A3us).

Kommnanust IBM npejiaraer myTh KapbepHOTO POCTa Y€pe3 COBEPILICHCTBOBAHNE HABBIKOB U CIIe-
yanu3ayy 3HaHuil. TpeOGoBaHus 171 3aHATHS BAKAHCUH HE MPOCTHIE U IOBOJIBHO BBICOKHUE, HO U Tpe/I-
JIO)KEHHS TOYKE BBICOKHE.

Ha caiite LinkedIn moxHo Haiitu okono 1300 npemiokenuii o HaiiMe Ha paOoTy Juis HanboIee
BoctpeboBanHo# crieransrocT Cloud and Distributed Computing.
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OHEHKA 3®PEKTHUBHOCTH AJI'OPUTMOB CET'MEHTALIUA
N30BPA’KEHUU TUCTAHIOUOHHOT'O 30HAUPOBAHMUSA 3EMJIN B
YCJIOBUAX OTPAHUYEHHOI'O BPEMEHU OBPABOTKHA

M.B. Kozax O.M. Anvmusnxu B.1O. I]eemkos
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kayui BI'VUP kommyHukayuti BI'VUP BI'VUP, ookmop mexuuyeckux

HAyK, OOYeHm

Benopyccruii cocyoapcmeenublil yHugepcumem uHpopmamuxu u paouosiekmponuku, Pecnyonuxa benapyco
E-mail: maryiakazak@gmail.com, vtsvet@bsuir.by, almiahi86@yahoo.by

Abstract. Presented an evaluation for the efficiency of segmentation algorithms for images of earth remote sensing
in conditions of limited processing time.

Beeoenue. CermenTanust u300pa>keHUH sIBISIETCA OJHOM U3 HauOoJee CII0KHO peann3yeMbIX B
peanbHOM BpeMeHu oneparuii. 3BecTHbie MeTonbl cermenTanuu [1, 2, 3, 4, 5, 6], ocHOBaHHBIE Ha
pa3JeNieHny U CIUSHUM 00JIacTel, BhIpallBaHUN 00JacTei, Bolopasiesie, aHalu3e THCTOTpaMM, K
TOMY JK€ IIJIOXO pacnapajuleIuBaloTCsa U TpeOYyI0T MHOTO onlepaTuBHOM namsaTu. [1pu 3Tom Bo MHOTMX
3aJla4ax JOMYyCTUMO CHUKEHHE TOYHOCTU CErMEHTAluu (ToTeps AeTaiei, UMEIOIIUX pa3Mep MeHee
3aJIaHHOT0) /1JIs TIOBBIILIEHUS €€ CKOPOCTH U CHUKEHUs TpeboBaHUl K 00beMy namsaru. Llensio pa-
00THI sIBIIsIETCS OLleHKA 3(PPEKTUBHOCTH aNTOPUTMOB CerMeHTaluu n3odpaxenuit 133 (nucranuu-
OHHOT'O 30H/IMPOBaHMSI 3eMJIN) B YCIOBUSIX OTPAHUUEHHOTO BpEMEHU 00pabOTKH.

Hannblie /133, HakaruiuBaeMble B IEHTpax 00pabOTKH, UMEIOT 3HAUUTEIbHBIE 00BEMBI, UTO 00Y-
CIIOBJIEHO HEBO3MOXKHOCTBIO UX CXATHsI C MOTEPAMHU JUIsl MOCienyomeid o0paboTKku, pocTOM Ipo-
CTPAHCTBEHHOTO M CIIEKTPAILHOIO Pa3pelieHus] CheMOYHOM almapaTyphl JeTaTeNbHbIX annaparos.
Jlst ioBeItieHust 3P GEeKTUBHOCTH 00padoTKU O0IbIMX 00beMOB AaHHBIX J[33 (yckopeHwue mpoiie-
Jyp TOUCKA, COBMEIIEHHS U T.J.) MOXET MCIOJIb30BaThCS UX MPEABAPUTEIbHAS MMapaMeTpu3alus,
HampuMep MOUCK XapaKTEPHBIX TOUEK (PErnepoB), C MOMOIBIO KOTOPHIX BO3MOKHBI MOCIIENYIONIAs
UACHTU(UKALMS U COBMEIIEHNE n300pakeHni. Takue TOUKN pacroiararorcs OKOJIO U3JI0MOB KOH-
TYPHBIX JIUHUHN n300pakeHuil. KOHTypHBIE TMHUU caMu 1O ce0e TakyKe MPEACTaBISI0T co00i 00b-
€KThl UACHTHU(PHUKAIIUU U MOTYT UCIOJB30BaThCs KaK JUIsl COBMEIICHUs (PparMeHTOB Tak U AJis TO-
UCKa, KIaccu(UKaUKM U pacro3HaBaHusl 00bekToB n3o0paxenuit /133. [IpenBapurenbHas cerMeH-
Tanus n3o0pakenuit /33 mo3BomseT BBACTATh HA HUX MPEUMYIIECTBEHHO 3aMKHYThIe KOHTYPHbBIE
JIUHUHU, YTO MOKET OBITh UCIIOIB30BAHO ISl TOBBIMICHUS 3()(PEKTUBHOCTH MOMCKA, KIACCU(DUKAITUN
U pacro3HaBaHus 00bekTOB. O/IHAKO, CErMEHTALUs SIBJISAETCS Haubosiee BRIYMCIUTEIBHO CIOKHON
orepareil, Tpedyromieil 3HaYNTeTbHOTO BPEMEHU U ONIEPATUBHOM MaMSTH JJIS BBIYMCIEHUHN U Xpa-
HEHUSI CETMEHTHPOBAHHBIX U300paKeHH (BpeMs BBIUMCICHUNH U eMKOCTh AMSTH PAcTyT C YBEIH-
YeHHEM 4Hcia cerMeHToB). Kpome Toro, ¢ pocToM MpoCTpaHCTBEHHOIO pa3pelieHns n300pakeHnui
MOBBIIIACTCS UX JETaTN3aIisl, 00BEKThI H300paKEHUI CTAHOBATCS TEKCTYPHBIMU U, KaK CIEACTBHE,
BO3pACTAET YUCIIO BbIAEIAEMBIX HA HUX CETMEHTOB. /|15l ynpaBieHus YucioM cerMeHToB B [ 7] npea-
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JIO’KEHBI AITOPUTMBI, HCIIONB3YIOIIIE IPOPEKUBAHKE NMUKCeNel n300pakeHns: Ha OCHOBE KBaJpoce-
TOK TIHKCEJIeH M MpeIBApUTEIIbHOE KBAHTOBAHHE M300paKCHUI C MEepeMEeHHBIM moporoM. Kpome
TOTO, JUIsl CHH>KEHUS BIUSHUS TEKCTYPHOTO XapakTepa o0iacTel Ha YHCIIO BBIJENIIEMbIX CETMEHTOB
MOYET UCIOJIb30BATHCS MPEABAPUTEIbHAS HU3KOUACTOTHAS (DUIBTpAIM U300pasKeHHIA.

B kauectBe TecToBOM 0a3bl A5 OLEHKH 3((HEKTUBHOCTH aJITOPUTMOB CETMEHTAIH UCIIOJIB30-
BaHbI parMeHTsl n300pakenuit /133, mpuBeneHHbpie Ha pUCyHKe 1.

B kauecTtBe kputepueB 3PPEKTUBHOCTH aITOPUTMOB CETMEHTAIIMM PACCMATPUBAIOTCS BpeMsl
CerMEHTAlLlMH, YHCIO BBIACICHHBIX HAa M300paKCHUU CErMEHTOB, CPEIHEKBapaTHUECKash OINOKa
MSEr BoccTaHOBieHHS U300pa)KEHUS MOCIE CErMEHTALMU C UCIIOJIb30BAHUEM CPETHUX 3HAYCHHM
SIPKOCTEU CETMEHTOB.

Puc. 1. TecroBsie nzobpaxenus: a — usoopaxkenue «lopoa»; 6 — nzobpaxkenue «Jlecy; B — nzobpa-
)kenue «Ctenby; T — n3o0paxkenue « opb»

Oyenxa s¢hghexmusnocmu ancopummos ceemenmayuu uzoopadxcenuti /{33 6 ycnosusax oepanu-
yeHHo20 epemeHu obpabomku. VI3BeCTHBIE alrOPUTMBI CErMEHTAIIMH, OCHOBAHHBIC HA aHAJIN3E TH-
CTOTpaMM, pa3JIeJICHUH U CIUSHUU OOJacTel, BhIpallMBaHUN o0JacTel He MpeaycMaTpuBaloT BO3-
MO>KHOCTH TIPEpBIBaHUS MpoIiecca 00padOTKH U3-3a OTpaHUYCHHsI BpeMEeHH BhruuciieHui. [ToaTomy
WX OCTAaHOBKA TMPHUBOIUT K YaCTUYHON CETMEHTAIIMH N300pa)KeHNUs, KOT/Ia YaCTh N300paKeHUSI TTOJI-
HOCTBIO MJIM YaCTUYHO CErMEHTHPOBAHA, a 4acTh BooOIIe He oOpabaTeiBanack. Takoii pe3ynbTaT He
MOET OBITh MCIIOJIB30BaH /IS TIOUCKA WM UIACHTHU(UKAITUN 00beKTOB n300pakenuii /33 ¢ 3aman-
HOM TOYHOCTBIO.

Jlnst anroputMoB aByxmnoporosoro (2Th) u rucrorpammuoro (HTh) kBaHTOBaHMS Ha pUCYHKAX
2 — 9 pUBEICHBI 3aBUCUMOCTH YHCJIa CETMEHTOB U CPEIHEKBAAPATUUECKON OMIMOKH BOCCTAHOBIIE-
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HUSI TECTOBBIX M300pa)KeHUIl MOCIIe CerMEHTAIlMH OT BPEMEHH CETMEHTALNH UI U3BECTHBIX ajro-
PUTMOB CErMEHTAIMK Ha OCHOBE BbIpamiiBanus obnactelr (RG), 0:104HOrO BOJHOBOTO BBIPAIIHMBA-

HUS 00J1acTel n300pakeHHs Ha OCHOBE KBapoceTok nukcenel (y3moBbix — NcWRG u critomHbix —
NNnWRG).

Puc. 2. 3aBUcUMOCTH 4KciIa CETMEHTOB TECTOBBIX M300paKEHUM OT BpEMEHU CErMEHTAIU: a — [IPU
JIBYXIIOPOTOBOM KBAHTOBAaHUU, O — IPU TUCTOrPaMMHOM KBaHTOBAaHUH M300paxkeHus «l opoma»

T e
WHG

VARG :
. 1 | SE— . !“ .....................................

Puc. 3. 3aBucumocTu cpeTHEKBaIpaTHIECKON OUIMOKHN TECTOBBIX N300paKEHUI OT BPEMEHH
CEerMEHTALMU: a — IIPH JIBYXIIOPOTOBOM KBAaHTOBAHUH, O — IPU THCTOIPAMMHOM KBaHTOBAaHUH
n3oopaxenust «l'opon»

[APETY 2%l
NWRG o

BCWHL. .
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Puc. 4. 3aBUCMMOCTH YKCIIa CETMEHTOB TECTOBBIX M300paKEHNUH OT BPEMEHHM CETMEHTAIINH: a — IPU
JIBYXIIOPOTOBOM KBaHTOBAaHUM, O — IPU TUCTOTPAMMHOM KBaHTOBAaHUH M300paxkeHus «Jlecy

250 Jobma- - HoWRG -

E

Puc. 5. 3aBucuMocTH CpeHEKBaIPATHUECKON OMIMOKH TECTOBBIX N300paKEHUI OT BpEMEHHU
CETMEHTAIINU: a — IPHU JIBYXIIOPOTOBOM KBaHTOBAHUH, O — TP TUCTOTPAMMHOM KBAaHTOBAHUH
n3zoopaxenus «Jlec»

Puc. 6. 3aBucuMocTH 4ncIa CETMEHTOB TECTOBBIX U300PaKEHUI OT BpEMEHU CETMEHTAIUU: a — [IPU
JIBYXITIOPOTOBOM KBaHTOBAaHUH, O — MMPU TUCTOrPAMMHOM KBaHTOBaHUM M300pakeHUs «CTerby»

L] T PR

HOWRG:

=

2

o
o

Puc. 7. 3aBucumMocTH cpeHEeKBaAPATHICCKON OITMOKH TECTOBBIX N300paKEHHI OT BpEMEHHU
CEerMEeHTaIlMU: a — IIPH JIByXIIOPOTOBOM KBAaHTOBAHUHU, O — MPU THCTOTPAMMHOM KBaHTOBaHHUU
n3o0pakeHus «CTenby»
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—Time

Puc. 8. 3aBucUMOCTH UnciIa CETMEHTOB TECTOBBIX M300paKEHUI OT BPEMEHU CETMEHTALMU: a — IIPU
JIBYXIIOPOTOBOM KBAaHTOBAaHUM, O — IPU T’MCTOrPaMMHOM KBaHTOBAaHMM M300pakeHUs «l opb»

i -]

a ]

Puc. 9. 3aBucUMOCTH cpeHEKBaAPATHUECKON OMIMOKH TECTOBBIX H300pPaKEHUN OT BPEMEHHU
CEerMEHTAIUU: a — MPU JBYXITOPOTOBOM KBAaHTOBAHHH, O — MPU TUCTOTPAMMHOM KBAaHTOBAaHUU
n3o00paxenust « opbI»

3axrwouenue. Takum 00pa3oM, SKCIIEPUMEHTHI JUIsl pa3JIMYHBIX TUITOB U300paxkeHuit /133 moka-
3BIBAIOT, UTO B YCJIOBUAX OTPAaHUYCHHOTO BPEMEHU CETMEHTAIIMH AITOPUTMBI OIIOUHOTO BOJHOBOTO
BBIpAIIMBaHUs 00JIacTel N300payKEHUsI Ha OCHOBE KBAIPOCETOK MUKCeNeh 2 dhekTuBHEee 6a30BOTO ajl-
ropuTMa BhIpaliuBanus obnacreit B 1,8 u 2,8 pa3 mo BpeMeHU MpH ABYXIOPOTOBOM U TUCTOTPAMM-
HOM KBaHTOBAHHH COOTBETCTBEHHO.
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YYEBHO-UCCJIEJOBATEJIBCKAA CUCTEMA OBPABOTKH
BOJIBIINX JTAHHBIX

A

-

A.HU. [lemuouyk JLIO. Ilepues
3aseoyrowuii nabopamopueti  Accucmenm xagedpwl kageo-  3asedyrowuti kagedpoii nex-
8bICOKONPOU3BOOUMEbHBIX POU S1eKMPOHHBIX GbIYUCTIU- MPOHHBIX GLIYUCTIUMENbHBIX
gvruucaenunl bI'VUP menvHuix mawun BT'YHP mawur BI'YUP, kanouoam

MEeXHU4YeCKUx Hayk, doueHm

benopycckuii 2ocydapcmeenblii yHugepcumem ungopmamuxu u paouosnekmponuxu, Pecnyonuxa benapyco
E-mail: samal@bsuir.by.

Abstract. Educational and research system to merge different frameworks to common interface is introduced. The
description of class diagram is provided to apply for this purpose.

Ha ceromusmHuii 1eHp CyIIECTBYET OTPOMHOE YHCJIO MPOEKTOB IO aHAIM3Yy U 00pabdoTKe B
o6mactu Big Data (TensorFlow[1], Theano[2], MuHokecTBO mipoekToB Ha Python, C++), kaxaslii u3
KOTOPBIX UMEET CBOM ILTIOCH M MUHYCHI. Hanpumep, peanusanuu Ha Python He nmoanepxuBatoT pa-
00Ty ¢ TpaduYecKUM MPOILIECCOPOM, HO BKITIOYAIOT OOJIBIIOE YHCIIO YK€ TOTOBBIX K MCIIOIb30BAHHUIO
anroput™oB. [IpoekTsr TensorFlow[1], Theano[2] Ha06OPOT BKIIOYAIOT OTPAHUUYCHHOE YHCIIO YIKE
TOTOBBIX aJITOPUTMOB, HO MIPEIOCTABIISIFOT UHTEPQEC 1151 aBTOPCKUX pa3pabOTOK, KpOME TOTO, IO~
JepkuBaeTcsi o0paboTka BerunucieHuii Ha GPU.

enbro paboThI, MPOBOAMMOM B paMKax Hay4HO-HUCCIEA0BATENIbCKOM Tabopatopun B BI'YUP,
ABJIsieTCA pa3paboTka yueOHO-HCClIeI0BATENbCKOM CUCTEMBI, TO3BOJISIOIEN YHU(DULIMPOBATh HHTEP-
deiic mocTyna K aqropuTMaM aHaNW3a JAHHBIX, MPEJOCTAaBUTh BO3MOXKHOCTh JHHAMHUYECKOTO TIO-
CTPOEHUS 1IETIOUYKH BBI30BOB 00pabOTUMKOB, cOOpa U aHajIM3a CTATUCTUKU MCTIOJIHEHHS.

OO6muii BUJ mporpaMMHO-annapaTHON maaTgopMbl UCIIOIHEHUS, IPEACTABIIEH Ha pUCYHKeE 1.

B kagecTBe KJIMeHTa MOXET BBICTYIATh JIF000H MOIB30BaTENb C IEPCOHATIBHBIM KOMIBIOTEPOM
00 HOYTOYKOM. [[71s1 ympoIeHus: opraHu3aluy JOCTyIa MpeanoaraeTcsi pa3padoTka crenuaib-
Horo caiita 6o Eclipse-mnaruna, nossossirorero B yao0Ho#i ¢opme chopmupoBath mocieaoBa-
TEJIEHOCTH OTIEpallni, epeaaTh 3aJaHne Ha KJacTep, NOJYIUTh PE3YJIbTaT U BEPHYTH PE3yibTaT KO-
HEYHOMY I10JIb30BaTEIIIO.

Y4eOHO-Hccae10BaTeNbCcKast CHCTEMa BKITFOYAET B Ce0sI CIIeYOIIEe MOTYIIH:

— uHTepdeiic moap30BaTes;

— CEpPBHCHI,

— OubnmoTteka aaropuTMOB.

Knuent yepes caiit B3aumoieiicTByet ¢ moayiieMm «MuaTepdeiic momp3oBarens». Ero ocHoBHOM
3aauell ABISeTCs MOJTy4YeHUe 3aaHus OT MOJIb30BaTeNs U aHAIN3 MOJIyUYeHHBIX JaHHbIX. [Ipu aTOM
KJIMECHT BIIPaBE CaMOCTOSITEIHHO COPMHUPOBATH MOCIEAOBATEIFHOCTh ACUCTBUI M3 JOMyCTUMOTO
Habopa b0 ykaszare 3aa4y, KOTOPYIO TpeOyeTCs! peIInTh.

B cnyuae, eciin monbp30BaTeNb YKa3bIBA€T MOCIEIOBATEIBHOCTD JACHCTBHM, 3a4a4eil MOy
«uHTep(eiic mosb30BaTelNs» ABISETCS MocIeIoBaTeIbHas epejada yrpaBieHHs cepBrCcaM IS Bbl-
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30Ba HEOOXOAMMBIX (PYHKIMH U HOpMHpOBaHUE pe3yabTara. Pe3ynbrar paboThl mepenaeTcs Kiu-
CHTY.

V4aeOHO-HCCTIeN0BATEIbCKAsT CUCTEMA |
Y I

WHaTepdeiic nonp3oBaTens

i

I

I

| I
| I
| I
| I
| I
| CepBucChI CepBucel |
I Y Y |
| I
I bubnuoreka _ P bubnuoreka :
I aJITOPUTMOB " B AJITOPUTMOB

| Y Y |
: NVIDIA Intel Xeon :
| CUDA MPI :
I

- ]

Puc. 1. CtpykTypHas cxema nporpaMMHO-aNmnapaTHoON MIaTGopMbl UCTIOTHEHHS

Ecnu monp3oBarenp ykazan pemaeMyro 3ajaady, HO He chopMyTupoBall ajJrOpUTM peIIeHUs,
3ajaueil Moayiis sABisieTcss (POPMHUPOBAHUE MOCIIEAOBATENBHOCTH JICHCTBUM, IOCIIE Yero cxema pa-
OOTHI IOBTOPSIET MPEIBIYIINN BapUAHT.

Obs3arenbHbIMH TpeOOBaHUAMU K Moayt0 «MHTep(elic mosib30BaTeNs» ABISIOTCS:

— yHu¢wukanus uHTepdeiica Mmomp3oBareNs, T.K. CUCTEMa BKJIIOYAeT B CeOS MHOXECTBO
Pa3IMYHBIX KOMIIOHEHTOB C aJITOPUTMAMU;

— JOJDKHA OBITh BO3MOXKHOCTH JMHAMHMYECKOTO OOHOBIEHHUS MOJJEpKUBAEMOro Habopa
¢byHKIM 1 nHGOpMUpoBaHUE 00 3TOM KiaueHTa. Hanbonee onTrMaabHBIM OJXOJI0M B 3TOM Ciydae
SBJISIETCS IPUMEHEHHE KIMEHT-CEpBEPHON apXUTEKTYphl Ha 0CHOBE Web-TeXHOOTHif;

— TMPENOCTaBICHHUE JIOCTYNa K YK€ TOTOBBIM pEIIEHUSM 3ahad (HarpuMmep, KIIaCTEpHbII
aHaJIM3 JAHHBIX), @ TaKXKe K OTJEJIbHBIM aJIroOpuTMaM, YTOOBI MOJIb30BATENb CAMOCTOSITEILHO MOT
chopMHUpOBaTh MOCIEI0BATEIbHOCTD JEHCTBU.

K orpannuenusimM 111 JTaHHOW MOJIENTA MOYKHO OTHECTH:

— MUHHMMAaJbHBII Ha0Op MOJAEp)KHMBaeMbIX (DYHKIMH Ha Ha4aJgbHOM 3Tame. JTO MO3BOJMUT
IIPOTECTUPOBATh U OTIAUTh CUCTEMY, Pa3paboTaTh ONTUMAIBHYIO CXEMY J10CTYIIa;

— BEpCHS UCHOJb3yEMOI0 MPOTPaMMHOrO OOecleYeHHs, Ha KOTOpOM rapaHTHpyeTCs
paboTOCIIOCOOHOCTh CUCTEMBI;

— uHGOPMHUPOBAHHUE TOJIL30BATEINS O MOJAEPKUBaeMOM Habope (QyHKIMI Mpeanonaraercs
ocyuiecTBIATh 4yepe3 XML-cTpykTypy, nepenasaemyto o TCP nporokouty.

B ocHoBe yuyeOHO-MCCIEA0BATENbCKOM CHCTEMBI PAcIoOiaraeTcs BBHIYMCIUTENbHBIN KilacTep
BI'VUP, umeromuii clienyomyro KOHPUTYPaIUo:

1 BorurcnuTenbHbI 0ok (7 Momynei), KaKIbli U3 KOTOPBIX BKJIIOYAET CIIEAYIOLIUE 3Jie-

MEHTBI:

— oOneiin-croiika: GPU SuperBlade SBI-7127RG;

— ueHTpasbHbIN npoueccop: Intel Xeon E5-2650 (2 wT.);
— O3V: 32 Gb RAM crangapra DDR3;
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— rpaduuecknii mporeccop: NVIDIA Tesla M2075 6 Gb RAM (2 mit.);
— muHa InfiniBand 4x QDR (40Gbps);
— cereBoii koHTposutep: Gigabit Ethernet (2 mT.);
2  ynpaBISIOIMIKN OJIOK, BKIIOYAIOMIMMA CIeTIYIOIINE SJIE€MEHTHI:
— Omiin-crorika: Processor Blade SBI-7126T-S6;
— 1neHTpanbHbIi poueccop: Intel Xeon E5606 (2 mit.);
— 0O3V: 24 Gb RAM cranmapra DDR3;
— okectkuit auck: SSD 80Gb (2 mt.) 1 HDD 300Gb (4 mT.);
— muHa InfiniBand 4x QDR (40Gbps);
— cereBoil kKoHTpoJuiep: 2x Gigabit Ethernet.
OCHOBHBIM MPEUMYIIECTBOM HCIOJIb30BAHNS BBIUMCIUTEIHLHOTO KJIACTepa B KAUeCTBE YCTPOM-
CTBA UCIOJHEHHUS SBIISIOTCS IOCTATOYHBIE BBIYUCIUTEIBHBIE PECYPCHI U TOTO, YTOOBI CIIPABUTHCS
C CEpbE3HOM HArpy3KoOM, B T.4. JUIUTEIHHOM.
3anaueit Moy «CepBUCHD IBISETCS KOHTPOJIb U YIIPaBJIEHUE IIPOLIECCOM UCTIOIHEHUS. JlaH-
HBIE U alITOPUTM JIJIsl UCTIONHEHUS niepenaeTcs moayneM «HTepdelic moap3oBaTens», Mociae ITOro
dbopMupyeTcs 3anmpoc B 6a3y aJIrTOPUTMOB H IIEPEIaeTCs yIIpaBJICHNE, TIOTyYeHHBIA Pe3yabTaT 00pa-
00TKM BO3Bpaliaercs Ha ypoBeHb «HTepdelica momp30BaTems».
IIpenyiaraemasi apXUTEKTypa SBIAETCS YHUBEPCAIBHOM, JIETKO PACIIUPSIEMOM U aJallTUPYyEMOU
MOJ1 33JJaHHBIC YCIIOBUSL.

= profileType
= ADMIN
= SIMPLE_USER P
= PRIORITY_USER

ofileTypes[1]

profileType
userCentexts[1]
H usercontext & Algorithm
o Algerithms: SerialAlgerithm [1..5] addCommand(command :
starctCommandFactory unique omman
E AbstarctC dFacts { } C d)
= framework : Framewaork [1] o commandFactory : Contains_Algorithm delCommand{command :
CreateCommandicriteria 1, ConcreteCommandFactory (11 (8 e 0o oo, 1] algorithmsp] | .. command)
command : Command) (= pivateFsPath : Atribute [1] & execure()
<<use=>
El serialalgorithm  serialalgorithms[1]
=, commandsChain it Atribut
ConcreteCommandFactol ommand [1..*}{unique
a y e 411 N algorithmAttributes
createCommand(description :, & addCommand() atriburesf [ Atribute
command : Command) @ delereCommand()
@ execura() P
concretefCommandFactarys[1] J
.G’BatECnmmand algum‘ m e
concreteCommandFactorys(0.1] = CortainCaramands atriburés[1.%]
- commands(T..*] ~
commandsp.| E Command p
framawork [y commandsyifibutes EinDbData
&3 setDara() g
framewerks[*] % addAttribute()
E Framework P
Commandabstr _omandAbstrs(1] —
= g - E onFsbata
S = framewark : Framework [1] .
<<user>
| i — &
man SLIs]
£l pata
“data
= Frameworkimpl " = InMemeoryData
— = commandimpl dataltzl L
& executel) .

Puc. 2. JIluarpamma KaccoB i peaau3aiuy Y9eOHO-UCCIeA0BaTeIbCKON CHCTEMBI

Ha ocHoBe cTpyKTypHOIi cXeMbl pa3paboTaHa IuarpaMma KjaaccoB (PUCYHOK 2), BKIIFOUAIOIIAs
4 OCHOBHBIX ()YHKITMOHATBHBIX MOIYJIS:
—KOHTEKCT M0JIb30BaTes;
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—MPOMEXYTOUHOE 3BEHO, CBS3bIBAIONIECEe OHONMOTEKY alTOPUTMOB C  KOHTEKCTOM
MI0JIb30BATEIIS;

—MOJYJTb MOJKITI0YaeMOi OMOIMOTEKH aIrOPUTMOB;

—MOJYJIb 3arpy3KN/COXpAaHEHHUS JAHHBIX.

KonTeker monp3oBatens BKIO4YaeT 6a3oBbii kiace UserContext, uepes3 KOTOPBIA OCYIIECTBIIS-
eTCsl B3aMMO/ICHCTBHE T0JIb30BaTes ¢ Oubnuorekoi, u ProfileType, onpenenstomiuii mpasa mosb30-
BaTesl.

[Tpu nHUIMATM3aMKA CUCTEMBI (POPMUPYETCS BCE MHOYKECTBO TIOJJICPIKUBAEMBIX aJITOPUTMOB
yepe3 kiacc ConcreteCommandFactory. 3amayeii JaHHOTO Kilacca sSIBISCTCS:

— (dopmHupoBaHHME  CcTaTHYecKoro crnucka komaHn  Command, — TONIEPKUBAEMBIX
paszpabaTbiBaeMON CHCTEMOM;

— (opmHupoBaHHE CBSI3U C  HEOOXOAMMBIMH  Oubnmorekamu  Framework — yepes
ConcreteCommandFactory.

Kaxnast moakiroyaemMast OnOIHOTEKa MPEACTaBIsIeT COO0H OTIeIbHbIN Kitacc Framework, mos-
BOJISIFOLIMH MOAKIIIOYUTH OMOIMOTEKY, TPOBECTH 0a30Bble HACTPOMKH 0€3 ydacTHsl MOJIb30BATEINs,
MPEIOCTABUTh CITUCOK IMOJCPKUBACMBIX aJITOPUTMOB. Kaskas moakiitouaemasi Ou0imoTeKka Hace-
ayetcst ot Frameworkimpl s crangapTusanuu gocrymna.

[Tpu 3anipoce Ha 00paboTKy naHHbIX yepe3 UserContext BBIMONHSAIOTCS CASIYIOIIUE TCHCTBUS:

— obpamenne k ConcreteCommandFactory nns IOXy4eHHs CChUTOK Ha 00BekThl Command,
HEOOXOIUMBIE JIJIsl UCTIOJTHEHHUSI B COOTBETCTBHHU C YKa3aHUSIMH ITOJIb30BATEIS;

— (opmupoBanme 00bekTa Algorithm, MpeaCTABISMIONIETO COOOM IMOCISI0OBATEILHOCTh KOMAH/T
Command 1ist UICTIOTHEHUS.

ITo mMepe hopMupoBaHHsI CITUCKA KOMaH/ U yKa3aHHsI HEOOXOAMMBIX TTapaMeTPOB Yepe3 Kiacce
Attribute HaunHaeTcs 00paboTKa JaHHBIX U POPMHUPOBAHKE PE3yJIbTATA.

Monysb 3arpy3Ku U coOXpaHeHHUs NaHHbIX Data mpenocrariser yHH(DUIMPOBAHHBIA WHTEp-
deiic nocTymna 1y JOCTYyNa K Pa3InIHbIM PETIO3UTOPHSIM C TaHHBIMHU. B KauecTBe MCTOYHUKOB J1aH-
HBIX MPEIOJIAraloTCs:

— 0aza mansbix (knacc InDbData);

— ¢aiin Ha )xecTKOM aucke (kmace OnFsData);

— O3Y (xnacc InMemoryData).

[IpencraBnenHas yaeOHO-MCCIEIOBATEIbCKAsI CUCTEMA SIBIISIETCS YHUBEPCAIBHOM, JIETKO pac-
IUPAEMOI U aJanTHPYyEeMOH 10T HEOOXOAUMbIE YCIOBUS PaOOTHI.

Jlumepamypa
[1]. TensorFlow [Electronic resource]. — Mode of access: https://www.tensorflow.org/. — Date of access:
01.03.2017.
[2]. Theano [Electronic resource]. — Mode of access: http://deeplearning.net/software/theano/. — Date of
access: 01.03.2017.
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MOAYJIb TIOJNYYEHUA JAHHBIX U3 BHEHTHUX OTKPBITBIX
NCTOYHUKOB

|

M.B. Cmeporcanos .H. Poyckos B.IO. Ilpecnuaukuii

Accucmenm xagheopwi Cmyoenm kagedpol Cmyoenm kagedpol
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Benopyccruii cocyoapcmeenuniil ynusepcumem ungopmamuku u paouodiekmporuxu, Pecnybnuxa benapyce
E-mail: sterjanov@bsuir.by, rdimon2912@gmail.com, presniatski@gmail.com, dpavluha@gmail.com, alex-
andervirk@gmail.com

Abstract. Web-crawlers (also known as robots or scrapers) enable the process by following the hyperlinks in web
pages to automatically download a fractional snapshot of the web site. This paper describes developed web crawler named
MMScraper aimed to process informational web resources for further getting statistical properties and performing data
analytics.

B Hacrosimee Bpemst B CBsI3H ¢ OypHBIM pa3BUTHEM ceTd MIHTepHET HabIroaeTcst 00Mme dIeK-
TPOHHOM HECTPYKTYPHUPOBAHHOW MH(OPMAIUH, IPEACTABICHHON TEKCTAMU HAa €CTECTBEHHBIX S3bI-
kax. Bcé€ Oosiee BocTpeOOBAaHHON CTAHOBUTCS 3a/lada aBTOMATUYECKOU 00pabOTKH TaKMX TEKCTOB C
LEJIBIO U3BJICYEHUS CTPYKTYPHUPOBAHHBIX JJAHHBIX, KOTOPBIE 3aTEM UCIIONIB3YOTCS IIPU PEILIEHUH pa3-
JUYHOTO poja mpobiieM: u3BieueHus (PakKTUUECKUX JAHHBIX, MOMCcKa nHpopmanuu u T.11. Hamu pe-
maeTcs 3a1a4a 00paboTKM KOHTEHTa MH(POPMAIIMOHHO-HOBOCTHBIX PECYPCOB C IEJIbIO aHAJIN3A JIEK-
CHKO-TEPMUHOJIOTHUECKOW HHPOPMALINH.

Jnist cOopa TpeOyeMbIX JaHHBIX TPEOYIOTCS CHIeIUaTN3UPOBAHHBIE HHCTPYMEHTBI - IOMCKOBbIE
pOOOTHI, TaK)KE Ha3bIBacMble «BeO-Taykamm» (Web-spider), kpaynepamu (web crawler) nim ckpe0-
kamu (web scraper). [TorckoBbIi poOOT — MPOrpaMMHBIN KOMITJIEKC, OCYLIECTBISIONINNA HABUTALIUIO
1o BeO-pecypcam u cOop uHpopManmu i1 6a3bl TaHHBIX MPUIIOKEHHUsI-arenTa [ 1, 2].

Hamu nnanupyertcs 3HaunTeNnbHast padoTa o 00ciae10BaHuIo psiia MHPOPMAIIMOHHBIX CAallTOB,
4T00BI COOpaTh BEIOOPKY TaHHBIX TpeOyeMOro pazMepa. AHaIN3 UMEIOIINUXCS B CBOOOAHOM JIOCTYIIE
pelieHui moKasail, 4To OTKPBITHIC Pea3aIlii 3apyOeKHBIX BEO-KpayepoB ci1abo mPUCTIOCOOICHBI
K pelraeMoii HaMH1 3ajiaue, Tak Kak TpeOyloT BecbMa TPYIOEMKON HAaCTPOMKH, a IMocie Hee MOKa3bl-
BAIOT HHU3KYIO NMPOU3BOJAUTEIBHOCTD U CYIIECTBEHHO HArpyXarT WH(GOPMAIMOHHBIN HCTOYHHK. B
CBSI3U C 3TUM OBIJIO IPUHSTO pelIeHue pa3padoTaTh COOCTBEHHOE pellIeHHeE.

OnwuimemM OCHOBHBIE TPeOOBaHWsS, B COOTBETCTBHUH C KOTOPBIMH OBUT pa3paboTaH Kpaylep,
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Ha3BaHHbI MMScraper.

— Ilomyyatp B KadecTBE MCXOAHBIX JAHHBIX CIMCOK JIOMEHHBIX HMEH CalToB,
IIpeIHAa3HAYEeHHbIX i1 cKaHupoBaHus. IIpennosnaraercsi, 4To HMMEETCs HEKOTOPOE MHOXXECTBO
3apaHee OIpeeNICHHbIX JJIs UCCIIeI0OBAHUS CAlTOB.

— OOXoauTh KaXKIblii CalliT, HaUMHAas C IIABHOM (MHJEKCHOW) CTpaHUIlbl, IEpEeMELIascCh 110
BHYTPEHHUM TUIIEPCCHIIKAM B 33JJaHHOM MOpsAKe 00X01a «BHAYAJIE BITUPDY.

— Ilonmy4eHHble pe3ynbTaThl COXpaHATh B 0a3y JaHHBIX. IHTEepec npencTaBisfioT cleayromnme
arpuOyThI: aipec CTPAHHULIbl, aBTOP IIyOIMKALMK, JaTa MyOIUKalUU, COIEPKUMOE ITyOIMKalUH.

— Ilo3BonsATh MOMYy4aTh JAaHHBIE C caiiTa yepe3 mporpaMMHbIid uHTEpdeiic APIL.

— Hmertpb pacmmpsieMyro apXUTEKTypy AJIs OCIEAYIOMETo Pa3BUTHS (yHKIIMOHATIBHOCTH.

— JlobGaBneHne HOBOTO caiTa JOJDKHO OBITH MPOCTHIM WU HE TpeOOBaTh NPUBJICYCHUS
KBAJM(HULIUPOBAHHOIO IPOIPAMMHUCTA.

articles
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resource_id: INTEGER NOT NULL [ FK ]

url: VARCHAR(1024) NOT NULL
static_processed: BIT NOT NULL
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created_at: TIMESTAMP
updated_at: TIMESTAMP
resource_id: INTEGER [ FK]

id: INTEGER NOT NULL [PK]

is_text: BIT
posted_weekday: TINYINT

publication_id: INTEGER NOT MULL [ FK ]

timedelta: INTEGER
created_at: TIMESTAMP
updated_at; TIMESTAMP

Puc. 1. Mogenb 0a3nl JaHHBIX

Paboty pa3paboTaHHOrO Kpayjepa MOXXHO ONHUCATh CIEAYIOIIMM 00pa3oM: CKaHHUpPOBaHHE
caiiTa HAYMHAETCS C HAYaJIbHOW CTPAHMIIBI M 3aTe€M POOOT UCIONB3YeT CCHUIKH, pa3MEIICHHBIC Ha
Hell, Ui nepexosa Ha Jipyrue crpanuiibl. Kaxas crpaHuia caiita aHamu3upyeTcs Ha HaJu4uue Tpe-
Oyemoit nHpOpMaIHK, KOTOPast KOUPYETCS B COOTBETCTBYIOIIEE XPAHIIIUIIIE B Cllydae oOHapyxe-
Hus. [Iporecc moBTOpsieTcs 10 TeX Mop, MOKa He Oy1eT MPoaHAIN3UPOBAHO TPeOyeMoe YHCIIO CTpa-
HUII MO0 MTOKa He Oy/IeT MOCTUTHYTA HeKast 11eyib. Moy b TOTydeHUs JaHHBIX pa3paboTaH Ha sS3bIKe
nporpaMMupoBaHusi Ruby 1 coCTOUT U3 TpeX OCHOBHBIX YacTeil: OJOK CKaHUPOBAaHUS U 00PaOOTKU
JAaHHBIX, OJIOK yIIpaBJIeHUs KpaysiepoM (KOMaH/bl BBOJSATCS Yepe3 KOHCOIb) U 0aza naHHbIX. CoOu-
paemasi po60TOM MH(OpPMAITHS COCTOUT U3 CCHIIIOYHOM CTPYKTYpHI 00padaThIBa€MOro pecypca u Beo-
cTpanull. B xauecTBe OCHOBHI 17151 Oa3bl MaHHBIX ObuTa BeIOpaHa OecruiatHas CYBJ] MySQL. Jlns
yrpoineHus B3aumoeiictus ¢ b/l Hamu ucnonb3yercs oubmmoreka Sequel, mosBounstomas npen-
CTaBIISITH TAHHBIE B BUJIE OOBEKTOB.

PaccmoTpuM cxemy 6a3bl JaHHBIX, COJEPKAIIYIO MTOTYYSCHHYIO HH(DOpMAIHIO.
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Tabnuiia resources omnuchiBaeT BeO-CaliThl, KOTOPBIE MOIEkKAT KpayauHry. Atpuoyr module
cOo00IIaeT Kakoi mabIoH OTBEYAeT 3a pa300p MOJIYICHHON CTPaHUIIBI M BBIACICHUS TOJIeH, He00X0-
JTUMBIX 1151 coxpanenus B b/1.

Tabnuna articles coaepHUT CChUTKA HA CTPAHHIIBI CaiiTa, KOTOPBIC MOJICKAT CKAYMBAHUIO.
Ta6muia publications npencrasisiet nHMOPMAIUIO, TOTYICHHYIO TyTEM pa3dopa 1EeIEBbIX CTPAHHMIL
caiita. Kak BUJIHO HX CXE€MBbI JaHHBIX, MBI XpPAHUM 3aroJIOBOK, aHHOTAIIMIO U TEKCTOBOE COJIEPKaHUE
nokymeHTa. Kaxxaas myOmKaius NpuHaJICKAT KaTeropyuu (Tadauia categories), UMEeT KIIFOYCBBIC
cioBa (tabsimna keywords), u HanMcaHa OJHUM WM HECKOJIBKUMU aBTopamu (Tadnwuia authors). [To-
MHMO 3TOTO, MBI ITOJICYUTHIBAEM YHCIO U300PAKEHHIA, BUICO U CCHUIOK, COACPIKAIIMXCS HA CTpa-
HUIIE.

B pabote nmpuBOAMTCS ONTMCAaHWE OCHOBHBIX TPEOOBAaHUH, OOIIEH apXUTEKTYphl U KOH(pHUTYpa-
uu Kpaynepa MMScraper, mpeTHa3HAYEHHOTO /ISl PEIICHUS IOCTATOYHO Y3KOH, HO BAXKHOU 3a1a4H,
a IMEHHO — cO0pa MH(POPMAILIUK O HOBOCTHBIX M HH(OPMAIIMOHHO-aHATTUTUICCKUX ITyOTHKAIIHSX.

RESOURCE

theguardian
url Title Authors Revisions ~ Posted At TITLE

Contains
https: 2017/apr/02/antony-and- Antony anel Cleopatra review - Josette Kate Kellaway 1 April 02,
cleopatra-siratiord-review-josette-simon Simon is a Cleopatra to die for 2017 09:55 URL

Contains
https: I /2017/apr/02/an-american-in- An American in Paris review —a Kate Kellaway 1 April 02,
paris-review lightfooted antidote to Euro gloom 2017 08:50 AUTHORS

Contains
https: I 2017/apr/02/this-life-musical- The Life review — down but not out in Kate Kellaway 1 April 02,
southwark-playhouse-review 80s New York 2017 09:45 POSTED AT
https:/ i [l Vaughan Williams: A Pastoral Fiona Maddocks 1 April 02,
pastoral-symphony-royal-liverpool-phil ic-orchestra-manze- Symphony, Sympheny Ne 4 CD review 2017 09:25 TOP POST
review-ripo-no-4 — raw splendour Any
hitps: om/music/2017/apr/02/orazio-vecchi- Vecchi: Reguiern CD review - Nicholes Kenyon 1 April 02, “ Clear Filters
requiem-review-rubens-fi l-grail ix-schmelzer-glossa compelling Antwerp baroque 2017 09:20
https: I i iolin- Mozart: Violin Sonatas Vol 3 CD review Stephen Pritchard 1 April 02,
sonatas-alne: (v tberghien ot 3eview:n0-12-96: s pure deght 20170915
17-23-32-36

Scope: All
httpsy i T )2/toyota-battery-flat-  The RAC has blown my chances of Miles Brignall 1 April 02, G i filters:
rac-electrics driving our super-reliable Toyota 20170800 urrentiters:
« Resource ID equals 7

https:; 12017/apr/02/of Ofcom means more BBC Peter Preston 1 April 02,
more-bbe-bureaucracy-not-less not less 2017 09:00

https: I 2017/apr/02/bright-air-black- Bright Air Black by David Vann review - Stephanie Merritt 1 April 02,
david-vann-review-medea-portrait-of-defiance Medea is a portrait of defiance in a 2017 09:00
compelling reimaginin

Puc. 2. I'paduueckuii untepdeiic noap3oBarens

B nmpaktudeckom 1uane pazpadorannbsiii MMScraper mo3BoJauT coOpaTh SKCIEPUMEHTAIBHYIO
0a3y aJis Mccae0BaHus 3a/1ad MHTEJUIEKTYaIbHON 00pabOTKH TEKCTa.

Ham BuanTCs BaXKHBIM MPOIOJDKUTE UCCIIEIOBAHUS PE3YNIbTATOB KPAYJIMHTA U peaTn3aIuu J10-
MOJIHUTENIBHBIX BO3MOKHOCTEN MMScraper, yiay4iiaromux pe3yiabTaTbl paboThl HA OYEHb OOJIBIINX
caiitax. Peanuzanus Takux BO3MOXHOCTEH MPeyCMOTpPEHA paCINPsEMON apXUTEKTYpoil Kpaynepa.

Jlumepamypa
[1]. A.H.F. Laender, B. A. Ribeiro-Neto, Juliana S.Teixeria. A brief survey of web data extraction tools
Il ACM SIGMOD Record 31(2), pp 84-93. 2002
[2]. Baeza-Yates R., Castillo C. Crawling the Infinite Web: Five Levels are Enough // Lecture Notes in
Computer Science. Algorithms and Models for the Web-Graph, Third International Workshop. 2004. Vol.
3243. P. 156-167.
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NPUMEHEHUE TEXHOJIOTUM BIG DATA B COEPE TPAHCIIOPTA

A= S =2 il
A.A. Anexcanopoes HU.H. ITuneyxuin

Acnupanm xaghedpor ungopmamuxu  Hayuneiii pykosooumens coemecmmnot
BI'VHUP nabopamopuu BI'VUP-IBA u ALIKT

IBM, apxumexmop omoenenus no npo-
epammuomy obecneuenuio IBA IT Park,
doyenm Kageopvl ungopmamuxu
BI'VUP, kanouoam ¢uszuxo-mamema-
MUYECKUX HaAyK

benopycckuii cocyoapcmeenblil yHugepcumem uHpopmamuxu u paouosnekmporuxu, Pecnyonuxa benapyco
E-mail: zxbyteman@gmail.com.

Abstract. This paper describes some use cases of Big Data technologies for the sphere of transport, such as schedule
planning, failure prediction of transport equipment based on diagnostic and vibration data, issues with transmitting of big
amounts of data to remote datacenter using slow data transmitting channels.

Hcnons3oBanue Texnonoruii Big Data B cdepe TpaHCcopTa MO3BOJISET PELIUTh Pa3InUHbIC HE-
TpUBHAJIbHBIC 3a]1a4U B chepe TpaHCIIopTa.

OnHoit U3 po0JIeM UCTIONb30BaHus TexHosorui Big Data Ha TpaHcmopTe siBisieTcst mpodsiema
JOCTaBKU OOJBIINX JJAHHBIX B LIEHTPbl 00pabOTKU JaHHbIX. Eciu A ropoackoro Tpancnopra, rie
nokpbITre MOOMIbHBIME ceTsiMi 3G mpubmmkaetrcs k 100%, mpoOieM B oTpaBke O0JbIIHX 00BE-
MOB JIaHHBIX HET (JlaHHbIE MO’KHO HaKaIlIMBaTh Ha OOPTY TPAHCHOPTHOT'O CPEJCTBA U MepeaBaTh UX
B JIPyroe BpeMmsi, HalpuMep, KOT1a TPAaHCTIOPT HaXOAUTCS B TIApKe), TO ISl TPAHCIIOPTA, TAKOTO KaK
Ipy30Bble aBTOMOOWIIH, MO€37a, TPY30Bble CaMOJIETHI, €CTh ONpeAeTeHHas MpolieMa B JOCTaBKe
00JbIINX 00BEMOB TaHHBIX.

B MecTax He0CTaTOYHOrO YpOBHsI CUTHajIa /jIsl KaYeCTBEHHON Nepeaayn JaHHBIX MEeXay 0a-
30BOM CTaHIMEN orepaTopa COTOBOM CBS3M M YCTAaHOBJIEHHBIM 000pYy/J0BaHHEM, B OJOKe Nepeaadn
npeaycMoTpeHa «Oydepuzanusy (3auch) TaHHBIX Ha BHYTPEHHIOKO NaMsITh. B MOMEHT nosiBieHus
YCTOMYMBOM CBSI3U C KAYECTBEHHBIM CUTHAJIOM «Oy(epHu30BaHHbIE) JaHHbIEC IEPEJAIOTCS HA CEpBEP
B @aBTOMaTHYECKOM PEXHME.

[TockonbKy 3a4acTyro AJisi JOCTHXKEHUS MOCTaBIIEHHBIX 3a7auy HEOOXOAMMa BBICOKAasl YacTOTa
JTMCKPeTH3allMi CHUMAaeMbIX IapaMeTpoB (HampuMep, MUPOBbIE KOOPIUHATHI, MOMEHTAJIbHbIIN pac-
XO/JI TOIIJINBA, COCTOSIHME TPAHCIIOPTHOI'O CPEJICTBA, COCTOSIHUE arperaToB TPAHCIIOPTHOI'O CPE/ICTBA
U JIp.), CYIIECTBYET MpobiieMa pa3paboTKHU CI0XKHBIX aJTOPUTMOB CXKaTHUsI M PETYIISIPHON JTOCTaBKU
3TOM MH(OPMAINH MITH, KOT/Ia TIOSIBIISICTCS CTAOMIIBHBIN KaHA CBSI3H.

Kakyto unpopmanuto MoxxHo cobupars? B nepByro ouepeib 3TO TOUHbIE KOOPIAUHATHI C MPH-
BSI3KOW KO BpeMeHH. Ha ocHOBaHMHM 3T0i MHPOPMAITUN MOKHO TIPOM3BOIUTH TUIAHUPOBAHUE H CO-
CTaBJICHHE TOYHBIX IPa(UKOB U paclucaHui JBMKEHUS TpaHcrnopTa. B MuHCKe B KauecTBe MUJIOT-
HOTO IPOEKTa peajr30BaHa CUCTeMa ympaBieHUs cBeTodopoM Ha mepekpecTke ynuil Koznosa u
ITnaronoBa Ha 6a3e RFID-meTok. JlaHHYIO cHCTEMY MOKHO yCOBEPIIEHCTBOBATh, UCTIONb3Ys Tele-
METPHUIO C TpaMBast JUIsl YIPEXKAAIOIIEro yrnpasieHus ceerodpopom. CrcreMa MOXKET MOACTPOUTD pa-
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60Ty cBeTodopa TakuM 00pa3omM, 9TOOBI MUHUMH3UPOBATh 3aCP)KKY TpaMBasi Ha MEPEKPECTKE U Tie-
pexonuTh K caenyromuei ¢paze paboTsl cBeTo(opa cpazy mocie Mpoxoaa TpaMmBas uepe3 MepeKpecTokK.

B kauecTBe nepenaBaeMbIX TaHHBIX JUIS IOKOMOTUBOB MUHUMAIIBHO JIOJKHBI OBITH: T€OKOOP-
JMHATHI HAXOXKACHHUS JIOKOMOTHBA M TOYHOE BPEMs; CEpHsi, HOMEp U JIETNO MPHUIHUCKUA JIOKOMOTHBA,
Ha KOTOPOM yCTaHOBJIEHO 000pYyI0BaHUE; CKOPOCTh MEPEMEIEHUS JIOKOMOTHBA.

Texymas napagurma T cucrem, SKCIUTyaTUPYEMBIX Ha JKEJIE3HBIX JOPOrax — ATO CONPOBOI#C-
Oenue npoyecca nepeso3ok U SKCNILYAMAYUU HCeNe3HO00PONCHbIX 00bekmos [1].

Jlannbie (akThl ABISIOTCS CEPHE3HOMN MPOOIEMON I CO3/IaHUs CPEIbl MHTEIUICKTyaTn3aluu
JKEJIE3HBIX JOPOT, KOTOPasi MOXKET ObITh BRIpAKEHA KaK: aHaJIN3 CIpOca MOTPY3KU U IOCTaBKU IPpy3a,
aHaJIN3 IPOIYCKHOMN KeJIe3HOJOPOKHOM CETH, ONPEIeSICHHs] MapIIPYTOB, COCTABJICHUS PACITUCAHUS
U peryanupoBaHus TpaduKOB ABMKEHUS [10E370B, KOHTPOJISI COCTOSIHUS MOJIBUYKHOTO COCTaBa (JIO0KO-
MOTHBOB, BarOHOB) U IMarHOCTUPOBAHUE TIOJIOMKH IOJABHYKHOTO COCTABA, YBEIMYCHHUS TPOITYCKHON
CIIOCOOHOCTH CYIIECTBYIOIIMX JIMHUM (32 cUeT TOUHbIX 3HaHu# koopauHat [1C, cokpaiieHust tucTaH-
un Mexnay [1C, yBenmuueHus: CKOPOCTH JIBMIKEHUS), PELICHUS 33a]a4 TPAHCIIOPTHOM JIOTHCTUKU (B
TOM YHCIIE U MIPEIOCTABIICHUE MTOJTHON HHPOPMAIIIH O IPY3€ U €ro TPAHCIOPTUPOBKE IPY30BIIAJIENb-
1am) u JIp.

HoBas napagurma UT cucreM Ha jKeNe3HBIX OPOTaxX — UHMENLIEKMYAIbHbIE CUCEMbl NPO-
2HO3HO20 MUNA, AHAIU3A, 6b100pA U NPUHAMUSL ONMUMATILHBIX U YAPEHCOArUUX peuleHull, T.e.
HapsIy C CYIIECTBYIOIIUMH TEXHOJOTHIMH, TPEOYIOTCS MHTEIUIEKTyaIbHbIE CHCTEMBI, TPEIOCTaB-
JISFONIHE MOJTHBIM IIUKIT JOTUCTHYECKHUX YCITYT, 00€CIeUrBalOIIMe aHAIN3 U BIOOP ONTHUMAIIbHBIX Ba-
PHAHTOB M PEHICHUH OMEPEkKArOIUX COOBITHS, 0€30MMaCHOCTh TPAHCIIOPTUPOBKH TPY30B M IKCILITya-
TallMU TPAHCIIOPTHBIX CPE/ICTB.

OCHOBHBIMHU (paKTOpPaMU UHTEIUICKTYaTH3AINH KEJIE3HBIX JOPOT SBISIOTCS:

— TEXHOJOrHYecKas OCHAIIEHHOCTh: MICHTU(UKALMS MOIBUXKHOTO COCTaBa, TPy3a, TOYHOE
3HaHUE TEOKOOPAMHAT MOJBIKHOTO COCTaBa M IPy3a Ha TEOIOJIUTOHE I0POTH B pekuMe real-time;

— OecnpoBOJHBIE CHCTEMbl MOHHUTOPHHIA, MO3BOJISIONIME OTCIEKHUBATH AaKTyaJbHbIE
KOOPJIMHATHI MOABM)KHOTO COCTaBa M IPy30B, HAXOASIINUXCS B IyTH, U MAPIIPYTHI UX CIETIOBAHUS;

— uH(pOpMaLUS O TEXHUYECKOM COCTOSIHUH TIOIBKHOTO COCTaBa M CUTYAIlMU CETH JKEIEe3HBIX
Jopor (Ha rmeperoHax, Ha CTaHIUAX) B pexXuMe, OMM3KoMy K real-time;

— MHTEerpalvs B3aMMOJCUCTBUSI KOMIIOHEHT HOBBIX M YK€ CYIIECTBYIOIINX, 00paboTKa Bcex
JKEIe3HOAOPOKHBIX JTOKYMEHTOB B LIEHTPAJIbHBIX CepBepax, MUHUMHU3HUPYS 00paOOTKY JaHHBIX Ha
JIMHENHOM YPOBHE;

— ympaBlieHYecKHue 0OOCHOBAHHBIE PEIICHHs] HA OCHOBE aHalln3a OOJBIINX U CBEPX OOJBIINX
00BEMOB JTaHHBIX, MOCTYMAIIINUX CO BCEH JOPOTH — MPUHSATUE OMEPATUBHBIX PEIICHUN B PEXXHUME
real-time, a 1ajee TAKTUYECKUX U CTPATETUYECKUX PEIICHUH.

Tak, cOop Tenemerpuueckoil HHGOPMAIIUU TEKYIIErO COCTOSHUSI TBUTATENS TIO3BOJISET MpH-
HUMATh KaK OllepaTUBHBIE, TAK M CTpaTermyeckue pemenus. Hampumep, mpuMeHUTENHHO K aBTOOYCY,
Takoi nHpopManuen sIBISIOTCS JaHHBIE 0 MOMEHTAIILHOM PAacXoJie TOTUIMBA, 000pOTaxX ABUTATENs,
TeKyIlas rnepeaava, Harpy3ka Ha ochb 1 T.J1. OOBIYHO aHATU3UPYIOT JUIIH JaHHBIE OMMOOK IBUTATES,
UTHOPHPYS MOXOAHYI0 MHpopmanuoo. OaHako, mpu (GUKcaAMK STUX JAaHHBIX C BHICOKON YacTOTOMN
JUCKPETH3AINH, MOKHO IPOBECTH aHAIM3 3THUX JIAHHBIX M BBISIBUTH CJIOKHBIC PEKUMBI PA0OTHI JIBH-
ratensi, ONTUMHU3UPOBATh KOHPUTYpPALIMIO JBUTATENS ISl MUHUMHU3ALMK pacxoja TOIIMBa U obec-
NIEYEHHS] ONTHMAIBHOTO PeKUMa pabOTHI IBUTATEISL.

Takxe 5TW JaHHBIE MOTYT IMIOMOYb IS pacueTa TEeKYIIero MacCaXUpOmoTOKa Ha OCHOBAaHUU
JAHHBIX O TEKYIEH Harpy3ke Ha OCh M BBISBIISTH BRICOKOHATPYKEHHBIC MAPIIPYTHI ¢ JTaTbHEHIIM
MPUHITHEM PEIICHUN 0 KOPPEKTUPOBKE Tpaduka IBMKEHUS U YBEITMUCHUS YMCIIa €IUHUI] TTOIBHXK-
HOT'O COCTaBa Ha JaHHOM MapIIpyTe.

Maiou3y4yeHHoi cdepoii npumenenus Big Data u npeuKTHBHOI aHATUTUKHA HAa TPAHCIIOPTE
SIBIISIETCS TIPE/ICKa3aHNe HEUCIIPABHOCTEH arperaToB M1 MEXaHM3MOB Ha OCHOBAaHHHU JTaHHBIX O0BEK-
TUBHOTO KOHTPOIsi U BuOpomoHuTOpuHTa. CoOpaB 00JbIIyl0 6a3y MTaMIoB pabOThl arperaros,
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MOJKHO C BBICOKOH J10JIel BEpOSATHOCTH (MKCUPOBATh aHOMAJIMU pabOTHI IBUTATENS U Mpeyra/ibl-
BaTh BBIXOJI U3 CTPOS TOTO WJIM MHOTO arperara. Y4uThiBas OOJbIINE BHIYMCIUTEIBHBIE MOIIHOCTH
O/l n pa3BuTHE TEXHOJOTUI 00PaOOTKU TAKOI0 POja JaHHBIX MOXKHO MOJIYYUTh HHPOpPMALUIO 00
OTKa3e arperara ¢ TOYHOCTBIO J0 JABIKYIIeics netanu. OObEMBI CHIPBIX JAHHBIX UCUUCIIAIOTCS TH-
rabaiiTaMu B yac, IOATOMY €CTb HEOOXOIUMOCTh B Pa3pabOTKe aIrOpUTMOB, ITO3BOJIAIOLUIMX ONTH-
MU3MPOBATh MepeJaBaeMblil MOTOK CHIPBIX JAHHBIX C JATYMKOB TAKUM 00pa3oM, YTOObI HE TIOTEPATH
B JJOCTOBEPHOCTH I€PEaBAEMbIX COMIUIOB U HE MOTEPSTh BaKHYIO HH(POPMALMIO NTPH cxkaTuu. Tak,
Hanpumep, B 2015 Tonpko mokomotnBoB Ha ber)K/] Obu1o 920 equnuULl, MPH AKTUBHOM HCIIOJIB30BaA-
Huu ToJbKO 70% MponucHOro napka, rnepenadye TOJIbKO MUHUMAIbHBIX JaHHBIX O JokoMoTHBe (100
0aiiT), kaxxasie 10 cekyHa oObeM mepenaBaeMbIX JaHHBIX OyaeT He MeHnee 556.041.600 6aiit B CyTKH.
31ech He yuTeH 00Jb110i 00BEM JaHHBIX O paboTe arperaToB JOKOMOTUBA U PAacX0/€ TOILUIMBA, JIaH-
HBIE O COCTaBe I0€3/1a, JTaHHbIE 0 OpHraje, a Takxke o0paTHO MepeaBaeMble JaHHbIE HA IOKOMOTHB.

HoBble TexHONIOrMM UAEHTH(PUKALMKU 00BEKTOB, cOOpa U neperadynd MH(GOpMaIMK O3BOJISIOT
YTOYHUTDH TPAJAULIMOHHO PEIIAEMbIE 3aJaUH:

— Yposnus onepayuonnozo ynpaenenus, KOTopble TpeOyIOT IPUHATHS IPABUIIbHBIX PELICHUH B
pexxume OM3KoMy K real-time.

— VYpoensa mexywezo unu maxmuueckozo ynpasnenus, KOTopble TpeOyeT IOUCKA ONTUMAJIbHBIX
BapHaHTOB PEILEHUS YaCTO BOSHUKAIOIIMX TUIOBBIX 3a/1a4. /laHHbIE UCIIONB3YIOTCS T€ KE UYTO ObUIN
coOpaHbl paHee, HA YpOBHE ONEPAL[MOHHOIO YIPABICHMs, HO pa3MeEIleHHble B 0a3ax JaHHBIX U
XPaHWJIMILAX JKEIE3HOJOPOKHBIX CUCTEM.

— Yposua cmpamezuueckoco  ynpaenenus, KoTopble TpeOyeT BbBIPAOOTKM IUIAHOB
JeSITeIbHOCTH HAa OCHOBE Kaue€CTBEHHBIX IPOTHO30B U Pa3IMUHBIX BUJIOB aHAJIN3A.

[Ipoananu3upoBaB BbIILIECKa3aHHOE, MOXKHO BBIJIEIUTh HECKOJIBKO HAIPABICHUM 11 UCCIIEN0-
BaHMII:

— MHcnonp3oBanue Big Data mist pemenus npoOieMbl COCTaBICHUS PAaCIUCAHUN U IpauKOB
JIBUKEHUN TpaHcnopTa (TOPOJCKOro, MalbHEMarucTpajabHOTro, >Kese3HopopoxHoro). Croma xe
BXOJIUT BOIIPOC ONTHMHU3ALMKM PACXOA0B NPU SKCIUIyaTallUd TpaHCIOpTa C YYeToM peinbeda
MECTHOCTH (Hampumep, IJsl TPy30BBIX COCTAaBOB I10€3[10B BEC KOTOPBIX, MOkeT mnpesbimarh 4000
TOHH, BECbMa KPUTHUYHBIM BBIYMCIIEHUE TEKYIIEH CKOPOCTH cocTaBa ¢ TOUHOCThIO 10 0,1km/4, Ha
MIOBOPOTAax, MOJbeMax/CIycKaX, JIMHEHHBIX y4JacTKaX, Iepesa CBETO(OpOM, YTO MOXKET MO3BOJIUTH
COKOHOMHTD TOIUTMBO/3JIEKTPOIHEPTUIO HA Pa3roH U TopMoxkeHue 10 10-15%).

— MHccnenoBanune npumenenus Big Data ansg npeaukTHBHONW AMAarHOCTUKM U MOHUTOPHHTA
COCTOSIHMSI TPAHCIIOPTa U MOABM)KHOI'O COCTaBa, pazpaboTKa MporpaMMHO-aNnapaTHbIX KOMIUIEKCOB
JUIS TIpE/ICKA3aHuUsl BBIXOA M3 CTPOS T€X WJIM MHBIX arperaroB, cOOp M aHajau3 OOJbIIMX MAacCHBOB
JTaHHBIX C (U3NYECKUX AATYMKOB BHOpAIMM, TEMIEpAaTyphl U T.J., YTO MO3BOJMUT OTKA3aThCSl OT
w1aHoBbIX peMoHTOB TO1, TO2 u np., a mepeldTH HEMOCPEACTBEHHO K TpeOyeMoMy 00CITYKHUBaHUIO
MTOJIBUYKHOTO COCTaBa.

— HccnenoBanue METO0B Nepeaayn OONBIINX MACCUBOB JJaHHBIX B YCIIOBHUSX Y3KOro KaHaja,
METOJIMKHU CHKaTHS C YUETOM CHEIM(PUKH JaHHBIX, MUHUMH3AIIMIO 33JIep>KEK OT OTIPABKU JIaHHBIX JI0
MOJIy4€HUs1 00OPaTHOI0 OTBETA C PEKOMEHAALMSIMU O ITapaMeTpax JABHKEHUS, TEXOOCTY>KMUBaHUS U T.11.

B pamkax nmporpaMmsl HcCIeI0BaHUS 3arpy’>KEHHOCTH TOPOACKHX aBTOOYCOB U MEPCIEKTUBbI
3aMEHbI UX Ha TMOpuUIHbIE 3JIEKTPOOYyChl ObUIO pa3paboTaHO YCTPOMCTBO, YCTaHABIMBAEMOE B MO-
TOPHBII OTCek aBTOOyca U nojakiaoyaeMoe k BHyrpenneir CAN-mmHe koHTposuiepa apurarens Mer-
cedes ADM3. YcrpoiicTBO OBLIO TIpeIHA3HAYCHO JIISl HEPEPHIBHOTO cOOpa MHPOPMAITHH C BHICOKON
4acTOTOM 0 paboTe ABUTATENS C MPUBSI3KOM K TeKyliemy BpeMenu. MHdopmarus 3anucsiBanack Ha
SD-kapTty, pa3 B HEIETI0 WHXKEHEPHI TPOU3BOIMIA CYATHIBaHNE HH(DOpMAIK 1 Tiepeaady e€ Juist
JambHEMIIero aHanusza B J1a0OpaTopuio. YCTPOMCTBO «KaTaloChy Ha MPOTSIKEHUU HECKOJIBKHX
Hegnenb Ha aBToOycHOM mapmpyte Nel8 r. Muncka. Pe3ynbraroM aHanm3a Mmoiayd4eHHOTO MacCHBa
JIAHHBIX SIBUJIOCH PELICHUE O 11eIeCO00Pa3HOCTH Mepexo/ia Ha THOPUIHbIE IBUraTeIbHbIE YCTAHOBKH.
Pemmennie ocHOBBIBaJIOCH Ha aHATTU3€E PEKUMOB PaOOTHI IBUTaTeNIsl B TOPOACKUX YCIOBUSAX U HAIPy3KH
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Ha JIBUTATeb, BPEMEHH MPOCTOEB Ha OCTAHOBKAX, CBETO(Opax, NWMHAMUKH PAa3rOHA-OCTAHOBKU U
npounx (HakTopoB.

Ha nansbiii MoMeHT Beaercs pa3pa®oTka mpubopa ansi cOopa JaHHBIX C TPAHCHOPTHBIX
CpeACTB, UM B cebe kaHai cBsa3u Ha 6aze GSM-mozema, MpuBsA3KY € TEKYIIUM KOOpAWHATaM
nocpeicTBoM cucteM reomno3urmonrpoBanust GPS-I'JTIOHACC, npu 3TOM UMEIOITUM MUHUMAJIbHBIC
rabapuThl ¥ BO3MOXKHOCTh Pa0OTaTh B arPECCUBHBIX YCIOBUSIX MAIIMHHBIX OTJCIICHUH.

LHO/I ma6oparopuu BI' YHP-IBA [2], MoxeT ucnosip30BaThcs Kak 0a3a B MUJIOT MPOCKTaX IS
XpaHeHHUs U 00pabOTKHU TaHHBIX C IATYUKOB.

HawnbGosiee nepcieKTUBHBIM HAIIPaBICHUEM SIBJISICTCS TPUMEHEHHE CepBUCOB muiatdopmel IBM
Bluemix u xoruutuBHOTO cynepkommbiorepa IBM Watson [3, 4], BO3MOXKHOCTH KOTOPOTO MO3BO-
JSIIOT COBMECTUTH 00pabOTKHU OOIbIINX 0OBEMOB JaHHBIX, MOJYYa€MbIX C PA3IMYHBIX TATYUKOB.
IBM Bluemix nmpenocrapinsier crieruanbHbie MOIYIH JUIs oiy4eHus nHGopmanuu ¢ 10T-ycTpoiicTs,
K KOTOPBIM MOKHO OTHECTH pa3padaTbiBaeMblii aBTOHOMHBII pUOOp cOopa NaHHBIX.

KorHuTvBHBIE CHCTEMBbI, IPUIOXKEHUS U cepBuchl, aHamuTrka (Watson) + 10T (Internet of
Things) — MuTepHer Berieli (HanpuMep, aBTOMOOHIIH, JIOKOMOTHBBI, TIOJIUTOH JIOPOTH ), TO3BOJISIOT C
MHHUMAJIbHBIMA YCHJIMSIMH CO3JaTh ceTh B3aumojeinictBus M2M (Machine-to-Machine), uro B
OynyiiemM odeceuuT nepexos] K 0e3/110HOMY [TPOU3BOJICTBY.
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Absract. O6¢cyxaarTcss METOI0IOTHYECKUE BOTIPOCH! MPUMEHEHHST TEXHOJIOTHI CeMaHTHYECKOH 00pabOTKH HH-
(dbopmarmu B yueOHOM mporiecce.

CnoKHOCTb, BBICOKAsi TUHAMHUYHOCTb Pa3BUTHUSL U CTOMMOCTh COBPEMEHHBIX TEXHOJOTUH MO-
POXIAIOT MHOTOYMCIICHHYIO TPOOJIEeMaTHKY, TPEAbSBIIAA MOBBIIICHHBIE TpeOOBaHUS K 00pa3oBa-
TEJIbHBIM TEXHOJIOTHIM, 0coOeHHO B | T-cdepe, kKoTopas UMEET He TOJILKO BCEBO3PACTAIOIIYIO JIOIIO
BBII B MUpOBOI 5KOHOMHKE, HO U B CHJIy CBOET'O KOHBEPT€HTHOI'O XapaKTepa MOpOKIaeT JOIOIHU-
TebHbIE crienuduueckre NpodIeMbl, B TOM YUCIIE U METOAO0JIOTHYECKHe TPOoOIeMbl MOATr0TOBKH | T-
CIELIMAJIUCTOB.

BaxxHbIM U OJHOBPEMEHHO CIIOXHBIM «CpPE30M» 00pa30BaTENbHON TEXHOJIOIMM CTaHOBHUTCS
a/IeKBaTHBI MOHUTOPHMHI KadecTBa pabOThl CTY/IEHTa, HEOOXOAUMBIN AJIs €ro ONTUMAJIbHOM Mpo-
BOJIKM B 00pa30BaTeIbHOM IIPOCTPAHCTBE. B COBpEMEHHBIX YCIOBHSIX aKaJleMUYECKUX CBOOO U HC-
10JIb30BAHUS TPAJAUIIMOHHBIX TEXHOJIOTHH, BKIOYas «oonaunbie» [1—4], nns apdextuBHo peanu-
3a1uu 00pa3oBaTeNbHBIX TPACKTOPUN IBHO HEJOCTAaTOYHO. K TOMY e HeoOX0IuM M COBpPEMEHHBIH
KOHCTPYKTUBHBII METOJI0JIOTMYECKUH anmapaT, HOCKOJIbKY TpaJuLlMOHHAs 00pa3oBaTesibHAas napa-
JMrMa He TOJIbKO HE 0TOOpa)KaeT CUCTEMHYIO CIIOKHOCTh 00pa30BaTeIbHBIX TEXHOJIOTUN U 00bEK-
TOB, HO M HE HAXOJUT aJIeKBATHOTO MECTa JJIsi CUCTEM U CPEJICTB KOMITbIOTEPHOTO MHTEIJIEKTa, KO-
TOpBIE B psifie 00aacTell TOCTUTIIN YPOBHS «MHTEIUIEKTa)» CPEIHETO YeTIOBEKa.

OO0BeKTH 00pa30BaTEIBHOM Cpeibl (00y4yaeMblil, 00yJaronuii 1 Jr00as oOy4JaroIias opranusa-
1IUs1) MOTYT OBITh OITMCAHBI YETBEPKOMN: CUCTEMa, CTPYKTYpa, L1eJlb, TEXHOJIOTHs, C TPEMsI B3aUMOCBSI-
3aHHBIMH YPOBHSIMU II€JIETIOJIaraHusl: TEHETUYECKU, HEOCO3HAHHBIN M OCO3HAHHBIH 2, 3].

OOyueHne yeraoBeKa OCYIIECTBISETCS Ha HEOCO3HAHHOM M OCO3HAHHOM YPOBHE LieJeroiara-
HUS KaKk MH(GOPMallMOHHO-PHEPreTUYeCcKasi COCTaBIAIoNIasi MeTadoIM3Ma, KOTopast UMEET TPHU TeX-
HOJIOTUYECKUX YPOBHS: CHHTAaKCUYECKMH, CEMaHTHUECKUH M mparmaruueckuil. CHUHTaKCHUYECKUN
YpOBEHb (BOCHpHATHE, TPeoOpa3oBaHue, Mepeaada, XpaHeHne uHGopMalu) B 00y4eHUH HOCHUT
o0ecreynBaoNIUil XapakTep; B TEXHUYECKUX CHCTEMax 3TO M0 OO0JIbIIeN YacTH XOpoIIo pa3paboTaH-
HBIM HHQPACTPYKTYpPHBIA YPOBEHb.

BaxuelmM ypoBHEM B 00y4eHUH SIBISIETCS HEOCO3HAHHBIN YpoBeHb (YCIOBHBIN U Kay3allb-
HBIM peduieKchl; MEHTaJIbHOCTD, MpUBbIUKa). Ha 3TOM ypoBHE B mporiecce oOyueHus: popMupyercs
obmas KyabTypa M IpodeccruoHaabHble KommneTeHIuH. Oco3HaHHas IielieHaNpaBlIeHHOCTh, Ha
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YpOBHE KOTOpO# (popMupyercst 00pazoBaresibHasi TPACKTOPHsI, UTPAET aKTUBHYIO POJIb B (POPMHUPO-
BaHUU JINYHOCTU U COBMECTHO C BHEIIHEW CPEl0il BO3IEHCTBYET HA CTPYKTYPY HEOCO3HAHHOM 1ieiie-
HarnpasieHHocTH. [IpocTpaHcTBO CBOOOBI UelIOBEKA, KOTOPBIM 00ydaeTcsi MPakKTUYECKH B TEYEHUE
BCEH XHU3HU (HO (PyHIAAMEHT MHTEJUIEKTa 3aKJIa/bIBaeTCsl B KOTHUTUBHOM Bo3pacte, 0 17-18 ner)
OIpeieNAeTCsl TEHETUYECKUM U HEOCO3HAHHBIM YPOBHSIMM, A TAK)KE COCTOSIHUEM BHEIIHEH CpeJibl.

Tak kak mpouecc 00y4eHHs peanu3yercss Ha CEMaHTUYECKOM TEXHOJOTMYECKOM YPOBHE, TO
y4eOHBIM Marepuan U pe3ysabTaTbl 0Oy4eHUs HOCAT CTPYKTYPUPOBAHHBIM XapakTep M, Clel0Ba-
TEJIbHO, UMEIOT KOHEUHYIO KOJIMOTOPOBCKYIO CJI0KHOCTb, UTO [T03BOJISIET aBTOMAaTU3UPOBATh OLICHKY
KadecTBa Iporecca o0yueHus. KoamMoropoBckas Cl10)XKHOCTb XapaKTepu3yeT HHUBHlyalbHbIE CBOM-
CTBa OOBEKTA, YEM OHA MEHBIIIE, TEM BBIIIE CTPYKTYPHPOBAHHOCTD 00bekTa. CTPYKTYpUPOBAHHBII
O00BEKT C BEPOSTHOCTHIO OJM3KOM K €AMHULE MOPOXKIAET IProAUUEcKUe (TUIIMYHBIC) peaIu3altH.
OnpeieneHHbIM aHAJIOTOM KOJIMOTOPOBCKOM CJI0KHOCTH (HO, IO MHOKECTBY peau3aluil) sBIIseTCs
IIIEHHOHOBCKAasi U30bITOYHOCTb.

HectpykTryprupoBaHHBIi 00BEKT, HIMEIOLINI HYJIEBYIO N30BITOYHOCTh (MAKCUMAIIbHYIO KOJIMO-
TOPOBCKYIO CJIO)KHOCTB), HE UMeeT ceMaHTUKU. Hanmuune n30pITOUHOCTH CBUIETENBCTBYET O CyILie-
CTBOBAaHUU 3aKOHOMEPHOCTH (CTPYKTYpPHI), IOPOKACHHOM JTMOO0 MHTEIIICKTYaIbHON CUCTEMOH, 1100
00BEKTOM C U3BECTHBIMU MJIM HETIO3HAHHBIMM CBOMCTBaMU. OUEBUIHO, YTO CUCTEMA (€CTECTBEHHAsS
WIN UCKYCCTBEHHas1) CIOCOOHAs 0OHApYKUBaTh, AaHAIIM3UPOBATh U «pabOTaTh» C CEMaHTUKOH SIBJISA-
€TCS MHTEIJICKTYAJIbHOM, B OCOOCHHOCTH, €CITM OHA CIIOCOOHA ellle M MpUHUMATh pemeHus. [1o100-
HOT'O POJIa CUCTEMBI CTAHOBSATCS Bce Oosiee BOCTpeOOBAHHBIMHU, YTO HAIIPSAMYIO CBA3aHO C ITOHSATUEM
«unHTtepHet Bemei» (Internet of Things, 10T). [To muenuto komnanuu Cisco MuTepHeT Bewiel 3To
MOMEHT BPEMEHH, KOT/1a KOJIMYECTBO MaTepUallbHbIX 00BEKTOB, OJKIIOUEHHbIX K IHTEepHeTY, npe-
BBICHJIO KOJIMUECTBO JIFOJIeH, MOJIb3YIomuXcsi MHTepHEeT; 4TO MPOU30IILII0 B MPOMEKyTKe Mex Ty 2008
u 2009 rogamu.

Oco0yro poJib B Iejie CEMaHTHUECKON 00paboTKu HH(pOpMaIUK UrpatoT TexHonoruu Data Min-
ing. [Tonstie Data Mining, nosisusiock B 1978 roay; HOMyJIsspHOCTh MPUOOPEIIO IPUMEPHO B IIEPBOM
nosnoBuHe 1990-x rogoB. OcobeHHO akTyasabHbI TexHoJoruu Data Mining B HacTositee BpeMsi, 4TO
00yCJIOBJIEHO BCEBO3PACTAIOIMMHU 00bEMaMH HECTPYKTYpUPOBAHHON MH(pOpPMALUU, KOTOPYIO IO-
POKIAET HE TOJBKO YEJIOBEK, TPAJAULIMOHHBIE TEXHOJIOTUYECKHE U HAyYHO-UCCIIE10BATENbCKUE CPEI-
CTBa U CHCTEMBI, HO U MHOTOYMCJIEHHbIE MOOWJIbHBIE YCTPOMCTBA, KOJUYECTBO KOTOPHIX 3HAYHU-
TEJIbHO IPEBBIIIAET HacelleHne 3eMin. B pe3ynbrare BO3HUK TEXHOJIOTMUECKUN pa3pbiB MEX1y BO3-
MOYKHOCTSIMHM M TIOTPEOHOCTSIMU B 00pabOTKe CEeMaHTUYECKUX CBOWCTB MH(pOpPMALUU, KOTOPbIH MOo-
TpeOoBas pa3BUTHS aJCKBAaTHBIX CPEJICTB UCKYCCTBEHHOTO MHTEIJIEKTA, PEATU3YIOIMINX CEMaHTHUYe-
CKy10 00paboTKy. BO3MOXHOCTH CpeiCTB HCKYCCTBEHHOTO MHTEJJIEKTA HA JAaHHBIM MOMEHT B psijie
CJIy4aeB COOTBETCTBYIOT YPOBHIO CPEJHECTATUCTUYECKOTO YEJIOBEKA.

O ponu u Hasnauenun Data Mining B 06paboTke nHGOpPMAIMU JOCTATOYHO KPACHOPEYUBO IO~
BOPSAT BapUAHTHI IEPEBOJIA 3TOTO TEPMHUHA: JOOBIYA TaHHBIX, "pacKonKa" TaHHBIX, U3BJICUEHNE 3Ha-
HUH, U3BJIeUeHUe "3epeH 3HaHUH" U3 Top JaHHBIX, "TIPOMbIBaHKE" TaHHBIX, HH(OPMAIIMOHHAS TIPO-
XOJIKa IaHHBIX, UHTEJUIEKTYyaJIbHbIN aHaIu3 JaHHBIX U T. 1. CKa3aHHOE, IO CYIIECTBY, MO3ULIMOHU-
pyer u MHOTOYMCIeHHbIe cepbl mpumeHenust Data Mining.

Texunonoruu Data Mining, koTopsle Mo CyIIECTBY BXOJAT B COCTAB METOJIOB aHAIHM3a OOJIBIITNX
nanubix (Big Data [5]), pasBuBanachk Ha 6a3e MPHKIAAHONW CTATHCTHKH (3TO CTAPTOBAS O3UITUS TaH-
HOM TEXHOJIOTUH), TEOPUN UCKYCCTBEHHOI'O MHTEJUIEKTa U MAIlIMHHOTO O0y4YeHUsl, Teopus 6a3 AaH-
HBIX U IpyTuX obnacreii. ClieyeT 3aMeTHTh, 4TO B PsiJie ICTOYHHKOB TeXHOJIOrnu MeTo10B Big Data
u Data Mining nepecekarotcsi, HalpUMep, MAIIMHHOE 00yUYeHHE, paclio3HaBaHHe 00pa3oB U JIp.

Texnonoruu Data Mining MOXHO Kjaccu(UIIMPOBATh O MHOTOYHMCICHHBIM Mpu3HakaMm. Ilo
TuIy oopabarpiBaeMbIX JaHHbIX Data Mining nmoapasnenstorcs:

— Text Mining — TEXHOJIOTUH MTOMCKA U CEMaHTHUECKOTO aHaJIN3a TEKCTa,

— Web Mining — uHTe/IeKTya bHbII aHaIu3 JaHHbBIX B Internet;

— Call Mining — «100b14a 3BOHKOBY», TEXHOJIOTHS PACIIO3HABAHUS PEUHU U €€ aHAJIN3;
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— Audio Mining — u3BieueHNE JAaHHBIX U3 ayIH03AIHUCEH;

— Video Mining — u3BJICYCHUE TaHHBIX U3 BUICO3AMTUCEH.

Data Mining uMeeT HEOrpaHUYECHHYIO, TOCTOSHHO PACIIUPSIONIYIOCS chepy MPUMEHEHHSI, O/
HAKO HauOOJBIINH AP PEKT, KOTOPBINA, KAK OTMEUACTCA B pPsAJIE HCTOYHUKOB, MOXkeT focturars 1000%
XapakTepeH ISl KOMMEPUYECKUX MPEANPHUATHI, YTO B KOHKYPEHTHOU OOphOe JesiaeT HeOTBPaTUMbIM
IpUMEHEHHE JaHHOU TexHonoruu. Kpome kommepueckoii chepsl Texnonorun Data Mining Haxonast
MIPUMEHEHHE B MPOM3BOJICTBE, TEICKOMMYHHUKAILIUU, TOCYJapPCTBEHHOM YIPaBICHUH, HAYYHBIX HC-
CIIEZIOBAaHUSIX, METUIIMHE, T€0JIOTrOpa3BEeIKe U T.1.

OnHuM K3 epCreKTUBHBIX HanpasieHui Data Mining siBisiercst exnosioruu Educational Data
Mining (EDM), koTopble OpHEHTUPOBAHBI HA UCCIIEIOBAaHUS JAHHBIX, UCIOJIb3yEMBIX B 00pa3oBa-
TEJIbHBIX LENSIX, ISl aHAJIM3a U IPUHSATH pelieHui B cgepe oopazosanus. EDM (nepBast koHpepen-
st npornwta B 2008 rogy B Monpeaie), B BUIy CIOXKHOCTH 00pa30BaTeIbHBIX TEXHOJIOTHI, UMEIOT
oTpesieNieHHYI0 crieu(puKy, KOTopas MOMHMO CTaHIApPTHBIX MeTo/10B Data Mining, npeamnonaraet
UCTOJIb30BAHUE U APYTUX CIEUU(DUIHBIX METOI0B, HAIPUMED, METOA0B IICHXOMETPHUH.

B coBpeMeHHBIX yCIOBUAX MpUMeHeHHe TexHonoruii Data Mining B cdepe oOpa3zoBaHUs ABIIS-
€TCs He TOJBKO MEPCHEKTHBHBIM, HO M HEOOXOIMMBIM KaK 10 SKOHOMHUYECKUM, TaK U IO CTPaTEeTHU-
4eCKUM coo0paxkeHusIM. 171 TOCTHKEHUS MaKCUMAIIbHOTO 3 (eKTa ITH TEXHOIOTUH JTOJIKHBI BHE/I-
PATHCS KaK B OCHOBHBIE, TaK U 00ECIIEYMBAIOIIIE TPOIECCH YUPEKICHHsT 00pa30BaHus, a TAaKKe B
MPOLIECCHl MOHUTOPUHTA CUCTEMBI KAUe€CTBA 3TOTO YUPekKACHUS. | TaBHBIM HalpaBiIeHHEM IPUMEHE-
Hus TexHojorun EDM sBisieTcst onTuMasnbHas MPOBOJKA CTYJEHTa B 00pa30BaTeIbHOM IIPOCTpaH-
CTBE C MAKCHUMAaJIbHBIM HUCIIOJIb30BAHUEM M€HETUUYECKOTO MOTEHIMAIA CTYACHTA.
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MOAEJIMPOBAHUE NPOLLECCA OYUCTKHU I'A3O0IIBIVIEBBIX IIOTOKOB B
BOJIOKHOBBIX ®UJIbTPAX

&
M.B. Tymunoeuu JLIL Ilununeeuu
Hauanvnuk ynpasnenus nooco-  Ilpogeccop kageopul unice-
MOBKU HAYYHBIX KAOPO8 BbICUICll  HEPHOLL NCUXOLO2UU U IP2OHO-
keanugpuxayuu BI'VUP, ookmop  mukxu BI'YUP, 0oxmop mexmu-
MexXHu4ecKux Hayk, 0oyeHm uecKux Hayk, npogeccop

benopycckuii 2ocyoapcmeenublil yHugepcumem ungopmamuxu u paouosnekmponuxu, Pecnyonuxa benapyco
E-mail: tumilovich@bsuir.by

Abstract. Modeling of sedimentation of high-disperse particles from gas streams in porous fiber materials is carried
out. It is shown, under usual conditions efficiency of a kolmatation of high-disperse particles with a diameter of 0,5
microns and below, generally depends on the speed of a stream and the size of fibers of the filter — the speed more than
diameter of fibers is higher, the efficiency of a kolmatation is lower. Increase in density of packing of the filtering material
has not so significant effect on extent of catching of particles, but leads to growth of resistance and according to decline
in production of the filter.

[Ipu nmpon3BoACTBE M MEXaHMUECKOW 00paboTKe OONBIIMHCTBA MATEPHATIOB U U3/IEJINI BBIJE-
JsIeTCsl 3HAaYUTENIbHOE KOJIMYECTBO MbUICOOPa3HbIX BemecTB. OJHUM U3 COCOOOB CHUKEHUS KOH-
[EHTPAIMY BPEIHBIX MbUICOOPA3HBIX BEIIECTB 10 3HAYCHHM, HE TPEBBIIAIOIINX MPEaeIbHO-I0ITY-
CTHMBIE HOPMBI, SBJIAETCS OYUCTKA BO3/lyXa ¢ IPUMEHEHUEM TPAJAULIMOHHBIX METOZ0B U OYMCTHOTO
o0opynoBanus. OnHAKO HECTAOUIBHOCTh PabOYMX XapaKTEPUCTUK HCIIOJIb3YEMOro 000pyI0BaHUS
IpY U3MEHEHUHU KOHIEHTPALUH, (PU3UKO-XUMHUYECKOTO U JUCIEPCHOIO COCTaBa (MIBTPYEMBIX Ya-
CTHII, TpeOyeT COBEPLICHCTBOBAHNS KOHCTPYKLIUN U ONTUMHU3ALIMHU SKCIUTyaTallUOHHBIX TApaMETPOB
¢ubTpyromux anmnaparos. OqHUM U3 Hanbosee 3¢ (PEeKTUBHBIX METOJIOB, TO3BOJISIOLUIMM ITPOBECTH
ONTUMM3ALMIO IKCIUTYaTallMOHHBIX MapaMeTPOB (MIBTPYIOIIMX allapaToB SIBJISETCS KOMIbIOTEP-
HOE MoJienupoBanue. s MOAEINPOBaHUs IPOLECCA OYUCTKH I'a30MbUIEBBIX TOTOKOB C TOMOUIBIO
COBPEMEHHBIX KOMIBIOTEPHBIX CPEJACTB, MO3BOJISIOMINX OCYILECTBISATh BBIOOP ONTHUMAIBHBIX pe-
KUMHBIX TapaMeTPOB, HEOOXOIMMO BHayase BHINOJHUTH (pOopMaIM3alnio mporecca.

Henbto nanHOM pabOTHI SABISETCS MOJASIUPOBAHHUE MPOIIECCa OYUCTKH I'a30MbUIEBBIX TOTOKOB
B IIOPHUCTHIX BOJOKHOBBIX MaTepuanax (IIBM).

MopnenupoBaHue mpolecca OYUCTKH BbICOKOAMCIEpCHBIX yacTul] B [IBM nenecoobpazno
HA4aTh C paCCMOTPEHMSI OCAKIECHHUS Ha OJMHOYHOM MOJEIBbHOM LMJIMHJIPE, SBJISIOIIMMCS JIEMEH-
TOM CTpYKTYpbI IIBM, 4TO I03BOMISAET NEPEUTH K UCCIIETOBAHUIO MPOLIECCOB OCAKACHUS B PEaTbHOM
¢mibTpe. Cienyer OTMETUTD, UTO BOJIOKHOBBIE (PUIIBTPBI UMEIOT BEChMA CIIOKHYIO IPOCTPAHCTBEH-
HYIO CTPYKTYpPY, 4TO 3aTpyJIHSET ee MojaenaupoBanue. [loatomy crannapTHbele ypaBHEHUS (DUIbTpa-
IIUH HE BCEr/Ia SABISIOTCS aeKBaTHBIMU. DTO 00CTOATEILCTBO TpeOyeT, Kak 0ojiee Iiy0oKoro u3yyde-
HUSl BO3MOXKHOCTH IIPUMEHEHUS YK€ pa3paboTaHHBIX MOJeNel MPUMEHUTEIBHO K PeabHbIM (UIIb-
TpaM M YCIOBUSAM (UIBTPALMHU, TaK U pa3pabOTKU HOBBIX 00Jiee YHUBEPCAIbHBIX MOJIENEH, T03BO-
JSIOUINX ¢ MAKCUMAJIBHON TOYHOCTBIO Mpeicka3aTh 3 (PpeKTUBHOCTD paboThl GUIbTPA.

Ha npakTtuke kauecTBO (hpUIbTpa OLIEHUBAETCS CTENEHbIO BHIHOCA BHICOKOAMCIIEPCHBIX YACTHUIL
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u3 QUIbTPa, PAaBHON OTHOLICHUIO MAacChl YaCTHIbI, IPOMYIIEHHBIX (QUIBTPOM K Macce 4acTHll, MO-
CTYNHBIIUX Ha HETO C ra3oM, WM OOpaTHOW BEIMYMHON — CTENEHBIO 33JE€PKKU YaCTHII, KOTOpas
xapakTepu3yeT 3PGEeKTHBHOCTh PUIBTPA.

[Tpumem, 9TO OTHOPOIHBIN BOJOKOHHBIN (PUIBTP COCTOUT M3 MOHOAMCIIEPCHBIX BOJIOKOH, pac-
MOJIO’KEHHBIX MApaUIeNIbHO APYT APYTY U NEPIEHAUKYISAPHO MTOTOKY, KOTOpbIE 00pa3yIoT peryJsp-
HYI0 yHakoBKYy. byaem cuutarh, 4TO 110331 BOJIOKOH IIPOUCXOIUT IOJIHOE NIEPEMEIINBAHUE U BBI-
paBHUBaHUE KOHLICHTPALMK B ITOIIEPEYHOM CEUEHUH, a4 YACTULIBI HE OKa3bIBAIOT B3aUMHOTI'O BIIMSHUS
npyr Ha gpyra. Kpome Toro, B cBsi3u ¢ TeM, uTo [IBM, Kak nmpaBuiio, XapakTepu3yroTcs MaJlou ILIOT-
HOCTBIO YIAKOBKH, T.€. OOJIBIIMMHU PACCTOSIHUAMHU MEX1Y BOJIOKHAMM, 3HAUUTEIBHO MPEBBILIAI0-
IIUMH pa3Mephl YacTHIl, CATOBEIM 3 dekTom mperedperaem.

Onpenenrm 3¢ (pEeKTUBHOCTh OCAXK/IEHUSI YaCTHULL B CII0€ BOJIOKHOBOIO (hUIIbTPa C yUETOM €ro
[1apaMeTpOB.

OGbeM BOJIOKOH B (DHIIBTPE ILIOLIAIBIO MOIEPEYHOro cedeHns S u tommuHoi d, ¢ yuerom
IJIOTHOCTU YNaKOBKH O paBeH gSd, . B TO e Bpems 00beM BOJIOKOH OOLIEH IIHHBL L pasen

md f L/4. Orcroma qjvHa BOJIOKHA | = 40.5d, /ndf . Cpenssisi CKOPOCTh 4acTHII B (PHIBTPE € TUIOTHO-

cTh0 ynakoBku O, paBHa U(1— o). Ilnomans ceuenus GuibTpa, 3aHATas BOJIOKHOM, PaBHA df L.

ITotox wacTwil, HpHXOI{?IHIHﬁC?I Ha dTO C€UYE€HUE:. cd ] LU (1_ oc) , Tne C — KOHLEHTpaLys YacTHll.
Jlons yacTul, OCEBIIMX Ha BOJIOKHAx IIOJ JEHCTBUEM BCEX MEXAHMW3MOB 3axBara, paBHa

azd LU, c/(l-a), rme az — cyMMapHbIi KO3((DHUIMEHT 3aXBaTa BOJOKHOM €IMHUYHOW JITUHBL Ta

Ke BEJIMYMHA YOBUIU YACTHUIl IIPU MPOXOXKICHUU MOTOKA Yepe3 (PIIBTP MOXKET OBITh BhIpaXKCHA B
BUJIE —SUOdC. IIpupaBHMBAas 3TH JBa BBIPAKEHMS U MOJCTABUB 3HaueHue L, MO YU M:

_ 4,d,SUocdh dc 4ag; dh

—dc —_— =
U,n(l-a)d?S wm © nd, (1-a)

1)
I[Tpounrerpuposas (1) B nmpenenax BeicoTsl ¢i1os N ot 0 10 H npu KOHIEHTpauy 9acTuIy co-
C C
OTBETCTBEHHO 6¥ U  6vX | [TOJIyYHM:

G 40HE
c nd, (1-a)

6X

=InK
(2)

HIJIN

K=o e pep(_1EL),

68X

rae K — kod(UIMEHT MPOCKOKa, f — MapaMeTp (QHIbTPAIlUK, CBSI3aHHBIH TOJIBKO CO CTPYK-
TYPHBIMH M TEOMETPHUECKUMHU IMapaMeTpaMu QHIbTpA:
fo 4oH
nd, (1-o) . @3)

O PexTUBHOCTH OAHOPOAHOTO (HUIHTPA TOJIMHOMN H ONPENENAETCS B BUJIE:
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£, =1-K=1-e" =1—exp(-fE&}) 4
1M 3PHEKTUBHOCTH OCAKICHUS 10 (PaKIIHSIM

c (x)—c_ (x)
a(p (X) — _ex BbLX.
C,.(X) (5)

@opmyia (2) coaepKUT OYEBHIHYIO CBS3b MEXKIY IMapaMeTpaMu CTPYKTYpHI U 3(h(HeKTHBHO-
CTbIO (PUIIBTPALIMM, U MOXKET IPUMEHATHCS JIJIs1 pACUETOB, €CIIM U3BECTHBI BEITUYMHbI @Z ,oud,.

[110THOCTD YIAaKOBKH MOKHO ONPEAENTUTh KaK OTHOIICHHUE INIOTHOCTH (UIIbTPA K TUIOTHOCTH
Marepuaia BOJIOKOH: o =p, /p, — ¢ IOMOIIBI0 MeToa POM (pacTpoBoii JI€KTPOHHON MHKPOCKO-

IIAH).
[Tapamerp pumbTpanmuu MOXKET OBITH TAK)KE HAWIECH U Yepe3 MOPUCTOCTh GuibTpa [1=1—o,
T.C.
f = 4. @-11 H
n I d,

(6)

B aTrom ciyyae mopucTOCTh OnpeaensieTcs: OJHUM U3 U3BECTHBIX METOAOB [1].

3aaua onpenesieHUsl CTPYKTYPHBIX MapaMeTpoB, BXoAsmux B (3), pemaercs 0osee mpocTo,
€CJIM CTPYKTypa MaTepuaia XapakTepU3yeTcs IOBEPXHOCTHIO BOJIOKOH. JTO MO3BOJISET B Cllydae pe-
aNbHOTO (UIIBTPA YACTUYHO U30EXKATH yueTa MOTHIUCIIEPCHOCTH BOJIOKOH.

Ecau B (3) paByro 4acTh yMHOXHTB M Pa3ICIIUTh HA S , MOJYIHM:

¢ _doHs 1
d, Sn(l-o)

()

rie wieH 4gHS/d, = Lrnd, =S, NpeAcTaBiseT co0oii 001IyI0 TOBEPXHOCTH BOJIOKOH, T.€.

_r
n(l - OL) (8)

_St
S
OGIy10 TIOBEPXHOCTE BOJIOKOH S MOKHO ONPENETHTh YePe3 Y/ENbHYI0 IOBEPXHOCTE S

[M%/kT] GUIBTPYIOIIEro MaTepHana CIeIy oM 00Pa3oM: S, =S,,-m, Tae M — macca GUIBTPYIO-

IET0 MaTepuaia, a onpeaensercs, HanpuMep, merogom bOT.
[Tonaras 1— o ~1, noy4yuM ynpoIueHHyo GopMyiIy A onpeaeneHus f !

S,m
St (9)

f:

Taxum 06pa3oM, B OCHOBHOM ypaBHEHUHU GMIIbTpaluu (2) ¢ yueToM (8) CTpyKTypa MaTepuaia
B O0IIEM CITydae XapaKTepPHU3yeTCsl ABYMs MapaMeTpaMu: IMOBEPXHOCTHIO BOJOKOH M IIOTHOCTBIO
ynakoBKU. M3 ypaBHEHMs BHJHO, YTO Y€M BBIIIE CyMMapHas MOBEPXHOCTb BOJIOKOH U IUIOTHOCTb
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YIAKOBKH, TEM BBIIIIE 33]IEPKUBAIOIIAsT CTOCOOHOCTH (PUIIBTPYIONIETO MaTepuaia (MeHbIne ko3 du-
LUEHT MPOCKOKA). DTO XOPOIO COIJIaCYeTCs C SKCIEPUMEHTAIbHBIMU JaHHBIMU (CM., Haipumep [2])
U IOCTaTOYHO SICHO OOBSICHSIET, IOYEMY B MPOIlecce HAKOIUICHHUS MbLIN Ha BOJIOKHAX (UIIbTPA MOBBI-
maercst 3pPeKTUBHOCTH GruibTpanui. OCHOBHOM POOIEMO IPpU pelieHNH YpaBHEHUS (2) SBiIseTcs

orpeieNieHue CyMMapHOTo KOd(pUITMEHTa 3aXBaTa BOJIOKOH €TMHUYHOMN JITUHBI Es,

Jlst TpyOBIX Oo11eHOK 3 (PEKTUBHOCTH B (2) BMECTO iz MO>KHO TOJICTaBJIATh 3HaUeHUE I Pek-

TUBHOCTH OCAXIACHUA HAa OAWHOYHOM HUJIMHAPC &2 , OJJHAKO BCJIMYUHBI 3THUX IMAPaMCTPOB UMCIOT

3HAYUTENILHOE PACXOXKAeHHE [3], CBSI3aHHOE C T€M, YTO I10JIe CKOPOCTEN NMpU 00TEKaHWU BOJIOKOH B
(bUIBTPE 3HAYUTENBHO CIOXKHEE, YeM NMPU 00TEKAHUH OJJUHOYHOTO IMIIMHPA, TPUHITOTO B KAYECTBE
MOJIETIH.

[Tpu u3BecTHOM KO3 dHUIMEHTE 3aXBaTa OJUHOYHBIM IIMIMHAPOM & CyMMapHbIi Koddduim-

€HT 3axBara (PMIbTPa WU €r0 KOMIIOHEHTHI C Y4ETOM BEJIMUUHBI (L MOYKHO T'py0O0 OIEHUTH CIEAYIO-
IIMMH 3aBUCUMOCTSIMHU [3]:

aZ =&§(1+4,50) ; i;tk — &(14_1100(); ag = aD(l— 4OL); &; = E,R(l%- 30a) . (10)

B BBICOKOA()(EKTUBHBIX BOJOKHOBBIX (DMIIBTPAX BOJOKHA OOBIYHO OYEHb TOHKHE U MOJIMJIUC-
nepcHble. OHU OPUEHTHPOBAHBI CIIy4ailHBIM 00pa30M U HEPAaBHOMEPHO PAaCHpPEENIEHbI 10 00beMY
¢unbTpytomero Marepuana. B cBs3u ¢ 3TuM, ypaBHeHUs 1715 onpeieneHus 3 (HEeKTUBHOCTH Ocax ie-
HUs (KOJbMAaTallMM), IOJIyY€HHbIE Ha 0a3e s'YeUCThIX MOJEIIEH, He SIBISIFOTCS B TIOJTHOW Mepe aJek-
BaTHBIMU U [IPUTOIHBI JIUILB JUIs OLeHOYHbIX pacueToB. [Toaromy H.A. dykcom ¢ coTpyanukamu [4]
OblIa MpeUIoKeHa TaK Ha3blBaeMasl BeepHasi MOAENb, IPEACTaBIIAIOIas COO0N CHCTEMY PAIOB, Ia-
paJUIeIbHBIX LIMJIMHAPOB, KXKABIN MPEAbIIYIINNA psiJl, B KOTOPOW MOBEPHYT OTHOCUTENILHO IPEAbIAY-
LIEr0 Ha HEKOTOpBIN yroil. BeepHas Mozaens Hauboliee MOJHO COOTBETCTBYET PEaIbHBIM YCIOBUSAM
¢unbTpanuu. [Ipu 0MHAKOBBIX € pealbHBIM (PHIIBTPOM TUIOTHOCTBIO YITAKOBKUA O U IUAMETPOM BO-

JIOKOH df COIPOTHUBIICHUE TAKOW YIOPSIIOYEHHON CTPYKTYPhl MAaKCUMAJbHO [5].

B cootBercTBuu ¢ Teopueit Kupma — Creuxunoii — ®ykca [6, 7] ruapoarnHaMudeckuii paxtop
U1l BeepHOM MoJienu (puiIbTpa, ¢ yueToM 3((ekTa CKOIbKEHUS Ta3a OKOJIO TOHKUX BOJIOKOH, 3allu-
CBIBAETCS CJIEIYIONUM 00pa3oM:

Ky =-0,5Inc.~5,52+0,64a+1 (- 0)K, (11)

e K = 2h _gpceno Knyncena, T — YHCICHHBI K02 puLIMeHT, 111 BEepHOI MOJIeNTH PaBHBIH
dy
1,43.
HeonHOpoAHOCTE CTPYKTYpHI B pealibHbIX (UIBTPaX BIUSET HA CyMMapHbIA KOAPOUIUEHT 3a-

XBaTa U Ha compoTuBieHue ¢puiabTpa. /s yuera HEOJHOPOIHOCTH BBeJAEH KOI(DPHUIIMEHT HEOTHO-
pomHOCTH CTPYKTYpHI E* , Xapakrepusyromnuii OTHOIIIEHHE CHJIBI, IEHCTBYIOIIEH Ha €INHHIY JTHHBI

. a . .
BOJIOKHAa B BEpHOU MOJCIIN F¢ K CHUJIC, ACUCTBYIOIICHU B pCAJIbHOM (I)I/IJ'IBTpC Fqg .

F¢p ‘tvzp (12)

B PCAIBbHBIX q)HHBTan BOJIOKHA IMOJIMAUCTICPCHBI. MCpOfI MOJINIUCIICPCHOCTH SBJISACTCA KBAI-
PaTU4YHOC OTKIIOHCHHUC O AMAaMECTPOB BOJIOKOH OT CPECAHETO
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2 —2
_ d df,i
6= —2
A (13)
Torna, ruapoMHaMUYECKU (PAKTOP C yYETOM HOJIHUUCIIEPCHOCTH BOJIOKOH, 3aMHUIIETCS:
K :-0,5|n(i]—o,52+o,64[i)+z(1-(1)Kn
l+o l+o _ (14)

HpI/I HN3BCCTHOM JKCIIEPUMEHTAJIBHOM 3HAYCHN U COIIPOTHUBIICHUA (bl/IJ'II)Tpa APaKC MOJKHO OIIpe-

JEJIUTh Fdﬁ’ o gopmysre:

B APmnzd;i 1+0)

FP

? 4opU H (15a)

a CUJ1y COIIPOTUBJICHHUSA B BeepHoﬁ MOJICIHN

= 4n _ 4n

= e
Ky —o,5|n(°‘] 0,52+ 0,64(0‘) FTL-o)K,
l+o l+o

(156)

Kosbduuuent npockoka B peaibHoM $uiibTpe 1uist onpesenennoro snavenus U, paccuntsi-
BaeTcs 1o (GopMyIie, aHATOTUYHOM (2)

K :exp _ﬁ
nd, E*(L+0)

: (16)

a 3¢ dexkTuBHOCTH UIIBTPa

48 "aH
—1— e M
S eXp{ TcdeB(1+0')}

(17)

ITo Teopun Kupa — CreukuHoit — @ykca, SBISAIONIEHCS IO MHEHUIO MHOTHUX aBTOPOB Hanbo-
jgee TOYHOH Ui MOJENbHBIX (PUIBTPOB B OOJIACTH C JNOMMHHUPYIOIIMMHU 1updy3uei u 3axBaToM
(mampumep, [3, 8]), B 061acT MaKCUMaIBLHOTO MPOCKOKA KOI(PUIIMEHT 3aXBaTa OTAECIbHBIM BOJIOK-
HOM OIIpeJeNsieTcs KaKk

& = &L +Er +Ehrpy & =1-(L+EL)A-ER) (18)
rac:

&, =2,7Pe °[1+0,39(K;) *Pe K ] +0,62Pe "
&= (2K§)’1[(1+ R)™*-(1+R)+2(+R)I+R,)+ +2T K (2+ R )R (1 + RK)‘l] _
gﬁDR :1, 24(Kg)—112 Pe—JJZRKZIS .

(19)

188



Tpemwvs Meaicoynapoonas nayuno-npakmuuecxas kongepenyus «BIG DATA and Advanced Analytics. BIG DATA u ananus evlcoko2o ypogHsy,
Munck, Pecnybauka Benapycw, 3-4 mas 2017 200a

Paccuurats 3¢ dexkTuBHOCTS QuinbTpa 1o (17) MOKHO MPHU YCITOBUH, YTO JTHAMETPHI BOJIOKOH

Pa3IMYarOTCsl He OYCHb CHIIBHO (HAaIpUMep, eClu d, <d,,, TO TCOPHsi BepHa IIPH d_,/d, >0,2). Teo-
1 1

pust BepHa Takke npu Re <1, AP/U,=const, d, <1 mxm, a<0,1.

Ananuz IIPUBCACHHBIX BBIpa)KeHI/Iﬁ JJI1 OIpEACIICHUA az IIOKa3bIBACT, YTO HX B OCHOBHOM OT-

JMYaET APYT OT Jipyra opMa ONUCaHUsI OISl TOTOKA, T.€. THIPOAMHAMUYECKUH (HaKTOp, 3aBUCATIINNA
OT MapamMeTpoB MOJEH (PHIBTPA, a TAKKE yUET HEOTHOPOTHOCTH CTPYKTYPHI M TIOJTUIUCIICPCHOCTH
BOJIOKOH. Bce Koppemnsiuu He yYUTHIBAIOT SBHO Re W MPUMEHUMBI MIPH CICIYIOIIMX YCIOBHSIX:
Re<1, a<0,1. B o6mactu uyncto nudy3moOHHOTO OCaXKICHHS (dp<0,3 MKM 1 U <1 M/C) 1y1s BOJIO-

KOH pasMEpoM d £ 2 MKM XOopomee COBIMAaACHUE C OKCIICPUMCHTAJIbHBIMHA JaHHBIMU JAIOT KOPPEIIA-

1uu JIu u JIny Ha ocHOBE ruapoarnHaMuydeckoro gakropa Kysadapsl. st puibTpoB U3 ynbTpaamc-
MEPCHBIX BOJIOKOH (df < 1 MKkM) 6ojee TOUYHBIMH SBIAIOTCS ypaBHeHUs Kupma — CTeukuHON —

dykca, Mmony4eHHbIe 1A BeepHOH Mojaenu (19), KoTopble YUUTHIBAIOT HEOJIHOPOIHOCTh PEAIbHOTO
(bUIBTPa U MOHUIUCIIEPCHOCTD BOJIOKOH, a TakKXkKe 3PPEKT CKOIBKEHUS MOJIEKYJI ra3a OKOJIO TOHKUX
BOJIOKOH ¥ COBMECTHOE JICHICTBIE MEXaHM3MOB OCaX/ICHUS B pe3ynbTate nuddy3un u kacanus. O6-
nacth npumenumoctu (19): Re <1, d, <lmxm, a<0,1, AP/U,=const, He OYCHb OONIBIIAS OXHO-

POAHOCTH BOJIOKOH, T.C. IIpH d £1°> d f2 JAOJDKHO BBIIIOJIHATBHCS YCIOBHE ( (s /d P 2 0,2.
1

Koadduruent npockoka n 3¢(HEeKTUBHOCTh OYUCTKH T'a3a MOJICIbLHBIM BOJIOKHOBBIM (DHUIIb-
TPOM OTIPENIEISIETCS COOTBETCTBEHHO M3 BbIpakeHU# (2) u (3), a peasbHOr0 (GUIBTpa MO TEOPHU
Kupma—Creukunoii-®dykca ¢ yaeToM HEOJHOPOAHOCTH CTPYKTYPhI ¥ MOJIUIUCTIEPCHOCTHA BOJIOKOH
—u3 (16) u (17). Bce 3T u ipyrue u3BeCTHHIE BHIPAKEHUS AHATIOTMYHBI U COJIEp)KaT apameTp puiib-

Tpauuu (3), KOTOPBI HArJIsSAHO OMUCHIBAETCS COOTHOLIEHHEM OOIIe MOBEPXHOCTH BOJOKOH Sf

*

¢GunapTpa K oman GuIbTpa S, KOTOpOe MOYKHO Ha3BaTh YACIbHOM IUIOIMIAILI0 BOJIOKOH F
TaK KaK

2
oovem gonoxon _ Lnd,

 obven Qunvmpa  4SH T0 | — doHS
nd,’
F*:izl‘-ﬂ?df :4(XHTI:2de (20)
S S nd,“S

(3TOT pe3ynbTaT COOTBETCTBYET U (5)), a mapamMeTp  OMpeenseTcs Kak

*

F*# :F_
n(l-a) =ll (21)

[Tpu nrddy3MOHHOM OCAKICHHUH, KOTOPOE SBIISETCS JOMUHUPYIOIIUM MEXaHU3MOM B 00JIaCTH
pasmepos gactur d p< 0,5 MKM, OcakIeHHEe TPOUCXOIUT (PaKTHIECKH TOJIHKO Ha 2/3 00111ei moBepx-
HOCTH BOJIOKOH. Ecniu omycTUTh, YTO NEUCTBYIOT U APYTHE€ MEXAHU3MBI 33JIEPKKH, TO MOKHO CUH-

TaTh paboyeil BCIo JT000BYIO TOBEPXHOCTH BOJIOKHA ILTFOC YaCTh 3a/IHEH MOBEPXHOCTH (110 HarpaBJie-
HUIO TIOTOKA), T.€. 5/6 0011ei moBepXHOCThI0. BBeeHNEe Takoi KOppeKIMH B (hopMyITy JUis onpeie-

nenus F - (21) Bpsim i puBeneT K HeooIeHKe 001Iel 3¢ heKTHBHOCTH QUIIBTPA, T.K. TAHHBIE TEO-
PETHYECKHUX PacyeTOB, KaK MPaBUIIO, IBJISIOTCS 3aBbIIIEHHBIMH.
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Belimie oTMeueHo, 4To 00IIyI0 MOBEPXHOCTh BOJIOKOH YI0OHO, C TOYKU 3pEHHUS €€ U3MEpEHUS,
BBIPA3UTD YEPE3 YAETbHYIO IOBEPXHOCT: S, =S 4 - M, Toraa

. ‘m_. F
FroSwMpe p_f
S - nll (22)

WIH ¢ Koppesiiuei pabouell mOBEpXHOCTH:

(5F
6 nll (23)

J71s oueHb HU3KOM MJIOTHOCTH YIAaKOBKH MOXHO MCIIOJIb30BaTh YIPOILIEHHYI0 hopmy (9).
YuuThiBasi BBIIEU3JI0KEHHOE, MOKHO 3aIHCATh:
— 17151 OTHOPOIHOTO MOJIENBHOTO (QUIIBTpA:

5F, &
D =1- AT
g exp(— 2 ); 4

— 17151 OZJHOPOHOTO (PUIIBTPA C YUETOM PEXKMMa TECUCHUS (U3 KOPPEISALUH U KOAPPHUIIMESHTA
MacCOTEepeHoca):

£y =1- exp(—> F, -1,0664Re " N )
6 . (25)

— JUTSL HEOJTHOPOTHOTO (PMIIBTPaA U3 TOTUAUCIICPCHBIX YIBTPATOHKUAX BOJIOKOH (Ha OCHOBE Be-
€PHOM MOJICIIH ):

-0,489

&, :1—exp(—§ F, -1,0664Re N )
6 . (26)

[Tapametp Fu* (umi F’) MOXeT CITy’KUTh (aKTOPOM ONTHMHU3ALMK BOJOKHOBBIX (DHJIBTPOB,

MIOCKOJIBKY YYHUTBHIBAET OOIIYIO IIOBEPXHOCTH OCAKACHUS, YTO YOOHO ISl ONIPEIeNICHHs! TBUTEEMKO-
CTH U pecypca paboTsl GUiIbTpa, MaTEPUATOEMKOCTh, TEOMETPUUECKUE U CTPYKTYpPHBIE ITapaMeTphbl
bmIbTpa, U ABIsETC 6e3pa3MepHBIM, YTO TIO3BOJISIET UCIIOIB30BaTh €0 B COYETAHUHU C JPYTUMHU I1a-
paMeTpaMu Juis cpaBHEHHs GUIBTPOB Mexay co0oil. [Ipumenenune ypaBuenuii (24) — (26) s omnpe-
nenenns 3pPeKTUBHOCTH pealbHbIX (PUIBTPOB TPEOYET yueTa HEOJTHOPOAHOCTH UX CTPYKTYPHI U IO~
JUJIMCIIEPCHOCTH BOJIOKHA, KOTOPBIE MOXKHO ONMCaTh W3BECTHBIMHU (hopMyJiaMu Jiorapu(pMUUECKU
HOPMAJIBHOTO paclpeeNeHus.

[TpousBenenHas popmanuzalus Iporecca OYMCTKH ra30MbUIEBbIX TOTOKOB B TOPUCTHIX BOJIOK-
HOBBIX MaTepHaax Mo3BOJISIET ONMPENIEUTE CBSI3H MEKIY IIEPEMEHHBIMH TTPOIIEcCca B TMHAMUYIECKOM
peKUMe U NIepeiiTH K KOMITbIOTEPHOMY MOJIEIIMPOBAHUIO JUIs peIICHHs 3a/1a4a ONTUMH3AIHH.

Jlumepamypa
[1]. TInmmseBuy, JLII. ITopHucThie MOPOIIKOBBIE MaTEPUAIIBI C AHU30TPOITHON CTPYKTYPOI: METO/IBI I10-
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[2]. XneOuuxos, FO.I1. ®uibTpbl CHCTEM KOHIUIIHOHUPOBaHMUs Bo3ayxa u BenTwsin/ FO.I1. Xieo-
HUKOB. — Mockga.: Ctpoinsnart, 1990. — 128 c.

190



Tpemwvs Meaicoynapoonas nayuno-npakmuuecxas kongepenyus «BIG DATA and Advanced Analytics. BIG DATA u ananus evlcoko2o ypogHsy,
Munck, Pecnybauka Benapycw, 3-4 mas 2017 200a

[3]. Benoycos, B.B. Teopernueckue ocHOBHI mporieccoB razoounctku/ B.B. benoycos — Mocksa: Me-
tayntyprusi. — 1988. — 256 c.

[4]. ®Dykc, H.A. Mexanuka asposzodeit./ H.A. @ykc.— Mocksa: 13n-so AH CCCP. — 1955. — 351 c.

[5]. Hdeyxumennsiii, B.A. CucTeMbI OUHCTKH BO3IyXa OT a3po30JbHbIX yacTuil Ha ADC /B.A. JIByxu-
MeHHbIH, b.M. Cromspos, C.C. UepHsril. — MockBa: OHeproarommsaar, 1987. — 88 c.

[6]. Kupmr, A.A. DbdekTHBHOCTL a3p030JbHBIX (BHIBTPOB, COCTOSIIMX U3 YILTPATOHKHX IMOJHINC-
nepcHbIX BoJokoH / A.A., Kupu, U.B., Cteukuna, H.A. ®@ykc // Konnounnstit xypHan, 1975. — Nel. C. 41-46.

[7]. Kirch, A.A. The Theory of Aerosol Filtration with Fibrous Filters/ A.A. Kirch, I.B. Stechkina // In
Fundamental of Aerosol Science / Ed. by David T. Show.: John Willy and Sohu, Inc., 1978. — P. 165-256.

[8]. VxoB, B.H. Ounctka nmpombInieHHbIX ra3oB oT meutd. B.H. Yxog, A. 0. Banpabepr, b. Y. Msr-
KOB. — MockBa: Xumus, 1981. — 390 c.

191



Tpemws Mescoynapoonas nayuno-npakmuyeckas kongepenyus «BIG DATA and Advanced Analytics. BIG DATA u ananus evicokozo ypoeHsy,
Munck, Pecnybauka Benapycs, 3-4 mas 2017 200a

KJIACTEPU3ALIMS IIJTIAZMUJI TAJIOYKOBUJIHBIX ®OPM BAKTEPUI U X
BUJA0OB C UCITTIOJIb3OBAHUEM CIHHEKTPOCKOIINA

HU.B. Kyxapuyk J.U. Camanp
Accucmenm kagedpwi snekmponHvix  3asedyowuti Kagheopotl INeKmMpoHHbLX
gvruucaumenvuvix mawur bI'VUP govruucaumenvuvix mawur bI'VUP,

KaHouoam mexHu4ecKux HaykK, 0OyeHm

benopycckuii eocydapcmeennulii ynugepcumem ungopmamuxu u paouodnekmponuxu, Pecnyonuxa benapycey

E-mail: i.kukharchuk@bsuir.by, samal@bsuir.by

Abstract. . This paper describes the solution of the problem of classification for bacterial species and their nutrient
media. The described algorithm allows classifying three species of bacteria using self-organized map, as well as the
clustering of three nutrient media for E. coli bacteria using k-means. The paper presents the rationale for choosing a
solution model, calculating its accuracy, and ways to increase the accuracy. The experiments show the proposed solution
is capable of clustering spectrograms with an accuracy of 96%.

Bo03M0XHOCTB OBICTPOH aBTOMATHYECKON WIACHTHU(GUKAIIMU W/WUIH KiIacCUPUKAIIUU OaKTEepHit
(X BHIOB) B 00pa3ie A0 CHX IOP SBJSETCS CephE3HOM MPOoOIeMOoii B 006J1aCTH MUKPOOHOIOTHH.

B pamkax HacTosiel paboThl pPaccCMOTPEHBI CYLIECTBYIOIINE MOAXO0/Ibl K MPOBEICHHUIO Kila-
CTEpHU3AIMH COACPKUMOTO IITAMMOB OaKTepHii HA OCHOBE MX CIIEKTPOIPaMMBI, TIOTYYEHHOU IPH 10~
MOIIHY HAaCTOJIBHOT'O MUKPOCKOIIA KOMOMHAIIMOHHOTO PACCESTHHUSL.

Lenbro mpeacTaBIsieMOTO UCCIIEAOBAHUS SBISUIACH pealn3alusl aJropuT™Ma, caMoo0yyJarome-
rocsi B YCJIOBUSIX OTPaHMUYEHHOT'O KOJIMYECTBA UMEIOIINXCSI CIIEKTPOrpaMM; rociie 00ydeHus 3a1auet
QITOPUTMA SIBIISIETCS MTOCIIEAYIOMIAs KIIaCTEPU3ansl BXOAAIINX IITAMMOB C HEOOXOIUMBIM YPOBHEM
TOYHOCTH, IpeBbImatommM 90%. B pamkax paGoThl ObUIH pELIeHbI CIeTyIOIUE 3a1a4n:

— 3arpy3Ku M MOATOTOBKH JIaHHBIX (CIIEKTporpamm) Kk o0padoTKe;

— CO3JaHUs APXUTEKTYPhl COBOKYITHOTO aJrOpUTMa OOYYEHUS U KJIACTePHU3AIMH BUIOB;

— BbIOOpa anropuTMa 00ydeHHs Il IEPBUYHOTO pa3/iesieHus: OaKTepuil 0 BUIaM;

— BbIOOpa anropuTMa KJIacTEepU3alUu ISl pa3lesieHus] OaKTepHuid 1Mo MHUTATEIBHON Cpere, B
KOTOPOW OHH BBIPAILCHBI.

[TepBbIM 3TaroM MPOBEAEHHOTO UCCIIET0BAHMS ABISIOCH (POpMUPOBaHUE 0a3bl CIEKTPOTrpaMM
M3BECTHBIX Oaktepuii. OmpeneneHne Buaa OakTepUidl MPOUCXOIUT Ha OCHOBE UX COAEPKUMOTO, B
YaCTHOCTH — IJIa3MHJIOB, U UX BIMSHMS Ha U3MEHEHU B criekTporpammax [ 1]. Ha nanHoM 3Tane Bce
CIIEKTPOTPAMMBI COXPAHSIOTCS B BUJIE CHIPBIX HEOOPaOOTaHHBIX TAaHHBIX.

Knaccupunupyembivu Oaxtepusimu ssisitorcst E. coli, shiwinella, lactobacilus. Cnextpo-
rpamMMa ¢ MaKCHMAJTBHO Pa3TNYalONIMMUCS MHTCHCTUBHOCTSIMH Ha3BaHHBIX OAKTEPHIA TPEICTABICHBI
Ha pucyHke 1. OnHako, eciau paccMaTpuBaTh BeCb HA0OP BO3MOXHBIX CIIEKTPOrpaMM, TO Pa3IUyuus
MEXIy JaHHBIMH OaKTEpUsSMHU B OOJBIIMHCTBE CIy4aeB MPAKTHUYECKH HUBEIUPYIOTCS. TecTOBBII
Habop kaxoro Buaa 6axrepuii cocrapiser 100 mrammoB. Takum o0pa3om, ucxoaHas 6a3a JaHHBIX
coctarisuta Tpu Habopa o 100 mTaMmMoOB T KaXKI0T0 U3 BUIOB UCCIEAYyEMBIX OaKTEPHii, COOTBET-
CTBEHHO.
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Puc. 1. CnekrporpaMmpl Ki1acCUuPHUITUPYEMBIX OaKTepuit

CorJiacHO TIOCTaHOBKE 3ajiauu, JUIs MepBoro kiaccuduippyemoro Buaa dakrepuii — E. coli —
HE00XO0IMMO pa3nuyaTh OaKTepHH 10 MUTATEIbHOM cpesie, B KOTopoil oHu Bbipaiiensl (MMGls, LB
u 1.1.). [lpumep Toro, Kak cpeaa BIHMsIET HA ©3MEHEHHUE crieKTporpammel Oakrepuu E. coli, otpaxén
Ha PUCYHKeE 2.
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Puc. 2. CniektporpamMmbl BIHSHUS pa3IMYHBIX MUTATENbHBIX cpell Ha npuMepe 6aktepun E. coli

Tak xak wWMenach BO3MOXXHOCTH HCIIOJIb30BAaHHS TECTOBOTO Habopa JUIs KIIaCCH(HUKAINA
OakTepHii, TO NMPUMEHSUIUCh AITOPUTMbI ¢ OOydeHueM, OOImMH BHUJ, KOTOPBIX, OTOOpak€éH Ha
pHUCYHKE 3.

Jns  pemieHuss 3anaud  Kiaccupukauumu Oblla BbIOpaHa HEWpPOHHAs CETh BCTPEYHOTO
pacrmpocTpaneHus 0e3 oOpaTHBIX CBsI3el Ha 0aze camoopranu3ymonieiicss kaptel KoxoHeHa u 3Be3/1bl
I'poccbepra. [lanHas HeMpoOHHAs C€Th XOPOIIO MOAXOIUT Ul YKa3aHHOM 3a7jaui BBUY CIIEIYIOLINX
(hakTOpOB:

— HaJM4Yue cBOiicTBa 0000IIeHUs BBUAY Hamuuus ciost KoxoHeHa;

— npocToTa 00yueHus cnosi I'poccOepra, HaKOIUIEHHS CTATUCTHYECKUX JTaHHBIX;

— BBICOKasi CKOPOCTh 00yuenus [2-3].

Hcnons3zyemast B paboTe KiacCHYecKas cxema HeMpOHHOM ceTn oToOpakeHa Ha pucyHke 4. Ha
JTAHHOM PUCYHKE BXOJIHBIE JaHHBIE MTPECTaBICHBI BeKTOpoM X, cioii Koxonena BexktopoM K, cioit
I'poccbepra BekTopom G, BEIXO1HOM BekTOp — Y. Beca ist ciioéB cOOTBETCTBEHHO W H V.
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00BEKTHI
MPEeIMETHOH JTAaHHbBIE €3yJIbTAThI
P IIpusHaku Mopnens pe3y
obiactu
A
oOyuarorue
JIaHHBIE Anroputm

00yUeHUs

Puc. 3. O0muii Bu penieHus 3aa4d MaltuHHOTO O0y4YeHUs

Puc. 4. HeiipoHHas ceTb ¢ BCTPEYHBIM paclio3HaBaHuEeM 0e3 0OpaTHBIX CBsI3ei

[Tocne ananu3a copMHUPOBAHHOM Oa3bI CHEKTPOTPAMM B 00JIACTH BIMSHUS MUTATEIBHBIX CPEJl
Ha KOHEYHbIH BUJ rpauKoB, ObUla BbISBIEHA KJIACCHMYECKash 3aKOHOMEPHOCTb: CIIEKTPOrpaMMbl
MOTyT OBITH COOpaHbl B KJIacTepe, KaK 3TO OTpak€HO Ha pucyHke 2. KonnuecTBo KiacTepoB IO
IIOCTAaHOBKE 3aJlaud 3apaHee W3BEeCTHO. TakuM o00pa3oM, JOCTaTOYHBIM pPELICHHEM JUIs 3ajadu
KJIacTepH3alliy MUTaTeNbHBIX cpel Oakrepun E. coli sensercs meron K-cpennux, umeroniuii Buj [4]:

V=31 Zajes (0 — ) 1)

rae K — gncno kmactepoB; Si — mojyueHHble kiactepsl; | =1, 2, ..., K 1 gj — HEHTpbI Macc BEKTOPOB
Xj €Si.

ApPXUTEKTYpa pelIeHus, O3BOJISAIONIET0 KiIaccu(uIupoBaTh OaKTepHH, U KIaCTepU3UPOBATh
MUTATENbHBIE CPEBI ISl OTHOM U3 HUX MPEJCTaBICHA Ha PUCYHKE 5.

CIEKTporpamMMa .
HEIpOHHas CeTh

A

OIpezieIeHNe
N

lactobacilus R

oOyuJaromue MIUKOB 00yUeHHe
CHCKTPOrpaMMbI cnost shiwinella control N
pocchepra "

Puc. 5. Apxutexrypa npeiokeHHOro peleHus kiaccudukanuu 6akrepuil u
KJIaCTepU3allM UX MUTATENIbHBIX CPE.l

BxonHble 1aHHBIE TOCTPOEHHOM 1O 00pa3Ily CeTH Mo2ym ObITh HENPEPHIBHBIMU, OJTHAKO KJIAc-
cudukarop, paboTaromuii ¢ TakKUM 00bEMOM HEMPEPBIBHBIX JaHHBIX (1024 Toukn), IPOAEMOHCTPH-
pOBaJI HEJJOCTATOUHYIO TOYHOCTh onpeseneHus oakrepuit (mopsinka 50%) Ha Bcex Tpéx tumax. s
MOBBILIEHHUS] TOYHOCTH OBLIO MPOBEIEHO PEAYLMPOBAHUE MCXOAHBIX JaHHBIX U U3MEHEHUE HCXOJ-
HBIX TPU3HAKOB, [0 KOTOPBIM MPOBOJIMIACH Kiaccupukanus. B xauecTBe mpu3HaKoB OTOMpaIHCh
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MMUKHU CIIEKTPOTPaMM U UX 00IIee KOJIMUIECTBO IS KaKI0ro o0bekTa Obu10 cokpamieHo a0 100. Ta-
KM 00pa3oM, onepanueid 00paboTKU BXOIHBIX JaHHBIX HEWPOHHOW CeTH CTaj O0TOOp muKoB. [lis
0oTOOpa Ompe/eIEHHOr0 KOJIWYEeCTBA MUKOB M3MEHSUIOCH pa3peiiéHHOE PACCTOSTHUE MEXAY HUMH.
JlarHOE JIelicTBHE TTO3BOJIUIIO MTOIHATH OOIIYI0 TOYHOCTH OMPEIeICHHs OaKTepHid 10 ypoBHS 84%.

Crnenyromumu TanaMu MoIU(PUKAIMH HEUPOHHOW CETH CTaJIH:

— pacummpenue o0yJaromeil BRIOOPKH MyTEM 100aBICHHUS IIIyMa K BXOAHBIM BEKTOpPaM;

— yBeJIHMYEHHUE MOPOra HEUPOHA, KOTOPBINA Yallle OCTAIBHBIX CTAHOBHUTCS MMOOCTUTENIEM;

— HCNOJB30BAHME HWHTEPHOSALMA BMECTO AaKKPEAUTAIMU— OSMIIMPUYECKass KOPPEKIus
napamMeTpoB o ¥ 3 Ha Tane o0y4eHus: HeHPOHHOMN CETH.

B pesynbrate ans Kaxaoro tumna 6akTepuu B KiaccH(PHUKATOpPE ObUIM MOJIyYE€Hbl U3MEHEHHS
HAYaJIbHOTO 3HAYCHUS KOI(PPUIMEHTOB O0YUYCHHSI CICAYIOIUM 00pa3oM: . OBLJIO CO3/IaHO TIOJIE B
pamkax a € [0,41;0,90] u B € [0,01; 0,50], u B pe3ynbTare MUKIOB 00yUEHUS TOTYICHBI CTATUCTH-
qyeckue JaHHbie. [[poBei¢HHBIE SKCIIEPUMEHTHI OTOOPAKEHBI Ha pUCYHKE 6. AITOPUTM YMEHBIIICHUS
k03¢ dHULMEeHTOB 00yUYeHHs MOJUYUHAETCS TOKA3aTEIIbHOMY 3aKOHY pacIipe/ieIeHHs.

2 ) B

Puc. 6. DxcriepuMeHTaNIbHBIC JaHHBIE TI0A00pa K03 PuimeHToB 00yUeHMs 0 ¥ [3 HEHPOHHOM CeTH
BCTPEYHOTO pacpocTpaHeHus 06e3 oOpaTHBIX CBsA3eH: a) 1yt 6akTepun E. coli, 6) mist 6akTepun
shiwinella Control, B) mst 6axrepun lactobacilus

Ha ocHOBaHMM MOTy4€HHBIX JAHHBIX BHIOPaHbI CIIEIYIONINE IMIUPUUECKUE KO PUIIUEHTHI: O
=0,85u f=0,15. I[Tonbop HavaTbHBIX KOADPHUIIMEHTOB MOBBICUI TOYHOCTh Mojienu Ha 2%. CoBo-
KynHbIH 3¢ dext Mmoaudukanuii coctaui 12%.

B pesynbraTe manHOM pabOTHI OBLIT CIIPOEKTUPOBAH U PeAIM30BaH KiacCU(pUKATOp BUIOB OaK-
TEPHi U MOCIIEA0BATENbHBIN KJIaCTEPU3aTOP MUTATEIbHBIX cpel s 6aktepun E. coli ¢ TouHoCThIO
kinaccudukanuu 96%.
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IMOCTPOEHUE TEOCEHCOPHBIX CETE MOHUTOPHUHT A OKPYXKAIOIIEN
CPEJIbl HA OCHOBE INTERNET OF THINGS
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Abstract. The rapid growth of the number of user devices containing miniature sensors and having the ability to
geolocation, laid the basis for the development of the deploying of geosensor networks. Such networks are capable of
accumulating the huge amounts of data on various physical phenomena relative to the considered spatial and time inter-
vals. Geosensor networks can provide the collecting and automatic processing of environmental data, allow to make the
decisions to preserve it, predict natural disasters and ensure control over the consequences of technogenic disasters. The
construction of geosensor network on hardware equipment of heterogeneous Internet of Things devices with their inte-
gration over the Internet using open OGC standards for data exchange about the state of the environment is considered.

PocT aHTpOIOreHHoi# Harpy3KH Ha OKPYKAIOIIYIO CPey MIPUBOJIUT K €€ CYIIECTBEHHOMY U3-
MeHeHHI0. COBpEMEHHBIN MUP XapaKTepU3yeTCsl BHICOKUM PUCKOM TEXHOTEHHBIX KaTacTpod U xKecT-
KHMU TPeOOBaHUSIMH K UX CBOEBPEMEHHOMY MTPEIYIPEXKACHUIO U PEaripoOBaHUIO Ha TPUPOIHBIE CTH-
XUWHbIE O€/ICTBHS.

Oxpyxaroniast cpeja HEOJHOPOJHA U AUHAMUYECKU U3MEHAETCS, IOITOMY €€ MOHUTOPHUHT
TpeOyeT BEICOKOI'O BPEMEHHOT'0 U IPOCTPAHCTBEHHOIO pa3pelieHus. B TeueHune nmocneaHero qecsaTu-
netusi HeHOMEHAIbHBIH POCT HUHPOKOMMYHUKAIIMOHHBIX TEXHOJIOIMH U TEXHOJIOTHI 30HIUPOBAHUS
OKa3aJl CYIIECTBEHHOE BIHMsHUE Ha chepy HAyK O 3emIie.

Dkonornyeckue npoOiIeMbl UMEIOT TI00albHbIN XapakTep. s 3 pexTHBHOrO MOHUMaHUs
¥ MOHMTOPHMHTA OKpPY)KaloIlel cpeibl HE0OXOAUMbl HHTEIPUPOBAHHBIE JAHHBIX U3 Pa3HOPOIHBIX
UCTOYHHUKOB 10 BceMy MUpy. Jpyrumu cioBamu, Heo0XoluMa OTKpbITasi, Maciitabupyemasi, ruokas
U ycToiunBas HH(QpacTpyKkTypa.

CoBpeMeHHbIE MOJIeIM MUHHMATIOPHBIX HEIOPOTHX AATYMKOB C OaTapeiHbIM MUTaHHUEM, C
NOJIEPKKOM OecrpoBOIHON IM(PPOBOI CBSI3U MPENCTABISAIOT 3HAYUTEIIbHBIE BO3MOXKHOCTH IS pe-
HIeHUs 3a]1a4 HaOmoieHus 1 ynpasieHus. C pocToM kpay1haHAMHIOBOTO ABUKEHHSI B MUDE, ITOBCE-
MECTHON HU(POBU3AIMH YEIOBEYECKOTO COLMYyMa, MOMYJISIPHOCTH OJHOPAHTOBBIX CETeW MHTEpec-
HOW BUAMTCS BO3MOYKHOCTD IPUBJICYEHUS KAXI0TO OTIEIBHO MOJIb30BATEN K KOHTPOJIIO TapaMeT-
POB OKpY’Karolllel cpefibl Yepe3 ero nepcoHaabHble KOMMYHHUKAIIMOHHBIE YCTPOICTBA, OCHAILIEHHBIE
T€0JIOKAllMOHHBIMU U APYTUMHU J1aTYUKAMHU.

I'eocencop (reomatuuk) - yCTpONCTBO, COAEPIKAIIEe CEHCOPHI (IaTYUKH) SISl CHATHUS TTOKa3a-
HUH ¢ GPU3NUECKOT0 OKPYKEHHUS C BOZMOKHOCTBIO T€OTO3UIIUOHUPOBAHMSI TOUKU CHATHUS TaHHBIX.
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I'eocencopusie cetr (GeoSensor Networks - GSN) - 310 crienuanu3upoBaHHbIE PUITOKEHHUS
TEXHOJIOTHI OECTIIPOBOAHBIX CEHCOPHBIX CETEH B reorpauueckoM MpOCTPAHCTBE, KOTOPBIE MOAJIEP-
KHMBAIOT I€ONO3UIIMOHMPOBAHNE, HAOIIONAIOT 32 U3MEHEHUSAMH U OTCIIEKHUBAIOT IIEPEMEIIECHUS 5IB-
JICHUH U TporeccoB okpysxaromiei cpensl [1]. GSN MoryT o0ecnieynTs reHepannio JaHHbBIX C BBICO-
KHUM IIPOCTPAHCTBEHHBIM M BPEMEHHBIM pa3pellieHHeM, U3MEPEHUE Pa3sHOOOPa3Hsl 3KOJIOIMUYECKHX
JTAHHBIX 1 aBTOMATH3ALIMIO ONlepanuii ux 00pabOTKH, MOBBICUTH PEIEBAHTHOCTH MOHUTOPUHTA OKPY-
JKaromen cpeapl. YUuThiBas 3TH 0co0eHHOCTH, GSN SBISIOTCS BaXKHOW YaCThIO TEXHOJIOTHH, CBS-
3aHHBIX C CCHCOPHBIMU CETSAMH, a TAK)KE MHOTHX HOBBIX KOHIIENIHH, B 9acTHOCTH Internet of Things
(1oT).

Wutepuer Bemieit (Internet of Things - 10T) — MeTo1010T 1S BEIYHCIUTEIBHON ceTn husmue-
CKUX IPEAMETOB («BelIei»), OCHAIEHHBIX BCTPOCHHBIMU TEXHOJIOTUAMU JUISl B3aUMOJICHCTBUS APYT
C IpyroMm WM C BHEIIHEH cpenoi [2], paccMaTpuBaroias OpraHu3aluio TakuxX CeTel Kak siBJICHUE,
CIIOCOOHOE NMEPECTPOUTh SIKOHOMUYECKHE U OOIECTBEHHBIE IIPOLIECCHI, HCKIIFOYAIOLIEee U3 YacTH AeH-
CTBHIA U Omepaliii HeoOXOAMMOCTh yyacTus deoBeka [3].

VY351B1 CO BCTPOEHHBIMU T'€0CEHCOPaMHU, PA3HOPOAHBI C TOUKHU 3PEHUS allapaTHBIX BO3MOXKHO-
CTeH U MPOTOKOJIOB CBSI3H, UTO YCJIOKHSAET BO3MOXKHOCTb X YydacTue B cueHapusx loT. ITostomy
o0ecriedyeHne MX COBMECTUMOCTH SIBIISIETCS BaKHBIM IIAroM JJIsl OOBEIUHEHUS PA3IUYHBIX
YCTPOICTB B T€OCEHCOPHYIO CETb.

YuuTtbiBas 3TU TPYAHOCTH, MEXIYHApOJHAs HEKOMMEpYECKas OpraHu3anus 1o paspadoTke
CTaHJapTOB B c(epe IreonpoCcTpaHCTBEHHBIX JaHHBIX U cepBucoB Open Geospatial Consortium
(OGC) [4], obbenunsromas 521 KoOMIaHUIO, OPraH rOCYIapCTBEHHOTO YIIpaBJICHUS U ydeOHOe 3aBe-
JIeHHe, MPeUIoKUIa CTPYKTYPY OTKPBITBIX CTAHIAPTOB JUIsSl HCIOIb30BAHUS MOAKIIOUEHHBIX K CETH
JATYUKOB U CEHCOPHBIX CUCTEM BCEX TUIIOB.

B nannoit pabote 06cynuM, Kak C€TH reoJaTYMKOB MOTYT ObITh HHTETPUPOBaHbI B VIHTEpHeT,
9TOOBI 00ECIICYHTH 331a9d MOHHTOPHHTA OKPYKAOIIEH cpelibl, paccMoTpuM KoHtenuio [oT u ap-
XUTEKTYpy ciioeB [oT /i1 MOHUTOPHUHIA HKOJOTHUECKUX JaHHBIX B PEXKHMME pEalbHOTO BPEMEHH C
HCI0JIb30BAHUEM UHTT€PUPOBAHHBIX B BEO-CETh CEHCOPOB.

WHTepHeT Belieil MOYKHO ONpeaeuTh Kak TMHAMUYECKYIO I100aJIbHYIO CETEBYIO0 HHPPACTPyK-
TYpPY C BO3MOXKHOCTSIMU CaMOKOH(UTypupOBaHUs Ha OCHOBE CTAHJAPTHBIX U COBMECTUMBIX IIPOTO-
KOJIOB CBSI3HU, I/ie (pU3HUECKUe U BUPTYaJIbHBIE «BELIM» UMEIOT UACHTU(DHUKAIIMOHHBIE JaHHBIE, (Hu-
3UYECKHE U BUPTYaJIbHbIE aTPUOYTHI U UCTIONB3YIOT HHTEIIEKTyaJIbHbIE HHTEP(ENCHI, a TAKXKE JIETKO
UHTETPUPYIOTCS B UH()OKOMMYHUKALIMOHHBIE CETH.

bnarogaps ucnons3oBanuto MHTEpHET-UHTEP(PENCOB U HOCTYNY K riaodanbHOi cetH, [oT He
OTpaHUYMBACTCS KaKUMU-INO0 pu3nueckumu rpanunaMu. Kpome toro, ero yHKIIMOHMpPOBaHKE B
peXHUME peallbHOr0 BpEMEHH 00ECIeunBaeT He TOJbKO 3(()EKTUBHBI MOHUTOPUHI OKpYXKaroIleH
Cpezbl, HO TaKKe U BO3MOXKHOCTH JJIsi MEXJIyHapOJAHOTO COTPYAHUYECTBA, Hanpumep, ['mobanbHas
cucrema cuctem HaOmoaeHus 3emnu ('EOCC) u co3zganue «yMHOM 3emMinm».

Buenpenue napaaurmsl 10T B peanbHbIf MUp TpeOyeT HOBBIX TEXHOJOTMH Kak Ha ypOBHE
cOopa JaHHBIX, TaK U Ha YPOBHE CETEBOI0 B3aumojeicTBus. Hanboee 4yacto UCTIONBb3yeMbIMH TEX-
HOJIOTHSIMM Ha ypOBHE cOOpa TaHHBIX SBJISIFOTCS CEHCOPHBIE CETH, PaIM0OYacTOTHAs HIeHTH(DUKaLUs
(RFID) u nBymepnsbie ko1, Bluetooth, 6ecnipoBonnbie nokanbubie cetu (WLAN) u UHTepHer - pe-
IIEHUs AJIS1 CETEeBOro B3auMojAeNCTBHs. CEeHCOpHBIE CETH UTPArOT OOJIBIIYIO POJb B OOJIBIIMHCTBE
npuinokeHn 10T, HO TeTepOreHHOCTh B KaXA0W CETH C TOUYKHM 3PEHMS aIllllapaTHBIX BO3MOXKHOCTEN
U TPOTOKOJIOB CBSA3M BII€UET 3a cOOOI MCIOIB30BaHME MHOXECTBAa Pa3HOOOpPA3HBIX CTaHIApPTOB,
Hanpumep [EEE 802.15.4 u 6LowPAN [5]. B atom kontekcte koncopunyM OGC pazpaboTan UHU-
[IMaTUBHBIE CTaHJIAPThl BCTpanBaeMbIX B BeO-ceTb ceHcopoB Sensor Web Enablement (SWE), koto-
pbie 00ecTIeunBaOT BCECTOPOHHIOK MOIEPKKY ucnonb3oBanus GSN B peanuzarusax [oT [6]. Ko-
mupoBkd XML u cepBucHbIe HHTEpQEICH 1151 00Hapy>KEHHs, JOCTyIa 1 oOMeHa JIIOOBIMU THUITAMHU
JIAHHBIX JATYNKOB MPEIOKEHBI B [7].

Pazpaborannsiii OGC ununmatuBHeli Habop cranaaptoB SWE obecnieunBaeT coBMecTuMoe
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UCTIOJIb30BaHUE CEHCOPHBIX PECYPCOB B YHH(DHUIIMPOBAHHOM peKUME. DTa HHPPACTPYKTYpa MO3BO-
JSIET JIOKAIM3UPOBATh, MOIYYaTh JOCTYII, CTABUTH 3a/1a4M, a TAK)KE OMOBEUIATh O COOBITHSAX B T€0-
ceHcopHoii cetu (Sensor Web). Takum o6pazom, Sensor Web BricTymaer B kauecTBe HHPPACTPYK-
TYpPBI JUIsI CCHCOPHBIX pecypcoB, Kak © WWW 11s1 00111X HCTOYHHKOB HH(POPMALIUH, YTO MO3BOJISET
MI0JIb30BATEJISIM JIETKO JICJTUTHCS CBOUMH T€OMH(DOPMAITMOHHBIMU pecypcamu. Takum oopazom, SWE
MOYKHO paccMaTpuBaTh Kak 3¢ ¢pexkTuBHOE pemeHue ajs cuenapueB [0T, cBsI3aHHBIX ¢ CETSIMU reo-
JATYHKOB.

Monens untepdeiica SWE cocTout u3 cieayronmx KOMIIOHEHTOB: CiIy:k0a HaOIIOJeHHS 3a
natankamu (SOS), ciayk6a coowiTuii gatunkoB (SES), ciayx6a mimanupoBaHusi natdukoB (SPS) u
ciyx06a BeO-yBenomiienuii (WNS). Habnmronenus u uzmepenust (O&M), sI3bIK MOJIeIeH TaTIYMKOB
(SensorML), s13b1k pazmeTku natuyukoB (TML) oTHOCsTCS K nHpOopMannonHon moaenu SWE, koro-
past orpesiensieT MOAEIH JaHHbIX TIIaBHBIM 00pa3oM JUIsi KOJUPOBaHHS HAOII0IEHUH JaTYMKOB U Me-
TaJIaHHBIX JTATYMKOB [8].

Hannare MUIUIMOHOB YCTPONCTB, KOTOPBIE MHTETPUPYIOTCS WM MOTYT OBITh HHTETPUPOBAHBI
B 10T, mozmpa3zymeBaeT HEOOXOAMMOCTD cTaHAapTH3amu. CylIecTBYeT HaCTOATEIbHAS IIOTPEOHOCTh
B aJekBaTHOU apxutektype |0T, KoTopas Mmo3BOJISIET JIETKO TOIKIIOYATHCS, YIPABISATh, OOMCHH-
BaThCsl MHPOPMALIMEH U MOJB30BaThCS MOJIE3HBIMH TPUWIOKEeHUsIME B pamkax |0T. B Hactosmiee
BpeMs Haj ctanpapramu it [oT paboTaroT He3aBHCHMO JBE paboyHe TPYIIBI KPYITHEUIIIHX Opra-
HU3aUH 110 cTaHaapTu3anuu — padouas rpynna IEEE P2413 [9] u pabouyas rpymma “Working Group
on Internet of Things (WG10)” ISO/IEC [10].

[Mpennaraemas ISO/IEC [10] apxurekTypa BKIIOYAET CIACAYIONIME YPOBHH (PUCYHOK 1):

Vposenb ycrpoiicta (Device Layer) orBevaet 3a moyiydeHne TaHHBIX U3 GU3HYECKOTO MHUPA,
T.€. 3a CBOMCTBA alIapaTHbIX YCTPOKWCTB U CBOKMCTBA LUIIO3A.

CeteBoii yposerb (Network Layer) orBevaeT 3a nepenady AaHHBIX. DaKTHUECKH, 3TOT CION
OTBEYAET 32 COBMECTHUMOCTb YPOBHS YCTPONCTBA U MPUKIIAJHOTO YPOBHSI.

VYPpoBeHb MOAIEPIKKU CEPBHUCOB M OEPKKH puioxenuii (Service support and Application
Support Layer) orBedaer 3a o0mme ¥ CenupUICCKIe BOZMOKHOCTH TOIICPKKHA CEPBUCOB U TIPH-
JIOKEHUU.

VYposens npunoxenus (Application Layer) mpenocraBisieT ycayru Win MPUIOKEHUs IS WH-
Terpauy Wiy aHain3a uH(GopMaluu, TOTy4YeHHON OT MPEABIAYIINX YPOBHEH.

[Togo6no WWW ceHcopHasi ceTh BKIIIOUaeT B ceOsl TpU ypOBHSA — ypoBeHb naHHbIX (Data
Layer), ypoens BebO-cepBrca (Web Service Layer) u yposenn npuioxenuit (Application Layer).
VYpoBeHb IaHHBIX B CBOIO OYEpe/Ib MOXKET OBbITh pa3JieiicH Ha ypoBeHb (usnueckoii cpent (Physical
Layer) u ypoBenb ceHcopoB (Sensor Layer). YpoBeHnb naHHBIX oOecrieunBaeT HaOII0IeHHE 3a Mapa-
MeTpaMH OKpY>KaloIIel Cpe/bl U MepeaeT JaHHbIe CEHCOPOB YPOBHIO BeO-cepBHca. YPOBEHb BeO-
cepBuca 00ECIeYMBAET JOCTYIN YPOBHIO MPUIIOKEHUS JUISI U3BJICUEHUS KAIIHMPOBAHHBIX CEHCOPOM
naHHbIX. CTEKOBas CTPYKTypa CEHCOPHOM CeTH MoKa3aHa Ha pucyHke 2 [11].

CucreMbl ymnpaBlieHUsI CEThIO JATYMKOB CTPOSTCS Ha OECIHPOBOIHBIX CEHCOPHBIX CETAX
(Wireless Sensor Networks - WSN) ¢ ncriosib3oBaHreM POTOKOJIOB MapIIPyTH3AIIUH, O THMHU3AITUH
BHYTPHUCETEBOMN CBSI3U U JIOKAJIN3ALUK TaTYNKOB B ceTH. CeHCcopHbIe BeO-UHDPaACTpYKTyphl o0ecre-
YHBAIOT JIOCTYII K pecypcaM JaTdynKkoB B IHTepHETE M Ieaf0T JaTYUKU JOCTYITHBIMH YPOBHIO MTPH-
JIOXKEHUH, co3/jaBasi CEHCOpHbIe BeO-UH(PACTPYKTyphl. B 3TOM Kilacce HEKOTOpbIE COOTBETCTBYIO-
IIMe MOIXO0BI UCTIONB3YIOT cTanaapTel SWE it obecnieueHnst HHTEponepadenbHOTO T0CTYTIA K 1aH-
HbIM JaTuyukaM. CeHCOpHbIE BeO-ITOpTalibl 00ECTIEYHBAIOT JOCTYIHOCTh PECYPCOB CEHCOPHBIX JaH-
HBIX Ha YPOBHE MPHUIIOKEHHI U IETAl0T BO3MOKHBIM IS TIOJIB30BAaTEIEH 3arpyKaTh 1 0OMEHHBATHCS
JTAaHHBIMU C JTATYMKAMH B HECKOJIBKUX (hopMaTax, HallpuMep, YUCIOBBIX JaHHBIX (HAPUMED, U3Me-
peHus TemMIepaTypsl), ayauo- U BUACOAAHHBIX (HanpuMep, JaHHbIEe BeO-Kamep).

ApPXUTEKTYpa T€0CEHCOPHBIX CEeTell CTPOMTCS KakK OHJIAaWH IulaTdopma JUis CEHCOPHOM CEeTH.
Hcmonb3yst TeOCEHCOpPHBIE CETH, TTOJTB30BATENIb MOYKET MAaHEBPHUPOBATh CEHCOPHBIM BeO-Opay3epom,
UCTIONB3YS BUPTYyanbHYI0 TobanpHyto 3D wnu 2D kapty, uccienoBaTh, BU3yaIU3UPOBATh, MOIy4aTh

198



Tpemwvs Meaicoynapoonas nayuno-npakmuuecxas kongepenyus «BIG DATA and Advanced Analytics. BIG DATA u ananus evlcoko2o ypogHsy,
Munck, Pecnybauka Benapycw, 3-4 mas 2017 200a

JOCTYT ¥ PaCIIPOCTPAHSTh T€TEPOTSHHYIO U TEPPUTOPHUATEHO PACTIPEICICHHYIO HH(POPMAIIUIO C CEH-
COPHBIX UCTOYHUKOB U JAPYIrUC CBA3AHHBIC C HUMU HAHHBIC. Ha PUCYHKEC 3 moxasaHa mpuMcEpHas
apxutekTypa reocencopnoii cett GeOCENS (The Geospatial Cyberainfrastructure for Environmental
Sensing) na 6aze nHnIMaTUBHBIX cTangapToB OGC, kKoTopast obecriednBaeT ynpoIeHHbIN 1 3 pek-
TUBHBIN TTOUCK, TyOJIMKAIUIO, JOCTYI K JaHHBIM JIATYNKOB M COBMECTHOE MCIIOJIh30BAHUE JAHHBIX
[13]. TTomo6no WWW, mr060it mop30BaTeNlb MOKET MOCTPOUTH U PAa3BEPHYTh CECHCOPHBIE BEO-
CITY>KOBI JUTS pa3MEIICHUS TAaHHBIX TATYNKOB. Tak Kak CEeHCOPHBIC Be0-CEPBUCH MOTYT OBITh IOCTYII-
HBIMU I10 BCEMY MUPY U HE 3apErUCTPUPOBAHHBIMYA HU B OJHOM KaTaJIOTU3UPOBAHHOM CEPBHUCE, OUE-
BUJIHBIM CTAHOBUTCSI HEOOXOAMMOCTD MTOUCKOBOW MAITUHBI JIJISl TEOCEHCOPHOM CETH.
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Puc. 1. Apxutexrypa IoT cormacno npemnoxxenusim ISO/IEC [13]
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Puc. 2. Crek ypoBHeit ceHcopHO# ceTu 1 MecTo [0T B HEM

[TockonbKy reoJaTYMKU OCHAILEHBI Pa3IMYHBIMU CPEJACTBAMU M3MEPEHHs ITapaMeTPOB OKpY-
KAroIIeH cpepl, HapuMep, TeMIleparypa, JaBjIeHHe, BIaKHOCTh, CKOPOCTh U HAIpaBJICHUE BETPA,
a TaKKe HalIu4yhe HeKoTopbix onacHbIX 3arpsasHureneit (COx, NOx, PMy, SOz2), reoceHcopHbIe ceTu
XOPOIIO MOIXOIST JJIsi MOHUTOPUHTA OKPY)KAIOIIEH Cpe/bl, HapruMep /ISl KOHTPOJIS 3arpsi3HEHUS
atMocdepsl. CeTu reoJaTYMKOB C BOSMOXKHOCTBIO a0COIIOTHOTO MJIM OTHOCUTEIBHOTO O3UIIMOHU-
poBaHUs, a TaKke cOOpa TaHHBIX B PEKMME PEaTHbHOTO BPEMEHH U TOUYHBIX TAHHBIX C BRICOKHM TIPO-
CTPaHCTBEHHBIM U BPEMEHHBIM pa3pelIeHHeM, UMEIOT OOJIBIION MOTEHIMAT A MPeJOCTaBICHUS
TeONpPOCTPAHCTBEHHON HH(POPMAITH KOHEUYHBIM TI0JIH30BATEIISIM.
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Puc. 3. Apxutekrypa reoceHcopHoit ceTu Ha 6a3e miargopmbel GeoCENS [13]

VY3116l JaTYUKOB MOTYT OBITH PACCPENOTOUYEHBI Ha OOJIBIION TEPPUTOPUN U ITOCTOSHHO COOU-
paTth AaHHbIE 00 aTMOC(HEPHOM 3arpsA3HEHUH U APYT'YI0 HEOOXOJUMYIO MH(POPMALIMIO 1JIs ONpeese-
HUS COCTOSIHMSI Ha0JII0/1aeMBIX TOYEK U IPOTHO3UPOBATh €r0 TEHJACHIIMM Ha OnnxKaiiiiue BpeMs. Jrta
UH(pOpMaLKs OTKPbIBAET HOBbIE BO3MOXKHOCTH JJIs1 JIULL, OTBETCTBEHHBIX 32 0€30M1aCHOE B3aUMOJCH-
CTBHE 00IIIECTBA C OKPY’KAIOIICH Cpe1oi.

TpaHCIOpT ¥ MPOMBIIIEHHOE TPOU3BOJCTBO SIBJISIOTCS OCHOBHBIMH IIPUYMHAMU 3arpA3HEHUS
BO3/yXa B ropoJIcKoii cpene. Kpome Toro, HeKOTopble IPUPOHBIE YCIOBHSL, TAKME KaK TONOTpadus,
MHBEPCHsI TEMIIEPATYP, BIIAXKHOCTh BO3/yXa U BETEP, MOI'YT YCHJIMBATh WM CHUXKATh KOHLIEHTPALlUU
3arps3HUTENel Bo3ayxa. Takum o0pa3oM, CBOEBPEMEHHOE MTPEOCTaBIEHUE COOTBETCTBYIOLIEH HH-
dopmanuu 00 3TUX YCIOBHAX, TOUHOCTh M HAJCKHOCTh MPEACTABICHUS TaHHBIX UTPAIOT BaXKHYIO
poJib B 60pb0E C 3arps3HEHUEM BO3yXa, a TAK)KE B MOHUTOPUHIE€ OKPY’KAIOLIEH CpeIbl.

C moMOIIIBIO OTIpeIeIEHHBIX METOIMK aHaIM3a COOPAHHBIX TATYNKAMU JTAHHBIX PEaTbHBIM SIB-
JsIeTCsl TOUHOE 110 BPEMEHU U MECTOII0JIOKEHHUIO TPOrHO3UPOBAHUE CTUXUIUHBIX Oe/ICTBHH (yparaHsl,
3eMJIETPSICEHHS) 1 CBOEBPEMEHHOE OIOBEIICHNE HACENIEHUs, B TOM UHUCIIE B CIy4ae TEXHOTEHHBIX
Karactpod.

WuTerparus reoceHcopHoi cetu ¢ 10T, mpuBeaeT K BO3SMOXHOCTH JOCTYNa U3 000 TOUKH
MHUpa K I'€0NO3UIMOHUPOBAHHBIM JIaHHBIM 00 OKpY>Kalollei cpesie, 4To B CBOIO OuYepeab MPUBEAET
K YBEJIMYEHHIO KOJIMYECTBA CTIEUAIN3UPOBAHHBIX MPUIIOKEHUH, HAIpUMEP MOHUTOPHUHTA ITOTO/IbI B
pPEKHUME PEATTLHOTO BPEMEHHU.

Hampumep, coBpemeHHbIE aBTOMOOMIIM MOTYT KOHTPOJIMPOBATh TEMIIEpATypy BO3yXa U J0-
POT'H C IOMOIIBIO0 BCTPOCHHBIX 1aTYUKOB. B HacTos1ee Bpemst MoOuibHbIe Tenedons umeror GPS-
JTaTYMK, aKCEIEpOMETP M KOMIIAC, KOTOpPbIE MOTYT 3allUChIBaTh aylHO U BHUJEO U3 OKpYKarollen
Cpezbl BCTPOEHHBIM MUKPO(GOHOM U BUAcOKaMepaMi. MUHHMATIOPHbBIE JaTYUKU JIaBJICHUS, PEIICHUs
C IBOMHBIM MUKPO(GOHOM 1711 [TO/1aBJICHUS BHEILIHETO IIIyMa U 0oJiee crieualn3upoBaHHbIE TaTYUKU
Ka4yecTBa BO3/lyXa - BCE 3TO Y)K€ HAUMHAET MOSABISETCS B COBPEMEHHBIX MOOMJIBHBIX Tele(oHax.

Hu3skas cTouMoCTh 3TUX YCTPOICTB M HAJIMYME WX Y OTPOMHOIO KOJIMYECTBA I0JIb30BaTeNei
JieNlaeT uX MPUTOHBIMHU JJI1 MOHUTOPUHTA OKpy»Katorel cpeabl. [To cpaBHeHHIO ¢ TpodeccuoHatb-
HBIMU CHCTEMaMHU OHHM He 00ECIeUnBalOT BBICOKON TOYHOCTU U3MEpPEHUH, HO MOTYT JOTOJIHATD HX.
WX konm4ecTBO 1 MeTO/IbI 00pa0OTKH JTAaHHBIX Ha OCHOBE mapaaurmbel Big Data naroT BO3MOXXHOCTB
clenaTh JaHHbBIE MOJIb30BATEIBCKUX T'€OCEHCOPOB COMOCTABUMBIMU C MPOPECCHOHANIBHBIMU U HC-
M10JIb30BATh B IPUHSATUH PELLIEHUM.

Joctyn B pexuMe peaibHOrO BPEMEHH WIIM MOYTH B PEKUME PEATbHOTO BPEMEHH K JaHHBIM,
reHepUPYEMBIM JTIOOBIMU THIIAMHU CETEH re0JaTYMKOB, TAKUMH KaK CTAHIIMM MOHUTOPHHIA KayecTBa
BO3/yXa, CMapTQOHBI, KaMepbl, OMOCEHCOPHI WM Jake CIYTHUKOBBIE M300pakeHus yepe3 Murep-
HET, CO3JacT BO3MOKHOCTb IIOCTPOEHUS «yMHON» CUCTEMBI KOHTPOJISI pailoHa, Topoja, PETMOHA WK
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CTpaHbl, B pa3pe3e MOHUTOPUHTA OKPYXKAIOUIEH Cpelibl, TOPOJCKOTO TPAHCIIOPTA, 3IPAaBOOXPAHEHUS
WM MIPOMBIIUIEHHOCTH. JTa CUCTEMA ITIOMOKET IPUBECTU BO3JIEHCTBUE YETIOBEKA HA OKPYKAIOLYIO
cpeny B pasyMHble paMku. OHa Takke MOKET pacCMaTpPUBATHCS KaK MHCTPYMEHT AJIsl pelleHus
rJI00aTBHBIX TIPOOJIEM B paMKax TI100albHON AKOCHCTEMBI TPYII M OpraHU3aluid, KOTOPbIE CO3/1al0T
W HCHONL3yIoT JnaHHble HaOmogeHuir 3emm  (Global Earth Observation System of
Systems - GEOSS) [14].

B pamkax paccmorpenHoi konuemniuu 10T tpedyercs, YTOOBI YCTpOICTBA MOJIyYain JaHHbIE
M3MEpeHus mapaMmeTpoB Guznyeckero Mmupa. Ycrpoiictea [oT HEOqHOPOIHBI C TOYKH 3PESHUS arlia-
paTHBIX BO3MOXKHOCTEH U MPOTOKOJIOB cBsi3u. [loaToMy obOecnieuenne nHTEporepabeaTbHOCTH SBIIS-
€TCsl BAXKHBIM I11arOM JJIsl COBMECTHOM MHTETPAIMK Pa3IuYHbIX YCTPOUCTB. OAHUM U3 PEIICHHM ITOU
npoOnemMsbl siBsieTcs uHUIMaTuBa Sensor Web Enablement (SWE), koTopas npencrasiser coboii
CTPYKTYPY OTKPBITBIX CTAaHAPTOB, 00ECTICUNBAIOIINX HHTEPONIEPAOEIIbHOE UCTIONB30BaHUE IO IKITIO-
YEHHBIX K BeO-MHTep(delCy CEHCOPHBIX PECYpCOB IyTEM I'eONO3UIIMOHUPOBAHUS, JOCTYIIA, 337a4, a
TakKe coObITHI U onoBeneHni. CrtocoOHOCTh KOMITOHEHTOB 10T 1t cOOpa JaHHBIX OTKPBIBAET BO3-
MOKHOCTH CO3[JaHUSl IIMPOKOTO CHEKTPa MPUIIOKEHUH ISl MOHUTOPHHTA OKPY>KAOILEH CPe/Ibl.
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BIG DATA AJISI TPAHCHOPTHO-JIOIT'NCTUYECKUX Y3JI0B
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Abstract. PaccmaTprBaroTcs BONpOCH Hconb3oBanusa Meto 0B Big Data B cucteme 1C: Ilpeanpusrue.

B HacTosmiee Bpemst O0JIBIIMHCTBO NPEANPUATUN 3aHUMAIOTCSI PEIIEHUEM BOIIPOCOB, CBA3aH-
HBIX C TPAHCIIOPTHOM JIOTUCTUKOM. Kak nmpaBuiio, 1l TOCTPOEHUs CBOEH JIOTUCTUYECKON CUCTEMBI,
NPEIIPUATHS NOJIB3YIOTCSA YCIyraMM KOMIIAHWH, CHELMAIU3UPYIOIUXCS Ha PEIICHUU 3a4ad I10
yIpaBJIEHUIO MPOIlECCaMU NIEPEBO30K. Eciu npeanpusitue npeanonaraeT uCrnojb30BaTh TOIbKO COO-
CTBEHHYIO TPAHCIIOPTHYIO 0a3y, He IPUBJIEKasi CTOPOHHHUX IEPEBO3UYUKOB, OHO MOXKET CTOJIKHYTHCS
C psiioM mpoOeM:

— MH3HOLIEHHOCTH ITOJBUKHOIO COCTAaBA;

— Iwioxas MH(OpMaMOHHAs MOIEPKKa MPOoLiecca TPAHCIIOPTUPOBKU;

— CIIOKHOCTH ITOCTPOEHUS MapUIPyTOB IIEPEBO3KH;

— HEJOrpy3 NOJBUKHOTO COCTABA;

— HeoOXOIMMOCTb CTPAaXOBaHUs TPy3a U TPAHCIOPTHBIX CPE/CTB;

— CIIOKHOCTH ITPH OPraHU3allii B3aUMOJAEHCTBUS Pa3IMUHBIX BUIOB TPAHCIIOPTA;

— mHenoctarku umeromerocs 110 giaa manHoii 001acTH.

B Hacrosiiiee Bpemst Ha pbIHKE UMeeTCs O0JIbIIIOE YUCIIO MPOTPAMMHBIX ITPOYKTOB IS pellie-
HUS 33]1a4 yyeTa pacxoAoB npeanpuatuil. OnHako O6osblias 4acTh U3 HUX SBJISIETCS IPOAYKTAMHU JIJIs
BEJICHUS CKJIAJICKOTO y4yeTa U IJIOXO MOJIXOJUT AJI MCIOJIb30BaHUS B TPAHCIOPTHOW JIOTUCTHUKE.
[Tpuuem, naxxe ucmoyib30BaHKEe Takoi MolHON matdopmel, kak 1C: [Ipennpustue He Bcerja rapaH-
TUPYET HEOOXOAMMYIO HaIJITHOCTD 110 PacXxoJaM U KOPPEKTHOCTh X OTOOpa)KE€HUs B ylpaBieHYe-
CKOM ydeTe ¢ pa3OueHHeM, Hampumep, Mo peiicam. Mmeronuecs Ha pblHKE WHOCTpPAHHBIE IMPO-
rpaMMbl, HanipuMmep Shipnet, He yYUTHIBAIOT HAllMOHAJIBLHBIX OCOOCHHOCTEH, a MO3TOMY UX cdepa
IIPUMEHEHHUS OTpaHUYECHa.

Jlns perienus 3aa4d TPAaHCIIOPTHOM JIOTUCTUKY HA MPEANPUATUHN ObLIT pa3paboTaH MporpaMm-
HBI MOJYJb, KOTOPBIN MOJAKIIIOYAETCS KaK BHEUIHUNA MOAyNb B KoH¢urypamuto 1C: Ilpeanpustue
«YmpaBienue Toprosiei». Moaynb 00iagaeT OOIIMPHBIM KPYroM BO3MOXKHOCTEH, OCHOBHBIMHU
CpeIu KOTOPBIX SIBJISIOTCS:

— pacnpefesieHne 3aKa30B [0 HECKOJIIBKUM KyphepaM/MallliHaM;

— TMPOKJIAJIKa ONTUMAJILHOTO MapuIpyTa JOCTaBKU M0 KIMEHTaM/TI0CTaBUINKaM;

— pyuHas KOppPEeKTHPOBKA MapIIPyTa;
BBITPY3Ka MaplIpyTa B HABUraTop;
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— 00paboTKa JOKYMEHTOB IO MOCTYIUICHUIO U pean3aliii TOBApOB U YCIIYT;

— TMIOJIy4€HHUE TIOJTHOM JeTaln3alli Mo MPoLecCy T0CTaBKU TOBAPOB.

[IporpaMMHBI MOAYJIb UCIIONB3YETCS B KauecTBe pabodero cTojia Ijisl MeHeKepa Mo IpUeMy
3aKa30B, YTO MO3BOJISIET OPTaHU30BaTh OBICTPBINA MOA00P TOBapa, GOPMUPOBAHKE 3aKa3a M OMpPEJIe-
JIEHUE MapIIpyTa JOCTABKH.

Tak Kak MeHeKep exeTHEBHO 00pabaThIBaeT COTHU 3aKa30B, IJIs1 HECKOJIBKUX THICSY TOBApPOB,
TO BCTaeT NpobiieMa rnepegadn 00IbIINX 00bEMOB JaHHBIX Yepe3 pa3padoTaHHbII MOAYINb. DTO Tpe-
OyeT pa3paboTKH CHEIATbHBIX TEXHOJOTHUECKUX MHCTPYMEHTOB U PEIICHUH [T IPOBEICHUS MIPO-
M3BOJUTENIbHON 00pabOTKH € y4eTOM JUHAMHYECKOTr0 POCTa 00beMa UCXOIHBIX JIaHHBIX.

YcTaHoBIIEHO, YTO 00BEMBI JAHHBIX, TPOXOAAIINE Yepe3 MOIYIb IPY30IePEBO30K, SIBISIOTCS
0O0JIBIIMMHU, TaK KaK MPUCYTCTBYIOT TPH OCHOBHBIX Npu3Haka Big Data:

volume — 6oJIbIII0e KOJMYECTBO TaHHBIX, HE3aBUCUMO OT MaciiTada JOCTYIHBIX PECYpPCOB IS
MIPOBEJICHUSI UX 00pabOTKH (KOIMYECTBO 00padaThIBaeMbIX 3aKa30B MOXKET JOCTUTATh HECKOJIBKUX
COTEH B CYTKH);

variety — pasHOPOJHOCTb U ci1abasi CTPYKTYPHUPOBAHHOCTD JaHHbBIX (3aKa3bl MOKYyIATeseH U Mo-
CTaBIIIMKOB BOOOIIIE HE CTPYKTYPHPOBAHBI U PA3HOPO/IHEI);

velocity — HeoOx0aUMOCTh OBICTPOI 0OPAOOTKHU AAHHBIX C MPEACILHO ONEPATUBHON BBIIAYN
pe3yJibrata (KJIMEHThI 0KMJIal0T OBICTPOIO M TOYHOI'O BBINOJIHEHUS 3aKa3a).

[Tpu ucnons3oBanuu 1C: [pennpusitue HeoOXOAUMOCTh B 00pa0OTKE OONBIINX JAaHHBIX MO-
KET BO3HUKHYTH B CICIYIOIIUX CITydasx:

— BBIYMCIICHUE MPOU3BOAHBIX OT OOJBIINX TAaHHBIX (TIEpE3arl0IHEHNEe PETUCTPOB IPU U3MEHE-
HUY NEPBUYHBIX JTAHHBIX; IPOBEIEHNE OOIBIIOTO KOJIHMYECTBA JJOKYMEHTOB; 3aII0OJTHEHNE HOBBIX PEK-
BH3UTOB B OOJILIITUX TaOIUIAX );

— BBITPY3Ka, 3arpy3Ka ¥ KOHBEPTAIHs JaHHBIX (CIMsHUE (KOHCOoMuaanus) 6a3, Tpedyromnias ne-
peHoca 3HAUMTEIbHON YaCTH JaHHBIX B APYTYI0 0a3y; 0OMEH TaHHBIMH BCIIEICTBHE 00pabOTKH O60Ib-
[IMX JTAaHHBIX; BOCCTAHOBJICHHE UCTIOPYCHHBIX JAHHBIX U3 KOMTUH 0a3bl).

Jliia noBeIeHUs 3P PEKTUBHOCTH 00pabOTKH OONBIINX 00BEMOB JAHHBIX B MOJYyJI€ ObLIO BBI-
IIOJIHEHO CJIE/IYIOIIEE:

1. Omxnouenue pecnamenmuvix 3aoanuti 6 CYBJ/]. BrlnoaHeHHe periaMeHTHBIX 3a/laHuil B
CVYB]] MOXeT cepbe3HO CHUXKATh NMPOU3BOIUTEIBHOCTh 00paOOTKU M3-32 OXKUAAHUNA Ha OJIOKUPOB-
Kax M odepesixX anmnapaTHbIX pecypcoB. [loaTomMy ux mydie BpeMEHHO OTKIII0YaTh, HO XKeJaTeabHO
00ECIIeYNTh MX aBTOMAaTHYECKOE BKIIOUECHHUE TMOCTIe 3aBepiIeHus] 00pabOTKH, B TOM YHCIIE aBapUid-
HOTO.

2. Onmumuszayus 3anucu 0bvekma.

2.1. MuHMMH3aLUs OKUIAaHUS Ha OJIOKMPOBKAX JaHHBIX. Y PErMCTPOB OTKIIHOYAETCS pas3zese-
HHUE UTOTOB, a MOCJe OOJNBIIMX MHOTOMOTOYHBIX 00paOOTOK MEPECYUTHIBAIOTCS UTOTH B TIEPUOIBI
MUHUMAaIbHON Harpy3ku. KoHpurypaius nepeBoauTCs Ha yIpaBliseMble OJIOKUPOBKU U UCIIONb3Y-
etcst BepcuoHHbIN pexxuM MS SQL (read committed snapshot). s ananuza oxxuganuii Ha OJIOKH-
POBKaxX JaHHBIX MCIIOJB3YIOTCS LEHTP YIPaBICHUS MPOU3BOAUTEIHLHOCTHIO (IS yIIpaBisieMbIX 0J10-
k1poBoK U OnokupoBok CYBJI) 1 aHanm3 TEXHOIOIMYECKOTo >KypHaja u3 nojacuctemsl «MHCTpyY-
MEHTBHI pa3paboTyrKay (JUIs ypaBiseMbIX OJOKHPOBOK).

2.2 3anuch B pexuMe 3arpy3ku. Eciim 0mycTHMO, TO HCIIOB3YETCs 3aITUCh B PEXKIME 3arpy3KU
(O6bext.O6Mmen/lannbiMu.3arpy3ka = Mctuna). B 3ToM peskume JODKEH BBIMOIHATHCS OYEHb He-
3HAYUTENIbHBII IPOIEHT K0/1a 00pabOTYMKOB U MOJIMUCOK COOBITHI 3aMCH, a IIaTGopMa OTKIII0UAET
P CBOMX BHYTPEHHUX OOpabOTUMKOB M MOTOMY BBITIOJIHSIETCS MEHbINE BBIYUCICHUN (IpOBEpKa
YHUKQJIBHOCTH KOJIOB 1 HOMEPOB OOBEKTOB).

2.3. OTkir0YeHrne UToroB peructpoB. Omnpapiano Juist O0IBIINX 00paOOTOK U3MEHEHUS PErt-
CTPOB, OJTHAKO B 3TOM CIIydae IMepecTaroT paboTaTh BUPTYaIbHBIE TAOIUIIBI PETUCTPOB U MHOTHE OT-
YeThI, TO3TOMY HEOOXOUMO 00ECIIeYUTh MOCE YCIENTHOTO U aBapUIHOTO 3aBepIleHus 00paTHOe
BKITFOYCHHE UTOTOB. TaK Kak Mocie BKIIOYEHUS UTOTOB OHM MOTYT TIEPECUUTHIBATHCS TIaT(HOPMOA
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HEKOPPEKTHO, TO JKeIaTeJIbHO JeJIaTh MOJHBIN UX MepecyerT.

2.4. OTkiroueHue aBTOPErUCTpaluy U3MEHEHUH. B pacnpeneneHHbIX 0a3ax JOMYCKaeTcs B
ciydae, eciau 00paboTKa BBIMOJIHAETCS OJHOBPEMEHHO BO BceX 0a3ax M €CTh YBEPEHHOCTb, UTO U3-
MEHEHHUs1 00BEKTOB OOIIMX JAaHHBIX OyIyT OJIMHAKOBHI BO BCEX Oa3ax.

2.5. Orxmouennie RLS. [10-BO3MOXHOCTH, ClelyeT BBIMOJIHATH 3alUCh 0€3 HCIOIb30BaHUS
Mmexanu3ma RLS (orpanndenust noctyna Kk JaHHBIM Ha YPOBHE 3alMceil), Tak Kak 3ampockl RLS mo-
TYT CIIY>)KUTb IPUUMHON CEPbE3HBIX MOTEPh MPOU3BOIUTEILHOCTH. B KauecTBe BapuaHTOB OTKIIIOYE-
HUS JAHHBIX MEXaHM3MOB MO>KHO HCIIOJIb30BaTh IMPUBUJIETMPOBAHHBINA PEXUM, TaK K€ MOXKHO HC-
M0JI30BaTh HA0Op poJieH, ycTaHaBMBaronuii myctele RLS Ha HY»XHBIX TaOnuIax.

3. HUcnonvzosanue mrnozonomouyrnocmu. OTHOCUTENbHAS CKOPOCTh HAPALIMBAHUS OJHOIIOTOY-
HOM MPOM3BOAUTEIHLHOCTH aIlllapaTHBIX PECYPCOB MOCTOSHHO MaIaeT MO TEXHOJIOTUYECKUM MIPUYIHU-
HaM. [TosToMy ammapaTHbIE pecypchl Bce OONbIIE pacTyT B CTOPOHY MHOTOIIOTOYHOM MPOU3BOINU-
TEIbHOCTH, HAIIPUMEP, PACTET KOJIMYECTBO si/Iep B Mpoleccopax. VMcmnonp3oBaHuE MHOTOOTOYHOCTH
YCIIOXKHSIET IPOTpaMMy, HO JiesiaeT ee Ooiee MacTabupyeMoil o CKOpoCTH padoThI.

3.1. Pa3buenue Ha mopruu. [[ns MHOromoro4Hou oOpaOOTKHM HEOOXOIWMO PpacIpeAciIUTh
Ha0Op 00BEKTOB MeX Ay moTokamu. OO0paboTka He JoMkKHa ObITh UYBCTBUTEILHOMN K MOPSAIKY 00pa-
00Tku nopuuii (06paboTka 000 MOPLHMK HE 3aBUCUT OT ycrexa 00padboTku npyrux). HeuyBcTBu-
TEIbHBIMU K TOPSAIKY 00paOOTKH MOPLHIA MOTYT OBITh MPOLIECCHI 3arPY3KU-BBITPY3KU JAHHBIX, 00b-
euHeHue (3amMeHa) ay0Jieid, CBEpTKa PErucTpa, BOCCTAHOBIIEHUE MOCIIEA0BATEILHOCTH (TOKYMEH-
TOB) 10 Pa3HBIM KOMOWHAIUSAM 3HAUCHUN U3MEPEHH, yHUBepcalbHasg 00paboTka 00BEKTOB, MPOBE-
JICHUE TOKYMEHTOB, HE UCIOJIb3YIOLIUX PE3YJIbTaThl IPOBEACHUS APYTrUX TIOKYMEHTOB, 3aI10JIHEHNE
PEKBU3UTOB, IOMETKA yaleHus U yaaneHue. [IpumMepom 4yBCTBUTENBHBIX K MOPSAKY HOPIHiT 00pa-
0O0TOK MOXKET OBITh BOCCTAHOBJICHHE ITOCIIEIOBATEILHOCTH (IOKYMEHTOB) IO OJHOW KOMOMHALIUU
3HaUEHUN U3MEPEHUN WK IPOBEJCHIE JOKYMEHTOB, UCIIONIb3YIOIUX PE3YIbTAThI TPOBEACHUS JIPY-
IUX JJOKYMEHTOB.

3.2. MHoronoTouHslii 0OMeH naHHbIMH. [Ipu epeBosie B MHOTOIMIOTOYHBIM PEKUM YCIOKHSI-
€TCs1 JIOTHKA MPOIECCOB Nepeiavu JaHHbIX (puc. 1).

)l
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Puc 1. Jloruka nponeccos nepenadu TaHHBIX

[Ipu olieHKE CTENEHN YBEIMYEHUS IPOU3BOIUTEILHOCTH CIEIYET YUUTHIBATh:

— COBOKYITHYI0O MHOTOIOTOYHYIO TPOU3BOIUTEILHOCTH CUCTEMBI. J[7si ee OIEHKH MOXHO
MCII0JIb30BaTh MHOIOMOTOYHOE TECTUPOBaHUE Mpou3BoautenbHoctu cepeepa 1C — CYB/;

— HaKJIAJHBIE pACXOIbl HAa MHOTOMOTOYHOCTH (IMOCTPOCHUE KAPThI TOPIUH, CIHSHUE
PE3YABTATOB U Jp.);

— BpeMs OXUJAHUS MPH KUCIOIB30BaHUU OJOKUPOBKHU JAHHBIX (JKeIaTelbHO HCIOIB30BaTh
PEKUM YIPABISIEMBIX OJOKMPOBOK U pa3AeNieHHs] HTOTOB PErHCTPOB);

— KOJIMYECTBA IOTOKOB.

MHoTromnoTouHoe yckopeHrue 00padoTku Habopa 00 bEKTOB MOYKHO BEIPa3UTh (HOpMyJIoi 1:
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P+M.-T

A=
P+G+E+M-(R+W-T)+(1-Ww)- %L

1)

rae, A — kKoahUIUEeHT yCKOpeHus (OTHOIIEHHE JITUTEIIPHOCTH BBITIOJHEHHUS OJHOMOTOYHON 00pa-
OOTKH K JUTUTEIILHOCTH BBITIOJIHEHHUSI MHOTOTIOTOYHOU 00pabOTKH);

P — mnuTensHOCTh HE pacmapaieIMBacMON YacTH BBIYUCIICHUN 171l HA0opa 0OBEKTOB B Iie-
JoM, o0uIeit st 060X BapuaHTOB 00pabOTKU (HapUMeEp, BHIIIOTHEHUE CII0KHOTO 3ampoca sl 1o-
Ty4eHUs KITro4ei 00beKTOB Habopa);

T — IUTEABHOCTH BBIUYMCICHUN HA OJUH OOBEKT B OJHOIIOTOYHOM PEKUME;

M — koM4ecTBO OOBEKTOB;

G — AMUTENbHOCTh BBIYUCICHUN AJi1 HA0Opa OOBEKTOB B LI€JIOM, HEOOXOIUMBIX TOJBKO IS
MHOTOTIOTOYHOTO BapHaHTa 00pabOTKH (HAIIPUMEp, CIUSHUE PE3YyIbTATOB);

N — KOJINYECTBO MOTOKOB;

E — nmuTenbHOCTh BBIYMCIICHUIA IS TOPIIUU OOBEKTOB, HEOOXOAMMBIX TOJIBKO AJISI MHOTOIIO-
TOYHOTO BapuaHTa 00pabOTKHU (HampuMep, COXpaHEeHUE pe3ysIbTaTa MOPLUHN);

W — creneHb KOHKYypeHIIUH (OKUJAHUHN, 00YCIOBICHHBIX MHOTOIIOTOYHBIM PEKUMOM), HAXO-
nutcst B nuanasoHe [0;1] u 3aBucut ot N, (OCHOBHBIE TUIIBI OKUJAHUI — Ha OIOKUPOBKAX JTaHHBIX
MEX/Ty TIOTOKaMH ¥ Ha OYepe/IsIX almapaTHBIX PeCypCoB);

R — AnuTENnbHOCTH MOMONHUTEIBHBIX BBIYUCICHUH MO OOBEKTY B MHOTOINOTOYHOM PEXHME
(HampuMep, IPUBS3KA U OTBA3KA 00BEKTa OT MOPLUH)/

[Ipu noctaToyHO OGOJBIIOM KOJTUYECTBE OOBEKTOB M OTCYTCTBUU KOHKYPEHIIMH MEXAY MOTO-
Kam# (popMyITa YCKOPEHUS BRITIISAUT CICIYIOIIHM 00pa3oM:

1
T R
R+ By

¥ @

Taxum 00pa3om oueHuB 3HaueHus R 1 T, MOXKHO JOCTaTOUYHO TOYHO OLEHUTh YCKOPEHUE IS
MHOTrMX 00paboTok. UeM MeHblIe Oy1yT OTHOCUTENIbHbIE HAaKJIaHble pacxoabl (R o oTHOImIEHUO K
T), Tem Gombiie 6yneT 3PpPeKT OT yBeTndeHHs KOJTNYECTBA TOTOKOB.

AN
N e

& — e

— =5

o O O P O o DD D 0 b 0 S © 4B © L 8 B (O
e T P o ¥ o o R P P P o o o o o o o o o o8

OTHOCHTENBHBIE HakNagHble packoasl (R/T)

U3 puc. 2. BUJHO, YTO OAHOMOTOYHBIN PEKUM NMPAKTHUECKHU BCET/1a ObICTpee MHOTOIIOTOYHOTO
¢ xomuecTBOM MOTOKOB (N = 1), 4T0 00yCIIOBIEHO HEOOXOIUMOCTHIO BBITIOJHEHHUS JOTIOTHUTEIb-
HBIX BhIuKciIeHui. [Toaromy npu N = 1 MHOTOITOTOYHBIH PeKUM HE 3PPEKTUBEH.

C yBennueHHeM OTHOCUTENBHBIX HAKJIaTHBIX PACX00B YMEHbINAETCS dPPEKTUBHOCTH MHOTO-
MOTOYHOM 00PAOOTKH.
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TEXHOJIOI'MA BOJIbHINX TAHHBIX B PABOTE C
NCUXOPU3NOJOIHYECKUMU XAPAKTEPUCTUKAMMU ITIEPCOHAJIA
AKEJIE3HBIX TOPOI' U BOAUTEJIEM ABTOMOBHJIBHOT'O TPAHCIIOPTA

H.B. Kamkuuésa I A. Pozym B.B. Casuenko

Beoywuu cneyuanucm beno-  Accucmenm xkageopul unsce-  Hupexmop Hayuno-unorcunu-
PYCCKOU dicene3Holi 00pozu, HEepHOU NCUXON02UU puH208020 yenmpa «bopmo-
Maz2ucmpanmea Kagheopul um- u apeonomuxu BI'VUP, ma-  evie cucmemul ynpagienus mo-
JHCEHEPHOU NCUXOLOUU U 2UCP MEXHUKU U TeXHONI02UU  OUTbHBIX MAWUHY, OOYEeHM Ka-

apeonomuxu bI'VYUP hedpbl undICEHEePHOU NCUXOI0-
euu u 3peonomuxu bBI'VUP,

KaHouoam mexHu4ecKux HayK

e

-/‘d

‘ A
H.B. ll]epouna K/l Awun
Cmapwuii npenooasamens kagheopvl  3agedyrowuil Kagheopotl urxice-
UHDICEHEPHOU NCUXON02UU U IP2OHO- HEPHOU NCUXONO2UU U IP2OHO-
muku BI'VUP, mazucmp mexuuue- muxu BI'VUP, kanouoam
ckux Hayk, acnupaum BI'YUP MeXHUYEeCKUX HayK, OOYeHm

Benopyccruii cocyoapcmeenublil ynugepcumem unpopmamuxu u paduosiekmponuxu, Pecnybauxa benapyco
E-mail: kafipie@bsuir.by, rozum@bsuir.by, uus@tut.by, shcherbina@bsuir.by, yashin@bsuir.by

Abstract. Psychophysiological qualities of drivers of vehicles have a decisive impact on road safety. Currently,
there is a large number of technical tools used to study psychophysiological functions and characteristics with the purpose
of conducting professional selection for various types of transportation. The development of relaxation skills in healthy
people using systems with biological feedback was studied. Studies of professionally important qualities in the profes-
sional selection of drivers of vehicles have been carried out.

Bseoenue. Tonndeckas u ga3zndeckasi COCTaBISAIOLINE MIEKTPOJAepMaTbHON aKTUBHOCTH YeJIo-
BEKa IMO3BOJISIOT CYJUTh O MpeobsialaHiy CUMITATUYECKUX WM MapacUMIIaTUYECKUX MPOLIECCOB B
OpraHu3Me yeiioBeka B MOMEHT uccienoBanus [ 1]. Mcnonb3oBanue 61MoaianTUBHON KOMIIBIOTEPHOM
nporpamMmMbl NeuroDog (paspabotka komnanuu «Heipokom», Poccust, Bepcus 25.11.2013) moxer
MI03BOJINTH HAYYUTh YEJIOBEKA HABBIKAM CaMOCTOSTEILHON aKTUBALMU MEXAHU3Ma PENIaKCalllu.

Jlis mojaep kaHusl ONTUMAIBHOW pabOTOCIOCOOHOCTH MEPCOHANA KEJIE3HOW 0pOru, Hemno-
CPEeACTBEHHO 00ECTIEYMBAIOILIET0 MTEPEBO30YHBIH Mporece (MAITMHUCTBI, HOMOIIHUKH MATHHUCTOB)
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MMEIOTCS CAHATOPHO-TIPOPHIAKTHIECKUE YIpexaeHHs. [Icnxomoru mpoBoAsT HHANBHUIYaIbHBIC 3a-
HATHS TI0 YIPABJICHUIO TICUXO()U3HOIOTHYECKUM COCTOSTHUEM pa0OTHHKOB. OJHUM U3 OCHOBHBIX
HAIpaBJICHUI MEPONIPHUATHH, IPOBOIUMBIX C MAIIMHUCTAMH M MMOMOITHUKAMH MAIIWHHCTOB, SIBJIS-
eTcs Mpo(UIIaKTHKA CTpecca.

Oobecrieuenne 06€30MaCHOCTH JIBM)KEHHS SIBIISICTCS BKHEHIEH 3a7adell He TOJIBKO Ha JKele3-
HBIX, HO U Ha aBTOMOOMJIBHBIX JOpOTax. B COBpEMEHHBIX YCIOBHUSX YIpPAaBICHHE TPAHCIOPTHBIM
CPE/ICTBOM OCJIOXKHSETCSI BBICOKOH MHTEHCHBHOCTBIO JIOPOYKHOTO JBIKCHUS M yYaCTHEM B HEM BO-
JUTETIeH ¢ pa3InYHOlN MPOopECCHOHATLHON MTOATOTOBKONW. DTH 0OCTOSTENBCTBA 00YCIaBIMBAIOT 3HA-
YUTENIFHOE BO3PACTaHUE IICUXUYECKUX HAIPY30K U CYIIECTBEHHO MOBHIMIAIOT BEPOSTHOCTD PA3BUTHS
HETaTHUBHBIX U3MEHEHUN TICUXO0()HU3HOIOTHYECKOTO (PYHKIIMOHATIHHOTO COCTOSHUS YEIIOBEKa.

Llens HacTosel paboThI — UCCIE0BATh NCUXO(U3NOIOTHIECKIE XapaKTEPUCTUKHU 310POBBIX
JFO/IEH U OTIPEENIUTh MOIX0AbI 00Pa0OTKH MOTYYEHHBIX PAa3HOIUIAHOBBIX IKCIIEPUMEHTAJIBHBIX JJaH-
HBIX.

3amaun paboTsl cnexytonme: 1) PaccMoTpeTs TeopeTuyeckre U MpakTUYeCKUe BOIPOCH UC-
ClIeIOBaHUI NCUXO(U3NOIOTHIECKUX KadyecTB 3/10POBBIX Jronei. 2) McenenoBaTh pa3BUTHE HABBI-
KOB peJaKcalliy 370POBbIX JII0AEH (MAalIMHUCTOB KEJIE3HOAOPOKHBIX JIOKOMOTHBOB). 3) Mccnemno-
BaTh NMPO(EeCCHOHAIBHO Ba)KHBIE KAUYECTBA BOJUTEINICH TPAHCIIOPTHBIX CPEJICTB.

Pazeumue nasvikog peraxcayuu y 300p06uix 1i00ell ¢ UCNONb30BAHUEM CUCMEMbL ¢ bUuoN0cUYe-
ckoti oopamuoi ceazvio. [IpodeccrnonanpHas IcUXoJornyeckas paboTa ¢ MAITMHUCTAMH U ITOMOIII-
HUKaM{ MalIMHUCTOB Ha JKEJIE3HOW JOpOre BeleTCS B HECKOIBKHX HAIPaBICHHUAX: TECTHPOBAHHE
Ipy IpueMe Ha padoTy; MpodhecCHOHAIBHBIC TUIAHOBBIE OCMOTPHI IICUX0JIOTA IO TpapuKy B 3aBHCHU-
MOCTH OT IpyIIbl NPO(eCCHOHATBHON TOJJHOCTH; BHEIUIAHOBBIE OCMOTPBI (IIOCIE TPAaBMBI, IIPOJIOI-
KHUTEITHHON O0JIE3HH, CO3AAHUS aBAPUITHOW CUTYallUU U JIp.); BCIOMOTATEIbHBIE ICUXOJIOTUIECKHE
MeponpusATHs (KOHCYIbTAIIMH [0 PENIaKCALIUH, aKTHBALIUH, 10 ITPEOJI0JICHUIO CTPECCa, MO MOICPIKKE
CBOETO (PyHKIIMOHATIBHOTO COCTOSHUS Ha ONITUMAJILHOM YPOBHE H JIp.).

Panee HamMu OBUT TOJITOTOBIICH CPABHUTEIILHBII aHAIN3 U3BECTHBIX METO/IOB M CUCTEM JIJIS aHa-
JIU3a U3BECTHBIX METOJOB M CUCTEM ISl Pa3BUTHUS HABBIKOB pENaKCalMK y 3J0POBBIX JItofeH [2, 3].
Jlanee ObUIO IPUHATO PELICHUE O MPOBEACHUH SKCIIEPUMEHTA M0 BHIPA0OTKE HABBIKOB PEIaKCaIlN
y JKEJIE3HOIOPOKHOTO TEPCOHala ¢ WCIOIB30BAHUEM IPOTrpaMMHO-anmapaTHoro komriekca Neu-
roDog [4].

L{enb uccrenoBanmii 3aKioyanach: 1) B IpoBepKe BO3MOXKHOCTHU BHIPAOOTKH peNIaKCallUU y UC-
IBITYEMBIX ITPH HCIIOJIb30BAaHUN BH3YaJIbHOIM OMOIOrHYeCcKOil 00paTHOM CBSI3H MO MapaMeTpaM dJI1eK-
TPOAEPMAILHON aKTUBHOCTH; 2) YCTAHOBJICHUU CPEIHETO KOJIMUYECTBA CEAaHCOB, HEOOXOIUMOTO IS
00y4eHUs HaBbIKaM peJIaKkCalui; 3) ONpeaeIeHUH HHUBHUYaTbHBIX B3aHMOCBS3EH MEXKIY BO3MOXK-
HOCTBIO ¥ CKOPOCTBIO BEIPAOOTKH HaBBIKA PENIAKCAIINH Y UCIIBITYEMOTO U TICUXO0()U3HOIOTHIECKUMHU
Ka4eCTBaMH, TUarHOCTUPYEMBIMU NPU MPO(eCCHOHATBHOM MCHXOJIOTHYECKOM OCMOTPE HCIIBITYE-
MBIX.

B Tabnuue 1 npuBeneH npuMep pe3ynbTaToB HccieaoBaHui ucteityemoro Nel (hammumnms 3a-
kpbiTa). C — ceaHc, ero nNopsKOBbIi HOMEP.
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Tabmuua 1. IIpumep pe3ynbTaToB HCCIEIOBAaHUS OJTHOTO U3 MAIIMHUCTOB (JBaIIaTh CEAHCOB)

Ne C Bpewms, ¢
58 | 36 | 73 1134|104 | 4 6,3 5 9,7 4 59 | 37 —
1 98 | 53 | 58 | 47 | 49 | 54 |137] 99 7 73 | 55 | 83 —
52 | 6,7 | 76 | 54 | 43 | 82 |334 771|260 | 76 |122|617| —
56 | 211|178 | 244 | 85 | 4,2 | 94,7
10,9 | 8,2 5 46 | 73 | 35|88 | 10 | 32 | 46 | 32 | 56 —
6,3 | 7,5 6 62 | 39 | 67 | 41 | 75 | 32 | 48 | 57 | 44 =
9 238 | 45 | 47 |575] 94 | 32 | 136 | 47 | 52 5 92 | 54 —
42 | 99 [121| 55 | 48 | 49 | 55 | 145 | 365 (178 | 11 | 39 —
8,7 | 523 | 58 | 172 | 84 | 140 | 772 | 53 | 193 | 5 |471| 93 —
502 | 32 | 98 | 48 | 7,7 | 257 | 54,7
3 158 | 42 | 85 5 |125| 76 3 31 32 | 36 |59 |57 —
71 | 57
35 |56 |95 |101|63 |38 |71 |74 |48 |72 |76 | 45 —
11 | 69 | 57 | 94 | 39 [2481218| 62 | 34 | 14 | 33 | 56 —
163|166 | 82 | 211 | 48 | 36 | 15 | 42 | 57 | 54 | 228 | 88 —
4 20,4 | 108 | 136|209 | 46 | 32 | 192 | 58 | 65 | 124353152 | —
109 | 42 | 45 7 39 10,7 12 | 31 | 3,7 | 38 | 165 | 7,6 —
11 | 6,1 | 22,7 | 3,6 6 65| 20 | 81 | 82 |519 143|112 | —
127 | 50 |213| 72 | 82 | 182|104 |17,1| 128 | 3,3 | 313 | 55 —
38 14,9
JIeT 52 | 47 | 15 |111| 32 | 36 | 82 | 59 | 85 | 43 | 153 | 51 —
5 255| 40 [ 38 | 61 [345| 44 |82 | 76 |51 |45 (301|694 | —
86 | 82 | 6,7 | 57 323 |71,7| 65 | 86 | 101 | 44 6 |211| —
44,4 | 62,3
05|36 | 37 | 36 | 81 |58 |56 |32 |66 |196]| 97 [468| —
22,2 136,3(202|121| 20 | 61 |262| 52 | 51 [129| 38 |154| —
6 | 222 | 35 | 131265383233 |142|187 |67 | 74 |54 [141]| —
6,4 | 372|184 | 255 | 45 | 35 | 186 | 27,7 | 235 | 42 | 221|386 | —
38 | 59 |102| 68 |[282| 48 | 104 | 137
32 |16,7 31,7 | 41 | 55 | 344|113 |336| 41 |416| 66 | 43 —
198 | 48 | 116 | 39 | 364 | 6 [188 ]| 41 9 49 | 10 | 43 —
41 | 45 | 33 | 82 | 55 | 54 5 |141| 4 |192| 48 | 54 —
7 |42 |33 |42 |92 |94 189 |91 |45 | 35 |49 | 46 | 43 —
39 | 134|127 | 54 | 48 | 33 | 59 | 76 | 53 | 97 | 82 | 62 —
11,181 | 52 | 36 |[323] 10 | 74 | 39 | 136 59 | 75 | 33 —
36,8 | 88 | 66 5 10
48 | 6,7 | 35 | 3,7 | 35 | 65 4 |113| 75 | 18 | 233 | 16 —
44 | 16 | 68 | 20,2 | 91 | 55 | 12 | 157 | 113 | 6,8 5 4,8 —
135 7 36 | 31 | 16 | 57 | 48 | 274 | 6,1 7 | 111 | 6,8 —
5,8 4 63 | 34 | 58 | 36 | 62 |375| 88 | 58| 55|99 —
10,2 | 44 | 223|142 | 37 | 39 |301,378] 51 309]101]20,2| —
8 | 128 | 94 | 52 8 [105| 76 | 31 | 38 |328| 44 |174| 41 —
4 42 | 38 | 39 4 1138 | 41 7 92 | 45 | 11 | 47 —
95 | 11 |17,7| 86 | 34 | 43 | 42 | 32 | 36 |112 325|156 | —
1341123 | 33 | 55 | 38 7 86 | 49 265|737 | 7 |315| —
6,7 6 6,2 8 81 | 38 |[119| 15 | 234 | 26 | 161|266 | —
112 39 | 122 | 245|416 | 45 | 421 | 26,7 | 16,9 | 515 | 60,8 | 4,3
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Ne C Bpewms, ¢
9 |51,3|429 | 76 | 42
5251247 79 | 16 21 | 234 | 88 | 656 | 33 | 317 | 142 | 872 —
10 | 42 | 82 | 3,7 | 1441234 | 92 [144 1234|211 187 | 11 | 78 —
185| 9
37 /11136 | 68 |72 69|91 67 10361 | 11 |118| —
11 42 10,1 | 52 8 85 (199 | 47 | 45 | 97 |106 | 7 7,9 —
33 153 |33 |33 |59 |66 ]32]|35]|52] 36 5 15 —
43 | 41 | 71 | 94
221|132 | 69 |87 |56 | 79|82 |78 112|144 52 |126| —
6,1 | 69 | 107 4 31 (62| 41 5 52 | 37 | 79 |215| —
12 11,7 (13,1 1135|104 | 7,7 | 236 | 44 | 122 | 47 | 35 | 142 | 15 —
3,2 5 95 | 52 5 37 |68 | 35|52 197|119 6 —
9 46 | 45 | 136 79 6 33 | 36 | 45 |172 472 | 33 —
61,3 596|209 352|316 (212 | 55 | 103|117 | 49 | 271 45
13 59 | 48 |165| 7 1271249492 | 168 | 836|491 433|383 | —
9,8 | 29 | 624598181 10
123 | 44 | 43 | 83 | 87 | 48 | 49 |193| 5 74 | 112 | 564 | —
14 36 [112| 49 | 49 | 6,7 | 248|117 | 51 | 173 | 31 | 6,7 |117| —
3 56 | 57 |174 1232 | 33 |34 6,7 303 39 | 39 | 67 —
94 | 13 | 96,2372 | 82 | 101 7
55133 |79 |34 /168|512 |266|262|143| 25 | 51 | 49 —
15 124 6 (2891942 10,7 | 24 |165|108| 59 | 7,2 | 85 | 55 —
102 | 34 | 62 | 256 | 49 | 255|149 |112|167| 36 | 36 |104| —
23,7 | 126 | 213 | 61 | 10,4 | 19,1
96 | 32 | 72 | 35| 43 |195| 32 | 138 | 42 | 78 | 18 | 157 | —
16 78 1596|246 111 | 68 | 62 S |115)| 47 | 121109 | 68 —
128 | 48 [ 16,7 | 47 [ 134152 | 66 | 68 | 73 |103| 45 | 76 —
83 | 16 | 33 | 69 | 45 | 42 | 155 | 7,7 | 44 | 12 | 117 | 16,7
407199 | 34 |1 62 | 214]135| 35 | 58 | 31 |109|143]| 96 —
17 75 1163 | 29 6 |127| 6 57 | 54 | 49 |137 104|128 | —
6 36 1284|111 92 |144| 98 | 69 | 48 | 76 |198|285| —
37 | 86 | 85 |112| 36 | 79
4,6 9 8 15 | 39 | 147]105] 31 | 66 [316| 54 [351| —
18 39 |112 | 7 32 | 36 [133 272|216 94 |104|138| 29 —
386(121|31 |61 | 71|35 |174| 75 | 545|627 |254|482| —
426 | 166 | 161 | 27,1 | 1127
303 | 52 323 72|41 | 36 |183|298|10,1]132|121] 41 —
91 9 53 | 47 | 57 5 32 | 82 | 62 | 93 | 77 6 —
48 | 58 | 7,7 8 53 | 57 | 34 | 37 |48 | 41 | 51 | 45 —
19 7 13138 |36 |58 38| 75]|71]44 159 5 4 —
3,3 7 59 | 59 | 56 | 6,7 9 36 | 33 | 71 1102 | 57 —
53 | 49 | 264102108205 |227| 18 | 3,7 | 82 | 88 [181| —
45 | 6,7 | 59 |194 127 31 | 11 |129| 76 | 34 |119|118| —
1541241369 | 41 | 71 [104| 15 | 6,8
20 | 119 | 53,8 | 148 | 1539 | 68 | 54 | 90 | 481 | 3,6

[Tocne nabopa rpynmsl u3 35-40 denoBeK, MOJOKUTEIBLHO MPOIMIEAININX JKCIIEPUMEHT, T.C.
YCHEMIHO AOCTUTIIMX MOJIHOW peNlaKcalliy, MPOBOJUTCA BTOPAsi YaCTh 3TOr0 HKCIIEPUMEHTA. Y CTa-
HaBJIMBACTCA WHIAWBHAYAJIbHAsA B3aMMOCBA3b MCKAY PE3yjIbTaTaMH 3KCIICPUMCHTA IO BBIpa6OTKe
HABBIKOB Ha pelaKCallli0 UCTIBITYEMbBIX U Pe3yJibTaTaMH, MOJTYYEHHBIMH MPU MEPUOIUIECKOM IPO-
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(eccrOHATbHOM OCMOTpE ICUXO0JIOTOM. 371eCh HEOOXOJUMO OTMETUTH cienytouiee. [Ipu nepuoauye-
CKOM TPO(eCcCHOHANTBHOM OCMOTPE MAIIMHUCTOB M TIOMOIITHIUKOB MAITMHUCTOB 3JIEKTPOBO30B IICHU-
XOJIOI HCHOJb3YeT CTaHJApTH30BaHHBI KoMIIekC yHUBEpCaJbHBIM ICHUXOIMArHOCTUYECKUN
YITAK-MK st mpodeccroHambHOr0 MCUX0(PU3U0IOTHIECKOT0 0TOOpa paOOTHHKOB JIOKOMOTHUBHBIX
Opura, JUCIeT4EpOoB.

CymecTBYIOT 3aBUCUMOCTH (KOPPEISIIHN) MEXKIY SKCIIEPUMEHTAIBHBIMH Pe3yIbTaTaMH, MO-
Jy4EHHBIMU NP NCUXOPHU3UOTOIHYECKOM OCMOTPE UCIBITYEMOr0 IICUXOJOIOM € MCIIOJIb30BaHHEM
VIIJIK-MK n sKkcniepuMeHTaIBHBIMUA pe3yJIbTaTaMU, MOJYYCHHBIMU B PE3YJIbTATE UCIIOJIb30BAaHUS
HKCHEPUMEHTAIbHOIO o0pasla OuoasanTHUBHOM KoMmbloTepHO mporpammsl NeuroDog Bepcun
25.11.2013. T.e. cymecTBYIOT ONpEAEICHHbIE WHAWBUIYAIbHbIE MCUXO(PHU3UOIOTHYECKUE IMapa-
METpBI YEJIOBEKA, KOTOPBIE BIMUSIOT HA CKOPOCTh U BO3MOXKHOCTb BBIPAOOTKH UM HABBIKOB HA peJlak-
canuto (pUCyHOK 1).

PesyabTaTsl TecToB DyHERNHOHATBHOE ITapameTps1
VILIK Mk COCTOSHHE e T0BeKa pelaKcanun

1) Cnabas peaxiua H MHOTO Heontmvanernoe PC uenosexa . | 3aBBIOEHHOE BpeMA
OIMHDOK "| mocTEokeHWA penakcanum
2) TIoBBIMEHHOE BPEMST _ JMOIMHOHAIIBHOE VMeHBINEHHE TIIYOHHB
PEAKITHI BO3DyRISHHE " | penaKcanmm
3) Bonbmas cHIa HEPBHEIX IlomerorHAaA HEPEHAA CHCTEMA .| Belctpoe obyuenue
IIPOLIECCOB "| HABBIKAM pETAKCAIHEH
4) Beictpoe Bos0yagerne HC CrneHaz u nogemxHAaA HC BricTpoe ocBocHEE

E PHTIME pasIpasHTCIIA HABRIKOE PCIAKCAITHH

5) CriocodHOCTE NeHCTBOBATE

Bricokad SMOIMHOHATBEHAA

BeicTpoe ocBocHHEE

YCIOBHAK IOMEX VCTOHMHEOCTD HABBIKOB PEIaKcallaH
6) BeicTpoTa pearnpoBaHms, Bricoran T'1ybuHa 3neKTpo-
TOUHOCTE JIeHCTEHH CTPECCOYCTOHIHBOCTE JEePMATBHOH PeaKIIHi
7) OpHOBpeMeHHOE VMeHHE pacpeeniTh VYenexu npH BRIpabOTKE

BBITIOHEHNE 2-X 337149 BHHMAHHE HABBIKOB PEllaKCaI[AH
8) BonpImas cKOpoOCTE CnocoOHOCTE 00peTeHmA Vemexu npa 00ydeHHA
TIEpe/IENKH HABBIKOB HABBIKOB HABBIKAM pPelTaKCAIHH

9) TToEBIIEHHEH YPOECHE
TPEBOKHOCTH

Bricokas cTeneHb
TPEBOMKHOCTH

Bonemmas MOTHEAIHA IPH
OOYICHHN PETaKCAITHI

10) Boicokas moTpedHOCTE B

TlotpebHOCTD B HOBBIX

Brictpee obpetarotea

HOBBIX JOCTHKEHIAX JOCTEDKEHHAX HABBEIKH HA PEIAKCALIIO
11) MuTepHATEHEL Bricokmii ypoBEHb BrlcTpee BEIpa0ATRIBAIOTCA
KOHTPOIIb CyDBEKTHBHOIO KOHTPOJLA HABBIKH HA PEIaKCaIlFio

Puc. 1. Koppensiiiua Mexay pe3yJbTaraMiu 0CMOTpPa UCIIBITYEMOTO TICUXOJIOTOM U UCCIIEIOBAHUSIMH,
MOJYYEHHBIMH C UCIIOJIB30BAHUEM KOMITBIOTEPHOM ITporpamMmmel NeuroDog

Taxas cBsI3b CyLIECTBYET AJISl pE3YyIbTATOB, MOTYYEHHBIX IPU IPUMEHEHHUHU CIIEIYIOIUX METO-
ik u3 YITIAK-MK (pa3zpabotka komnanuu «Heipokomy», Poccust).
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1) OGr11ast roTOBHOCTH K padoTe. TecT mpoBOANT AMHAMHYECKUI KOHTPOJIb (QYHKIIHOHATBHOTO
cocrosiHUs oneparopa. [Ipu HU3KOM BpEMEHH pPearupoBaHus M OOJBIIOM YHUCIIE ONTMOOK HCIIBITYe-
MBI HAXOUTCS B HEONTUMAIBHOM (DYHKIIMOHAIBHOM COCTOSIHUH, YTO BIIHSET Ha YBEJIUUCHHUE Bpe-
MEHH, HEOOXOIUMOTO JJISl €T0 PeaKcalru.

2) Peakius Ha ABHKyIHiics npeamMer. TecT olleHuBaeT CTEIeHb YPABHOBEIIEHHOCTH MTPOIIEC-
COB BO30YKJICHUS U TOPMOXKCHUS Y UCTIBITYeMbIX. [IOBBIIEHHOE BpEeMsl PEaKIIiu CBUICTEIHLCTBYIOT
00 5MOIIMOHAIBLHOM BO30YKJIEHUH, UTO BIUSET Ha INTyOMHY JAMAana30HOB pelakcaiuu. Bpems peak-
MU B cpeaHeM HaxoauTcs B quanaszone 0,20 — 0,35 c.

3) Tenmuur-tect. [103BOJSIET BBIABUTH CHITY U TOJABHIKHOCTH MPOIIECCOB HEPBHOM CHCTEMBI.
Uenosek ObicTpee 00ydaeTcsi HABbIKaM peTaKcalliy, €CIU OH 00safaeT 0oJiee OIBUKHOM HEPBHOM
cuctembl. Cpelld UCHBITYEMBIX HET JIIOJIE co ci1aboil HEPBHOM CUCTEMOM, MOCKOIbKY UCIBITAHUS
MPOBOJATCS CPEAU MAIIMHUCTOB M IIOMOIITHUKOB MAIIMHUCTOB 3JIEKTPOBO30B.

4) Kputrueckas 4acToTa CBETOBBIX MebkaHui. [I0ka3bIBaeT HAMOOJBIIYIO YaCTOTY CBETOBBIX
MeINIbKaHUH, TPU KOTOPOH HEPBHAsS CHCTEMa YeJI0BEeKa BO30YKIaeTcs B puTMe paznpaxutens. Jlroau
¢ HanOoJiee OJIBUYKHOM HEPBHOW CUCTEMOM OBICTpEe OCBAaUBAIOT HABBIKHM PEIaKCAIIUH.

5) DMorroHanbHAas YCTOWYMBOCT. YeOBEK ¢ BHICOKOM CITOCOOHOCTHIO JICHCTBOBATH B YCIIO-
BUSIX TIOMEX ¥ HETaTUBHBIX YMOIMOHAIBHBIX (JaKTOPOB CIIOCOOCH OBICTPEE OCBOUTH HABBIKU PEllaK-
caluH.

6) CTpeccoycTOMYMBOCTh. Y MEHUE MOOMIIM30BAThCS, COXPAHATh TOYHOCTD M OBICTPOTY pearu-
poBanus. VcrbITyeMble ¢ BBICOKOI CTPECCOYCTOMYMBOCTIO UMEIOT Malbli JHana30H IITyOUH dJIeK-
TPOJAEPMAIbHOM pEaKIUH.

7) Pacnipenenenue BHUMaHus. Yea0BeK ¢ BBICOKOH CIIOCOOHOCTBIO OJHOBPEMEHHOTO BBIMOJI-
HEHUS JIBYX 3a/1a4 TaK)Ke YCIIELIEH U NPU BbIPaOOTKE HABbIKA HA PEJIAKCALIUIO: OJJHOBPEMEHHOE Clle-
JKEHHE 32 AHUMAllMOHHON KapTHHON M MPUMEHEHHE CITIOCOOOB CaMOYCIIOKOCHHS.

8) CxopocTb niepe/ieliIki HaBbIKOB. PAOOTHUKH ¢ BRICOKO CIIOCOOHOCTHIO OOPETEHHUST HABBIKOB
B MTOXOKUX BUIAX JEATEIbHOCTH, YCIEIIHbI U IPU 00yYEHUH HaBbIKaM pellaKCallku.

9) Meronuka U3MEpEHHsI YPOBHS TPEBOKHOCTH 10 Teimopy. [103BoiIeT OICHUTH YPOBECHb
TpeBOKHOCTU. [IpH BBICOKON TPEBOXKHOCTH YEIOBEK HMMEET OOJBIIYI0 MOTHBAIMIO K OO0yYEHHIO
HaBbIKaM Ha camMopesiakcalno. Bo3aM0oXHO IpuMeHeHe BMECTO 3TOM MeToAMKH TecTa Cimnbeprepa
10 OTNPEEIICHUIO CUTYaTUBHOM TPEBOTH U JINYHON TPEBOXKHOCTH.

10) IMorpebHOCTD B JOCTIKEHUSX. [IpH cpeHei U BRICOKOI MOTPEOHOCTH B JOCTHIKEHHUSIX Ue-
JIOBEK ObICTpee 0OpeTaeT HaBBIKM HAa CaMOpEIaKCaIlHIo.

11) YpoBeHb CYOBEKTHBHOTO KOHTpOJIs. JIFOM ¢ MHTEpHAIBHBIM KOHTPOJIEM OBICTpee BhIpa-
0aThIBAIOT HABBIK HA CaMOPEIaKCaIHUIO.

Hccneoosanue npogheccuonanbro-6addchvix kaiecme npu npogheccuonanvbnom omoope. Cpan-
HEHUE KaTeropuii oImmOOoK BoAUTENeH TpaHCTOPTHBIX cpeAcTB ¢ npuunHaMu JITTI mokaseiBaer, uyTo
3a/IepKKa pacro3HaBaeMOCTH MIPEJAMETOB, B PE3yJIbTaTe KOTOPOit pourcxoauT okoio 50 % JTII, 3a-
BHCHUT IJIaBHBIM 00pa3oM OT BpeMeHHOM omnOKu. [IpuHsATHE OMIMOOYHBIX PEIIEHUN BOIUTENSIMH SB-
nsiercst npuarHon 40 % JTII (ommbku ucnonnenwus ). BaxkHoe 3HaueHUe JUIsl TOBBIIICHUS HAIEKHO-
CTH BOJIUTENSI UMEET MPOBEPKA COCTOSHUS 3/I0POBBs, (YHKIIUI OPTraHOB YYBCTB U U3YUYECHUE MCUXO-
bu3HOIOrMUeCcKX 0COOEHHOCTEH. [[71s1 TAaKOTO M3y4eHMs HYKHBI COOTBETCTBYIOIIUE MPUOOPHI U ME-
TOJIbI, 00ECTIeUnBaIOIIME Ha JJOHKHOM YPOBHE UHANBUAYATU3UPOBAHHBIN MOAXO0/I TPU MEAUITTHCKOM
OCBUJICTEILCTBOBAHUHY BOAUTENICH U KaHIUATOB. 3aaueil NCCIICTOBAHMI SIBIISIETCS aHAJIU3 TIPEIIIO-
CBUIOK OIIMOOYHBIX JEHCTBHUI BOAUTENEH, TUATHOCTHKA aKTyalbHOTO COCTOSHUSI YYACTHUKOB JKC-
MEePUMEHTA, a TAaK)Xe MOUCK METOJ0B KOPPEKIIUU YA3BUMBIX MPO(EeCcCHOHATHFHO-BAXXHBIX KaueCTB
YYaCTHUKOB SKCIIEPUMEHTA — BOAUTENICH U KaHAUJIaTOB.

Ha pucynke 2 npeacTaBieHbl OCHOBHBIE KOMIIOHEHTBI CTPYKTYPBI J€ATEILHOCTH BOJMUTEIS TPAHC-
MOPTHBIX CPEJICTB.
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Puc. 2. OCHOBHBIE KOMIIOHEHTBI CTPYKTYPBI JEATEIBHOCTH BOJUTEIS TPAHCIIOPTHBIX CPEACTB [ 5]

[IpuMeHHTENBHO K TPAHCIIOPTHOMY MPOLECCY CTPYKTYPHYIO CXEMY CHUCTEMBI JKCILIyaTalluu
TPAHCIOPTHOT'O CPEACTBA MOKHO MPEICTABUTH COCTOSIIEH U3 YETHIPEX OCHOBHBIX AJIEMEHTOB: BOIH-
TeJb — aBTOMOOMIIL — JTopora — cpena [5]. biiok-cxeMa KOMITBIOTEPHBIX METO/IOB ITOBBIIICHUS YS3BH-
MBIX POQeCcCHOHATBHO-BAKHBIX KAYECTB B COCTaBE MEPONPUITUIA 110 TPOoPOTOOPY BOAUTENEH MTpe-
CTaBJICHA Ha PUCYHKeE 3.

Onepartopbl
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Kagpossie
peLueHna

Puc. 3. OCHOBHBIE KOMIIOHEHTBI CTPYKTYPBI AEATEIbHOCTH BOIUTENS TPAHCIIOPTHBIX CPEACTB [S]

Jli ipoBeZIeHN s SKCIIEPUMEHTAIIBHBIX MCCIIE0BaHUN HCIIOIb30BaHbl allapaTHO-IPOrpaMM-
Hbie koMriekcsl YITJIK-MK aBto u ctabunorpenaxép [-01.
ArmmapaTHO-TIpOrpaMMHBINA KOMIUIEKC TecTupoBanus u pazsutus YIIJIK-MK aBto obecreun-
BaeT TectupoBanue cienyromux [IBK Boxurens.
1) Ouenka nCcUXO(pU3UOIOTHUCCKHX XaPAKTEPUCTHK: TOTOBHOCTh K MCHXO(MU3NOJOTHUECKUM
HCCIEA0BaHUSAM; BOCIIPUATHE IPOCTPAHCTBEHHBIX OTHOLIEHUH U BPEMEHH; TJ1a30Mep; YCTOHYMBOCTD,
MIEPEKITFOYAEMOCTh M PACHPEIETICHUE BHUMAHUS; aMATh; ICUXOMOTOPHKA; SMOLMOHAIbHAS YCTOM-
YUBOCTb; JUHAMHUKA PAaOOTOCIIOCOOHOCTH; CKOPOCTh (POPMHUPOBAHMS MCHUXOMOTOPHBIX HaBBIKOB;
OLICHKa MOTOPHOM COITIaCOBAHHOCTH JE€HUCTBUU PYK.
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2) OnieHKa CBOMCTB M KAa4yeCTB JIMYHOCTH BOAMTENS, KOTOPHIE MO3BOJIIIOT €My O€30IacHO
YIPaBJIATH TPAHCHOPTHBIM CPEACTBOM: HEPBHO-TICMXMYECKash YCTOMYMBOCTB; CBOICTBA TeMIepa-
MEHTa; CKIIOHHOCTb K PUCKY; KOH(QJIMKTHOCTh; MOHOTOHOYCTOHYMBOCTb.

[TporpamMMHoO-anmapaTHbIi cTabuIOMeTpuUYecKuid Komruieke cradmnorpenaxép J[-01 ocnoBan
Ha MUCIOJIb30BaHUU CTAOMIIOMETPUUECKON IIaT(opMbl OAJTAHCHPOBOUHOIO TUIA ¢ OMOJIOTMYECKON
00paTHOM CBA3BIO 10 OTKIIOHEHHUIO ONOPHOM IOBEPXHOCTU OT TOPU30OHTAJILHOTO oJI0KeHus. [1nat-
(dopma XxapakTepu3yeTcsi HaTMYUEM pPsiJla YCTOMUUBBIX MOJIOKEHUH M O3BOJISIET OLEHUBATh U Tpe-
HUPOBATh CIIOCOOHOCTH YEJIOBEKAa BOCIPOMU3BOJIUTH IBM)KCHUSMH LIEHTPA TSHKECTH Teja 3a/laHHbIe
TPAaeKTOPHUHU.

OrneHka ypoBHS CUX0()U3UOIOTHIECKON MPUTOTHOCTH BOJUTENICH CBOAUTCS K OIPEIEICHUIO
KOJINYECTBA YSI3BUMBIX (HUKE HOpMBI) ITpodeccruoHanbHO-BaxHbIX kadecTB (IIBK). ITo pezynpTaram
coorBercTBus [IBK HOpMe mpucBauBaercst Bua ponycka (npopnpurognoctu): A1, A2, 13 u neno-
YyCK.

PesynbTarhl IpoX0XKAEHHS KOMILIEKCA TECTOB IIPEJICTaBIEHbI HA pUCYHKE 4. VcnibiTyeMble pas-
OUTBI HA TPU IPYNINbL: 1) KAHAWAATEI B BOAUTENHN; 2) BOAUTEIN CO CTaXeM 0 4 jeT; 3) BOIUTEIU CO
cTaxkeM 4 u 6osee JeT.

Y
50

40 S5
40

30
a2 28 32 a2 32

20
20

10 16

a
OonycK 1 2 3 4 1 2 3 4 1 2 3 4
CTam Kanpupnar go 4 net 4 v bonee

Puc. 4. Pe3ynbrarsl NpoXokIeHUSYIaCTHUKAMHU SKCIIEPUMEHTA KOMIUIEKCa TECTOB,
roe 1-11, 2-]12, 3-113, 4-Henonyck

[TporieHT HeAOITycKa CHUYKAETCS 110 MEepPE BO3pacTaHMsI CTaka BoxieHus. [1pu aTom 3-5 rpymnma
(ctax BoxAeHHs OoJee 4 JIeT) mokasaia, 4To M0 Mepe MPUOOPETEHHUS OMbITa MPOUCXOIUT CHIKEHUE
CaMOKOHTPOJIS 32 CUET MPOSIBIICHUN CAaMOYBEPEHHOCTH U HEKOTOPOTO MPEHEOPEIKESHHSI K YSTHOCTH
BBITIOJTHEHHMSI 3a/IaHUH.

Pe3ynbTaThl TECTa Ha YMOLIMOHATIBPHYIO YCTOMYMBOCTH MTOKa3au cienyromiee. M3 Bcex ydact-
HUKOB JKCIIEpUMEHTa Hanbojiee SMOIMOHAIFHO YCTOMUMBBIMU SABISAIOTCA 1-0i1 U 3-eif rpymisbl, T.€.
Y4aCTHHUKHU, HE UMCIOIIMUEC OIIbITAa BOXKACHUA (He 3HAKOMBIC C OIIBITOM MPUHATUSA SKCTPECHHBIX PCIIC-
HUU MpU aBapUIHBIX CUTYAIMSAX HAa JOPOTax) U BOJUTENH, UMEIOIINE OMBIT BOXKIEHUs Oosee 4 neT.

B tabnuie 2 npencraBieH pe3yabTaT 00padOTKH pe3yIbTaTOB OLICHKH YPOBHS MCUXO0(H3M0-
JIOTUYECKHUX KA4eCTB U OMPEIEICHHUS] COOTHOIIEHHUS B3aUMHOTO BIUSHUS HEKOTOPBIX MCUXO(PU3NO-
JIOTUYECKHUX Ka4eCTB MEX]Ty COOOi.

Tabmuma 2. KoaddumueHnT koppensnun noxkazareieid SMOIMOHATFHON YCTOWYUBOCTH U CIIOKHOM
JBUTATETILHOM PEaKIuu
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CIP-M Cpennee BpeMs Cpennee BpeMs Pasruna cpenre-
Bpewms apu(pMETH-9eCKUX
pearupoBaHHus B pearupoBaHus B
5y samanmi Nel BBIOOpA samanmy Nep | PPEMCH pearuposa-
HUS
KommaectBo ommboxk 6e3 -0.40 055 -0.70 056
MTOMEXH
CpenneapupmeTnueckoe
BpeMsl pearupoBaHus 0e3 0,42 -0,02 0,26 -0,03
MTOMEXH
KomnnyectBo MpOTIYCKOB 0,42 004 0,25 004
C IIOMEXOM
CpenneapupmeTnueckoe
BpeMs pearupoBaHUs C 0,36 -0,10 0,16 -0,10
MOMEXO0H

BrisiBniena o0paTHO MpONOPIHOHATIBHASL KOPPEISIIMOHHAS 3aBUCUMOCTD MEKIY BPEMEHEM pe-
arupoBaHUs MPH CIOKHBIX JIBUTATEIbHBIX 3PUTEIHHO-MOTOPHBIX JCHCTBUSAX U MIOKA3aTEIIEM SMOIIH-
OHAJILHOM yCTOWYMBOCTH (KOJIMYECTBO OIMOOK Oe3 momexu), I = -0,70. M3 3Toro MoxHO caenarb
BBIBOJI, YTO YEM MEHBIIIE BPEMEHHU TPATUT BOJAUTENb IPU MPUHITAN PEIICHUS B TIPOIIECCE BOXKICHHS,
TeM OOJIbIIIE BEPOSTHOCTh COBEPILCHUS OIIMOOK Ha dTarle MPUHSATHS PEIICHUS U TP BBIOJHEHUH
YIPaBJIAIOMUX ACWCTBUI B HECTAHJAPTHBIX CUTYAIMSIX M B YCIOBUAX JICHCTBHUS OTBIICKAIOMINX (PaK-
TOPOB.

JleTanbHBI aHaIM3 MapaMeTPOB TCHXO(U3MOIOTUYECKUX KAa4eCTB IOKA3bIBACT, YTO NpPHU
OLICHKE YPOBHS BOCHIPUSATHS CKOPOCTH U PACCTOSIHUS, KOJMYECTBO TOYHBIX IONAJaHUN IPOIIOPIINO-
HaJIbHO BPEMEHU pearupoBaHus P OLIEHKE YMOLIMOHANBHOM ycToiuuBocTH (I = 0,5). D10 03Havaer,
YTO YeM BBIIIE SMOLMOHAIIbHASL YCTOWYNBOCTD, TeM 00Jiee BEpHO BOAUTEh TPAHCIIOPTHBIX CPEACTB
CIOCOOEH OIIEHWBATh CKOPOCTH U AMCTAHIIMIO BO BPEMSI IBUKCHUSI.
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JIABEPHAS BE3OITACHOCTbDb — MEJIUIIMHCKHUE ACIIEKTbI

A

HU.T. JIanopect AL HIkaoapeeuy’  O.H. Mapmunosuyw?>  U.A. Kakwunckuii*
2NIABHbII CNeYUANUCT OUPEeKmop HayyHo- UHDICEHeP-NPOSPAM-  UHIICEeHep-MeXHO02 2
nOo 1a3epHbiM MeOU- npoussoocmeennoco  mucm, YY1l «Onmuk-  kamezopuu HaAy4HO-
YUHCKUM MEXHONIO-  YHUMAPHO20 Npeonpu- cogpmy npoU3800CMEEHHO20
eusmM HayuHo-npous-  smus «Hayuno-mex- VHUMAPHO20 Npeonpu-
800CMBEHHO20 YHU- HU4ecKull yeHmp amusa «Hayuno-mex-
MapHo2o npeonpusi- «JIOMT» BenOMOy, HUYEeCKUUl YeHmp
mus «Hayuno-mexnu-  axademux HAH bena- «JIOMT» BenOMO».

yecKull YyeHmp pycu, 0okmop ¢hu-
«JIOMT» benOMO», 3uUKo-Mamemamuye-

O0OKMOp MeOUYUHCKUX — CKUX HAYK, npogheccop
HayK, npogeccop

YWuumapnoe npeonpusmue « HTL «JIMT» EenOMO», Pecnybnuxa Benapyco
YY1 «Onmuxcogpmy, Pecny6auxa Berapyce

Abstract. Purpose of the work: to ground the possibility of adverse effect of laser radiation on unprotected eye
depending on power, wavelength, radiation mode and optical light amplification due to focusing of a crystalline lens. The
most dangerous is laser radiation of IR - optical spectral range. Protection degree of eyes by goggle’s light filters is defined
by their optical density: optical power attenuation shouldn't exceed 1 mW for visible range, and it has to be maximum
(OD-3, OD-6) for IR range.

AMepuKkaHCKUN MHCTUTYT cTaH1apToB(ANSI) pa3aenui na3epbl Ha UeThIpe Kilacca 10 CTENeH!
UX OMACHOCTH. DTa KiIacCU(pHUKAIMs JeTiIa B OCHOBY HAllMOHAJBHBIX KJIaccU(UKaIUi.

B Pecnybnuke bBenapych AelicTBYIOT caHUTapHBIE MpaBmiia U HOpMbI 2.2.4.1.13-2-2006 «Jla-
3epHOE U3IyYEeHUE U TUTHEeHHYECKUe TPeOOBaHUs MPHU SKCIUTyaTalluy JIa3epHbIX M3AEIHi», B KOTO-
PBIX IPUMEHSIETCS yKa3aHHAas BbIlIE KilaccupUKaIus.

Omna Ga3upyercs Ha y4eTe BBIXOJHOU MOITHOCTH (9HEpTun) dazepHoro uanyuenus (JIN) u npe-
nenbHO-1onycTuMbIX ypoBHsX (ITY) nazepHoro obiydeHus ria3 u KOxH.

Pa3znuyaroT nazepHble U3AEIUSA 3aKPBITOIO U OTKPBITOrO TUIA. 3aKPBITHIE JIA3EPHbIE U31EIIHS
UCKJIIOYAIOT MPSMOE BO3/IEHCTBHE HA YEIOBEKa.

VY OTKpBITBIX J1azepHbIX u3fenuil JIM Beixoaut B pabouyro cpeny, mperepreBas oTpakeHHe,
NOTJIOUIEHHE, 00paTHOE pacCeMBaHUE U ApPYyrue ontuyeckue 3PQGeKTbl B 3aBUCUMOCTH OT ONTHYE-
CKHX XapaKTEPUCTUK CPEIIBI.

Oco6enno onacuo JIM myist ria3 nmpu mpsiMOM BO3ICHCTBUM.

Paznmnuator ogHokpatHoe aevicteue JIM n xponnueckoe. OJHOKpAaTHOE BO3/IEHCTBUE, KaK Ipa-
BUJIO, CJIy4allHO€ M KPaTKOBPEMEHHOE, XPOHUYECKOE — CBSA3aHO C MPOPECCHOHATBHON AESITeTbHO-
CTBIO U MPEJCTABISAECT OMACHOCTh NPU HecoOmoieHH Mep 3auuThl. doTtopusnyeckue u GoTodHo-
norudeckue 3 dextrl nericteus JIM onpenensTcs ONTUYECKUMHI XapaKTepUCTUKaMHU OMOTKaHHU, 1a-
paMeTpaMu M pexuMaMM padoThl Ja3ePHBIX U3AETHH.

Bo3moxHbBI TEpMUYecKoe, POTOXUMUYECKOE, (OTOAKyCTUYECKOE BO3/IEHCTBUE HA OPTaHbl 3pe-
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HUS, a TAKXKE BIMSHUE HA OPraHU3M 2JIEKTPOMAarHUTHOTO M3JIy4EHUs, HOHU3aluU BO3/1yXa, BIIbIXa-
HUS IPOJTYKTOB TOPEHUS M HCHIAPEHHs] MaTEPUAJIOB, HA KOTOPbIE MaJaeT Ja3epHbIN JIyd, (OTO0XKOTH
KOXH.

Tepmuueckoe Bo3ieiicTBHE Ha I11a3 00yCIOBICHO € OHOM CTOpOHBI cBoiicTBamu JIW, ¢ npyroi
— ONITUYECKUMU XapaKTEPUCTUKAMHU CPEJl IV1a3a, KOTOPBIE SABIAIOTCA MIPO3PAYHBIMU JJI BUIUMOTO U
un¢pakpacuoro (MK) nuanazonos cnekrpa. Cienyer yuuTbiBaTh, KPOME TOTO, YTO CE€TYaTKa 00Ja-
JlacT CBOMCTBAMH CEJIEKTUBHOI'O IIOIVIOUICHUS B 3€JICHOM U, B MEHBILIEH CTEIICHU, KPACHOM CIIEKTpE.

Haumenee onacubim siBnisercst JIM nazepa nepBoro kjiacca ¢ MOIIHOCTBIO B mipeaenax 1 MBT.
Opnako, naxe KpaTKOBPEMEHHOE NPSAMOE BO3ICHCTBHE JIy4a TaKOM MOIIHOCTH, €CJIU IJ1a3 OTKPBIT,
MOJKET BbI3BaTh (oToopTaNbMUI0. [IpH HOPMaTbHOM OCBEIIEHHH 3PAavyoK CyXeH, (oToodTanbMus
HOCHUT BPEMEHHBIN Xapakrep. [Ipyn HU3K0M OCBENIEHHOCTH, KOTa 3pa40K PacIIMpPEH, MOKET HACTY-
UTH 0o0Jiee [UIUTEIbHOE CHIDKEHHE OCTPOTHI 3pEHHS, 0COOEHHO, €CIIN BO3/ICHCTBOBAI 3€JICHBII CBET
naszepa. M3nydeHue na3epoB TepaneBTUYECKOro AMana3oHa 3a cyeT (POKYCHUPOBKH XPYCTAIUKa €T
ontuueckoe ycuinenue x105 (pucynok 1).

CTEKNOB AHOE

BoAAHMCTA A TENG
BnArs

POTOBMLA HPYCTANNK

MATHO

PALYHEA

AMKA

PECHWYHLIE
MBILLLEI CNTHMHECK A
IWCK
HEPE

COCY¥OMCTAR

CBONOHEA
Masa CETHATEA

Puc. 1. [loreHumanbHast ONaCHOCTD JIA3€PHOTO U3JIyYE€HUS HE3ALUIIIEHHOIO IJ1a3a 33 CUET
(hOKYCHPOBKH XpyCTaTHKOM [4]

DTO 03HAYAET, YTO NPM MIOTHOCTH MoIHOCTH 1 MBT/cM? Ha ceTuaTke (OPMHUPYETCS CBETOBOE
MATHO C MIOTHOCTBIO MoIHOCTH 10 100 MBT/CM?, eciu yd KOIIMMHPOBAHHEIHA.

JIazepsl TepaneBTHUECKOTO Juana3oHa ¢ MoImHocTh 10 500 MBT paGoTaroT BO MHOTHX Jieued-
HBIX YUPEXKJEHUAX U UMEIOT OTKPBITHIN JTyd. PacueTsl moKa3pIBaloOT, UTO MIIOTHOCTH MomHOCTH JIN
TaKUX JIa3epOB JI0CTaTOYHA, YTOOBI BBI3BATH TEPMUUYECKOE MTOBPEXKIEHUE CETYATKH, a TaKKe POTOXH-
Mudeckue peakuuu. Hanpumep, 1yd B KpacCHOM Juana3oHe crekTpa MomHocTeio 60 MBT, choxycu-
pOBaHHBIN Ha ceTYaTKe B BHUJE CBETOBOI'O IMATHA JuaMeTpoM 10 50 MKM, pOpMUpPYET IJIOTHOCTh
MormHocTd 3 BT/cM?, a TepMOJECTPYKIMS CETIATKU MOKET HACTYIUTh JaKe IIPU MEHbIIEH MOIHO-
CTH U IPHOOpPECTH HEOOPATUMBIH XapakTep.

Hapsiny ¢ MouiHocThio O0JbIIIOE 3HAUEHUE MMEeT NMPOHHUKAIoLIas CrocoOHOCTh B TkaHu JIV
Pa3IUYHBIX JUTHH BOJIH. DTH CBOWMCTBA CBS3aHO ¢ OCOOEHHOCTSMHU B3auMoeiicTBus JIM u oCHOBHBIX
xpoModopoB OHoTKaHeH yenoBeka. OHM ke ONpeAeTsIOT CeIeKTUBHOCTD J1a3epHOro BO3/1EHCTBHSL.

OcHOBHBIMU XpoOMOQopaMu OMOTKaHEH YeIoBeKa SBIAI0TCS BOJ1a, FeMOTII00MH (OKCUTeMOTJI0-
6uH), murMeHTsl. Bee Tpu xpomodopa B TKaHSX IJ1a3a MPUCYTCTBYIOT: BOJA COAEPIKUTCS B HKHUJIKUX
cpelax riasa, poroBHIle U XpycTajJuKe, TeMOTJI00MH U MUTMEHTHI — B CETYaTKe.
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Puc. 2. OnTudeckue xapakKTepUCTHKU SHYKICHPOBAHHOTO T1a3a MPU BO3ICHCTBUN JIa3€PHOTO U3ITY-
yeHus ¢ ;ymHor BostHbI 630 HM (1), 1150 M (2), 890 HM (3) [2]

W13 pucynka 2 cienyer, 4To HauboJIbIIelH MPOHUKAIOIIEH CIOCOOHOCTHIO 00J1a1aeT N3TyYeHHE
¢ mnuHOM BOJIHBI 890 HM («OKHO OHMOJOTHYECKOW MPO3PAvyHOCTH» TKaHM). M3imydeHwe ¢ AIMHOU
BOJHBI 1150 HM siBNIsieTcs BoAOCHeM(PUYHBIM U YaCTHYHO TTOTIIONIAETCS KHUIKUMHU CPEIaMH TJasa.
B 3enenom nuamnazoHe criekTpa OnacHOCTh MOBPEKICHHS CETYaTKHU CYIIECTBEHHO YBEIHMYMUBaeTCs (B
CBSI3U C CEJICKTUBHBIM IOTJIOMIEHUEM TUTMEHTOM CETYATKH ) TIPY 3HAYUTEITHHO MEHBIIIEH MOIIIHOCTH,
YeM B KPacHOM JIMaria3oHe.

Oco0eHHO onaceH UMITYJIbCHBIN peskum JIN, B wactHOCTH, Q switched uMITyITbCHI.

HawnbGoiiee HeOaronpusTHBIMU IS TJ1a3a SBJSIOTCS IIUHBI BOJIH OT 380 10 1400 HM, Tak Kak
OHH ¢J1a00 MOTIIOUIAI0TCS BOAOCOASPKAIMMH TKaHIMH I1a3a U (POKYCUPYIOTCS HA TOBEPXHOCTH CET-
YaTKH, CO3/1aBasi OOJIBIIYIO MIIOTHOCTh MOIIIHOCTH.

W3nyuenue ronpMueBbix ja3zepoB (A 2094 HM) YacTUYHO MOIJIOMIAETCS KHUAKOCTBIO Kamep
IJ1a3a, HO PUCK MOBPEKICHUS CETYATKHU OCTaeTCsl, 0cOO0eHHO Tpu Q — MOy TUPOBAHHOM UMITYJILCHOM
pexuMe.

OpOuessii 1azep (A 2940 HM) TeHEpUPYET U3ITyUEHHE C BEICOKUM K03()(PUITMEHTOM moTJIo1Ie-
HUS BOJIOW M MPEJICTABISCT OMACHOCTH JUIS MEPEeIHUX Kamep riaza. J1o ke orHocutes k CO, (A
10600 um) nazepy.

W3nydenue 1a3epoB nMepBoro U BTOPOTo KiaccoB BUaUMoro auarnaszona (400-700 HM) MOIIHO-
cTbto MeHee | MBT npu skcno3unuu 0.25 cekyHbl (BpeMs, 32 KOTOPOE YEJIOBEK yCIEBAET 3aKPhITh
IJ1a3a UM OTBEPHYTHCS) HE MOBPEKIAET CETUATKY.

VYnbTpaduoneroBoe n3nydeHue, B 3aBUCUMOCTH OT J03bI U YACTOTHBIX XapaKTEPUCTHK, IPUBO-
JIUT K TTOBPEXICHUIO POTOBHUIIBI.

[Tpu mpsiMOM WM OTPAKEHHOM M3ITy4eHuH J1azepoB 3A, 3B knaccoB wiu auddy3HOM oTpake-
HUU U3ITy4eHHs J1a3epoB 4 Kiacca IMOBBIIMIEHHON MOIIHOCTH IMOBPEKICHHUS MOTYT IMPOU30UTH,
IpeX/ie UeM YeloBeK pedIeKTOPHO 3aKpoeT Ii1asa.

WIMITyTbCHBIN pEXUM U3ITyYeHUSI HETATUBHO ICHCTBYET Ha TJ1a3 MPHU [UTUTEIbHOCTH UMITYJIBCOB
mernee 1 mc. [Ipu 3TOM BO3HMKAeT HapylIeHHEe KpOBOOOPAILIEHHS B COCYAAaX CETYATKH, a TAKKe UX
MOBPEXACHNUE C KPOBOUBIUSHUEM B CTEKJIOBUIHOE TEJIO.

[Tpy UMIyIbCHOM peXXUMe UMeeT MeCTO (POTOaKycTUYeCKHH 3(h(HEeKT, KOTOPBIM TakKe MOXKET
BbI3BAaTh MOBPEXKACHNUE CETUATKHU.

DoToXMMHYECKasi peaKIUsi CO CTOPOHBI CETYATKH MOXKET UMETh MECTO MPHU JUIUTEIBHOM BO3-
nevicteun JIN Ha HezamumEnHBIN 17183 B puosieroBoM auanazone (400-470 um).

3amuTa r1a3 OT JIA3epPHOT0 M3JIyueHHs TpeOyeT HOIICHHUs CIIEUAIbHBIX OYKOB CO CBETO(UIIb-
tpamu. CTeneHb 3alUThl CBETO(MUIBTPAMH OMPEIEIISIETCS] ONTHYECKOM MIOTHOCTHIO - Optical density
(OD), koTOpas MOKa3bIBaET, BO CKOJIBKO pa3 MPOUCXOAUT ociabienue ceera. OD-1 o3Hauaer ocnal-
nenue B 10 pa3, OD-3 B 1000 pa3, OD-6 — B 1000000 pa3. st Bumumoro auamazona OD gomkHa
OBITh TaKOH, YTOOBI MOLITHOCTh M3JTy4EHHs MaJaloIIero Ha Ija3, He MpeBbIIlaia MOIHOCTH U3JIyde-
HUS BTOPOro Kiacca jazepa (= 1 MBT). OTo cBsizaHHO ¢ HEO0XOMMOCThIO HAOIIOAaTh JIyd B KaUeCTBE
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MUJIOTHOTO VISl HABEIEHUS HA OOBEKT.

Hns UK-nnana3ona creneHb ociabieHus JODKHA ObITh MAaKCUMAalbHOU, TaK KaK M3ITy4eHHE
ATOro quarna3zoHa 06aaaaer 60JIbIIO0N MPOHUKAIOUIEH CITIOCOOHOCTHIO.

B canurtapHbIx npaBuiax 1 HopMmax [3], ykazaHsl cieyronie Mmapku ceetopmibTpos: C3C-22
— auana3oH 3amuTtel 630-680 uM; 680-1200 uM;1200-1400 aM; OD — cOOTBETCTBEHHO 3, 6, 3 IBET
cTeKIa — roiry0oi (prucyHok 3). J[ist 3aIuThl OT CHHE-3€TIEHOT0 CIIEKTPA UCIIOJIB3YIOTCS CBETO(IIIb-
Tpbl OC-23, nBer cTekina — opamkeBblid. OT m3nydenus CO, 1 IpOUEBBIX JIa3ePOB 3AIMUIIAIOT OYKH C
OOBIYHBIMH CTEKJIAMHU.

Jlst mazepos, uznydaromux B UK nuamazone, UCONb3YIOMUX KPAaCHBIA MUJIOTHBIN JTy4, HEOO-
XOJIMMBI 3allIUTHBIE OYKH, SKpanupyromne UK nuanazon u, 0 AHOBpEMEHHO, OCTABIISIONINE BUAUMBIM
KpacHBIN CBET, UTO Ba)KHO MPU MPOBEJICHUH ONEPATUBHBIX BMEIIATEILCTB.

Ha cBeTounbTpax 3alIMTHBIX OYKOB HEOOXOIUMO HAITMYNE MAPKUPOBKH, YKA3bIBAIOIICH Ha
JMana3oH JUIMH BOJIH, OT KOTOPBIX 3alUINAI0T CBETO(PUIBTPHIL.
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Puc. 3. KpuBble npomnyckaHusi ATUH BOJIH JIa3€PHOTO U3TYUYEHHS CBETODUIBTPAMH
3amuTHBIX 04koB C3C-22 u C3C-25

[TokazaHo, YTO P XPOHHUUECKOM BO3ACHCTBUH Ja3€PHOTO U3TYyYCHUS HA pabOTAIOIIUX UMEET
MECTO CHIDKEHHE apTepHAIbHOTO JaBieHus. [103ToMy pabOTHHKAM C HU3KUM apTePHAIbHBIM JaBJle-
HUEM HE PEKOMEHJIyeTcs 00CIy>KUBATh JTa3epHbIC YCTAHOBKH.

['mnoten3uBHbIN A (PEKT MOKET OBITH BBI3BAH TAKXKE JIEKTPOMArHUTHBIM IOJIEM, CO3/aBae-
MBIM MOILHBIM JIa3€POM.

NmirynbcHBIN peskuM paboThl MOIIIHBIX Ja3€PHBIX CHCTEM MOXKET CITPOBOLIMPOBATH HAPYIICHUE
pUTMa CeplIeYHBIX COKpAIleHUH Y OONBHBIX C UIIEMHUYECKON OOJIe3HBIO Cep/lla, OCIOKHEHHOHN Te-
PUOAMYECKUMU HAPYIICHUSIMU CEPICUHOTO PUTMA. DTO KE KACAETCs MAIMEHTOB C yCTAHOBIEHHBIMHU
KapAauocTumynsitopamu. JIomyck Takux paOOTHHUKOB K pab0OTe Ha JIa3epHbIX YCTAHOBKAX MPOTUBOIIO-
Ka3aH.

[Tpu HecoOMIOAeHUH TEXHOJIOTHU PA0OTHI € JIa3epOM BO3MOXKHBI TEPMUUECKHUE MTOBPEKICHHS
KOXH, eciii MoqHOCTh JIM mpeBwimaer 1 Bt. YV nrogei ¢ TEMHBIM [IBETOM KOKH TEPMHUYECKOE TTO-
BpEXKJIEHHUE BO3MOXHO U MPHU MeHbIeil MomuocT JIU 3a cuer 6onpiiero nornomenus. Tepmude-
CKHE JIa3€pHBIC 0’KOTH, KaK MPaBUJI0, BOZHUKAIOT PEJIKO U CBSA3aHbI C HAPYIICHUEM TEXHUKHU Oe301mac-
HOCTH (PUCYHOK 4)
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Puc.4. ®oroOnonornueckue crieKTpaabHbIe IMana30Hbl, pa3padoTanHbie MeXayHapOIHONH KOMHC-
CHEil 1O JIIOMUHECIICHIINY, U UX BO3/ICHCTBUE HA CTPYKTYPHI I1a3a U KOxy [1]

JIN B YO nuamna3oHe Npu XpOHUYECKOM BO3JICHCTBUM HA HE3AIIMILEHHYIO KOXKY MOXKET BbI-
3BaTh €€ MUTMEHTALIMIO BILIOTH JI0 MOSBICHUSI HOBOOOPA30BaHUH.

3axnouenue. JlazepHoe U3IydeHHE HEOIArONPUATHO BO3JEHUCTBYET HAa HE3ALUIIEHHBIN ri1a3
Onarogaps ONTUYECKOMY YCHIICHHIO 32 CUeT (POKYCHPOBKH XPYCTAIMKOM.B 3aBUCMMOCTH OT JIJIMHBI
BOJIHBI, CEJICKTUBHOCTH, UMITYJILCHOTO XapaKTepa Ja3epHOro M3Iy4eHus: GOTONECTPYKTUBHOE BO3-
JeiCTBHE Ha SJIEMEHTHI I1a3a MOXKET OBITh Pa3IUYHBIM.VICIIONIb30BaHNE 3aIIUTHBIX OUYKOB CO CIEIH-
ATBHBIMU CBETOQMIBTPAMHU 0OCCIICUYMBACT HAJCIKHYIO 3aIUTY TJIa3 OT JiazepHOoro uinydeHus. Cre-
MIEHb 3aIUTHI CBETOMUIBTPAMU OMPEIENIAETCS UX ONMTUYECKOM TUIOTHOCTHIO: IJIsl BUIUMOTO JHara-
30Ha OocyabJeHne U3TyUYeHUsl IOJHKHO COOTBETCTBOBaTh MomHOCTH 1MBT, nns UK nuamasona oHo
JOJKHO OBITh MakcuManbHbIM(OD-3;0D-6).
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Abstract. recent years, the use of machine learning methods has significantly increased and therefore research in
this field is becoming more and more important. Competitiveness and success of organizations in the global economy
will depend on the ability to use the methods of machine learning. Using of these methods will help to optimize those
business processes in which it is necessary to analyze big data and automate administrative decisions.

B mocneaue TOBI, HCIIOTB30BAaHUE METOIOB MAITUHHOTO 00YUEHHUS 3HAYUTEILHO BO3POCIIO U
M03TOMY UCCIIEIOBaHUS B 3TON 00JacTU CTAaHOBSATCS BCE Ooiee BaxKHBIMU. OT yMEHUI Ka4yeCTBEHHO
MIPUMEHSITh METOIbI MAIIMHHOTO 00y4eHUs OyIyT 3aBUCETh KOHKYPEHTOCIIOCOOHOCTh M YCIICIITHOCTh
MPEeANpUATHI B r100aIbHOM SKOHOMUKE. C ITOMOIIBI0 METOZ0B MAIIMHHOTO 00Y4EHU S TPE I PUITHS
MOJIYYal0T BO3MOXXHOCTh ONITHMH3UPOBATEH TE CBOU IMPOIIECCHI, B KOTOPHIX HEOOXOIMMO aHATTU3UPO-
BaTh OOJIbIINE JAaHHBIC M ABTOMATHU3UPOBAThH YIIPABICHUYECKHUE PEILICHUSI.

B xone moaroroBku k 3aHsaTHsIM B 2016 / 2017 yueOHOM roay 1Mo AMCUUIUINHE «AJTOPUTMBI
MalIMHHOTO 00YYEHHUs» aBTOPOM CTaThU OBLIO MPOIIeHO 00yUeHUE, CIaHbl 9K3aMEHBI U TMOTYYCHBI
cepTu(UKATHI TI0 CIICAYIOINUM KypcaM, CBI3aHHBIM ¢ KOHTEKCTOM OOJIBITUX JTAHHBIX U aJITOPUTMOB
MAaITUHHOTO 00YYEHUS:

Big Data Fundamentals, Armonk, New York, IBM (BDU), 2016;
Introduction to R-DataCamp, Armonk, New York, IBM (BDU), 2016;
Introduction to Machine Learning, Boston, DataCamp, 2016;
Intermediate R, Boston, DataCamp, 2016;
Intro to Statistics with R: Correlation and Linear Regression, Boston, DataCamp, 2016;
Hadoop Fundamentals I, Armonk, New York, IBM (BDU), 2016;
Big Data with SAP HANA Vora, Walldorf, SAP, 2016;
Enterprise Machine Learning in a Nutshell, Walldorf, SAP, 2016;
Imagine IoT, Walldorf, SAP, 2016;
10 Machine Learning for Data Science, San Francisco, Udemy, 2016;
11 Hands-on Industry 4.0, Potsdam, Hasso Plattner Institute for Software Systems Engineering
(MOOC.House), 2016.

Ha pucynkax 1-6 npeactaBieHbl HEKOTOPBIE U3 CEPTUPHUKATOB, MOTYICHHBIX BO 2-i TIOJIOBHHE

2016 rona.

O©oo~No ok wN -
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Record of Achievement

E-mail: michael.amelin@gmail.com
has successfully completed the following openSAP course:
Instructors: Daniel Dahlmeier and Markus Noga

This course was held from November 14 through December 20, 2016,
and comprised 2-3 hours of learning effort and 1 course assignment

This course the of machine k for
enterprise computing and helped learners to understand the basic
concepts involved in machine learning. The course provided guidelines
on how to formulate a business problem as amachine learning
problem

Maximum score possible for this course: 30 points.

The candidate scored 16 points (54%) by taking a course assignment

2
299909008
°

v

A pi —
AL D Aeitn =
Or Bernd etz Dariel Datimeier
Executive Vies Presidnt nstructor

SAP Scae, Ensblement &
Transtormation

Walldorf, December 18, 2016

% open

Verity onl

Puc. 1. Cepruduxar Enterprise Machine Learn-
ing in a Nutshell

SA Dg Record of Achievement

E-mail: michael.amelin@gmail.com
has successfully completed the following openSAP course:

Instructors: Bob Caswell, Lisa Herbert and others

This [ /as held from 28 through
November 17, 2016. It comprised 3 weeks of lectures and a 4 week
prototype phase.

The course covered the following topics:
Get to Know the Internet of Things
Go Deeper into loT with SAP
Create Your First loT Prototype

followed by a Prototype Challenge

Maximum score possible for this course: 180 points.
The candidate scored 129 points (719) by working on weekly assignments
and taking part in the prototype challenge.

A By Vi o
it L\» — 10 \Soersk sa ‘urfilh\"-
or Bernd Wiz Bon Casmel LisaHerpert
Exeeutive View President nsticter nstrctor

SAP Scae, Ensblement &
Transtormaton

openSAP is SAP's platform for
open online courses. It Walldorf, November 3, 2016

supports you in acquiring
knowledge on key topics for
success in the SAP ecosystem.

open

Puc. 3. Ceprudukar Imagine loT
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‘openSAP s SAP's platform fo.
‘open online courses. It
supports you in acquiting
Knowledge on key topies for

success in the SAP ecosystem.

Record of Achievement

E-mail: michael.amelin@gmail.com

has successfully completed the following openSAP course:
Instructors: Puntis Jifroodian, Balaji Krishna

This three-week online course was held from September 6 through
October 5, 2016. It comprised 2-3 hours of learning effort per week,
3 weekly assignments, and 1final exam.
The course covered the following topics:

Overview: SAP HANA Vora

SAP HANA Vora Data Modeling Tool

Development in SAP HANA Vora

Maximum score possible for this course: 180 points.
The candidate scored 129 points (729%) by working on weekly assignments
and taking a final exam.

v il VL
AN A =3 %:j Lhd—
Or. Bernd Welz Punts Jiroodian S Kishns
Exccutive Vs President Instruclor

SAP Scae, Ensblement &
Transtormaton

Walldorf, October 5, 2016

open

Verify online: https:/open sap com/verfy/xopov-bygod-fumyv-mabod-rinym

Puc. 2. Ceptuduxar Big Data with SAP

HANA Vora

mg Teilnahmebestétigung

Puc. 4. Ceprudukar Hands-on: Industire 4.0

Michael Amelin

michael.amelin@gmail.com

hat teilgenommen an:

Hands-on:
Industrie 4.0

von Prof. Dr. Henning Kagermann
und Prof. Dr. Christoph Meinel

Der fanfwischige Kurs bestand aus folgenden Einheiten
* Die Vision Industrie 4.0
= Technologische Grundlagen der Industrie 4.0

= Der Wandel der Arbeitswelt
und der Aus- und Weiterbildung

* Sicherheit in der Industrie 4.0
* Einfihrung im Betrieb

Durch den Zugriff auf mindestens 50 Prozent der
Lemmaterialien hat der Teilnehmer die Voraussetzung
for den Erhalt dieser Bescheinigung erfull

Berlin und Potsdam, am 3. Juni 2016

f=acatech ﬂ Hasso
DEUTSCHE A:AIY:M»( OER Institut
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) ¢ A LA OIA LA AL AL ALOL AL ALOLA
ady i 50 S ot S G S S St S St P SePn ey
Certificate of Completi - ]
ertricate or compietion | Certificate of Completion

<

has been awarded to rx-j ey

<4| This is to certify that Michael Amelin successfully | >

Michael Amelin < ‘j completed the Machine Learning for Data Science |

‘j online course on Dec. 22, 2016 ’_1 7

for successfully completing «J e >

-:-1 [

Introduction to Machine Learning < % 3

@ DataCamp %% L;\Q - = : ”:::.\’ 5 s )

7 N ) il

Puc. 5. Cepruduxkar Introduction to Machine Puc. 6. Ceptudukar Machine Learning for

Learning Data Science

[TpoBoist SKCKYpC B HCTOPHIO MIPOUCXOXKICHHS TEPMHUHA OOJIBIINE TaHHBIC HY)KHO YITOMSIHYTb,
YTO IOJ] HUM IOJIPa3yMeBaeTCsi HA0Op JaHHBIX, KOTOPBIH SIBIISICTCS HACTOIBLKO OOJIBIIMM WK CII0XK-
HBIM, YTO TPAJAUIIMOHHBIC IIPUIIOKEHUSI 00paOOTKH JaHHBIX HEJOCTATOYHBI JJIsl YCBOCHUS UX. Tarke
npo0JIeMBbl BKIIIOYAIOT B ce0s1 aHAIIN3, TOMCK, COBMECTHOE MCIIOJIb30BAHUE, XPAHCHHUE, TICpEeiady, BH-
3yalin3aiuio, o0paboTKy 3ampocoB, OOHOBJICHHE W KOH(HICHIMAIBHOCTh WHPOpManuu. TepMuH
«OOJIBIIKE JIAHHBICY YaCTO OTHOCHUTCS MPOCTO K MCIOJIB30BAHUIO TPOTHOCTHYECKOTO aHAIN3a, aHa-
JIUTHKE MOBEICHHS MTOJIb30BATEIICH, U HEKOTOPBIM JPYTHM IIEPEIOBBIM METOIaM aHan3a nHpopma-
uuu [1].

OpraHu3anuy MOTYT MOBBICUTH MTOKA3aTeNU CBOCH A(()EKTUBHOCTH U MOJYYUTh KOHKYPCHT-
HBIC MTPEUMYILECTBA NP MOMOIIM HaJJIeKaIeH On3Hec-aHATUTUKH. CyIECTBYET YeTKasl OJIOKH-
TeJbHAs KOPPEIISIHS MEXy OU3HEC-aHAIM30M U MPEIIPUHUMATEIBCKIM ycriexoM [2]. YBennuuBa-
Io1Ieecs: pa3Hoo0pa3re THITOB JITAHHBIX, X MCTOYHUKOB, a TAK)Ke 00beMa U CKOPOCTH JaéT OpraHu-
3aIMsIM BO3MOXHOCTB ISl TIOTYYSHHUST OOJIBIIET0 KOJMYECTBa MH(POPMAIMU U TOCIEAYIOIIETO MPH-
HATHUSI 000OCHOBAaHHBIX OM3HEC-PEIICHUIA.

AHanmuTHKa OOJIBIIMX JaHHBIX JOMOJHSIET TPAIUIIMOHHBIC CTATHYECKUE OTYETHI M IMIOMOTAeT
MOJYYUTh KOHKYPEHTHOE TIPEUMYIIECTBO OPTaHU3AIUSIM 3a CYET BEPHOTO Mpe/ICKa3aHus OU3HEeC-CH-
Tyalluu, ONITUMH3AIMH U YIIYYIICHHUS alalTHBHOCTH Ou3Hec-mozenu [3]. Tem He MeHee, yripaBlieHUE
Ka4eCTBOM JIaHHBIX CTAHOBUTCS BCE OoJiee CIIOKHBIM, TaK KaK UX pa3HOOOpa3ue U KOJIUYECTBO MC-
TOYHHMKOB ITOCTOSIHHO YBEJINYHNBACTCSI.

Bosnbine naHHBIE UMEIOT TCHICHIIUIO TIOCTOSIHHO PacTH B CBOEM 00beMe, CKOPOCTH U JMara-
30HE TUIOB M WCTOYHUKOB. [IpyM 3TOM HHM3KOE Ka4ecTBO JaHHBIX SIBISIETCS PACTyIIEH mpoliie-
Mo#. Hanndue onmmboKk 1 HECOOTBETCTBUM B HCTOYHUKAX OM3HEC-NAHHBIX M HEMPaBHIbHAS YaCTOTA
ux cOopa 3a4acTyro BCE el He YIUTHIBAIOTCS TPH MTPOBEICHUN X aHATUTUKH.

Llenpio TpaJWIIMOHHOW OW3HEC-aHATUTHUKHU SBISCTCS CO3/IaHHE YKOHOMHYECKOW IIEHHOCTH,
CBOEBPEMEHHOE HaXOXJICHHE CYIIECTBEHHBIX N3MEHEHUH B OM3HEC-TIpolieccaX U MPUHITHE BEPHBIX
pemieHuii. 3agaueii ’e aHATMTUKU OOJIBINNX JaHHBIX SBJISETCS U3BJICUCHHUE MOJIE3HON HH(OPMALIUH
W3 MAaCCUBHBIX XPAHWIHII JaHHBIX. Takas uHpopMaIns MOKET ObITh U3BJICUCHA C MIOMOIIIBIO Kaye-
CTBEHHOT'O COTIOCTABJICHUS, B KOTOPOM SIBJICHHE U3y4aeTcsl IyTeM HaOJI0JICHUS U BBIBOJIOB O TIepe-
MEHHBIX, KOTOPBIE H3MEPSIOT CaM (peHOMEH.

OmnuceiBas yuacTue CTYJCHTOB B MOJrOTOBKE K Ca4e 3K3aMeHa 1Mo JuciuIuinae «BBeaenue B
aHaJIN3 TaHHBIX C UCTOJIb30BaHueM TexHosoruu Ry (Big Data University (BDU) ot IBM), otmeTnmM,
YTO OHU NMPOILTH OHJIAWH-TIPAKTHKY Ha AIEKTPOHHOU oOpa3oBaTenpHOU Tuiatgopme DataCamp.
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Certificate of Completion

has been awarded to

Mikita Lysionak
for successfully completing

Introduction to R

7 LU
o 1

Kos adg,

Certificate of Completion

has been awarded to

Artyom Ratkevich

for successfully completing

Introduction to R

o
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L5 Datelarp Deatelamp
DataCamp DataCamp
17 %)‘?Q ﬁ—(’g Certificate id: béd1cba4id77465ab/80050c2d735Mbba 1B5cc
2 & ) N
EN & 5)
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Certificate of Completion

has been awarded to

Vladislav Bondarenko

for successfully completing

Introduction to R

e‘{ §'-,
Oy

DataCamp

ﬁ«ff&/mf

Cetificate id: 00665/71062echc9746cd2chd 108837¢23167000
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Certificate of Completion

has been awarded to

Ivan Pryshchepau

for successfully completing

Introduction to R
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DataCamp
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Certificate of Completion

has been awarded to

Dzmitry Kasakouski

for successfully completing

Introduction to R

{oy
X 7
W

DataCamp

Deatelamp

p 7
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e

Certificate of Completion

has been awarded to

Maksim Darchyk
for successfully completing

Introduction to R

-
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W Pkl
DataCamp
Centificate id: dd895ec1ac003b7a6e34e0224184444076e00379 %)i\
&

Certificate of Completion

has been awarded to

Andrei Barysau

for successfully completing

Introduction to R

(4 )
4,

M9

%.x.

DataCamp

Datalamp

Certificate id: bed15aada662e932c19d3335103d0c80306cH85.
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Certificate of Completion

has been awarded to

Nikita Korbut

for successfully completing

Introduction to R

(TR
0y
‘°)<?
DataCamp

Centficate

)
p

Y

L
¢

Puc. 7. Unmoctpanuu cepTUPUKATOB CTYASHTOB, IPOIIESIIINX OHJIaitH-00y4eHrne Ha 00pa3oBaTelb-
Hoit mardopme DataCamp (BDU partner), Boston, USA
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Taxxe kpome poxoxaeHus KypcoB 1o «OcaHoBam BIGDATA», «BBeieHue B aHAJIN3 JaHHBIX
¢ ucnojibp3oBaHueM TexHonoruu Ry (BDU) u «BBenenus B s13b1k mporpamMmupoanus Ry (DataCamp)
HEKOTOPbIC CTYJICHTHI CMOTJIH MPOMTH CIIEAYOIME 00pa3oBaTebHbIe Kypchl Ha iatdopme Big Data
University ot IBM.

BIG DATA () BIG DATA L)

UNIVERSITY

Andrei Sauchyts

successfully completed, received a passing grade, and was awarded a Big
Data University Certificate of Completion in

Text Analytics - Getting Results with SystemT

UNIVERSITY

Roman Prischep

successfully completed, received a passing grade, and was awarded a Big
Data University Certificate of Completion in

Text Analytics - Getting Results with SystemT

DECEMBER 18, 2016 | TAO105 CERTIFICATE DECEMBER 19, 2016 | TA0105 CERTIFICATE

Puc. 8. [Ipumepsl cepTudUKaToB CTYASHTOB, IPOIICIIINX OHJIANH-00y4YeHHEe Ha
obpa3oBarenbHOi muargpopme BDU

Jlanee pacCMOTPHM HEKOTOPBIE BOTIPOCHI, KOTOPbIE OBUIH NPEJIOKEHBI CTYACHTaM IS U3yde-
Hus pasgenoB BIGDATA (B KOHTEKCTe alrOpUTMOB MALIMHHOTO 00Y4€HUs) Ha JIEKLIMOHHBIX, ITPAK-
TUYECKUX U Ja0opaTopHbIX 3aHATUAX B BI'YUP:

— Uro takoe MamunHoe 00yueHue?

— HHTenmnekTyanbHble TPUIOKEHUS, PadOTaAIOMIME TPH MOMOIIM aJTOPUTMOB MAIIMHHOTO
oOyJeHwUsI.

— Ilepexon oT Ou3Hec-poOIEeMBbI K 33/1a4€ MAITMHHOTO OOYYEeHHSI.

— MamuHHoe 00yueHre B KOHTEKCTe KOPIIOPAaTUBHBIX BBIYMCIUTEIbHBIX CUCTEM.

— Merozap! ki1accupuKayi B MAIIMHHOM OOyYEeHUU.
Jloructuueckasi M JIMHEHHAas perpeccusi B MAIMHHOM OOY4YEHUU.
— ITpumepsr UT-npuiioskeHnii ¢ y4€ToM HCIIOIb30BaHUS AITOPUTMOB MAIIMHHOTO O0y4EeHHUSI.
— IIpaktudeckue cepbl MPUMEHEHUS aTOPUTMOB MAITTHHOTO O0yYEHUSI.

Bigbatal (BBegeHre B MallMHHOE
oby4yeHve)

'© Onpenenens MaumiHOro 0dyyenys:

‘@ "KoMmbioTepHOI MPOrpamMMe 3a71aeTcs u3BTeKath Ypoki u3 onbita B
10 OTHOMIGHHIO K HEKOTOPOMY Kaaccy 3aday T H ¢ y4ETOM Mepbl
TIPOH3BOANTENBHOCTH P, €CaIH €6 npon3BoANTEnbHOCTS HA 3amauax T,
u3vepsiembix P, yyuwaercs ¢ onsitom E.

Mitchell, T: (1997). Machine | eaming, McGraw Hil

ANropAT™MBI MAIHHHOTO 00y4EHNs

Mamurroe o0yuenne (amrn Machine Learning) — obumupHbui
NOApa3iel  HCKYCCTBEHHOTO  HHTEIEKTd,  MATEMATHYECKas
JCIHIITIHE, HCTOMb3YIOas PA3NebI MATEMATHYECKOI CTATHCTHKH,

HMATHCTD XOHOM OO BV, UHCTEHHBIX METOJOB  ONTHMH3ALMH, TEOPHH BEPOATHOCTEH,
ACCHCTCHT Kﬂfbﬁlphl HHIKCHCPHOH TICHXO/IONMH ¥ 3PIOHOMHKH Hﬂc](peTHOrO aHaﬂI’[ga, M H3BIEKAIOIAS 3HAHUS H3 ﬂaHHle_

/www.machinelearning.ru/

Awmcmnn Muxann Anckcanziposut,

Puc. 9. Cnaiiapl nekumii « AITOPUTMBI MAITUHHOTO O0YYEHUS

B xonme crenymux ayauTOPHBIX 3aHSATHH CTYACHTaM Takke OBLIM TPEUIOKEHBI BapHAHTHI
paciIvpeHus X 3HaHUHN B 00JIaCTH IKOCPE bl OOIBIINX JTaHHBIX:
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* DBOJFOIAT POCTA 00BEMOB HHOPMALIAH B COL

= lcTounmKy O0NbIINX AAHHBIX

.+ Horopus Big Data

BigData (o630pHoe 3ansTue)

Amenun Muxaun Anexcaniposuy,

MArHCTp SKOHOMHMHECKHX HayK,

ACCHCTEHT KA()eIpbI HHIKEHEPHOH TICHXONIOTHH 1 SPTOHOMHK]

Co= TOLERABLE

== sz e, » OcHOBHBIE BBI30BE! 007BMIX JaHHEIX (4V)
s i > = hmanes B
.o ;: TNETEI"!IN l]LllgEIE S » KauecTBo HCXOTHBIX JAHHBIX
DEENITON e, NETWORKS : " §
= S INFORMATION . ¥ o AN e ~ » [lpaitsepsi piska Big Data
u%ffﬁ%?ucsuﬁ rgmms = RESEARBII STu R ASEIE EVMERE{[ E;SE " CTPYKT_YPHDOBaHHOCTh JAHHBIX
DATABASES b

"Rk ABILITY EXAMPLES 2 cureenr
SEHSOR ARCHIVES SETS , e £

BigData (ocHoBHBIC Bb130B51 GOMBLIMX JAHHbLX)
Amenn a1 AneKCaHapOBHY,

Mark IKOHOMHYECKHX Ha}'l\"

accucrent kabeapsl uHKeHePHOIl NCHXOIONHH H 3PrOHOMHUKH

Puc. 11. Cnatine! nexmuii «OCHOBHBIE BBI30BEI OOJIBIINX JAHHBIX )

BpamMKax aToro 3aHATus byayr
CMOTPEHBI ClieyoLme TeMbl

* Onpeneneiue Tepyina "Gonbime nanibe"
» Vcrounmkn naHmbx

= [Ipobema repemenieHns JaHHEIX

R OCHOBHBIE CHCTEMHBIE TEXHONOTHH U1 60TBIIHX JaHHBIX

(Big Data)

BigData (onpenenenue TepmiHa "bonbimie farHble"
Aweman Muxann Anexkcasaposiy
MArucTp 3KOHOMHYECKHX HAYK
ACCUCTEHT Ka(peapel MHXEHEPHOH MCUXONOTHH H IPrOHOMHKY]

Puc. 12. Cnaiigs! nexiuii «CUCTEMHBIE TEXHOJIOTUH UISL OOMBIINX JAHHBIX)
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. - PAMKdX 9TOr0 3aHATUA 6yﬂyT
M‘M gm‘i E o lnlm‘l.mnmu B = ¢
o™ EPB..‘.’»FW.%MH =.;"T§“:"‘é€i“’"" o 2, ngg'iwm CMOTPEHBI C/TEAYHOLLNE TEMbI
P SANNAS S VOLUME = Epret T E-n [ “"“" ik
"""‘I-SRR EES £ MANAGEMENT 8 ; AN AL » [lponece anamaTEy 00TBIINX JaHHBX
i INL_QW WMI:LgNm‘ﬂESUREEﬂ_:.mm » [IpUHLAIb! AHANATAKH 00/bLUIAX JAHHBIX
st R g : et WORLD == £

Mlu_“]" DEVELOPMENT §°_ BAS[D L=t » Keiics1 Oonpiiux JIAHHBIX
SlEIEN_[:;I. sTEl:HN[llllliY : % iSEARCH =-

TUNDNG
i = E BILIJIIH Naiw NTATNE O e 2 it ey PO 0SS
ul': "Wl[ E m E “.

NATION
ITELEKE

BigData (mpouecc ananuTikn Gonbmx JaHHBIX
Amemis Muxann Anekcannpouy.

MarucTp SKOHOMHYECKHX HayK

ACCHCTEHT KaQeapbl HH)KEHEPHOH MCUXONOTHH H APrOHOMHKY

Puc. 13. Cnaiinpl nexiuii «IIporiecc aHaIUTUKU OONBIITMX JAHHBIX)

BIPAMRAX 9TOro 3aHATUSA byayT

PECCMOTPERDBI CJIEAYVIOLNE TEMBI

» Okocucrema Hadoop
» Mcroanmkn naHHbIX
* [Ipobnema nepeMeImeHys JaHHBIX

= (CHOBHBIE CHCTEMHBIE TEXHOIOTHH JUTA OOMBINKX JTAHHBIX

(Big Data)

cricrema Hadoop B KoHTeKcTe GombIIiX TaHHBIX

Amemin Muxann AnekcanapoBiut,

MarHCTp 3KOHOMUYECKHX Hayk,

acCHCTeHT Kaheipbl HEXeHEPHOH NCHXOJOTHH H SPrOHOMHKH

BIPAMRAX 9TOr0 3aHATMA byayT
PECEMOTPEHBI ClTEAYIOLLME TEMb!

= MeTomer aamsa 00IBIHX JAHHBX
» Kaccn(uxanms 3amau
» (DYHKIWT KOHKYPEHTHOTO CXO/ICTBA

MeTone! aBami3a GOIbINX JAHHEIX

Amemin Muxamn Anekcanzposud,

Mal'llCTp IKOHOMHYECKHX Hﬂ_\“l\'.

ACCHCTEHT KA(heApbI HHIKEHEPHOI [ICHXONIOrHH H IPTOHOMIKH

Puc. 15. Cnaiigs! nexiuii «MeToasl aHaan3a OOJIBIITNX JAHHBIX)

Bo BTopom cemectpe 20162017 yueOHor0 rosia, B anpesie U Mae, JIB€ TPYyMIbI CTYACHTOB (a-

KylbTeTa KoMmmbioTepHoro mnpoektupoBanus (BI'YUP) mnpoiinyr obyuenue B BIG DATA

UNIVERSITY mo nporpamme AmbassadorBDU ot IBM, DataCamp u ap. OXuIarTcsi TPYIIIbI

410901 (3 xypc, cnenuanbHOCTh MHKEHEpHO-TICUXOJIOrHUecKoe obecreueHne nHPOpMaMOHHbBIX
TEXHOJIOTHH, NH)KEHEPBI-cucTeMoTeXHUKH, 32 yenoBeka) u 410101 (3 xypc, cnennansaocts MHDODP-
MAaIMOHHBIE CUCTEMBI M TEXHOJIOIHHU (B 0OecreueHU MPOMBIIIJICHHOM 0€301acHOCTH), HHKEHEPHhI-
CHUCTEMOTEXHHUKH, 26 yenoBek). O0e Tpymibl — O9HOE, 4-JIeTHEE 00yUCHHE.

227



Tpemws Mescoynapoonas nayuno-npakmuyeckas kongepenyus «BIG DATA and Advanced Analytics. BIG DATA u ananus evicokozo ypoeHsy,
Munck, Pecnybauka Benapyce, 3-4 mas 2017 200a

[IpuBenéM HECKOJIBKO MPUMEPOB J1A0OPATOPHBIX 3aHATUH Il cTyaeHToB BI'YUP mo s3piky
porpaMMHpoBaHus R, B KOHTEKCTE MOJATOBKY K PELICHHUIO 3a7a4 MATMHHOTO 00y4eHUs:

PAMKaX 3TON J1TabopaTopHOMU paboThbl
[IPACCMOTPEHbI CreayroLne TeMbl

& Apu(METHIECKIE Onepaiuy B A3bike R

= Pabora c mepeMeHHBIMU
@ Tuns! 1aHHEIX B s1361Ke R

D a t a C a I I I =" Hpaxtuueckue npuMeps! petenns 6a30Bbix 3a1a4
Ha m3bike R

BigData (Bsenerne B 3bix R)

Amennn Muxaun AnexcasapoBuy,

MAFHCTP YKOHOMHYECKHX HAYK,

accucTenT kabenpbl HHKEHEPHOH NCHXOIOIHU U SPIOHOMHIKH

Puc. 16. Cnaiinpsl 1abopatopHbIX paboT «BBeaeHue B s3bIK R»

DataCamp

BigData (Bexrops!, MaTpuiib! 1 cucky B s3bike R)
Amenna Muxamt AnexcaHnposud,

MArucTp IKOHOMHUECKHUX HayK,

ACCHCTEHT KahenPhl HEKEHEPHOH TICHXOMOTHH U SPTOHOMUKH

Puc. 17 Cnaiinpl maboparopHbIX paboT «BEKTOpbI, MATPHUIIBI U CITUCKH B sI3bIKE R»

B 3aknrouenue 106aBUM, YTO JanbHeHIIas HOArOTOBKA CTYJICHTOB Ha MPAKTHYECKUX U J1abo-
PATOPHBIX 3aHATHUSAX IIPOBOJMIIACH C YIETOM OCBOEHHUS CIIEIYIOIIUX TEM:

VYcnoBHBIE BEIpQXXEHUS U yIIpaBlIeHHE TOTOKOM JaHHBIX;
— Jlornyeckue oneparopsl B si3blke R;
YCII0BHBIE ONIEPATOPHI;

— IMukia While;

— Huxn For;

— BBsenenune B QyHKIHH.

B pesynbraTte Kypca «ANTOpUTMBI MAIIMHHOTO OOYUYEHUS» CTYACHTHI TOTOBBI MPAKTHYECKU
HOJIXO/AUTh K PEIIEHUIO TaKUX 3a]ay Kak: co3JlaHue 0a30BOM MoJied MPOTrHO3UPOBaHuUs, padoTe C
MaTpHUIEH HETOYHOCTEH, KJIaCTePHU3aIiY BHJIOB, KITACCU(PHUKAINH M (UIBTPAIIMHA CTIaMa B TIOYTE, MO-
JeMpoBaHue OyIyIUX MPOCMOTPOB YYETHBIX 3amuceil B conuanbHoii cet LinkedIn u mp.

Jlumepamypa
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KOMIIBIOTEPHBIE CUCTEMBbBI KAK OBBEKT
NHXEHEPHO-IICUXOJOI'MYECKOI'O UCCJIEJOBAHUA

E.Jl. A3apenko T.10. Invikosa

Acnupanm kagheopvl unsiceneproii  [loyenm xageopwl undicenepHol NCUxono-
ncuxonoeuu u 3peonomuxu BI'VUP  cuu u speonomuxu BI'VUP, kanoudam ncu-
X0N02UYECKUX HAYK, OOYEeHm

benopycckuii cocyoapcmeennsiil yHugepcumem uHGoOpmamuxy u paouodnekmponuru, Pecnyonuxa benapyco
E-mail: aifabregaz@gmail.com, ty_shlykova@mail.ru

Abstract. The article describes computer systems from the point of view of monitoring process. Nowadays, amount
of data on servers is growing and service providers have to ensure service level agreements (SLA) for the customers. At
the moment number of monitoring engineers is growing much slower than number of servers and storages on the server
side. That fact forces to search the way of monitoring process optimization. Engineers that perform monitoring should
track only information that really makes sense. Computer systems are analyzed to find their monitoring parameters then
automated monitoring systems and ways of optimization were provided.

CoBpeMeHHbIE KOMIIBIOTEPHBIE CUCTEMBI C KaX/IbIM THEM JOJKHBI BBLAEPKUBATh BCE OOJIBIINE
Harpy3kH, CBs3aHHbIE ¢ 00pabOTKOI M XpaHeHHeM JaHHbIX. PacTyiiue o0beMbl JaHHBIX TPEOYIOT
o0ecriedeHrs1 HaJIe)KHOTO XPAaHMIIUIIA, IO3TOMY Ha COBPEMEHHBIX MPEIIPUATHIX MPOUCXOAUT MO-
JIEpHU3ALHS, KOTOPAsi BKIIOYAET YBEJINUYEHUE YK CIIA BBIYMCIUTENBHBIX pecypcoB U namsaTh. [Tomumo
3TOr0, KOHKYpPEHTHAs cpefa B MHAYCTPHH MH()OPMAIIMOHHBIX TEXHOJIOTHI TpeOyeT OT KOMIaHWN
MIPEOCTABIICHUS 0JIb30BATENSAM KPYIJIIOCYTOYHOTO CTa0MIIBHOTO JAOCTYMA K MpeJlaraéMbIM yCITy-
ram.

[Tpu npenocraBaeHUH yciIyr 006Ja4HOr0 cepBUCa WIM XpaHWIMIA, KOMIIAHUS-TIpoBaiep ra-
paHTHpYET oNpe/iesieHHbI ypoBeHb kauecTBa ycayr (Service Level Agreement (SLA)). On Bxito-
qaeT B ce0st TpeOOBaHUs MO OBICTPOMY OTKIIMKY CITY>KOBbI TEXHUUECKOM MOJACPKKH IpoBaiiiepa u
YKECTKO 3a/JIaHHBIM BPEMEHHOW ypOBEHb JIOCTYIMTHOCTH CEpBHCa B mpoleHTax (Hamp., 99,5% mis
Amazon Web Services) [1].

Ha npennpustusx ans odecriedeHus! HOCTOSTHHON TOCTYITHOCTH KOMITBIOTEPHBIX CUCTEM OCY-
IIECTBIISIETCS UX MOHUTOPUHT, KOTOPBIM 3aHUMAETCsl KOMaHJa KBAJIM(PHUIUPOBAHHBIX MHXKEHEPOB.
WHnxenepsl, 3aHUMAIOIUECS] MOHUTOPUHIOM CHUCTEM, NMPOU3BOJAT KOHTPOJIb BBIUMCIUTEIbHBIX CH-
CTeM U BOCCTAHOBJICHHE UX pabOTOCHOCOOHOCTH, JUISl Yero TpeOyrTCs HE TOJIbKO COCPEAOTOUYEH-
HOCTb, HO ¥ aHAJIMUTUYECKUE HABBIKHM, KOTOPbIE CIIOCOOCTBYIOT MPEIOTBPALEHUIO BHEIITATHBIX CH-
Tyauuit. Ha peiHKe TpyJa BO BceM MUpe HaO0aeTcsl HeXBaTKa CIeUaTIUCTOB, HMEIOLNX HE00X0-
JTUMYIO KBATH(UKAIIHIO.

CrenoBarenbHO, C OJJHOM CTOPOHBI MbI HAOIIO1a€M YBEIHUEHHE KOJTMUECTBA BBIYMCIUTEIbHBIX
MOIITHOCTEW Ha MPEINPUATUAX, C APYTOd — BBICOKUI HEYJIOBJIETBOPEHHBIA CIIPOC HA MHKEHEPOB 110
MOHUTOPHUHTY KOMIBIOTEPHBIX CUCTEM Ha PhIHKE TpyZAa. B Takux ycrnoBHsX B OOJBIIMHCTBE KOMIIA-
HUH NpU YBETUYEHUU KOJIWYECTBA CEPBEPOB U MOKa3aTesied MOHUTOPUHIA CUCTEM HE MPOUCXOIUT
IIPONOPLIMOHAJIBHOTO YBEIMUEHUS KOJINYECTBA MH)KEHEPOB, UTO BEJAET K YBEJIIMUEHUIO HArpy3KH Ha
HITAaT U CKOpEHIIeMy 3MOLIMOHAIbHOMY BBITOPAaHUIO COTPYIHUKOB [2].
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JlanHble 00CTOSATENBCTBA BBIHYKIAIOT UCKATh MyTH ONTUMH3AIUN UHKEHEPHO-TICUXO0JIOTHYe-
CKOTO MOHMTOPHMHTA C LIEJIbI0 YMEHBILICHHS Harpy3Ku Ha omnepatopa. M 4ToObl COKpaTUTh MOTOK OT-
CJIE)KMBAEMBIX HH)KEHEPOM JIaHHBIX, 00paTUMCS K 00BEKTY HHKEHEPHO-TICUXOJIOTUYECKOT0 MOHUTO-
pHUHra — KOMIIBIOTEPHBIM CUCTEMaM.

KomnbroTepHble cucteMbl 001a/1al0T annapaTHOl U MpOrpaMMHON 4acThio, Kaxaas U3 KOTO-
PBIX, B CBOIO OYepe/ib, UMEET CBOM MOKA3aTeNH, ONPEACIIAIONINE COCTOSHUE U MPOU3BOAUTEIBHOCTD
CUCTEMBI.

ArnmnapaTHbIe TapaMeTPbl KOMITBIOTEPHBIX CUCTEM IO3BOJIIOT CIEIUTh 32 COCTOSTHHUEM (PH3H-
YEeCKUX YacTell 00beKTa MOHUTOPUHTA. ANapaTHOe obecrieyeHre cepBepa BO MHOTOM OMpeeNiseT
POM3BOIUTENBHOCTh cepBUca. IlpW HHKEHEPHO-TICUXOJIOTMYECKOM MOHHUTOPUHTE HEOOXOIMMO
KOHTPOJIMPOBATh TaKWe MapaMeTPhl, KaK 3arpy3Ky Iporeccopa, KOJIMUECTBO 3aHITON U CBOOOAHOM
OTIEPATUBHOM MaMSTH, KOJIMYECTBO CBOOOHOTO IMCKOBOTO MTPOCTPAHCTBA, YPOBEHb U3HOLICHHOCTH
JTMCKOBBIX HAKOMHTENICH, ypOBEHb 3arpy:KEHHOCTH CETEBOr0 KaHaa.

Brlmenepeunciennbie mapaMeTpbl HeoOs3aTeIbHO OTCIEKNUBATh B BHJIE TPAapUKOB, TaK Kak
IpU MPaBUJIHHO MOI00paHHOM KOH(UTYpaIK cepBepa OH JOHKEH UMETh 3arac IpOU3BOAUTEIbHO-
CTH.

[TporpamMMHBIe TapaMeTPbl KOMIBIOTEPHBIX CUCTEM BKIIIOYAIOT XapaKTEPUCTHKH PabOTHI MpH-
JIOKEHUH, pa3BEPHYTHIX Ha KOMIIBIOTEPHOU cucTeMe. PaccMOTpuM B KauecTBe MPUIIOKEHUS, pa3Bep-
HYTOT'O Ha cepBepe, BeO-cepBuc, kotopbii npunumaer HTTP-3ampock! ot kianentoB. B qanHowm ciy-
yae BaXHO KOHTPOJIMPOBATH CIEIYIOIINE apaMeTphl MPUTIOKEHUS: cpeiHee BpeMsi 00paboTKu 3a-
npoca, KOJIMYECTBO 3allpocoB, 0OpadaTeIBaeMoe 3a JIeIbTa-IPOMEKYTOK BpeMEHH (Harp., MUHYTY),
KOJIMUECTBO 3aMpPOCOB, HAXOSAIINUXCS B OYepe I Ha 00paboTKYy.

Bce ati MeTpuku TpeOyroT rpadudeckoro orciekuBaHus. ['paduk MO3BOJSET WMETh He-
CKOJIBKO TOATPYIII B paMKax OJHOTO MapaMeTpa, 4eM MOXKHO 3()PPEeKTUBHO BOCIIOIB30BATHCS IS
pa3aeneHus TUIOB 3alIPOCOB Ha OBICTPO BBITIOIHSIOIIUECS U JOJITHE.

Takxe HHOOPMATUBHOCTH IPA(PUKOB MOKHO 3HAUYUTEIHHO MOBBICUTH C TIOMOIIBIO UCIIOJIB30-
BaHUS JIOTapU(PMUUECKON MIKaIbl. HarssqHyo pa3HUIly MOXKHO TTOIY4UTh, CPABHUB TpapHKH, H300-
paxkeHHble Ha puc. 1 u puc. 2. Jlorapudmuueckas mkKamza o4eHb yI00HA sl OTOOpa)KEHUsI OYEHb
OOJBIINX TUATIa30HOB 3HAYCHUH BEJIMUMH, OSBIICHHE HA Tpa(HKe MUKOBBIX 3HAYCHUH HE yXyALIaeT
JIeTaIn3alMio OCTAIbHOTO MOTOKAa MH(POPMAIIUK, KaK B CIIydae JIMHEHHOH HIKabI.

[TomMuMoO cocTOSTHUS cepBepa MPHIIOKEHHSI OYSHB ITOJIE3HO OTCIICKHUBATH XapaKTEPUCTHKH, CBSI-
3aHHBIE C TOJb30BaTeNIAMU. K HMM MOXHO OTHECTH KOJIMYECTBO YHUKAJIBHBIX MOJb30BaTeiel B
CYTKH, CpE/IHEe BPEMS CECCUU M IPYTHE TapaMeTphl, OMPEIEIISIONINe KayeCTBO CepBUCA [T KOHEeU-
HBIX 10JIb30BaTeNeH.

Timings

— i Moot A YW VY " 4

1740 17:50 18:00 18:10 18:20

Puc. 1. Ucnonp3oBanue TMHEWHON MIKaJbI A5 Tpaduka,
OTIMCBIBAIOIIETO CpeHee BpeMsi 00pabOTKH 3arpoca.
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Timings (logarithmic scale)

1740 17:50 18:00 18:10 18:20

Puc. 2. Mcnonb3oBanue gorapuMUIeCKON IIKaJbI 1715 Tpaduka,
OIMCBIBAIOIIETO Cpe/iHee BpeMsi 00paboTKH 3arpoca.

Takoit BUJ HHKEHEPHO-TICHXOJIOTHYECKOT0 MOHHUTOPHHTA HA3bIBACTCS MOHUTOPUHTOM peajib-
HbIX nos30Bareseit (Real User Monitoring (RUM)) u 6asupyercst Ha OTCIIC)KUBAHUH T0JIb30BaATE b~
ckoro tpaduka [3]. DTo MOKET OBITh CETaHO MOCPEACTBOM aHAIM3a CETCBOIO COSANHCHNUS, BCTABKU
CIICIMABHBIX CKPHUIITOB B BEO-CTPAHUIIBI JINOO YCTAHOBKH CIICHUATBHBIX TPHIOKEHAN Ha MMOJIB30-
BaTEJIbCKHE KOMIBIOTEPHI.

B mpOMBINUICHHBIX PEIICHUSX, 00pabaThIBAIOIINX OOJIBIINE TOTOKA HH(POPMALIUH, /TSI HHXKE-
HEPHO-TICHXOJIOTMYECKOr0 MOHUTOPHUHTA UCIIOJIB3YIOTCS MPOrpaMMHbBIE TPOIYKTHI, Hanboee pac-
MPOCTPaHCHHBIMU U3 KOTOPBIX siBJsiFoTCst Nagios, Zabbix, Graphana / Graphite, Solarwinds Server &
Application monitor. Ha naHHbIi MOMEHT HauOOJIbIIIEE PACIPOCTPAHEHHE Moy4ria cucteMa Zabbix
[4].

Eciu KOMIUIEKCHO pacCMOTPETh CITUCOK TAPaMETPOB KOMITBIOTEPHBIX CHCTEM C TOUKH 3PCHUS
HUHKCHEPHO-TICUXO0JIOTHYECKOT0 MOHUTOPUHTA, MOXKHO MPEI0CTABUTH HECKOJILKO CITIOCOO0B ONTHMH-
3aI[{H TIOTOKA KOJMYECTBEHHBIX JaHHBIX. C 0THON CTOPOHBI, ONTHUMHU3AIINS MOXKET ObITh JOCTUTHYTa
3a CYeT yBeIMYEeHUS] HHPOPMATHBHOCTH rPah)MKOB COCTOSHHS KOMITBIOTEPHOM CHCTEMBI, C IPYTroi —
3a CYeT 0TKa3a OT rpaMKOB B MMOJIB3Y YBEIOMIICHHUH MPH JOCTHKCHUU KPUTHYCCKHUX 3HAUCHHUN TEX
WJIA MHBIX MTapaMeTPOB.

Jlumepamypa
[1]. Velte A.T. - Cloud Computing: A Practical Approach / Anthony T. Velte - McGraw-Hill, 2010 —
e [2]. Baiinmureiin, JI. A. Ilcuxonorus Tpyna: Kypc nexuwuid. / JI. A. Baiinmreiin. - Munck: BI'Y, 2011 —
2o [3]. Croll A., Power S. Complete Web Monitoring / Alistair Croll, Sean Power - O'Reilly Media, 2009
o E4] Hanne Bakke A. Zabbix. [Ipaktudeckoe pykosojcteo / A. Jlayute Bakke - M: JIMK Ilpecc, 2017.
—356c.

231



Tpemws Mescoynapoonas nayuno-npakmuyeckas kongepenyus «BIG DATA and Advanced Analytics. BIG DATA u ananus evicokozo ypoeHsy,
Munck, Pecnybauka Benapycs, 3-4 mas 2017 200a

BIG DATA AHAJIMTUKA U EE IPUMEHEHHUE

B.C. /lpo3ooe
Accucmenm xkagedpwi unicenep-
HOU NCUXOIO2UU U IP2OHOMUKU,
acnupanm BI'YUP, maecucmp
MexXHU4ecKUx HayK

Benopyccruii cocyoapcmeenuviil yHugepcumem uHGopmamuxu u paouodiekmporuku, Pecnybnuka berapyco
E-mail: fxtraid@tut.by

Abstract. Big data provides the opportunity to discover phenomena and laws, which until now was beyond our
understanding; linking various aspects of the system to help you better understand their behavior; to assist in the descrip-
tion of complex phenomena and processes; coordinate descriptions of complex systems and enables you to build models
that predict their dynamic behavior. These capabilities are deeply relevant to many research fields such as weather fore-
casting and climate, studies of the brain; determining the state of the global economy; the assessment of performance in
agriculture; demographic projections

Big Data — 310 rpyria TeXHOJIOTHil 1 METOI0B TPOM3BOIUTEIILHON 00paOOTKH O4YEHb OOJIBIINX
00BbEMOB JAHHBIX, B TOM YHCJI€ HECTPYKTYPHUPOBAHHBIX, B PACHPEIEICHHBIX UH()OPMAIIMOHHBIX CH-
cTeMax, 00eCIeYMBAIOIINX OPTaHU3AINIO KaYeCTBEHHO HOBOH moJie3Hoi nHpopMmarn. TexHonorun
Big Data npenocTaBisitoT yciIyrd, MO3BOJISIONINE PACKPHITH MOTCHIMAI MEraMacCUBOB JIAHHBIX 32
CUET BBISBJIICHUS CKPBITHIX 3aKOHOMEpHOCTeH U (akToB. [Ton oueHs GonpmmmMy HaboOpaMu JaHHBIX
HOJpa3yMeBaloTCs JaHHble 00bEMOM OT TepabaillT 10 coTeH nerabaiT. PaccMOTpuM BaXKHOCTh HC-
nosnb3oBanus Big Data B pa3nuysbix chepax )KU3HU U IPOU3BOICTBA.

[pu3naxn, xapakrepusyomue bosbmme Janunie
ITpu3naku [TosicHenue
Oobem (volume) [Tpeacrasnser coboii Gonblioi 00beM HHPOPMALMK, KOTOPBIi
TpyAoemMko  ofpadarbiBaTh M XPaHHTb  TPAAHLUMOHHLIMH
criocobamu
Ckopocts (velocity) Jlauuplit npU3HAK yKa3biBaeT Ha CKOPOCTh O0pabOTKM JAHHBIX,
4TO B 110C/IEAHEE BpEM3A OoJlee BOC’[‘PCSOB&HO
Muoroobpasue (variety) B03MOKHOCTb OHOBpeMEHHOH 00paboTkH CTPYKTYPHPOBAHHOI
H HECTPYKTYPUPOBAHHOII pasHodopmarHoit nHpOpMaLnu
JlOCTOBEPHOCTD JaHHBIX Bece Oonbliee 3HaYeHHe nNOAL30BATENM CTANM  [IPUIABATH
(veracity) 3HAYUMOCTh JIOCTOBEPHOCTH UMEIOLMXCH JIaHHBIX
[{eHHOCTH HAKOIIEHHOI bBonbumme jgaHHble  J0/KHBL  ObITh  [OJIE3HBI  KOMMNAHHH M
uadopmaunu (value) IIDHHOCHTB OCOOVIO LEHHOCTh IS Hee
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Mouemy Big Data ananutuka tak BaxHa?

]__ HpoH3IBOIHTEIBHOCTE OT ¥IPABJIEHHA TaHHBIMH 2 Pe3yabTaThl HCHOJIL30BAHAA Big Data aHAITHTHKH

KomnaHun, KoTopele ncnonesyoT Big Data aHannTuky
(CMHAK MMHUK) BoNee NPOOYKTMBHLI, 4&M T& KOMMaHWH,
KOTOpbIE 3TOMD He AenakT

KomnaHWW W3 BCEX OTpacied NPoMbILLAEHHOCTH UCNOAB3YIOT
6ONBLIWE AaHHBIE AnA:

+ YEENWMUEHWA BLIPYUKW

d « CoKpalleHWa 3aTpat

-

-

+ MNoeblweHna NMPoOAYKTUEHOCTH
s

Amazon vs Barnes & Noble

i - CokpalleHne

3

A A T T S T P B o BpemeHn paspaboTku

Google vs

z

e il

R R

Cabela’s va Big 5 Sporting Goods YBenuyeHwe 0OXo00B YBenuyeHne 4vcna
(MropHan oHNaiH KoMNaHws) KnueHToB(KomnaHma no
BesonacHocTh B MO)

P8 EEE

N

—_— * Powered by Datameer

B

%

P R T R

Uro Takoe Big Data apaauTHKa H 9TO Je/1aeT ee TAKOH CHILHOMA?

TpodaemaTaka

o hadoop v Hac GBIn0 orpaHIYeHHOE MPOCTPAHCTEO 1A XPAHEHNT TAHHBIX a TAKKE BEMMCTHTENEHEIE PECYPC, YTO PUBENO K IMHTENEHON
AHATMTHYECKO 0bpabotke naHHEX(cM.Hinke). Bo-nmepesix, obpaboTka mpoxoouT Yepes MIMTeNBHEI mpouece (dacTo nagecTHE kak ETL), 9TobE
TIOMYYHTh KK HOBBI MCTOYHHE TAHHBIX, TOTOBBI OITH coxparernbmt. [Tocie TOro, KAK TaHHbIE FTOTOBE], OHH MOMEMAOTCA B 0a3y MaHHBIX
VM XPAHIJIHMIE JaHHBIX, H B CTATIYECKYH0 MOJIENb NaHHEIX. [Ipobiema c 3THM Mojxo/I0M 3aKTEYAETCA B TOM, 4TO OHA PaspabaTeIBaeT CeroIHA
MOJIENIH JaHHEIX KOTOPEIE CONEP:KaT BYepPamHHe JaHHELE, I BhI JOINKHEL HANEATECA, YTO OHH bYIVT aKTYATBHEL 1A 33BTPA.

ETL Data Warehouse Business Intelligence
f 18 mecaues !
Drag & Drop
Raw Data Hadoop Spreadsheet

MeHee 2-VX MeCiLes
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Big Data Analytics

ining & Big Da
Ecnn cxemy gononHutb TexHonornen MapReduce n TpebosaHuem 4V, oHa
oTpa3uT pyHKUMoHanbHble cBA3n Big Data Analytics

Cratuctuyeckum
TexHonornu
TexHonorun B[] 3“1"”3 BU3yanu3aLmn
" Big Data Analytics <
McKyCcCTBEHHbIN / TexHomnoruu

UHTENNEKT ‘\ MalLUHHOTo 0ByYeHus

TexHonoruu [pyrvue TexHonoruu
pacngsuaBaHMﬂ ¥ AUCUUNNUHBI
obpasoB
T%

B KnueHTCKHIil cepBHC

OnepaunoHHan
yphekTHBHOCTB

B Puck-meHeaxep

40% 33%

Cepepel npusvenenisn Borsiiux OauHbIx
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Kocpennble Hanpasienus renepuposanns cermenta «Big Data»

Hanpasnenus Onucanue reHepUpoBaHHs MyILTHIUIHKATHBHBIX d(dexTon

DTO  OCYLIECTBIAETCH 3@  cuerT  (JOPMMpOBAHMA Oojlee  NOJHOrO
NpeACTaBICHHs O  NOTPeOHOCTAX, NPEANOYTEHHAX,  [0MKENAHHAX
nokynareneii, a Takie 0 HUX caMHX.

B oM nnade no pacueram Kamao€ BHOBb CO3JaHHOE pabodee MecTo B

PaipaboTka HOBBIX
BHJI0B [IPOJIYKTOB 1

yenyr : y
S cihepe «Big Data» sneuer 3a coboii Bo3HHKHOBEHHE 3 HOBRIX pabouux 3a
npeaenamu HKT-cexropa.
[TpuBeseM HeCKOBKO NPHMEPOB, HANPHMED:
[losbinenne pUBEA PHMEPOB, HAMPUMED
sibeTuBHOCTH - IpOU3BOANTENL NpoaykToB nutanus Nestle 3a cuer UKT-onrumuzaumn
o " M cucremarndauun 0a3 JaHHeIX 10 cBoMM 550 ThIC. MOCTABLIHKAM
XoaiicTeenHOl

YMEHbLIHI ONePALHOHHEIE PACXOAL! Ha | Mapa. gom.;

- Modunssomy oneparopy Cablecom (Ilseiiuapus) yaanocs CHH3NTH
vposeHb ortoka aboHeHtos ¢ 20 go 5%, a poanuynoii cern Royal
Shakespeare Company - vyeennunte uncio noceruteneii wa 70%
MOCPEACTBOM PA3BEPHYTOIO AHAIN3A JAHHBIX O CBOUX KJIMEHTAX.

JIEATEIbHOCTH
CYOBEKTOB B Vike
CYLIECTBYIOLIHX

OTpacisx

IddexTnl npumenenns rexnonornn «Big Data» B patinunbix cdepax

Cdepa npumeHeHns PeayneTaTHBHOCTE NpHMeHeHHs TexHonornu «Big Data»
Jobsiua nonesHbix [lnockocTe NPUMEHEHHA MNOMHUMO I€OJIOrOpas’Bejku 3arparuBaer
HCKONAEeMBIX HENOCPE/ICTBEHHO CaM MpoLecc J00bIYH MOJIE3HbIX HCKONAEMbIX.

Takum o0pazoM, Ha OJHOM MECTOPOMKIEHHH JOCTHIAETCH
COKpallleHHe ONnepalMoHHbIX pacxo/os Ha 10-25% u poct yposHs
NPOH3BOANTEIEHOCTH Ha 5%,
['ocynapcreeHHoe PeayneTupyerci B COKpalleHWd  OHIIMETHLIX — PACXOI0B
yIpaB/ieHHe AAMHHHCTPHPOBAHHA  HA 15-20%;,  nosbllUEHHE  YPOBHS
codupaemocty Hanoros Ha 10% w yeenwyveHun > PpPpexTHBHOCTH
rocy1apeTBeHHbIx 3aKynok ua 30%.
Taxxe npeanonaraeTcs HanH4He JeficTByOWEro B MacltabHOroO
no reorpahun M cnexrpy oxeara ciep KHIHeIEHTElILHOCTH
HHCTHTYTOB 3JIEKTPOHHOIO NPABHTENLCTBA.
3apasooxpaHenue Toukoil onopsl B JaHHOM Clv4ae BBICTVIAET [10BCEHEeBHAs
KIHHHYECKas NpakTHka, riae texdonorun «Big Data» moryr ObITh
HCHO/NBIOBAHK] [UIA CYLIECTBEHHOIO NOBbIIEHHs PPEKTHBHOCTH K
KaYecTBa MeIHUMHCKOro OOCHYHHBAHHA NpH  NapalielbHOM
COKPAalUEHHH 3aTpaunBaeMbIX HA TH UeMH U3 IocyJapCTBEHHOIO
OHOIKeTa CYMM NOCPEICTBOM.

Hayxa [Iyrn npumeHeHHA HX N0  KOHKPETHBIM  HallpasleHHAM
HCCIEN0BAHHI NPOUTIOCTPUPOBAHEI TAKWKE KaK HA npuMepe chepel
3ApABOOXPAHHENA.  NPOrHOCTHYECKOE  MOJENMPOBAHHE  IpH

pazpaloTke HOBBIX BMJOB JIEKAPCTBEHHBLIX CPeACTB, OpraHu3auus
KJIHHHYECKHX MCNLITAHWA HA OCHOBE CTATHCTHYECKHX JAHHKIX,
AHANIH3 TeHJeHUHA 3a00/1eBaeMOCTH, AHAIIHY JAHHLIX KIHHHYECKHX
HCCIe1OBAH M.
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bonblwme naHHbie — 6oNbLWONW yenex

CornacHo pesyneratam uccnegosanus 6onbluve faHHbie B 10 Xc BpCMA, BOIMOXHO, €l MKOTME UM U3 KPYMHERLWNX B MUpe
OPrann3auny NOKI HAXOARTCA BHC HIPL,

NPEACTABNAIOT 3HAYUTENbHYIO LIEHHOCTb ANA NONL3OBATENEM, o re, kro wavan sweapsms y cebs bansune 0T TCAHEPHBIX FPY30NEPEBO3-
PEanu30BaslWMX KaK MUHUMYM OAWH NPOEKT. RaHHNE, YKE CUOTM YBWAET coficrae-  MIKOB TAKXKE BXOLWUT B CIUCOK

" MBIMI INA33MI NPKTHYECKYI0 NONBIY KPyNHERIWMUX NONb30BaTENEH
Monasnatowee GonblunHeTeo (92%) nons3osarenei S ek i s i dia
OTMEYAIOT, YTO OHM YAOBNETBOPEHbI G13HEC-pe3ynbTaTamu. Pacxomys Ha xpaneHue 1 06-
B KOMNEHWAX OCOZHANT BCIO BAXHOCTS =
Kpome T1oro, 94% 3asBunu, 4T0 aKTUBHOE UCNONbL30BaHME Sonsuine favx ana wwpororo crerpa  PAOOTKY 16 neTaGaiiT nanmbix,

60NbWUX A3HHBIX NONHOCTLIO YAOBNETBOPAET UX NOTPEOHOCTU.  crpareruuecxix kopnopamsnsx Lened, cofpanHbix co Bcex Husnec-
KpynHbie koMnanuu 8 6onbluei cTenexu owywaior Ha cebe HauMHas Of NOKCKA HOBWX WCTONHMKOS  noppaspenenui, $1 munnuapa.'

A0XO0A3 M BLIXOAA KA HOBLIC PLIMKM K 33~

4PE3BbIHAVIHO BLICOKYIO 3H4UMOCTb GONbLIMX A3HHbBIX ANA e Pae i R sl o
peanu3auuu ux uudposon cTpareruu (em. puc. 1). CAYXUBIHMA KTHEHTOR W IhERTUBHOCTA

APEANPHATHA 8 LEROM.

BaxHOCTL 60NbLWMX A3HHBIX
Hackonbko BaxHe: Gonbwme gaHHbIe ANA BaWeR OPrann3aumnmn?

e
s o " S
s S -

$500 mim. = 1 Mnpa

$250-500 mnn
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O61bemMbl bonbLnX AaHHbLIX

Walmart

Kaxgbin 4ac cobupaeT gaHHble O caerikax c KnueHtamum > 2,5 PB

GO L)g[e“ JPMorganChase )

p'joc,fsi?;.ojeya day =3(|003LFP 150 PB on 50k+ servers
Crawe. st wen pages.a day letilal running 15k apps (6/2011)

\ >10 PB data, 758 DB
a calls per day (6/2012) - Wayback Machlpe: 240B
_“Ju ‘ web pages archived, 5 PB

(1/2013)

>100 PB of user data +
500 TB/day (8/2012)

facebook

S3: 449B objects, peak 290k
amazon

. m request/second (7/2011)
webservices 1T objects (6/2012)

Square Kilometre

LSST: 6-10 PB a year
Array

(~2015)

Large Synoptic Survey Telescope
§ SKA:0.3-15EB

per year (~2020)

radio telescope

& atat  AT&T nepenaet 30Pb B aeHb

. Google npekpaTtun coobwaTb KaKk MHOIO AAaHHbIX OHU XPaHAT B
| Google | 2010 (SEC filing): & To Bpems 370 610 100 PBs

YouTube — nopagku usmepsorca B Exabyte
‘ | *72+ 4 BMAeo 3arpyxawTtcsa Ha YouTube kaxay MUHYTY
\(['] Tube

*YouTube BTOpO# N0 MCNONL30BAHUIO MOUCKOBLIA ABWXOK nocne Google
*[NocneaHue aaHHble 768+ PBs, 3-4 roaa Hasaa: To4Ho Gonblue Exabyte
cenvac

Facebook nepeBanun 3a munnuapa nonb3oBaTene B aBrycre
2012

» HaceneHve nnaxeTbl cTano 6onble 7B B npownom roay: 1/6™M — B Facebook
*35% mupoBbix poTorpaduin no oueHkam B Facebook

‘._ facebook

‘ Ewikkery  Twitter - okono 124 mnppa tweets B roa, B cpeaHem 4500 B cek

O6meH coobuweHusasMmu B mupe 193,000 cmc/cek

‘ @D@ ' 3BoHKkM B CLUA: 2.2 TpunnuoHa MMHYT B rog; 19
MUH/geHb/4YenoBeka

3axnouenue. OG0CHOBaHBI HEOOXOIMMOCTD UCIIOJI30BAHUS U MEPCIIEKTUBHOCTH PUMEHEHUS
texHosioruit Big Data. [IpuBenieHsl pe3ynbTaThl HCCIeI0OBaHUN TpUMeHEHHs TexHosorui Big Data.
HccnenoBanbl cOBpeMEHHOE COCTOSIHUE U TEHIEHIIUU pa3BUTUs TexHojoruil Big Data.
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OBPABOTKA BOJIBIIINX MACCHUBOB BBIXOJHBIX ®ANJIOB
KOMIIBIOTEPHOI'O PEHTTEHOBCKOI'O TOMOTI'PA®A J1JI51
PEKOHCTPYKTUBHOMU JIMIEBOU XUPYPI'NU

: _= [\

A.JO. Hukonaes AJI. Paonénok B.C. Ocunosuu KJI. Awiun
Accucmenm kagedpul Accucmenm xkagedput Jloyenm xagheopol un- 3asedyrowuii kagheooii
UHICEHEPHOU NCUXON0-  UHJCEHEPHOU NCUXON0-  JCEHEePHOU NCUXON02UU — UHICEHEPHOU NCUXO010-

2UU U IP2OHOMUKU UL U IP2OHOMUKU u apeonomuxu bI'VUP, UL U IP2OHOMUKU
BI'YUP, macucmp mex-  BI'VUP, macucmp mex-  KaHOUOQAM MEXHUYECKUX BI'VUP, kanouoam

HUYeCKUX Hayx, HUYeCKUX Hayx, HAYK, OOYeHm MEeXHUYeCKUX HayK,
acnupamnm acnupanm ooyenm

Benopycckuii 2ocydapcmeenblii yHugepcumem ungopmamuxu u paouosnekmponuxu, Pecnyonuxa benapyco
E-mail: seth22@yandex.ru

Abstract. The possibility of obtaining three-dimensional computer models of the bones of the facial part of the
skull and a scan of the contour of bone damage on the basis of a set of output files of an X-ray scanner.

HayuHblil u npakTudeckuil HHTEpecC NMpeAcTaBiseT pa3paboTKa TEXHOJIOTUH Il aBTOMAaTU3a-
AN ITOJIY4EHUS! TPEXMEPHBIX MOJENIEH NOBPEXKICHUN TOHKUX, MEJIKUX KOCTEN M KOCTEM CII0KHOU
(opMBI JINLIEBOW YaCTH yepena Ha OCHOBE BBIXOJHBIX (ailjIoB pEHTI€HOBCKOTO KOMIIBIOTEPHOIO TO-
morpada. Llenpro uccnenoBanuii sIBUIACh pa3padOTKa TEXHOIOTHH 00pabOTKM OONBIINX MAaCCUBOB
UHGOPMALIUU JJIs1 PEKOHCTPYKTUBHOM JIMIIEBOI XUPYPrHUH, a TaKXKe OTpaboTKa TEXHOIOIUU (HhOpMHU-
poBaHMs yepTeka MHAMBUAYAIBHOIO MMILIAHTaHTa KOCTeH riasHuubl. Bece 3To HE0OXoauMO JUist
JaJIbHENIIETO U3rOTOBIIEHUS HA OCHOBE dTUX MOJIEIEH HHAUBUAYAIbHBIX UMIIJIAHTOB, 3aMEILIAOIINX
HNOBPEXAEHHBIE KOCTU. JIJIs JOCTUKEHMS 1IeTTM HE0OXO0MMO OBIJIO PEIIUTh ClIelytoIue 3a1a4n: 1)
aBTOMAaTH3UPOBATh Mpoliecc co3nanus 3D Moaenu noBpexaeHNs; 2) aBTOMaTU3UPOBATh MPOLIECC CO-
3manug 3D Momenu nMIuiagTa.

IIpy KOMIIBIOTEPHOM MOJEIUPOBAHUM MOBPEKACHUN TOHKUX MaJIbIX KOCTEW U KOCTEH CIIOXK-
HOM ()OpMBI JIMIIEBOTO Yepena BBIMOIHIIOT Cleytolue onepanun: noctpoenue 3D monenu nospe-
KJIEHUS KOCTEH; MOCTpOeHHEe pa3BEPTKH MOJIENIU OBPEKICHHUS; IOCTPOECHUE PUCYHKA Oy TyIIEro UM-
IUTAHTA; JIa3epHas pe3Kka UMIUIAHTA; OYMCTKA U Ie3UH(EKIN NMIUIaHTa; I0BO/IKA UMIUIAHTA JI0 HYX-
HoO reomeTpuu. [Ipu 3TOM BO3HMKAET Cleayrolas Cl0KHOCTh. TOHKHME KOCTH NpH reHepauuu 3D
MOJIEIHN U3 BBIXOJHBIX (halIOB PEHTTEHOBCKOTO KOMIBIOTEPHOTO TOMOTpada NpomnasarT UiIH BbI-
IJIAJAT PBIXJIBIMU U AbIpsiBBIMU. Ha pucyHke 1 npencraBieH npuMep Takol CUTYalLHH.

Takue pe3ynbrarhel reHepanuu 3D mMoaenu 3aTpyJHSIOT TOYHOE ONPEIEICHUE MECTOIOJIONKE-
HUS U pa3MepOB MOBpEXACHUN KOCTe. [1opoi COBEPILEHHO HE MOHATHO, KaKasi U3 KOCTEH IOBpe-
JKIIEHA, a Kakasl HeT.
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Puc. 1. Kommnerorepnas 3D Mozesnp ra3HULbI, HOCTPOEHHAs! U3 BBIXOAHBIX (aiiioB
PEHTTEHOBCKOTO TOMOTrpada

bbu10 pa3zpaboraHo U anpoOHMpPOBaHO MPUIIOKEHUE, KOTOPOe 00pabaThIBaeT BBIXOHBIE (ailiibl
peHTreHOBCKOro KommbioTepHoro tomorpaga (DICOM-daiiner). [Ipu noctpoernu 3D moxenu ko-
CTel JIMLEBOro yepemna nociae 00paboTKH JOCTUTHYTHI CIIEYIOLIUE Pe3yIbTaThl.

1 TIlpu noctpoennu 3D Mozpemny JUIIEBOTO Yepera BCe 310POBBIE TOHKHE U MEJIKUE KOCTH CTa-
HOBSTCS 4ETKO BUIHBI. T.e. Ha KomnbloTepHOH 3D Mozenu OyaeT 0JHO3HAYHO MOHATHO KaKHe KOCTH
IJIa3HMIIBI 3I0POBHI, @ KAKHE KOCTH MOBPEKeHBI. Ha prucyHke 2 mpeacTaBieH pe3ynbTar 00padoTKu
BBIXO/IHBIX (Daii;IOB PEHTTEHOBCKOIO KOMIIBIOTEPHOI'O TOMOrpada ¢ HCIOIb30BaHUEM pa3padoTaH-
HOTO KOMITBIOTEPHOTO MPHUIIOKEHUSI.

Puc. 2. 3D mMoznens ma3HUIBI, TOCTPOCHHASI B3 00pa0OTaHHBIX MPUIIOKEHUEM BBIXOIHBIX (pailioB
PEHTTEHOBCKOTO KOMIIBIOTEPHOTO ToMorpada (paBHa MOJENH ¢ pUCYHKa 1)

Mo:xHO BUJCTH, YTO BCC MCJIKHUE OTBEPCTUA B KOCTAX, KOTOPBIC IPOCBECYUBAJIUCH Ha HCXO,I[HOﬁ
MOACIHN (pI/ICYHOK 2), Ha HOJIy‘-IGHHOﬁ MOJACIH BBINIAIAT KaK CINIOIIHAA KOCTb.
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12 TIpu moctpoenun 3D Mojenu JUIEBOTO Yepera CTPOUTCS MOJACIb MOBPEKICHHUS KOCTEH
IJIa3HMLBI (TEOMETPUS MOJIOMAaHHBIX KocTeil). IIpu 06paboTke MOBPEKAEHHON TIIa3HUIBI TPUIIOKE-
HHUE aBTOMAaTU4ECKH JOCTPauBaET KOCTh B TOM MECTE, I7Ie OHa JOJDKHA OBbITh U ylajseT KOCTb, KOTO-
pas octanack. [loaTomy nipu nocrpoennu 3D mMozpenu octa€rcst MOAEINb MOBPEXIEHUS, a HE 3/10pO-
BBIX KOCTEH.

Pe3ynbTaThl MOCTpOEHUSI MOJAETH MOBPEXKICHHS TOBOPAT O TOM, 4TO 00OpabOTKa MCXOIHBIX
DICOM (aiinnoB B IpHIIOKEHUH TTO3BOJISET TOJy4aTh FTEOMETPUIO TIOBPEKICHUS KOCTEH B TpEXMEp-
HOM TIpOCTpaHCTBE. JleTalbHbli aHaIN3 MOCIOWHBIX Pe3yIbTaTOB CKaHUpoBaHus ronoBsl (DICOM
(ailsioB) MOKa3bIBAET, YTO MCIIOJIb30BAaHHBIE AJTOPUTMBI IO3BOJISIOT MOJYyYUTh 0O0Jiee TOYHBIE MO-
JIeJIH TIOBPEKIAEHUN KOCTEHN, B CPABHEHUU C PYYHOU IPOPHUCOBKOM MOBPEKIACHUN KOCTEH.

Ha pucynke 3 nnpeacrasiieH pe3yabTaT COBMEILEHUS MOEIIN IOBPEKIEHUN IOCTPOCHHBIX pyd-
HBIM CII0COO0M (3en€HBIN) U MyTéM 00paboTKK npuiokeHueM (cuHuil). CHHSS MOJIENb TOBPEXKIe-
HUs 00JIbIIIE 3€1EHOM.

Puc. 3. 3D Monenu moBpexIeHUH MOCTPOCHHBIX Pa3HBIMU CIIOCOOAMH

[Tpu 3TOM anropuT™ MOCTPOEHHSI BEKTOPHOTO M300paXKEeHUs MOBPEXKICHHS KOCTel OyeT Bbl-
MJSIIETh cleayrommM oopa3zoM.l) Yceunenue BuguMocTtu koctel; 2) Co3nanue MoIenu OBPEkKIe-
Hus; 3) KonBepranus 1BymMepHOM Mozenu B TpexmepHyto; 4) Co3nanue passepTku. Ha pucynke 4
IPEJICTaBJIEH aJITOPUTM OCTPOECHUS MOJIETN UMILJIaHTa KOCTEH JINLIEBOTO Yeperna.

YcuneHne BUaMmMocTm KOCTEH

Co3faHuWe MOAenr NOBPeXAeHMA

KoHBEpPTAUMA SBYMEPHOH MOLENU B TPEXMEDHYHD

Co3flaHWe Pa3BepTHM

Puc. 4. Anroputm nocTpoeHus MOJeNH UMITJIaHTa KOCTEeH JTUIEBOro yepena
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[Ipornecc momydenus pa3BepTkH 3akitodaercs B cienytomieM. 1) [IpeodbpazoBanue STL B 005b-
ext C#; 2) IIpeobpazoanue 3D mozaenu B 3D noBepxHocTh; 3) [locTpoenue miockoit pazseptku 3D
noBepxHocTy; 4) opMupoBaHHE BEKTOPHOT'O PUCYHKA B BUJIC BBIXOHOTO (aiina.

TexHoIOTHS 1aeT BO3MOXHOCTh CO3/1aBaTh PA3BEPTKY MOBEPXHOCTH MOECIIN MIOBPEKICHUS KO-
CTH JUI U3TOTOBJICHHUS WHAWBUIYAIILHOTO UMIUTaHTA. J{Jisl 3TOr0 HeoOXOAUMO MPOBECTH KOMIIBIO-
TepHYI0 ToMorpaduro ueperna. OHa onpeaesseT KaueCTBO CTEPEOTUTOTpaPHIECKUX MOJIENICH, a OHU
B CBOIO OYepe/ib — COOTBETCTBUE MHIUBUIYaJIbHBIX HMIUTAHTATOB aHATOMHH 4elioBeka. [1o naHHbIM
KOMITBIOTEPHON TOMOTpau CTPOSITCSA TPEXMEPHBIE PEKOHCTPYKLIUU KOCTHBIX CTPYKTYP M MSTKHX
TKaHe#. Jist co3ganus TpeXMEepHOH MOJIENT UCTIONIB30BaHO CBOOOIHOE MPOrpaMMHOE 00ECIICUCHHE
C OTKPBITHIM UCXOJHBIM KOJIOM, KOTOPOE MPECTABIISIECT COOON THOKYIO, MOAYJIbHYIO TUIATHOPMY TS
aHanM3a u300pakeHuid U BU3yanm3anuu. Ha prcyHke 5 mpeacraBiieH ajJTOPUTM MOCTPOCHHS pas-
BEPTKHU.

MNpeobpazoBaHue STL B obbekT CHt

MNpeobpasoeaHue 3D mogenu g 3D NOBEPXHOCTL

MocTpoeHue NAoCKOM paseepThu 30D NOBEPXHOCTH

QopMUpPOBaHWE BEKTOPHOMO PUCYHKA B BUAE BbIXoAHOTO dhaklna

Puc. 5. Anroput™M nocTpoeHus pa3BepTKU

Pe3ynpTaToM TEXHOJIOTHYECKOTro npoliecca ABIstoTes (aitnsl 3D Monenu kocreit nuueBoit ya-
CTH ueperna, roToBbIe K pacniedarke Ha 3D mpunTepe, a Takke BEKTOPHBIN (haiiil KOHTypa MOBpexie-
Hus kocteil. srorosnennas 3D Mozenb KoCTel JIM1IEBOro yepena UCIoIb3yeTcs PU MOATOTOBKE K
oTeparyu JUIsl MPOBEPKHU MPaBUIBLHOCTU M3TOTOBJICHUS UMILIaHTAa. BeKTOpHBIN (aiin KOHTypa mo-
BPEXKJIEHUS KOCTEN JIMIIEBOM YaCTH Yepera UCII0JIb3YeTCs I M3roTOBIIeHUs nMIiianTa. [locie ampo-
Oanuu pa3pabOTaHHON TEXHOJIOTUU pacleyaTKy MOJIENIN KOCTEH JIUIEBOT0 Yyeperna MOKHO OyIeT u3-
0exatTb B CHIIy TOYHOCTH MOATOTOBKH KOHTYPa MOBPEXKICHUS Ul U3TOTOBICHHS UMIUIAHTA.

Jlumepamypa
[1]. Amnaromus ronoBsl U mmen: y4eOHHK Juisi cTyd. Men. By3oB / M.P.Canun, [1.b.Hukutiok. — M.:
W3narenbckuii neHTp «Akanemusi», 2010. — 336 c.
[2]. 3D Slicer [Onexrponnsiii pecype https://www.slicer.org/]
[3]. Autodesk 3D Max [DnekTponnsiii pecypc http://www.autodesk.ru/]
[4]. Teruonsa. [Tporpammuposanue s Microsoft Windows na C#. B 2-x Tomax. Towm 1: [1ep. ¢ anr.
— Mocksa: Pycckas pemakums, 2002. — 624 c.
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OYHKIIMOHAJIBHOCTDb CUCTEMBI ITIOJIYYEHUSA U AHAJIN3A

TEKCTOBbBIX JAHHbBIX
W]
f
M.B. Cmepoicanos H.H. Illunkeeuu M.U. Cenrwk
Accucmenm xkagedpwi Cmyoenmxka xagheopul Cmyodenm kageopwi
ungopmamuxu BI'YUP unghopmamuxu BI'VYUP ungopmamuxu BI'YUP

/.H. Posxckoes B.IO. Ilpecnaykuii 9 AI/I Ceumo

Cmyoenm kageopwi Cmyoenm kageopwl unghop- Cmyoenm kageopwl
unghopmamuxu BI'VHUP mamuxu BI'VUP unghopmamuxu BI'VUP

Benopyccruii cocyoapcmeenuwiil ynusepcumem ungopmamuku u paduodiekmporuxu, Pecnybnuxa benapyce
E-mail: sterjanov@bsuir.by, snOwflllin@gmail.com, max.selyuk@gmail.com, rdimon2912@gmail.com,
presniatski@gmail.com, alexandervirk@gmail.com

Abstract. The proliferation of textual data in business is overwhelming. While the amount of textual data is in-
creasing rapidly, businesses’ ability to summarize, understand, and make sense of such data for making better business
decisions remain challenging. This paper describes a system that organizes and analyzes textual data for extracting in-
sightful customer intelligence from a large collection of documents and for using such information to improve business
operations and performance.

Cucrema npezacTasisieT coO0i COBpEMEHHBIN MPOrpaMMHBIN KOMIUIEKC C MHTEJIEKTYyalbHOM
¢dbyHKIMEH aHann3a TEKCTOBOTO KOHTEHTA, KOTOpasi MO3BOJISET PACCUUTHIBATh CTATUCTUYECKUE Xa-
PaKTEPUCTHKH TEKCTA, a TAK)KE aBTOMATHYECKH BBIJICIIATH KITFOUYEBBIE CIoBa. B pa3paboTke aBToma-
TU3UPOBAHHON CHCTEMBI UCIIOJIb30BAaHbI YCTOSBIIUECS METOIBI MATEMAaTHYECKOTO MOJICTTUPOBAHUS U
HCKYCCTBEHHOT'O MHTEJUIEKTA (B YaCTHOCTHU — amiapaT UCKYCCTBEHHBIX HEHPOHHBIX CETeH ), MaTeMa-
TUYECKOW CTAaTUCTUKH, NH()OPMAIIMOHHBIX TEXHOJIOTUH U MPOTPAMMHUPOBAHHUSL.

[Tpu pazpaboTke apXUTEKTYPBI CUCTEMBI B IIEPBYIO OYepPe/Ib CTABHIIACH 3a/1a4a YIIPOIICHHS aB-
TOMAaTHUYECKOTO TECTHPOBAHUS OOJBIIOTO KOJUYECTBA aJrOPUTMOB IMOJYYCHUS U 00pabOTKU JaH-
HbIX. [loaTOMY crucTeMa cocTOUT U3 HAbOpa OTJAEIBHBIX C1a00CBSI3aHHBIX KOMIIOHEHTOB:

— aBTOMAaTHYECKOE MOTYYSHHE JaHHBIX U3 BHEIIHUX UCTOYHUKOB;

— TMOJCYET CTATUCTUYECKUX XaPAKTEPUCTHK MOTYYCHHOTO KOHTEHTA;

— BBIJIEJICHHE KJIIOYEBBIX CIIOB.

B  nmpeacraBneHHoi < cuctemMe — HCHONB3YHOTCS — cTopoHHHMe — OuOnmorekn: NLTK
WordPunktTokenizer u PunktSentenceTokenizer - nns BeiaeneHust npeanoxxenuit u cnos, NLTK
NaiveBayesClassifier - peanu3zarust HauBHOTO baiiecoBckoro kiaccudukaropa.
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Jlannble 111 00pabOTKH MOJIyYal0TCs B PEKUME PEabHOIO BPEMEHH U3 BHEIIHUX HCTOUYHUKOB,
B Ka4e€CTBE KOTOPHIX BHICTYNAIOT MH()OPMAIIMOHHO-HOBOCTHBIE CAMTHI.

WNHcTpyMeHTHI, MO3BOJISIONINE cOOMpaTh AaHHbBIE Ul UcclieoBaHui U3 Beba, Ha3piBaroTCs
«BeO-maykamu» (Web-spider), kpaynepamu (web crawler) wiu ckpebkamu (web scraper). [TouckoBbIit
poOOT — MpOrpaMMHBIN KOMIUIEKC, OCYIIECTBISIONINI HaBUTAIIHIO 10 BeO-pecypcam u cOop uH pop-
Maruu JUIst 6a3bl JaHHBIX TpUiIokeHus-areHTa [1]. Paboty pazpaboraHHOTro Kpaysiepa MOXHO OIH-
caTh CJIEIYIOIIUM 00pa30oM: CKaHUPOBaHUE CaliTa HAUMHAETCS C HAYaJIbHOM CTPAHUIIBI U 3aTEM pOOOT
MCTOJB3YeT CCBUIKM, Pa3MEIICHHBIC Ha HEH, IS Iepexo/ia Ha Jpyrue crpanuibl. Kaxaas ctpanuna
caiiTa aHanu3upyeTcs Ha Hajau4uue TpedyeMoil HHpopMaIK, KOTOpas KOMUPYETCsl B COOTBETCTBYIO-
11ee XpaHWIHIIE B ciiyyae oOHapyxeHus. [Ipomecc moBTopsiercs 10 TeX 1mop, moka He OyaeT mpoaHa-
JU3UPOBAHO TpeOyeMoe YUCIIO CTpaHMIl JINOO MoKa He OyAeT NOCTUTHyTa Hekas 1eib. Moaysb mo-
Jy4eHHUs JaHHBIX pa3paboTaH Ha S3bIKE MPOrpaMMHUPOBaHusl Ruby u COCTOUT U3 TpeX OCHOBHBIX Ya-
CTeil: OJI0K CKaHMPOBaHUsI U 00PaOOTKHU JaHHBIX, OJIOK YIpaBlIeHUs KpayaepoM (KOMaH bl BBOISTCS
gyepe3 KOHCOJIb) U 0a3a qanHbix. CoOupaemast poo0ToOM HHPOPMALIKS COCTOUT U3 CCIIOYHON CTPYK-
Typbl 00pabaTbiBaeMOro pecypca u BeO-cTpanuil. B kauecTBe OCHOBBI /17151 0a3bl JaHHBIX ObLia BbI-
Opana 6ecrmatHas CYBJI MySQL. Jlns ynporienus B3aumoaeiictsus ¢ b/l Hamu ucnonszyercst 616-
nroTteka Sequel, mo3Bossiroras mpeICTaBIATh JaHHbIC B BHIE 00BEKTOB.

Kpome HemocpencTBeHHON nHGOpMAIUH, TOTYYEHHON C IOMOIILBIO KpayaepoB, AJis MOTy4deH-
HOT'0 KOHTEHTa HAMH TaK)Ke ObLT pealn30BaH MOACYET PA3TUYHBIX CTATUCTHYECKIX XapaKTEPUCTHUK.
Hamu noacunteiBaetcs:

— o0I11ee YuCI0 YHUKAJIBHBIX CIIOB;

— oO11ee YnciI0 BOMPOCUTENBHBIX MPEII0KEHUN;

— oO11ee Yncio 3arojoBKOB, coaepxkamux cioso Why;

— oOmee 4YKCIO 3aroJIoOBKOB, MMEIOIIMUX ONpeAeNEHHBIA KOHTEKCT (IIpoBEepKa ClioBa Ha
BXOXKJICHUE B CIICIIMATILHBIN CI0Baph);

— 00l11ee YnCII0 3aroJ0BKOB, COIEPKALUX YUCIIOBbIE JaHHBIE;

— HauboJee YacTo BCTPEUAIOIIUECs CJI0Ba (CIIOBO, YUCIIO TTOBTOPEHHH, %);

— HauboJsee yacTo BcTpevaromuecs ¢ppassl u3 2 cioB (ppasza, 4ucio NOBTOpeHUH, %);

— Haubonee yacto BcTpevaromuecs Gppasbl u3 3 cioB (ppaza, yUCIO MOBTOPEHUH, %).

B 0aze naHHBIX cCOXpaHsIeTCsl CTAaTUCTHKA, COOpaHHast B X0/Ie KaX/10ro 3anycka. B nanpHelimem
3Ta UHQOpMaIH MOXKET ObITh NCIIOJIb30BaHa Kak Mpu3Haku (features) uist anropuTMOB MAIMHHOTO
o0OyueHusl.

ABTOMaTHYECKAs KJIACCH(PHUKAIHS TEKCTA SBISIETCS SIPKUM IIPUMEPOM 3a7ad, Uik KOTOPBIX JI0-
BOJIBHO CJIO’KHO TOJTYYUTh HEIPOTUBOPEUHBOE, JOCTATOYHO MIPECTABUTEIbHOE 00YyJarolee MHOXKe-
CTBO, U B TO € BPEMsI, CDABHUTEIIBHO JIETKO COOpaTh OOJIBIIOI 00bEM HEPa3MEUCHHBIX JOKYMEHTOB.

Jlnst perieHust moA0OHOM 3a/1auu CyIIECTBYET /IBa OCHOBHBIX MOJIX0AA:

1 ocHOBaHHBIE Ha IPaBUJIAX;

2 OCHOBaHHbIE HA MALIMHHOM OOYYEHHMHM - MCIIOJIb30BAaHUU CTAaTUCTMUYECKUX JAHHBIX, MOJIY-
YEHHBIX U3 00yuaroleil BBIOOPKH.

IToxoapl, OCHOBaHHBIE Ha MpaBUJIaX, B HACTOALIEE BPEMs PEIKO UCIIONb3YIOTCS U3-3a CIOXK-
HOCTH, BO3HUKAIOMIECH MPHU CO3AAHMU MPABIII: MCIIOIB30BaHUE Y3KOCTICIIMATH3UPOBAHHBIX JIMHTBHU-
CTMYECKHX 3HAHUM, CO3/1aHUE Psiia HETPUBUAIIBHBIX NPABHJI U HEBO3MOKHOCTh 0000IIEHUS pe3yib-
TaTOB HA JIPYTHE S3bIKH.

Bosiee nepcneKTHBHBIMU SBISIFOTCS METO/IbI MAITMHHOTO 00y4YeHUs, TpeOyrolue s CBoeH pa-
OOTHI pa3MEYEeHHOW KOJIJICKIIMH JOKYMEHTOB.

B nannoit paboTe B KauecTBe KOJUIEKIIMU JOKYMEHTOB Obliia B3sTa 6a3a JaHHBIX CTaTeH, Kax-
1ast U3 KOTOPBIX COJIEPKUT HAa3BaHUE, aHHOTAIIMIO U COZIepPIKaHUE.

Hamu Gb110 peann3oBaHo pa3zieieHne KOJUIEKIIMU JOKYMEHTOB Ha 33JaHHOE KOJIMYECTBO TEM
(kmacTepoB) C MPUMEHEHHMEM airopuTMma JiareHTHoro pasmenieHusi Jupuxme (Latent Dirichlet
Allocation, LDA). LDA npuauMaeTr HaOOp TOKYMEHTOB, B KaU€CTBE KOTOPBIX BBICTYNAET KOHTEHT
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CTaTel M3 KOJUIEKIIMH JOKYMEHTOB, U BBIIAE€T CIIMCOK T€M B ATHX JOKyMeHTax. Kaxaas Tema xapak-
TEPU3YETCS paclpeieICHUEM UCTIOIb3YEMbIX B HEMl KiTtoueBbIX cJioB. LDA Ha TpEHUPOBOUYHBIX J1aH-
HBIX BBIABIISIET CIIUCOK TEM, U 3aTeM Ul KaXKIOU CTaTbU MOKHO MOJIYYUTh BEPOSTHOCTH OTHOILICHUS
KOHTEHTA JJAHHOW CTAaThH K BBISBICHHBIM TeMaM. TeMa, BEpOITHOCTh OTHOIIEHUSI KOHTEHTA K KOTO-
poii HaubobIIasi, BBIOUPAeTCsl B Ka4eCTBE TEMbI JOKyMeHTa. Takum o0pa3om, Morydaercs pacrpe-
JIEJICHNE CTaTel B KOJUICKIIMH 10 TEMaM.

s peanuzany JAHHOTO AJITOPUTMA UCIOIB30BAJICS MaKeT gensim M BCTPOEHHBIN MOIYJb
gensim.models.ldamulticore.LdaMulticore, mis Hero ObuT HamucaH KJ1acc-00EpTKa, OCYIIECTBIISIO-
M TOTOTOBKY TEKCTa JJIsl IOCIEAYIOIIET0 aHAIN3a, BKIIOYAIOIINN epeBO/1 TEKCTa B HUKHUI pe-
TUCTp, YAaJICHUE CTOI-CJIOB, MyHKTYAI[UH, CChUIOK, pa30MEHIE TEKCTA Ha CIIOBA, a TaK JKe 3aar0IIUN
KOJIMYECTBO TE€M U CJIOB, BIOCJIEICTBUU UCTIOIB3YEMBIX JIJIsl OMTMCAHUS KaXI0H TEMBI.

Hamu peann3oBaHO BBIICTICHUE KIFOUEBBIX CJIOB U3 Ha3BaHUs, aHHOTAIUU U COJCPIKAHUS JI0-
KyMeHTa nipu oMoy metosioB Textrank, Rake, TF-IDF mis mocneayromiero cpaBHeHHUS M aHAIIHA3A.

Anroputm Textrank ocHOBaH Ha MpeACTaBICHUU TEKCTa B BujIe Tpada. Bepmunsl rpada — me-
JIOCTHBIE YacTU TeKcTa (OTAEIbHBIEC CIIOBA, N-TPaMMbl, IpeioxkeHus). Beca nyr rpada xapakrepu-
3YIOT TUII CBS3H MEXy BEpUIMHAMHU 110 BEHIOpAaHHOMY MPUHLHUITY (HAllpUMep, BCTPEYaThCsl BMECTE B
OKHE pa3Mepa n, T.€. Ha PacCTOSIHMH HE OoJiee n CJIOB APYT OT Apyra). B kadecTBe BepmuH rpada
paccMaTpUBAIOTCS OTIENIBHBIE CII0BA TEKCTA; BEC MYTH, COCIMHAIONIEH IBe BEPIINHBI-CIIOBA, TTOKa-
3BIBAET, CKOJILKO Pa3 3TH J[Ba CJIOBA BCTPETHIIUCH B TEKCTE B OKHE N. )i OIIEHKM Beca Kaxa0u Bep-
[IMHBI-CIIOBA B HCIIOJIB3YETCs BEJIMYMHA, OCHOBaHHAs Ha Moaudukanuu ¢popmyisl PageRank:

le'

TR(t) = (1 —d)+d-Yieme "TR(t)), 1)

i) Ztkeom(tj) Wik

rae d - hakrop 3aryxanus, In(t) - MHOKeCTBO BepuiuH BXoasmux B t, Out(t) - MHOXXeCTBO Bep-
mmH ucxonsamux u3 t, Wij - Bec pebpa ij.

B kadecTBe Beca peOpa HCIOIB30BAIOCH PACCTOSIHUE JIEBEHINTEHA MEXITy ABYMS OTIIENb-
HBIMU ClIOBaMH. B kauecTBe pe3yibrara OepyTcs N CIOB, UMEIOIUX HanOobIIMe 3HaueHus TR.

Meton Rapid Automatic Keyword Extraction (RAKE) ocHOBBIBaeTCsl Ha TOM, YTO KJIFOUEBHIE
CJIOBA BKITIOYAIOT B c€0sI 3HAYMMEIE CJIOBA, HO PEIKO BKIIFOYAIOT CTOI-CIIOBA, MECTOMMEHUS UITH APY-
THE CJIOBAa C MUHUMAJIbHBIM JICKCHUECKUM 3HAUCHHEM.

M3BneueHne KIF0UEBbIX CJIOB IPOMCXOTUT CIEAYIONIMM 00pa3oM: TEKCT pa30MBaeTcs Ha CJI0Ba
[0 TIO3MLIUSAM CTOII-CJIOB M 3HAKOB IPENUHAHMS - pa3fenuTenei, o0pasys mociae10BaTeIbHOCTH U3
pasgenuTeneil 1 COOCTBEHHO CIIOB, T€ IMOCIIENOBATEIHLHOCTH, KOTOPBIE HE MMEIOT pa3/enTesei B
CBOEM cocTaBe (POPMHUPYIOT CITUCOK “KaHAUIATOB’ B KJItOUEBbIE ci10Ba. Jlanee ctpoutcs rpad BcTpeu
JAHHBIX KaHJAWJIATOB JIPYT C APYTrOM B TEKCTE JOKYMEHTA. Brrancisiercst BeC KaKI0ro clioBa Kak OT-
HOLIIEHHE

deg(w) (2)

weight(w) = Frea(w)

rae deg(w) - word degree, freq(w) - word frequency. N c¢i10B, uMerOIIUX HAMOONBIIHN BEC,
BBIOMPAIOTCS B KAUECTBE KJIFOUEBBIX.

Auroputm TF-IDF[4] ocHoBan Ha metpuke tf-idf, koTopast paccunteiBaeTCsI A7 KXKI0TO KOH-
KpPETHOTO CJIOBA B KaXKJIOM JOKYMEHTE KaK ITPOM3BE/IEHNE YaCTOTHI CJIOBA B JaHHOM JIoKyMeHTe tf Ha
MHBEPTUPOBaHHYIO 4acToTy nokymenToB idf, rae idf onpenensercs xax

IV

idf =log o (3)

rie N — MHOXeCTBO TOKyMEHTOB, df — 4uCII0 TOKyMEHTOB, B KOTOPBIX XOTS ObI pa3 BCTPETUIIOCH
cioBo. C momomipio TF-IDF ornennBaeTcst BeC KaXKJ0ro CJioBa B JOKYMEHTE.
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B kagecTBe rpynmsl 1okyMeHTOB MbI BeIOUpaeM 300 cirydailHbIX cTaTel U3 KOJIJICKIIUH.

HanpaBneHHeM HaﬂbHeﬁMHX I/ICCJIGIIOBaHI/Iﬁ ABJIACTCA UCIIOJIB30BAHUC ITOJTYYCHHBIX CTATUCTH-
YECKUX XapaKTEPUCTHK, BBIJICICHHBIX KIFOUYEBBIX CIIOB M TEM B KAUECTBE UCXOAHBIX JaHHBIX IS pe-
HICHUS 33a4M MPEJICKa3aHusl pa3IMYHbIX aTpUOYTOB CTaTell METOIaMH MAIIIMHHOTO O0YUEHHS.
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CHEKTPAJIbHBIA AHAJIN3 ACM-U30BPAKEHUI BUOJIOTHMUYECKHAX
KVIETOK

H.E. Cmapooyouyes 10.C. Xapun
Acnupaum BI'Y Jlupexmop Hayuno-uccrneoosamenbcko2o uncmumyma
NPUKIAOHBIX NPOOSIeM MAMEMAMUKU U UHDOPMAMUKU,
3a6e0ywull Kagpeopol MamemamuiecKkoeo Mooeuu-
posanus u ananruza oannvlx CIIMHU, ooxmop ¢uzuko-
Mamemamuyeckux Hayk, npogeccop, 4ieH-Koppecnon-
oeum HAH Benapycu

benopyccruii cocyoapcmeenuwiii ynueepcumem, Pecnyonuxa benapyce
E-mail: istarodubtsev.science@gmail.com

Abstract. Spectral analysis that is a widely used method for studying big data arrays was used to analyze AFM
images of biological cells such as epithelial cells line A549 (cancerous cells) and fibroblasts. Each AFM image with the
resolution of 256x256 pixels was divided into 256 sections (scanning line) and for each section the periodogram was
calculated. Using the obtained set of periodograms three dimensional map of spectral density estimations was formed and
studied. Distinctive features of the three dimensional map of spectral density estimations for AFM images of the studied
biological cells have been analyzed depending on scanning modes and temperature.

Beeoenue. ACM-uzobpaxenue (u300pakeHUe, IMOJYYEHHOE C MOMOIIBIO CKAaHHUPYIOIIEro
aTOMHO-CHJIOBOTO0 MHUKpockona, ACM) sBisieTCsS MacCUBOM TOYEK B TPEXMEPHOM IPOCTPAHCTBE
(X,y,Z), OHMCHIBAIOIIUX JIUOO KapTy pebeda moBepxXHOCTH (pexuM topography), 1100 KapTy JIOKallb-
HBIX (PU3UKO-MEXaHUYECKUX CBOUCTB (PEeKUM torsion).

ACM-u3o6paxenue pazmepoM NxN nukceneil MOKHO paccCMaTpUBaTh Kak COBOKYMHOCTb U3
N ByXMEpHBIX MacCHBOB (X,z) 0 N TOYEK B KaXJ/0M, PaclOJI0KEHHBIX Ha PACCTOSHUY Il1ara cKa-
HUPOBAHUS BJIOJIb OCH Y.

JI1s Kask0r0 IByXMEpHOT0 MaccuBa (X,Z) MOKET OBbITh MPUMEHEHO TUCKPETHOE peodpa3zoBa-
Hue Oypoe[l, 2]:

.2mkn

X(wp) =Xn=0(zn — e v k=1,...,N—-1, 1)

k
NL'
M0 OCH X. 3aTeM MOCTPOCHA NIEPUOAOTpaMMa (COCTOATEIbHAs!, HO CMEIIIeHHAsI OIICHKA CTIEKTpaIbHON
MJIOTHOCTH):

r7ie Z — BBIOOPOYHOE CpeAHee MO OCH Z, Wy — YacToTa,wy = 2T L — MakcumanbHOE 3HaUCHUE

R(wi) = [X(wp)I?, (2)

KOTOpasi MO3BOJISIET NOCTPOUTH CIJIAKEHHYI0, ACUMIITOTHYECKA HECMELIEHHYIO U COCTOSATEIbHYIO
OIIEHKY CHEKTPATbHOM TJIOTHOCTH.

COBOKYIMHOCTh OLIEHOK CHEKTpaNbHBIX MIOTHOCTEH NxN MoOXeT ObITh paccMOTpeHa Kak Mo-
BEPXHOCThH (KapTa), OMHICHIBAIONIAsl U3MEHEHHE CIIEKTPATbHBIX XapakTepucTuk ACM-u300pakeHus
BJIOJIb OCH .
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Mamepuanvt u memoowi. B pabore 6bu1 ipoBeaeH aHam3 ACM-u300pakeHN TOBEPXHOCTEH
OMOJIOTMYECKHX KIIETOK (puOpoOIACTOB M MUTEIHMATBHBIX KIETOK paka JIErkoro (A549) yenoseka)
B 3aBUCHMOCTH OT peXHMa CKaHUPOBAHUS U TeMIlepaTypbl CKaHUpOBaHUs 00pa3ioB. M300pakeHus
pazMepoM 2.5 MKMx2.5 MKM H paspenieHueM 256x256 nukceneid, ObUTH MOTyYeHBI B PEKUMaX CKa-
HUpOBaHMs topography (penbed) u torsion (kapra JaTepajibHBIX CHJI) MPU HPSIMOM U OOpaTHOM
HanpaBjIeHUAX ckanupoBanus npu temmeparypax 25°C, 50°C u 70°C nna knetok AS549 u 30°C u
70°C nnst pubpobdIacToB.

KapTtsbl criekTpanbHbIX MIOTHOCTEH ObLTM paccuuTanbl ¢ nomoiubio 110, pazpaboranHoro Ha
s3pike C++ ¢ ucnonpzoBanuem Oubmmoreku fftw. I'paduku kapt moctpoeHsl B cpenax Mathcad u
Excel.

Pezynomamer. Ha pucynke 1 BUAHBI pa3nuuusi KapT CHEKTpalbHbIX IUIOTHOCTEH ACM-
n300pakeHU# MmoBepxHOCTel KiIeToK A549 B pexkumax topography u torsion. «PebGpay, mposBIIsio-
mecst Ha rpaduKax, sBISIIOTCS, BEPOSTHO, CIEACTBUEM Je(heKToB ncXoaHbix ACM-u300paxeHwmit
(pucynok 1.1). Inss ACM-u3zo0paxkeHuii mopepxHocteil kinetok A549 u ¢pubpodiacToB ObuH pac-
CUMTAHBI CPEIHNE 3HAYCHHS OLICHOK CIIEKTPAIBHBIX MJIOTHOCTEH M IOCTPOCHBI UX rpaduKu (PUCYHOK
2). IIpu yBenuueHnn TeMnepaTypbl a0COIOTHBIE 3HAYEHUS OLEHOK CIEKTPaIbHBIX TUIOTHOCTEH AJst
kIeTok A549 u pubpobiacToB B pexume torsion yBeamuuBarotTcs (pucynku 1.2, 1.4, 2). Ha ucxon-
HbIX ACM-u300pakeHUsIX KJIETOUYHOM MOBEPXHOCTU B pekuUMe topography mNpHCYTCTBYeT Oosee
TJIaJIKast JJOKaJbHast 00J1acTh, ¥ OHA OTYETIIMBO MPOSIBIISICTCS HA KapTe CIEKTPAIbHBIX TUIOTHOCTEH B
BUJIe oOnactu O6osee HU3KUX 3HaueHul (pucynku 1.1, 1.3, 2).

Puc. 1. Kaptsl ciektpanbHbIX 1oTHOCTEH 111 ACM-u3o0paxenuit kinetok A549,
MOJTy4YEHHBIX B peXuMax ckaHupoBaHus topography (1,3) u torsion (2,4) u Temneparypax
25°C (1,2) n 70°C (3,4).

JIst YMCIIEHHOM OIIEHKH KapThl CIIEKTPAIbHBIX TUIOTHOCTEN ObLIM Pa3OUThI IO OCH X (YacToTa,
®) Ha 7 paBHBIX (PParMEeHTOB M I KaXJI0ro (parMeHTa OblIa paccuMTaHa (ppakTaibHas pa3mep-
nocth (Dr) MeTomom mozcuera kyoos (box counting)[3] (pucysku 3, 4).

AHaM3 9aCTOTHOM 3aBUCUMOCTH (paKTaaIbHON pa3MepHOCTH [UIs KIETOK AS549 BBISIBHII, Y4TO
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HanOoJiee CIIOXKHBIE CTPYKTYphl XapakTepHbl mis obOnactu vactor 0.5-0.6 pag/HM B pexume
topography u o6mactu gactor 0.4-0.5 pan/am B pexume torsion (pucyHok 3). Jlns ¢pubpodracto
YaCTOTHBIE 3aBUCUMOCTHU (PpakTaibHON pa3MEpPHOCTH B 000UX pexrMax TakxKe pasinuyaeTcs (pucy-
HOK 4).

11 11

10 } 10
a 9
£ \’\-..-ﬁ'/ - °

b 5 -
— —
5 5 A 3
— — ]
4 4 -
&
3 3
2 T T T T 1 2 T T T 1
o 0,2 0.4 0,6 0,8 a 0.2 0,4 0,6 0.8
@, paa/tm @, pan/tm
A B

Puc. 2. A: cpeanue 3Ha4eHUs CIEKTPaIbHbIX IoTHOCTEH 111 ACM-n300paxkeHuit kietok A549,
MOJIYYEeHHBIX B peKUMax cKkanupoBanus topography (1,3,5) u torsion (2,4,6) u Temneparypax 25°C
(1,2), 50°C (3,4) u 70°C (5,6). b: cpennue 3HaueHUS CIEKTPAIbHBIX MIIOTHOCTEH 17151 ACM-
n300paxeHuit GuOPOOIACTOB, IOTYICHHBIX B pSXKUMaxX CKaHUpoBaHUs topography (1,3)

u torsion (2,4) u remneparypax 30°C (1,2) u 70°C (3,4)

25 - 25 -
I:}F DF
23 23 -
21 —t—1 2,1 ——1
2z —r—
1.8 7 —r—3 19 =43
1,7 T T 1 17
0,1 0,3 0,5 0,7 : ' ' '
01 0,3 0,5 07
@, pag/Hm @, pag/Hm
A B

Puc. 3. 3aBucumocTh GpakTaabHON pa3MEPHOCTH OT YaCTOTHOTO Jauana3zoHa jaist: ACM-
M300paXeHHIA MOBEPXHOCTU PAKOBOM KJIeTKH AS549, MOTYyYeHHBIX B PEXKUMAaX CKAHHUPOBAHHS
topography (A) u torsion (b) mpu Temmneparypax 25°C (1), 50°C (2) u 70°C (3).
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Puc. 4. 3aBucuMocTs (hpakTaTbHON Pa3MEPHOCTH OT YAaCTOTHOTO AuarazoHa jjsi: ACM-
n300pakeHuii moBepxHocTU (HhudpobdIacTa, MOMTYUYEHHBIX B peKUMaxX CKaHUpoBaHus topography (1,
2) u torsion (3, 4) npu Temneparypax 30°C (1, 3), u 70°C (2, 4).

Jliist 000MX THIIOB KIIETOK 3HaYCHUs (PpaKTaIbHOW Pa3MEPHOCTH KapT CHEKTPAIBbHOM IIOTHO-
ctu s pexunma torsion (2.00-2.46 pan/um) Gosnbine, yeM HaOMOIaeMbIe U pexuMa topography
(1.79-2.09 pan/um). DTO CBUAETEIBCTBYET O TOM, YTO KapPThI OI[CHOK CIEKTPATbHOW IUIOTHOCTH IS
pekuMa torsion UMEIOT B 1IeJIOM 00Jiee CI0KHYIO CTPYKTYPY B CPAaBHEHHUH C CO CTPYKTYPOIl KapT IJist
pexxuma topography.

3axnrouenue. [lpenyiosxkHasi METOIMKA, BKITFOYAIONIAS TOCTPOSHHUE KApPT OILIEHOK CIIEKTPAIbHBIX
TUIOTHOCTEH C MOCIIEAYIOIIUM pacyeToM (QpaKTaJIbHON Pa3MEPHOCTH B Pa3IMYHBIX YACTOTHBIX TUa-
Ma30Hax, MIPUMEHUMA TS aHAIN3a H3MEHEHUH CTPYKTYPBI M CBOMCTB MOBEPXHOCTEH OMOJIOTHYECKIX
kieTok 1o ACM-u300pakeHUsIM.
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NH®OPMAIIMOHHBIE MOJAEJIA ITICUXOJOI'MYECKOT' O BJUAHUA
PEKJIAMbBI HA IOTPEBUTEJIA
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IIpogpeccop kaghedpwl unicenep-
Hou ncuxono2uu u dpeoromuxu BI'VUP,
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Benopyccruil eocydapcmeennviil ynusepcumem uH@oMamuxy u paouodrekmponuxu, Pecnybonuxa Berapyce

Abstract. The analysis of various information models used in advertising. The role of various psychological mech-
anisms and mental processes advertising effect on the user. Set out a comparative analysis of the effectiveness of different
infor-mation

B nacrosiee BpeMsi pekiama siBisercsi (PakToOpoM, IUPOKO UCIIOIb3YEMbIM Ul BIUSHUS Ha
nosezeHue norpedureneid. OnHUM U3 HauboJee UCIOIb3YEMBIX BUJIOB PEKJIAMbl SBISETCS Mpe-
CTaBJICHHE JIIOASIM Ppa3IMYHON BU3YyaJIbHOM MH(OpMAIMU 110 pa3HO0Opa3zHoi npoaykuuu. [lpuyem,
JUISL 3TOTO BCE LIMPE UCIOJIB3YETCSI HHTEPHET PeKIaMa.

HcTopuueckuil aHaau3 NO3BOJISET BBIIEIUTD JBE TPAJULUN WM JBE TEOPETUUECKUE TCHIEH-
IIMU B Pa3BUTUU IICUXOJIOTUU pekiiambl. [lepBas BO3HMKIIA HA OCHOBE MHOI'OYHMCIIEHHBIX JKCIIEpH-
MEHTaJIbHbIX IICUXOJIOTHYECKUX pabOT B 00JIaCTH IICUXUYECKUX MPOLIECCOB B peKiIaMe, BTOpast — Ha
OCHOBE pa3BUTHUS el MapkeTuHra. [lepsast Tpaguis HanOOIbIIEro paclBeTa JOCTUIIA B IEPBOM
nojoBuHe XX B. B ['epMannu (ee ycI0BHO MOKHO Ha3BaTh HEMEIIKOM) M paccMaTpuBaja B KauyecTBe
OCHOBHOTO — (haKTOp COIMATBHOTO BO3/IEUCTBHS C YUETOM 3aKOHOMEPHOCTEN nepepaboTku nHpop-
manuu. Bropas — Bo3nukia B CILIA Bo BTopoii mosnoBuHe XX B. (€€ YCIOBHO MOXHO Ha3BaTh aMe-
PUKaHCKON) U paccMaTpHUBalia MOTPEOHOCTH JII0/IeH U MPOLIECC UX «OMPEAMEUNBAHUS) PEKIIAMOM.

OpnnHako, HECMOTpS HA MMEIOIIUECS TPAJIULUHU U IIUPOKOE IPUMEHEHUE Pa3InYHON PEKIIaMBI,
OHA YacTo JjajieKa OT He00X0UMMOro HHPOPMAIIMOHHOTO BO3JAEMCTBUS HAa YEIOBEKAa H3-32 UTHOPH-
pPOBaHUS U HEYYeTa ICUXOJIOTHYECKUX (haKTOPOB BO3eHCTBUS BU3yallbHOM HHopMaruu. B pe3ynb-
Tare y JIIoAeil He Bcerna GopMUpyeTcsl MPaBUIbHBIE YCTAHOBKH JIEUCTBHS, YTO CHUXKAET YPHEKTHB-
HOCTb IPUMEHEHHUS PeKIaMbl. YelloBeK «BpOJi€ BUAUT», HO HE BOCIPUHHUMAET IPEJCTABICHHYIO pe-
KJIaMHYI0 HH(}OpMaInio, 0COOEHHO, 0TOOpaXKEHHYIO Ha caiiTe KOMIIbIOTEpa U IJIaHIIETA.

[TpuunH 316Ch MOXKET OBITH HECKOJIBKO. Bo-TiepBBIX, HeynauHoe pelleHne 1u3aifHa caiita 0e3
yuyeTa TpeOOBaHUl HPrOHOMUKH, BO-BTOPBIX, HEYIaYHOE 103a0MINTH caiiTa U3-3a pacloIoKeHUe HH-
(OopMalMOHHBIX JIEMEHTOB U aJITOPUTMA MOJIb30BAHUS.

MHoro et Ha3aj B ICUXOJIOTUM BO3HHUKJIO HAIIPaBJIEHUE, LIEIbI0 KOTOPOTO SIBJISETCS U3YYEHUE
CTPYKTYpPBbI IICUXOJOTMYECKOr0 BO3JAEHCTBHS Ha YeloBeKa BU3yaJbHOM MH(pOpManuu. ITO Hamnpas-
JIeHHE TOJIY4MJI0 OONBIIOe PacpOCTPAaHEHUE, B YaCTHOCTH, B ICHXOJOTHMHM DPEKJIaMbl H IIHPOKO
UCIIONIb3YETCSl B 3alaJHOM M poccuiickoi mpakTHke. [Ipeacrapnenue BuzyanbHON HHGOPMAIUH de-
JIOBEKY OCHOBAaHO Ha 0a30BBIX MCHUXOJIOTUYECKUX 3aKOHAX WH(POPMALMOHHOMN NEesITeIbHOCTH Yelo-
Beka (puc.l), mosTomy pazpaboTaHHBIEC ceUac MCUXOJIOTHIECKHUE MO MOTYT OBITh IPUMEHEHBI
B peKJIaMe JIJIsl ICUXOJIOIMYECKOr0 BU3YaJbHOTO BO3/ICHCTBHS, pecTaBsieMoil nHpopmanuu [1].
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TpHeM oOpaboTka
HH(OpMAIHH HH(pOpMaIHH JeliCTBHE

Puc.1. Crpykrypa nH(pOpPMAIIMOHHON JESITEIBHOCTH YeIOBEKa

PaccMoTpuM OCHOBHBIE MOJIENN TIPOIIECCOB BU3YAJIbHOTO BO3ACHCTBUS HH(DOPMAIK HA YeIIo-
Beka [2,3]. Cuemyer ykasatp, uto emie B KoHie XIX B. mpeanprHIMaIKCh MONBITKA pa3padoTaTh
HEKYI0 0000IICHHYIO TEOPETHUECKYIO MOJIEIb, ONMKMCHIBAIONTYIO HarOosee Y3PPEeKTUBHYIO CTPYKTYPY WH-
(hOpMaIMOHHOTO BO3/ICHCTBUSL.

OnHoli 13 TIepBBIX TOSIBUJIACH TEOPETUUECKas MOIeNb, OcHOBaHHas Ha (hopmyie AIDA, kotopast
ObL1a TpeyioxkeHa Jmvepom Jlesucom B 1896 1. ABTOp cumTan, 4TO BO3/IEHCTBHE MH(OPMAIH BCETIa
HAYUHACTCA ¢ npusneuenus enumanus (attention), sarem ona moipKHa BeI3BatTh urmepec (interest), mo-
TOM dicenanue (Aesire) u mocine 3Toro, Kak MPaBUII0, 603HUKAem akmueuzayust desmenvrocmu (activity).

A- npueneuens enumarua (attention),
I-unmepec (interest),

D-xcenarnue (desire)?

A- akmueuzayus oeamenvHocmu (activity).

Puc.2.Bo3netictBue nnpopmannu Ha yenoseka 1o ¢popmyne AIDA (anr.)

Baumanne — u30uparenbHasi HapaBISHHOCTh BOCIIPHUATHS Ha TOT WM WHOW 00BEKT. M3Me-
HEHUE BHUMAaHUS BBIPAKAETCSl B U3BMEHEHUU TMEePeKMUBAHUS CTETICHU SICHOCTU U OTYETIUBOCTH MPEi-
MeTa JIeITeIHLHOCTH YeloBeKa. BHUMaHMe HaX0IUT ce0e BRIpAKEHUE B OTHOIIICHUH Y€JIOBEKA K 00b-
€KTY. 32 HUM CTOST UHTEPECHI U MOTPEOHOCTH, YCTAHOBKH U HAIIPABJIIEHHOCTh YeIOBeKa. ITO, IPEKIE
BCET0, BBI3BIBACT M3MEHEHUE OTHOIICHUS K O0BEKTY, BRIpAKaeMOe BHUIMAHHEM — €TI0 CO3HABaeMO-
cThl0. BHMMaHMe 00yciaBiIuBaeT YCHEIIHYI0 OPHEHTUPOBKY CyOBhEKTa B OKpY’KaloIleM MUpPE U 00ec-
neyrBaeT 0oJiee MOJIHOE M OTYETIIMBOE OTPaKCHHE ero B ricuxuke. OOBEKT BHUMAaHUS OKa3bIBACTCS
B LIEHTPE HAIIIETO CO3HAHMUSA, BCE OCTAJIbHOE BOCIPUHUMAETCS CJ1a00, HEOTYETIIMBO, OJTHAKO HAMpaB-
JICHHOCTH HAIIeTO0 BHUMAHUS MOKET MEHATHCS.

HHuTepec — MONOKUTENBHO OKPAIIEHHBIN SMOIIMOHANBHBIN MPOIIECC, CBSI3aHHBIN C MOTPEeOHO-
CTBIO YEJIOBEKA Y3HATh YTO-TO HOBOE 00 0OBEKTE MHTEPECa, IIOBHIIICHHBIM BHUMAHHEM K HeMy. Mo-
TUB — TUHAMHUYECKUH Mpoliiecc (PU3HOIOTHIECKOTO U MCUXOIOTUYECKOTO TIIaHa, YITPABJISIFOIINNA 1MO-
BEJICHUEM YEIIOBEKAa, OMPEIEISIIONINA €ro HAIlPaBICHHOCTh, OPTaHM30BAHHOCTh, AKTUBHOCTH W
ycToM4YMBOCTE. YacTo onpeensercs Kak «omnpeaMedeHHas moTpeOHocThY. JKenanue — moTpeOHOCTb,
MIPUHSBIIAS KOHKPETHYIO0 (OPMY B COOTBETCTBHUH: C KYJIBTYPHBIM U MPOPECCHOHATBHBIM YPOBHEM U
JTUYHOCTBIO YeJloBeKa. JlesaTenbHOCTh — IeJIeyCTpeMIIEHHAs aKTHBHOCTD, pean3yromias NoTpedHo-
CTH YeJIOBeKa.

[To3xe B popmymny ObLIT BHECEH €Ille OJIMH dJIeMEHT — MOTHB (motive). @opmyna npuodpena
oxoH4arenbHbIi BUuL — AIMDA, rne A- BHumanwue, |- uHTEpec,

M- motuB, D - )xenanue, A - akTUBU3ALUSA JEATSILHOCTH.
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A- npueneyenia eHumanua (attention),
I-unmepec (interest),
M-momue (motive),
D-orcenanue (desire),
A- akmueuzayua desamenvHocmu (activity).

Puc.3. BosneiictBue nndopmaruu Ha uenoBeka mo gopmyne AIMDA (anr.)

OpnHako B 3TOM TEOPETUYECKOW MOJIENM HE 10 KOHIAa ObLIO YCTaHOBJIEHO, KaK B3auMOJIEH-
CTBYIOT MEXJ1y COOOM 3JIeMEHTHI TaHHOK cxeMbl. HarpumMep, KakuM 00pa3oM, HAUMHASCh OT PUBIIE-
YeHUs] BHUMaHUs, HH()OpMAIIMOHHOE BO3/ICHCTBUE HA YEJIOBEKA 3aKAaHUMBAECTCS €T0 UCIIOTHUTEIbCKOM
JeATeNIbHOCTRI0. TO ecTh (popMyra He 10 KOHIIA pacKpbIBasia CBA3U MEKITY MH(DOPMAIIMOHHBIM BO3/CH-
CTBHMEM U 3apaHee MPEANoIaraeMbIM pe3yJIbTaToOM AeSITeNbHOCTH. OYeBUIHO, YTO BO3MOKHOCTh IIPH-
0o0peTeH s YeJI0BEKOM KaKOro-JIMOO ToBapa HeE SIBISIETCS MPSIMBIM CJICICTBUEM PUBJICUCHHS BHU-
MaHUs, KaK cIeayeT U3 JaHHON (pOpMyIIbI U Kak HHOTAA OIIMOOYHO MOJAraloT CHEIUAIMCThL. Mexay
IIPUBJICYCHUEM BHUMAHMS U ITIOCTYIKOM CYILECTBYET CII0KHAS LEb IPUYNHHO-CIIEACTBEHHBIX CBS-
3eii, orpenesieMbIX JOCTATOYHBIM KOJIMYECTBOM IICUXOJOTHYECKUX M APyrux ¢akropoB. Kpome
TOT0, KaK [MOKa3aJia NpaKkTUKa, B JaHHYIO (JOpMYJTy HE IMONai TAKHE Ba)KHBIC IIEPEMEHHBIC, KaK M0-
TpeOHOCTH U MOTHBBI UEIOBEKA, MaMsITh, IMOLIMHU, ACCOLIMATUBHOE MBIIIJICHHE, COIUAITBHO-TICUXOJIO-
TMYECKHE YCTAHOBKH U JIp., KOTOPBIE UTPAIOT OYEHb BAXKHYIO POJIb B MPOLECCE MPUHATHS PELICHUS
M0J1 BO3/JICHICTBIEM BOCIIPHHIUMAEMON HHPOPMAIIHH.

B Hacrosiee BpeMst HaKOTUIEH OOJIBIION OIBIT IPUMEHEHUS TAHHON TEOPETUIECKON MOJIEIN C
ucnonb3oBanueM popmyiel AIMDA, X0Tst 00JIBIIIOE YHCIIO CIICIIUATMCTOB CETOHS €€ KPUTHKYIOT.

Heckonbko mozxke 6buta npeanoxena popmymna ACCA, koTopas XxapakTepu3yercs TeM, 4TO
cBoUT 3 ekt nHPOPMAIMOHHOTO BO3IEHCTBHS K ONPEICICHHIO ayAUTOPHUH, MPOIIEIIIEH Yepes
OJIMH M3 YEThIPEX STAIOB MOTPEOUTEIHCKOTO MOBeIeHUs — BHUMaHue (attention), Bocmpustue ap-
rymenTtoB (comprehension), yoexaenue (conviction) u neiicrue (action).

A- BHEMaHHe (aitention),

C- BOCIIpHATHE apryMeHTOB (comprehension),
ACCA C- ybexeHue (conviction),

A- neiictBue (action).

Puc.4. BozneiictBue nundopmarinu Ha uenoBeka mo gopmyne ACCA (anrum.)

B xauecTBe 0JTHOTO U3 OCHOBHBIX 3JIEMEHTOB IICUXOJIOTUYECKOTO BO3ICHCTBUS TaHHAS MOJEb
BKIItOUaeT yoexneHnue. M3BecTHO, 4TO yOexaeHue SIBISIETCA OJHUM U3 HauOolee JeHCTBEHHBIX Me-
XaHU3MOB BO3JICMCTBUS HA CTPATETHIO HA MBIIIJICHUE YeloBeKa. B To jxe BpeMs 0COOEHHOCThIO JaH-
HOW MOJIENH SIBISIETCS HEIOOLIEHKA POJIM MOTPeOHOCTEN YeloBeKa B CTPYKType HHPOPMAITHOHHOTO
BHU3YaJIbHOT'O BO3JICHCTBUA.

Benp yenoBeka Henb3s yOSTUTh WM 3aCTaBUTh 3aXOTETh, JAENaTh YTO- W00, B YeEM Yy HETO
W3HAYAJbHO HET O0BEKTUBHOM HYXK/BI U MOTPEOHOCTH B 3TOM. OUEBHUIHOE TOCTOUHCTBO (hOPMYITBI
— BHHUMAaTeIbHOE OTHOIIIEHHUE K npoiieccy MblieHus. [Ipu pazpaboTke nHPOpMAIIMOHHBIX CPEICTB
Ha OCHOBE 3TOW (POpPMYIIbI JieaeTcsl akIleHT Ha MbIIIJIEHHEe pabOTHHKA, Ha €r0 OCO3HAHHOE MOBEJIe-
HUE B YCIIOBUSX IIPOU3BOJACTBEHHBIX PUCKOB.
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Ha ocnoBe nanbreimmx uccnenoBanuii (I'. ['onmpaman) 6suta mpennoskena popmyna DIBABA.
Ona ocHOBaHa Ha a00OpeBHATYpE HEMEIIKUX HA3BAHMIA ATAIOB MPOIEcca MPUHSITUS PEIICHUS YeIOBe-
koM: 1) ompeneneHue MOoTpeOHOCTEN U KEJTAHUH MOTEHIIMAIBHBIX MTOTpeOUTENeH; 2) OTOXKIECTBIIC-
HUE TOTPEOUTEITHLCKUX HYXK] C TMPEIJIOKEHUEM PEKIIaMBbI 110 OXPaHE TPYAa; 3) «IIOATATKUBAHUEC)
noTpeduTenss K HEOOXOAMMBIM BBIBOJAM O JNEHCTBUSX, KOTOPbIE aCCOLMUPYIOTCS C €ro noTpedHo-
CTSMU; 4) yd4eT IpeanosiaraeMoi peakluy MOTPeOUTeNst; 5) BBI30B Y MOTPEOUTENS KeJlaHus JIei-
CTBOBaTh; 0) cozaHue OJaronpUsTHOM IS 1eHCTBUS OOCTAaHOBKHU.

D- onpenenenne notpebHOCTeH U KeTaHHH
MOTeHIHATEHEIX MOoTpebuTeneit,
I- oroxpaecTBIeHHE NIOTPeOHTEIBECKHX HYKI C
[IpeI0oKeHHeM peKIaMbl,
DIBABA B- «rmiogTankHBaHHE» NOTpebHTeIs K HeOOXOJHMEIM
BEIBOJAM O JeHCTBHAX, KOTOPEIe aCCOLMHPYIOTCS
C ero NoTpeOHOCTIAMH,
A- yueT mpearonaraeéMon peakIHH moTpeOUTe I,
B- BHI30B Y IIOTpeOHTeNA JKelTaHHI el CTBOBAT,
A- co3gaHHe OIarONPHATHOH J14 JeHcTBHA 0OCTAHOBKH.

Puc.5. BozneiictBue nundopmaiuu Ha yenoseka mo gopmyine DIBABA (nem.)

[IpenmymiecTBOM JaHHOM MOIEIH SBJISIFOTCS: OPUEHTAIHS Ha TOTPEOHOCTH B MH(GOpMAIINH Ye-
JIOBEKa, MOHUMAHUE POJIM TpoLecca MPUHATHS PELICHUH, CpaBHEHUS, OCO3HAHHOTO BBHIOOpA B TOU
WJIA UHOW CUTYaINH, UCTIOJIH30BAHNE 3aKOHOB MBIIIIJICHNUSI, BBEJCHUE B MOJIEIIb MEXaHU3Ma IPUHSTHUS
peLIeHus U «O0OpaTHOM CBSI3M», HOHUMAHUE POJIM SMOLMIA ¥ MO3UTHBHOTO OTHOIICHUS YelIOBeKa K
pexiame.

HoBerii 5Tan B pa3paboTKe NCHXOJIOTUYECKON CTPYKTYPHl HH(POPMAIIMOHHOTO BO3/EHCTBUS B
BUJIE KpaTKOil (opMyJibl ObUT MPOJIOIKEH aMepUKaHCKUM pekiamuctoM Paccemiom Komn, koto-
poiit peanoxun mogens DAGMAR. HecmoTpst Ha TO, 4TO OHA IpPEJIOKEHa aBTOPOM MPUMEHH-
TEJBHO K peKJIaMe MPOYKIINH C IENTBbI0 TIOBBIIIEHHS MPOJaXK, TaHHas (opMyIIa, Kak IoKa3aja Ipak-
THKA, MOXXET IPUMEHATHCS U JJIs IPYTUX CIIy4aeB BU3YaJIbHOTO MH(MOPMALMOHHOTO BO3/IEHCTBHS Ha
9eJI0BEKa.

dopmyna oOpasyeTcs U3 HadanbHBIX OyKB aHruiickoit dpaser: Defining advertising goals —
measuring advertising results (ompenencHue pekiaMHBIX Iieleli — H3MEPEHHE PEe3yJIbTaTOB pe-
kJs1ambl). COrylacHO 3TOM MOJIENU, aKT MOKYIIKU TPOXOAUT YeThIpe (a3bl: 1) y3HaBaHUE MapKu TOBapa;
2) acCUMUJISIIIAS — OCBEJIOMJICHHE aJ[pecara 0 KaueCTBE TOBapa; 3) yOeKI€HHEe — MCUXO0JOTUYECKOe
NPEpacioIokKeHne K TOKYIIKe; 4) neficTBue — COBEpIICHUE MOKYIKH aJpecaToM peKaMbl.

DddekT pexsiamMbl OMpeeseTcss MPUPOCTOM YHCIIA MOKYIaTeael Ha KaKI0N U3 yKa3aHHBIX
¢a3. Oranune moaenn DAGMAR oT noaxooB, OpUeHTUPOBAHHBIX Ha JEHCTBUS, 3aKJIIOYAETCS B
MCXOJIHOM TIOCBHIIKE: COBEPIICHUE NEHCTBUS OINMpPEENseTCs] BCEMH OCHOBHBIMHU JJIEMEHTAMU KOM-
IUIeKCa MapKeTHHTa.

B nocnennee Bpems B Ka4eCTBE KOHIIETIIMN TICHXOJIOTHYECKOTO BO3ICUCTBUS MH(OpMaIy Ha Ye-
JIOBEKa HCIIOJIB3YETCS MOJENb COLMAIBHO-TICHXOJIOTUUECKOW YCTaHOBKH, WM aTTUTIONA (attitude).
JlaHHast MOJIEITh TIPEIIIoNIaraeT, 4To B Iporecce MHYOPMAIMOHHOTO BO3/ICHCTBUS Y CYOBEKTa BOSHUKACT
TOTOBHOCTb K JIGUCTBHUIO, KOTOpas UMEET CIIOKHYIO MHOTOKOMITOHEHTHYIO CTPYKTYpY. Bbinensior cie-
JTYIOIINE KOMIIOHEHTHI: no3HasamebHblll (KOTHUTUBHBIN), amoyuonanbHolil (ab)EKTUBHBIN), nosge-
Oenueckutl (KOHATUBHBIN) (pHC.6).
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® Y3HaBaHHEC MapKH TOBapa.
¢ ACCHMHIAITHA — OCBCIOMIICHHE aJgpecara o
KayeCTBE TOBapa,

DAGMAR [ YGBH(,I[BHHB — IICHXOJIIOTHYCCKOC
L ]

IIpeapacIlOOKEHHE K IIOKVIIKE
IeificTBHE — COBECPIICHHEC IIOKYIIKH aapecaToM
PERKIIAMEI.

Puc.6. Bo3neiictBue nadopmanuu Ha yenoBeka mo popmyne DAGMAR (anrin.)
Defining advertising goals — measuring advertising results (onpeaeneHne pekjiaMHbBIX HeJeid —
U3MEPEHUE PE3yNIbTaTOB PEKIIAMBI).

ITpu nH(OpMaLMOHHOM BO3AEHCTBUM Y CyObEKTa BOZHUKAET FOTOBHOCTb K JICHCTBHIO, UIMEIOILIETO
CJIO’KHYIO MHOT'OKOMIIOHEHTHYIO CTPYKTYDPY.

e nozHasamenvHuili (KOTHUTHBHEIE),
o suoyuonansHsill (ah ek THBHEIIN),
e noeedenyeckili (KOHATHBHEII).

Puc.7. BosnelictBue nHpopmaluu Ha 4eoBeKa 1o MoJIeiH arTuTiona (attitude)

[Ipennonaraercs, 9To0 COUMATBHO-TICUXOJIOTHYECKAs yCTAaHOBKAa OKa3biBaeTcst 3(dekTuBHOM
JUIS IOBEJICHMSI, €CIIU MEX1y €€ OTIEIbHbIMU KOMIIOHEHTAaMH HET CYILECTBEHHBIX IMPOTUBOPEUMH.
[Ipeobnananue 0AHOrO KOMIOHEHTA HaJ IPYTUMU IPUBOJIUT K OCJIA0JICHHUIO BO3/ICHCTBHS MOTydae-
MOW yCTaHOBKH, K CHYJKEHUIO CTEIIEHU €€ BIIMSHUS Ha [TOBEACHNE UelloBeKa. JJoCTONHCTBOM TaHHOTO
MOJIX0/JIa MOKHO CUUTATh MOMBITKY, KOTJa UCIOIb3YsI CUCTEMY IICUXOJOTHYECKUX MOHATHI, MOXHO
MOJIBEPTHYTh HAyYHOMY aHAJIM3y MaKCUMaJIbHOE KOJUYECTBO YYAaCTBYIOIIUMX B HEM ICHUXUYECKHX
nporeccoB. Tak, MIO3HaBaTEIbHbINA KOMIIOHEHT MIPEIIOIAraeT aHalInu3 CIEAYIOIINX IPOLECCOB Mepe-
paboTku nHpOpMaLUK:

—BOCIIPUSITUS,, BHUMAHUS, NaMsTH, IPUHATHS PELICHUM, MPOrHO3UPOBAHMS, IUIAHWPOBAHUS,
MBILLUICHHUS;

—3MOLMOHAJIBHBIM KOMIIOHEHT — aHAJIN3 SMOLMOHAJIBHBIX COCTOSHUN, OTHOILIEHUH U JIp.;

—KOHATUBHBIA — aHaJIN3 IOCTYIIKOB, HEOCO3HABAEMBIX (DAaKTOPOB, BIUSIOIINX HA ITH NOCTYIKH
UT I

OpHako B HanpaBJIeHUH, Pa3BUBAEMOM TOJIBKO HAa OCHOBE TEOPHH aTTUTIONA, HE YUUTHIBACTCS
OTIpeIeNAIoNIas pojib OObEKTUBHBIX MOTPEOHOCTEN UeIoBeKa KaKk OCHOBHOTO (PaKTOpa MOBEICHHUS.

B nocnennee BpeMst B ICUXOJIOTUN JIMYHOCTH B KaueCTBE OOBSCHUTENIHOTO IPUHIIMIIA CTaJU
Yalre UCIOJIb30BaTh MOEIH, B OCHOBY KOTOPBIX IOJIOXEHbI CUTYaTUBHBIE (PAKTOPHI TOBEIECHUS T10-
Tpebureneil. OAHUM U3 APKUX MPUMEPOB SBIsETCS Teopus «Oa3zuca orcuera» Mysadepa u Kaponun
Hlepudos. 1o HameMy MHEHUIO JaHHAs KOHLEMIIMS XOPOIIO YYUTHIBAET MOBEIEHHE MOTpeduTenei
B 3aBHCHMOCTH OT BO3HUKAIOIIUX CUTYaLIUH.

TpaauOHHBIE NICUXOJIOTMYECKUE TEOPUH, UCCIENYIOINE MOTUBALIMIO U TIOBEJICHUE JIIOJIEH,
OCHOBBIBAIOTCSl HAa a0CTPAKTHBIX MOHATHUSAX, HAIPUMEpP, TOBOPAT, YTO y YeJIOBEKa €CTh HEKOTOpas
noTpeOHOCTh, U OH JICHCTBYET B COOTBETCTBUU ¢ Hell. Crieruduka TaHHON TEOPUU COCTOUT B TOM,
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YTO OHA PacCMaTPUBAET MTOBEJCHUE YEJIOBEKA B MAKCUMAJIbHO KOHKPETHBIX YCIOBUAX B JaHHBIM MO-
MEHT BpeMeHHU. Takoe NOBEIEHNUE BO3HUKACT U3 «IICUXOJOTMYECKOI0 HACTPOS», KOTOPBIM MOKET
OBITh «CXeMaTU3UpoBaH». MHaue roBops, mpeiacTaBisieT cOO0M «IIpHKa3» UHAUBHAY Ha 00paboTKy
KOHKPETHOI'O0 KOMILJIEKCA pa3Apa)xuTelel, ONpeaesoluX NoBeJeHre yenoseka. lIpasBna B aTom
cllydae CO CTOPOHBI OBIBAa€T MHOTJA CIIOKHO MPEJCKa3aTh UIU OOBSICHUTH MPUYMHBI KOHKPETHOTO
IIOCTYyIIKa yenoBeka. Hanmpumep, nmouemy oJ1H 4€JI0BEK B IIPOLIECCE TOKYIKU PYKOBOJACTBYETCS IIpe-
MMYILECTBEHHO 1IEHOM, a Ipyroi kayecTBoM u3nenus. [locnennee 0coOEHHO MPOSBIAETCS B IPHOO-
PETEHUH TEXHUUECKU CIIOKHBIX U3EIUI T0JITOBPEMEHHOIO M0JIb30BaHMSL.

OOBACHUTD 3TO MOXKHO cieayromuM. DakTopsl, onpeaeNaoue MCUX0I0THYeCKU HaCTpoil
B JII00OH MOMEHT BPEMEHHU, MOTYT OBITh PA3IIMYHBIMUA U ACTSATCS HAa «BHEIIHUE» U «BHYTPEHHUEY.
K «BHEMHUM) OTHOCATCS — JIFOJIM, TOTOJHBIE YCIOBHS, TEXHOJIIOTUHU U Jp., @ K «BHYTPEHHUM» —
YTO IPOUCXOTUT B STOT MOMEHT BPEMEHH BHYTPHU YEJIOBEKA. ITO MOTYT OBITh MOTPEOHOCTH, MOTUBBI,
BOCIIOMUHAHUS, OTHOILIEHUE K YeMY-JIN0O0, COCTOSTHUE 370POBbS U T. 1.

Kaxp1ii yenoBek, B COOTBETCTBHH C TEOPHEN «0a3nca OTCUeTa, CO3HATENILHO WIH OecCco3Ha-
TEJIbHO MOCTOSHHO BBIOMPAET HEKOTOPbIE U3 3TUX BHYTPEHHUX M BHEUIHUX (DaKTOPOB U MPH 3TOM
urHopupyert apyrue. CnocoOHOCTh K OTCEUBAHUIO TE€X WM UHBIX (PAKTOPOB BpeMs OT BPEMEHH MO-
XKeT MeHATbCs. C TEeUEeHHEM BPEMEHU CEJIEKTUBHOCTh YEJIOBEKAa HAUMHAET MPEBPAIaThCs B OIpeie-
neHHyto cxemy. OH mproOpeTaeT CKIOHHOCTh OTAAaBaTh MPEANOYTEHNE OJJHUM BelllaM B IIPOTUBOBEC
npyruM. Bo3HHMKAIOT Tak Ha3bIBaeMble «SIKOPs» ( KaK aHAJIOI IICUXOJOTMYECKOW YCTaHOBKH). JTO
MIPOUCXOAUT IIOTOMY, YTO YEJIOBEKY OT MPUPOJIbI JAHO CXEMATU3UPOBAThH OIBIT, YTO, I0-BUAUMOMY,
OOBSICHSICTCS €T0 JKeTaHUeM U30ekaTh HHPpOPMAIIMOHHOW TIeperpy3KH [3].

Opnako yarie BCero CTUMYJIOB TaK MHOTO M OHU TaK pa3HOOOpa3Hbl, YTO CXeMaTU3allu1, CTa-
OunM3alMi MOXKET HE HACTYMUTh. Tak, 4acTo HAOIIOAETCs, YTO YEIOBEKY CIIOKHO MPHUUTH K Ka-
KOMY-TO OJIHO3HaYHOMY PEIICHHUIO, T. €. cJeNaTh BeIOOp. Psn mronmeit yacto Aymarot, 4To caenaTh
BBIOOp JTOJKHBI HE OHH, a MPOJABIIBI, Tpoaromue Toap. [Ipu 3Tom, oHM 3a0BIBAIOT, YTO B KAYECTBE
MOCTPAJAABIINX OKa3bIBAIOTCS B MEPBYIO Ouepe/lb OHM CaMH, KOTJa MPUOOpETaroT HEe TOT TOBap.
3necy wHbOpMaNH, mpeniaras 4YeTKyl0 PEKOMEHIAIHI0, «HABOAMUT MOPSIOK» B HECTAOMIHLHOM
T10JI€ 3HAYUMBIX M YaCTO MPOTUBOPEUYUBBIX (hakTOpoB. IMEHHO 3TUM U ynaeTcs BO3/1eHCTBOBATh Ha
IIOBE/ICHUE YEJIOBEKA, HEPEIKO BBIHYK/1asl €r0 IPUHUMATh TO PELIEHUE, KOTOPOE BBITOIHO MTPOIABILY.

OpHako peakuys 4eJI0BEKa 3aBUCUT B OCHOBHOM OT TOT'0, HACKOJIBKO CXE€MaTH3alus, 3aJaHHas
pa3paboTYUKOM peKiIaMbl, COOTBETCTBYET IIPE/ICTABICHUAM YeJIOBeKa Kak nmokynarens. B cioyuasx,
KOT/Ia BHEIIHHUHA pa3IpaKUTeNb CTPYKTYPHO O(pOPMIIEH JOCTATOYHO YETKO, BIHUSHUE BHYTPEHHUX
(dhakTOopoB (HampuMep, CIOCOOHOCTh BUJIETh TO, YTO XOUETCSI YBHUJIETD) OCIa0sSETCs.

Teopernueckue pa3pabOTKU B 00JIaCTH IICUXOJIOTMH HH()OPMAIIMOHHOT'O BO3JICHCTBUS B HACTO-
s1ee BpeMs O3BOJIAIOT OINpeneanTh (GopMaibHbIe IPAHUIIBI, B Mpeesiax KOTOPBIX 3Ta JEATelb-
HOCTb OKa3bIBaeTcs 3¢ (ekTuBHON. [J1aBHOE, OHM IOMOTAIOT OTBETUTH Ha BOIPOC, YTO MPOUCXOIUT
C 4eJI0OBEKOM, KOTJia MoJ1 BO3/1eCTBUEM MH(OPMALIMK OH NMPUHUMAET PEIIEHHE O KOHKPETHOM JIei-
CTBHMH B TOM WJIM UHOW CUTYaLIUH.

Kak nmoxa3pIBaeT npakTHka, peajbHO, MPHU NPUHATUU PEIIEHUN YeTOBEKOM OOHApYyKUBACTCS
OTPOMHOE KOJIMUYECTBO (haKTOPOB, KOTOPbIE OCTABJISIOT 32 HUM IPaBO JAEHCTBOBATH OCO3HAHHO U HE
MIPEBPAIIAIOT B TACCUBHOE CYILECTBO, MTOJHOCTHIO 3aBUCUMOE OT BHEIIHUX, YACTO HEONPEAeSI€HHbIX
yCIOBUN. 3HAHUS PAa3IMYHBIX MOJEJEH CIOKHBIX MCUXOJOTHUECKUX MPOLECCOB IO3BONISAET 00b-
SICHATH MOBE/ICHNE NMOTPeOUTENs], pa3BOpaYMBaIOLIMECs] B KOHKPETHBIX yciaoBusX. [losTomy como-
CTaBJICHUE TIOHATUN M KaTErOpHii, yCTaHOBJICHNE (PYHKIIMOHATHHBIX U MPEAMETHBIX CBS3EH MEXKIY
HUMHU CETOJIHS ABJIETCS aKTyaJbHOM 3a/1a4ueil ICUXO0JIOTUU PEKJIAMHOTO BO3/IEHCTBUSI.

B npoTHBHOM ciy4ae BO3HUKAIOT IPOOJIEMbI B3aUMOIIOHUMAaHUS MKy pPa3paboTUMKaMu pe-
KJIaMbl ¥ IOTPEOUTENSIMU, MOSIBISIFOTCS] CUTYaIlUH, IPETSITCTBYIOIINE TOCTH)KEHUIO MEXaHU3MOB HH-
(dbopmanMoHHOTO BO3JeiicTBUA. B pesynbpTare 3aTpadeHHble (PMHAHCOBBIE CPEACTBA Ha pa3pabOTKy
BU3YyaJIbHOU MH(OPMALIUK UCTIONB3YIOTCS (OpMabHO U HeA((HEKTUBHO, IPUHOCS BMECTO TIPUOBLIN
- YOBITKH.
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Takum o0pa3om, 3HaHHE TICUXOJIOTHYECKUX MEXaHM3MOB IICUXOJIOTUYECKOTO BO3/IEUCTBUS BU-
3yaJIbHOM MH(OpPMAIUK O3BOJISIET HAYYHO 0OOCHOBAHHO MCIIOJIB30BATh PA3IMYHBIC TOAXO0/bI B pa3-
paboTKe pa3InYHON PEKIaMBbl, YTO MO3BOJISIET MOBBICUTH €€ 3PPEKTUBHOCTD.
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HNPUMEHEHHUE KOMIUVIEKCHOI'O ITIOAXOJA K BEB-AHAJIMTUKE

HU. D. Kupunosuu A. A. Benos
Joyenm xageopwvl undceneproti  Acnupanm kageopsvl UHICEHEPHOU NCU-
ncuxonocuu u apeonomuxu bI'VUP, xonoeuu u speonomuxu bI'VUP
KaHouoam Quzuko-mamemamueckux
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Benopyccruii cocyoapcmeenubiil yHugepcumem ungomamuxy u paouosiekmponuxu, Pecnyonuxa berapyce
E-mail: artsem.bialou@gmail.com, Kirinovich@bsuir.by

Abstract. A comprehensive approach to web analytics is described, which can be presented in different data sec-
tions and must be dynamically connected and configurable. Includes ways to create an analytics profile through a code
snippet, as well as using the Tag Manager.

B nanHoii paboTe onucan KOMIUIEKCHBIN MOJIX0/] K BEO-aHATUTHKE, KOTOPasi MOXKET ObITh Mpei-
CTaBJICHA B PA3JIMYHBIX pa3pe3ax AaHHBIX U JOJDKHA OBITh JMHAMHYECKU MOJIKII0YaeMON U KOH(pH-
TypUPYEMOM.

B obmiem ciydyae BeO-aHANMUTHKA MO3BOJSIET OLEHUTH 3((PEeKTUBHOCTH BeO-pecypca U ynyd-
IIUTh €ro padoTy, B TOM YKCJE€ YBETUYUTh KOJUYECTBO MOCETUTENECH U MOBBICUTH YPOBEHD MPOJIaXK
[1]. Takum oOpa3om, BeO-aHAIH3 MIPEBpANIACTCS B HAOOpP CIIOCOOOB M HHCTPYMEHTOB, KOTOPBIE I10-
MOTalOT BBISIBUTH NMPOOJIEMbI, KPUTUYECKHU MOJAOUTH K paboTe caiiTa U OLIEHUTh ero (pyHKIIHOHAJb-
HOCTh. OJTHAKO aHAIMTHKA HE SBISAETCSA UCKIIOUYUTEIBHO TEOPETHYECKIM METOJIOM, 3TO TAKKE KOM-
IUIEKC Mep, KOTOphIE HAaIpaBJIeHbI Ha yIydllleHHe pecypcoB. IIpoecc aHaTUTHYECKOro cciae10Ba-
HUS HE JIOJDKEH OTPaHNYMBATHCS KAKUM-JINOO0 ATAIIOM pa3pabOTKH CHCTEMBI. JTO MPOIOIKATETBHBIN
BO BPEMEHH TPOIIECC BBISBICHHS U OIIPEIEIICHUS ITOKa3aTesiei paboThl CHCTEMBI.

Ha cmeHy ycTapeBIIMM TEXHOJIOTUAM MPUXOJAT Oosiee 3pPEeKTUBHBIE PELICHHUs, B TOM YUCIIE
MOJTyTH BeO-aHaTUTUKH. [109TOMYy BO3HMKaeT HEOOXOAMMOCTh JTHHAMUYECKOTO IOAKIIOUSHHS HO-
BBIX MOJyJIel 1100 OTKITIOUEHHSI CYIECTBYIOMINX (U3-3a HeAPHEKTUBHOCTH, yCTapEeBaHUS, CTOUMO-
CTH MOJJIEPKKHU, CKOPOCTU pabOTHI).

Monysb aHaIUTUKH (HEKoTOopasi OMOIMOTeKa) BBIMOIHIETCS Ha CTPAHULIE caiiTa: perucTpupyer
COOBITHS, OTCIIC)KUBACT MOJIB30BATEIBCKHIE IEHCTBUS U T.1. Tak Kak JJsl OTOOpayKeHHsI TaHHBIX HC-
nons3yercss HTML, To 6ubanoTteku pazpabaTbiBatoTcs Ha s3blke JavaScript ¥ HCIOTHSIOTCS UHTEP-
nperaTopoM Opaysepa. Hampumep, Ha caiite Google Analytics [2] mocie peructpanuu U co3/1aHus
npo¢ I aHATUTUKY JJ11 KOHKPETHOT'O pecypca reHepUpyeTcs y4acTOK KOa, KOTOPbIH 0JIKeH ObITh
BCTaBJICH HA CTPAHUILY JIJISl OTIPABKU CTATUCTHYECKHUX JaHHBIX, KAK OTOOpakeHO Ha pUCYHKE 1:
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Standard Advanced Custom

1. What are you tracking?
Y ! AdWords campalgns

e e i, g, e

2. Paste this code on your site
Copy the followir then paste it onto ev

: ediately before the closing </head> tag. (2
=scripl ype="texjavascript >

var_gag=_gaq || [}
g0 pushii_selAZCOUAL, 'UA-33230872-11);
Zgeq pushi[_trackPageview])

{function) {

wal ga = document. SCripr), gatype = | , g.asyne = trug

ga.gic = (hitps:" == document localion. protocol ? hitps:tissl . hitg.ihway) + " google-analytics. comiga "
val s = document gelElementsBy TagName( script[0]. s pareniNode insertBefore(ga, 5),

)

<igerpt=

Puc. 1. [TogknroueHrne MOIyIsl aHAIUTHKY K CaliTy

Takum 00pazom, H3MEHEHUE KOH(PUTYpallMU aHATMTHKY Ha caliTe TpeOyeT 3aMeHbI ()parMeH-
TOB KOZa, OTBCYAIOIIMUX 3a OTIPABKY CTATUCTUUYCCKHUX JIaHHBIX. I[aHHI)IMI/I q)paFMeHTaMI/I KOoaga
yIoOHO YIpaBisATh BHEIIHE, KaK MpeJyiaraeT MpakThKa BHEIpeHus 3aBucumocteii [7]. CymiecTByer
roroBoe penieane ot Google (IucmeT4ep TEroB), MO3BOJISIONISE PEIIUThH JAaHHYIO 3a/1a9y B PEKUME
OHJIaH 0e3 rmepe3arpy3ku CUCTEMBI, a Takke 0€3 U3MEHEHHUs K0J1a €€ KOMIIOHEHTOB.

Mucrnieraep teroB Google — 3TO cucTeMa yIpaBjeHUs T€raMu, MO3BOJISIONIast OICTPO OOHOB-
JSITh TET U (ParMEeHTHI KOJIa Ha CaliTe WM B IPUIOKEHUH, T00ABIIATh U M3MEHATh Terd AdWords,
GoogleAnalytics, FirebaseAnalytics, Floodlight, a Takyke CTOpOHHHE U MTOJIb30BATEILCKUE TETH 0€3
BHECCHHUSI M3MEHEHHI B KOJX caiiTa. brmaromapst 3ToMy mpOMCXOIUT 3HAYUTEIIbHAS YKOHOMHMSI Bpe-
MEHH, COKPAIACTCS] KOJIMYECTBO OIMMOOK M OTHAJaeT HEOOXOIUMOCTh 00paIaThCs 3a MOMOIIBIO K

pazpaboruuky [3]. Ha pucyHke 2 npejicTaBieH CIMCOK HauOojee pacrpoCTpaHEHHbBIX TEroB, MOJ-
Jep’KUBaeMBbIX Ter-meHemaxxepoM Google.

Ter 6e3 MeHK 3neMeHTL! BHe NanoK ™

a Boi6op npoaykTa

Ao § 3 me

@ Trusted Stores AdRolL> Marin ) COMSCORE Linked m
Rk ¢ crazyegg dsfilery TURN VisualDNA
affiliate 0 EULERIAN Mediaplex &) mouseflow neustar
nudge. Perfect Audience Pi. SearchForce Tradedoubler  Velnteractive

CKpbITh A

Puc. 2. ITonnepxuBaembie Teru aucrerdepom TeroB Google

Ter npencraBnser co0o0il pparMeHT KO/aa, KOTOPBIA COOMpPAET M OTIPABISAET JaHHBIE C BEO-
CalTOB U NPUJIOKEHUHN TPEThEN CTOPOHE. Tern MOKHO BCTaBJISITh B HCXOJHBIA KOJ CalTa, a TaKXKe
MOOUJIBHOTO HPUJIOKEHUS BPYUYHYIO JIMOO C MOMOIIBIO CHENHaTbHOTO MHCTpyMeHTa. bmaronaps
Jlucnetuepy TeroB, JOCTATOYHO yKa3aTh B UHTEpdeiice Teru, KOTOpble HEOOXOIUMO HCIIOIb30BaTh,
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a TaKKe BpEMs MX aKTUBH3ALMH.

B nucneruepe TEroB MCIONB3YyeTCs TEr-KOHTEHHEP, KOTOPBIM HEOOXOIUMO pPa3MECTHTh Ha
BCeX cTpaHulax caiira. KoHreiiHep 3aMeHseT Bce Teru, BPyuHYIO J100aBJICHHbIE B KOJI caiiTa min
NpUIOXKeHUs. Pa3MecTUB Ter-koHTeWHEp, MOXKHO A0OABISATH U OOHOBIIATH TETH, a TAKXKE YIPABIATH
ux paboToil HemocpeACTBEHHO B uHTepdeiice Jucneruepa Teros.

C momompto /lucreryepa TEroB MOKHO YIPABIATh TEraMy OJTHOTO MJIM HECKOJBKUX BeO-caii-
TOB ¥ MOOWJIBHBIX NpHiIoKeHuit. [[is akkaynTa Google MOKHO co31aTh HECKOIBKO aKKayHTOB Juc-
1eTyepa TeroB, OJJHAKO, B OOJIBIIMHCTBE CIy4aeB JOCTATOYHO OJHOTO.

IIpu noGaBnenun cios BeO-aHATUTUKKU Ha BeO-pecypc, MPUICPKHUBAIOTCS ONPENeIEHHOM I10-
ClIeIOBAaTEeNbHOCTH AelicTBUi. [locie u3ydenus CTpyKTypsl BeO-pecypcea, He00X0AUMO BBIOPATh JaH-
HbI€, KOTOPbIE KOJJIEKIIMOHUPYIOTCS, CKOHPUIYPHUPOBATh CYILIHOCTH, UCIIOJIb3YEMbIE 1JIs OTIIPaBKU
CTaTUCTHUYECKUX JJAHHBIX, HACTPOUTH AUcCHeTYep TeroB. [locnenoBaTensHOCTh ACHCTBUI MOXKET OBITh
TaKasl, KaK MI0Ka3aHO Ha PUCYHKeE 3.

Audit Code Test

« Site Structure Container Tags « Preview and Debug

+ Current Tags datalayers « GA Debugger

* Additional Tracking eCommerce * Developer Tools

©—C >(o >0 »Q0—@®
Account Set Up Configure Deploy

Account Creation Create Macros » Create Versions
Container Creation Define Rules « Coordinate Switch
Access Control Build Tags * Monitor

Puc. 3. IlocnenoBarensHOCTH NEHCTBUI N0 JOOABICHUIO aHATTUTHKHU B BeO-pecypc [7]

Hucnietuep TeroB Google mpuBengH Kak mpuMep, TEOPETUIECKU 3TO MOKET OBITh APYToi Tuc-
neTyep TeroB. UTo KacaeTcs MCIOb30BaHMS JAHHBIX, KOTOPBIE KOJUIEKIIMOHUPYIOTCS, TO UX UCTIOIb-
30BaHME Takxke BapbupyeTcs. OHM MOTYT UCIOJIb30BaThCs Il TOCTPOEHHsI IpauKOB, TaOJIUIL, TETl-
JIOBBIX KapT aKTUBHOCTH U T.I..

I'paduku u Tabmuiel ynoOHO co3zmaBaTh ¢ nomoinsio Google Analytics mubo apyroro mpo-
nykta. B paccMoTpenue 06epyT He TOJIbKO Habop (PyHKIMOHAIBHOCTH, IPEIOCTABIIIEMBIN CEPBUCOM,
a TaKyKe KOMMPYECKYIO BBITOJly OT UCHOJIb30BAHUS TOT'O MJIM MHOTO MPOAYKTA.

TenoBble KapThl AKTUBHOCTH MOXHO CTpouTh ¢ oMoinbto cepsuca Clicktale. Teru Clicktale
MOTYT OBITh J00aBJIEHBI HA BeO-pecypc Oe3 aucrerdyepa TeroB, 0JIHAKO MPHU UCIOIb30BAHUH BbIIlIE-
OIMMCAaHHOTO TTO/IX0/]a MOXKHO TIOJIYYUTH JIOTIOJIHUTENFHBIE TIPEUMYIIETCBA, HE B yIepd (QyHKIHO-
HasbHOCTHU cepBuca. Ha ocHoBe coOpannbix AaHHbIX Clicktale cepBuc mo3BosisieT BBIABIATH Hau0O-
Jee BOCTpeOOBaHHbBIE (GYHKIIMU CaiiTa U 0TOOpakaTh UX Ha TEIUIOBOM KapTe aKTUBHOCTH ITOJIb30Ba-
tens [5]. Komannol pa3paboTUMKOB HaBUTalMs K TaKUM 3JIEMEHTaM YIPOIIAeTCs, JIMOO KOMIIO-
HEHTHI [IEPEMEIIAIOTCS BbIIIE HA CTpaHUIlE (BO U30ekaHNUe CKpOJUIMHTra). TakuM 00pa3oM, MOBHIIIA-
eTcs yJ00CTBO MCIONIb30BaHMs pecypca. Ha pucyHke 4 nmpeacraBieH npuMep TemIoBOi KapThl cTpa-
HUIIBI CalTa:
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Puc. 4. Tennoas kapTa akTUBHOCTH I10JIb30BAaTENs Ha CTPaHUIIE caiiTa

Jucnietyep TeroB yao0HO npuMeHsTh u i A/B-tectupoBanus. A/B-TectupoBanue — MeTon
UCCIIEIOBaHMS, CYyTh KOTOPOTO 3aKJII0YAETCs B TOM, YTO KOHTPOJIbHAS IPYIINa JIEMEHTOB CPaBHUBA-
eTcs ¢ HabOPOM TECTOBBIX I'PYII, B KOTOPHIX OAMH MJIM HECKOJBbKO MOKa3aTesnel ObLTM M3MEHEHBDI,
JUISL TOTO, YTOOBI BBISICHUTh, KaKUe U3 U3MEHEHUH YITyUIIaloT [eNieBoi okaszarens [4]. PazHoBumHO-
cTbto A/B-TectupoBaHusl SBJISETCS MHOIOBapUaHTHOE TECTUPOBaHUE. B 3TOM citydae TecTUpyroTcs
HE JIBa LIEJIOCTHBIX BApUaHTA, a CPa3y HECKOJIKO JIEMEHTOB NIPOJYKTa MM COCTABHBIX YacTed UC-
CJIeZlyeMOro oObeKTa B PA3JIMUHBIX COUETAHUSAX, IPH KOTOPBIX KaX/blii TECTUPYEMBIH 3IEMEHT MO-
xeT ObITh IBYX BUAOB (A wim B). lns Kaxmoro BapuaHTa MOKHO JTOOABUTH MapaMeTp, YKa3bIBaro-
IIMHA UCTOYHMK JAHHBIX. 3aTeM Ha (opMax aHAIUTUKE 110 JAHHOMY MapaMeTpy MOXHO UIEHTU(DU-
[IUPOBATh PA3JIMYHbIC BAPHAHTHI U IOCTPOUTH CPABHUTEIBHYIO TUArpaMMy B pa3zpe3e He0OXO0ANMBIX
CTaTUCTHUYECKUX JAHHBIX.
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MOJIEJIMPOBAHUE PUCKA BAHKPOTCTBA IPEJIIPUSTUIA PEAJIBHOT'O
CEKTOPA 9KOHOMMUMKU PECIIYBJIUKH BEJIAPYCb
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Abstract. This article is about the bankruptcy risk of enterprises and the problems of solvency analysis of Bela-
rusian organizations using the methodology of solvency research of enterprises in the country. The author made an attempt
to reveal the specific analysis of bankruptcy risk for the organization of the Republic of Belarus using ratio analysis, and
to indicate the strengths and weaknesses of this method. She tried to highlight the disadvantages of using a ratio analysis
in Belarus, and proposed some measures to improve its conduction. As an alternative method of solvency research and
identifying the risk of bankruptcy the author proposes analytical methods as the most prospective and focuses on econo-
metric models of binary choice.

B HacTosimiee Bpemsi sKOHOMHUYEcKasi curyanus B PecnyOnuke bemapych xapakrepusyercs
HaJIMYMEM peLiecCuu, KOTopas AIUTcs 0oJiee, 4eM JiBa rojla, COKpaIleHueM peaabHbIX 10X0/10B Hace-
JIEHUs1, BBICOKMM YPOBHEM BHEIIHEW M BHYTPEHHEH JOJITOBOM 3arpy3ku. B 3Tol cBA3M BO3pacTaer
aKTYyaJbHOCTb MOJY4€HHUs! OOBEKTHUBHOM HMH(pOpManuu 00 3KOHOMHYECKOM COCTOSIHUM M CTENEHH
YCTOMYHMBOCTH NMPEAIPUATHI PEATTBHOIO CEKTOPA IKOHOMUKHU.

B nacrosiiiee BpeMsi pazpabotaHo 00JblIOe KOJIMYECTBO MaTeMaTHUECKUX MoJeneil, crnocoo-
HBIX OLIEHUBATh PUCK OaHKpoTCcTBAa. MHOTHE U3 HUX 3P(HEKTUBHO UCIIOJIB3YIOTCS B MUPOBOM Mpak-
THUKE, MHOTHE HaXOJAATCS B CTaJIUM YTOYHEHHUS, YTO CIIOCOOCTBYET MPOBEJICHUIO UX JajbHEUIIEro
HCCIIEIOBaHUS.

Mogenu HacTyIuIeHUs] HEOJAronpusATHOTO JUIsl OpraHU3alfil MOCIEACTBHS MOYKHO YCIOBHO
pa3aennuTh Ha MSITh rpyM: OagaHCOBbIE, PHIHOUHbIE, OCHOBAHHBIE HA MAaKPOIKOHOMHUYECKUX MOKa3a-
TeNsX, pEeUTUHTOBBIE M THOpHIHBIE [1].

B nenax pa3paboTku MoJenu MpOTHO3MPOBAaHUS pUCKa OaHKpOTCTBA mpeanpusituil Pecny0-
nuku benapyck Oblia BRIOpaHa HeJMHEWHAs JIOTHCTHYECKas perpeccHonHast Mozenb tuna logit.

HenuneliHas noructiuyeckas perpecCHOHHas Mojiesb Trra logit siBiseTcst MoIeIbio, B KOTOPOi
IIEpEMEHHasl IPUHUMAET TOJIBKO JIBA PA3JIMYHBIX 3HAUYEHHUS, UCIIOIb3YEMBIX IIPH UCCIIE0OBAHUY BJIH-
SIHUSI T€X WJIM UHBIX CYObEKTHBHBIX M OOBEKTUBHBIX (DAaKTOPOB HA HAJIMYHE JINOO OTCYTCTBUE HEKO-
TOpPOTO MPU3HAKA.

Ecnm uccnenoBanue 3arparuBaet N CyObeKTOB, TO €CTh €CJIM UMeeTCs N HAaOJII0ICHH, TO (paKT
HaJIMYMUS WM OTCYTCTBHSI TAKOTO MPH3HAKA B I—M HAOIIOACHUH YI0OHO MHIEKCHPOBATh YuciamMu |
(manmmuue nmpusHaka) u 0 (oTCyTcTBUE NMpHU3HaKa). TeM caMbIM MOXHO ONpEeAETUTh UHINKATOPHYIO
(TMXOTOMUYECKYI0, OMHAPHYIO) IEPEMEHHYIO Y, KOTOpasi IPUHUMAET B | —M HaOJIOICHIH 3HAUYCHHE
yi. [Ipu 3TOM Yi=1 — Npu HATMYMK pacCMaTPUBAEMOro MpU3HaKa y | —To cyowekTa u Yi= 0 — npu
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OTCYTCTBHH pacCMaTpHUBAEMOro MpU3HaKa y | —To cyobekra [2 — 4].
Henuneitnas moructuyeckas perpeccuonHas mojieiib tuna logit 3agana cienyrorieit popmyoit
[5]:

1
1+e”it

Gyie) = )
rae G (yi) — pe3y/IbTHpYIOLIHiA ToKa3aTesib Mojelu (PyHKIHMS CTaHIAPTHOTO JIOTHCTHYECKOTO pac-
MIpeICIICHHUs ),

yi — pe3yJAbTUPYIOIIMI MOKa3aTeNb JUHEUHON PEerpecCMOHHON Mojenu (OCHOBaHUSI OMHApHOM
JIOTUCTHYECKOH PEerpecCHOHHON MOJIENN),

€ — OCHOBaHHWE HATYpaJIbHBIX JIOrapu(MOB, MPUOIU3UTEIHLHO paBHO 3HaUeHuIo 2,718281828.

OCHOBaHHEM HEJIIMHEHHOHN JIOTUCTUYECKON PErpecCUOHHOM MOJIENN SIBJISCTCS JIMHEHHAs pe-

IPECCHOHHAS MOJIEIh CO CIEIYIONICH CrieruUKaIUCH:

yit= BotPr*XartP2* Xort... + Pn*Xnt +et, 2)

TI€ Vit — pe3yJbTUPYIOIIMI IT0KA3aTeNb JJMHEHHON PErPECCUOHHON MOJEINH,
o — cBOOOIHBIN UIeH MOIeTH (KOHCTAHTA),
B1, B2, Pn — Beca mpu KOJMUYECTBEHHBIX M KAYECTBEHHBIX IMOKA3aTEIAX MOJIEIH,
Xat, Xot, Xnt— (haKTOPBI IMHEHHON PETPECCHOHHON MOIEITH.

@akTopamMu JTUHEHMHON PErpeCCMOHHON MOJEIM MOTYT BBICTYNAaTh KOJWYECTBEHHBIE U Kaye-
CTBEHHBIE TIOKA3aTelu.

MopnenupoBaHnue pucka OaHKpPOTCTBA NPEANPUATUN IPOBOAUIOCH HA OCHOBaHUM OyXraiuTep-
CKOM ¥ MHOM oT4eTHOCTH 3a nepuoj ¢ 2012 o 2016 rojpl.

W3 nmerommxcs JaHHBIX MPU MOJICTUPOBAHUH UCIIOJIH30BAIUCH JIaHHbIe 3a 3 rona (2012, 2013,
2014). Ilepuon ans MoIEIMPOBAHUS BRIOpAH UCXO/S U3 CTAOUIBHOCTU PabOTHI SKOHOMUKH Peciy0-
nuku benapych B JaHHBIE IEPUOABI U OTCYTCTBUE IIIOKOBBIX COCTOSIHUM B PEaIbHOM CEKTOPE SKOHO-
muku. [Ipu sToMm BeiGopka 3a 2014 6yzaer oOydarolei 171t TOCTPOEHUS] MOJIENH, a BBIOOpKH 3a 2012
u 2013 roasl — oOyuaromue Jjisi TECTUPOBAHMS TTOCTPOCHHOU MOJIEIIH.

s monenupoBaHusi BEIOpaHBI MPEANPUSATHS, OTHOCSIIIUECS K CETMEHTY CPEIHHI M Mablit
6usHec. MoaenupoBaHre MPOBOAUTCS C MONPABKON Ha crieu(UKy BECHHs OyXraliTepcKoro yyera
(YCH u GyxranTepckuii yueT U OTYETHOCTh Ha OOIIKUX OCHOBaHMX). MoAenupoBaHUs ¢ IOTIPaBKON
Ha OTpacieBYI0 IPUHAJJIEKHOCTb HE IPOU3BOAUTCS.

Bribopka dopmupyercs u3z npennpusatiii Pecnyonuku benapych, oTHOCAIMXCS K MajIoMy U
cpenHeMy OM3HECY IO MCTOPUYECKUM JaHHBIM MPOUUIbIX nepuosoB. 30% opraHuzanuii BEIOOPKU
OTHOCATCS K KJIMEHTaM, KOTOpbIE SIBIISIOTCS 3KOHOMHUYECKH HECOCTOATEIbHBIMH (OaHKpOTaMHM),
OCTaBIIASICS YaCTh KJIMEHTOB OTHOCUTCS K KJIMEHTaM C OTCYTCTBUEM ITPU3HAKA SKOHOMHUYECKOMH HECO-
cTosiTenbHOCTH (Aedoiita). JIM3nHroBble KOMIIAHUM M OAHKH U KpPEAUTHO-(DMHAHCOBBIE OpraHU3alun
B BBIOOpPKE HE YUaCTBYIOT.

B kauecTBe 3aBUCHUMOI TIEpeMEHHOU (PHAOT€HHOI) B JIMHEWHOIN PErpecCHOHHON MOJAETH HC-
M0JIb30BaHA KaUECTBEHHAs NlepeMeHHas (OMHapHas), onpezesnseMas o HCTOPUUECKHUM JIaHHbBIM TPO-
nuIbix nepuoioB. Ilog aedonrom OyneM MOHMMATH HAJIMYUE HEBBIOJHEHUS HOPMAaTUBHBIX 3HaYe-
HUN KOJMYECTBEHHBIX IOKa3zarejeil m cpabaThiBaHME KaueCTBEHHBIX IMOKaszaTesei 3a mepuoj, a
TaK)K€ HAJIMUYUE 33JJ0JUKEHHOCTH, TpocpoueHHOM cBbliie 90 nHell. JlaHHbple orpaHUYeHbl KIMEHTaMU
otnenbHoro 6anka Pecnyonuku benapycek. [lpu aToM 3Hauenue 1 Oyaetr npuHUMATHCS, €CIIU KOPIIO-
PaTHUBHBINA 3a€MIIUK HE OTHOCUTCS K JIe(OITHBIM KIHEHTaM (He sBisieTcst 0aHKpOTOM), 3HaueHue 0
— KOTJla Y KOPIIOPaTUBHOI'O 3aeMIIMKa 1e(POITHOE COCTOSIHHE.
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B xadectBe akTOpoB MOAENU MPOTHO3ZUPOBAHUS PUCKA OAHKPOTCTBA M3HAYAIBHO HCIOJIB30-
BaHbI 26 KOJMUYECTBEHHBIX U 10 KayecTBEHHBIE MMOKa3aTeNeH, HAWITYUIINM 00pa30M OIMUCHIBAIOIIUX
(bMHAHCOBOE COCTOSIHME OpraHU3aLUH.

JanpHelmuii ananu3 pakTopoB MO3BOJIHII COKPATUTH UX KOJIMYECTBO 10 4 KOJIMYECTBEHHBIX U
1 xauecTBEHHOTO (paKTOpa.

K konuyecTBeHHBIM (aKTOpaM OTHOCATCS:

—xo3durment 00eCIeYeHHOCTH COOCTBEHHBIMHU 000pPOTHBIMHU CpeIICTBaMH,
XapakTepU3yIolUi Haluuue y cyObeKTa XO3iWCTBOBaHHS COOCTBEHHBIX OOOPOTHBIX CPE/CTB,
HEOOXOIUMBIX JUI €r0 (PUHAHCOBOM YCTOWYMBOCTH;

—ko3(durneHT GUHAHCOBON HE3aBUCHUMOCTH (aBTOHOMHMH), ITOKa3bIBAIOIIUI JIOII0 aKTUBOB
KOpPIIOPAaTUBHOTO  3a€MILMKA, KOTOPbIE TMOKPHIBAIOTCS 3a CUYET COOCTBEHHOIO KamuTania
(obecrieunBatoTCsi COOCTBEHHBIMH HCTOYHUKAMH (DOPMUPOBAHHUSA);

—K03¢hGULHeHT a0COMIOTHON JTUKBUIHOCTH, TOKA3bIBAIOIINHN 00 KPATKOCPOUHBIX TOJITOBBIX
00513aTeNIbCTB, KOTOPAsi MOXKET OBITh MTOKPHITA 33 CUET ICHEKHBIX CPE/ICTB U UX SKBHUBAJICHTOB;

—TEMII IPUPOCTA BHIPYUKHU OT peaTH3aluy MIPOAYKIHH, TOBAPOB, paboT, yciyr (ko3 UIHEHT),
XapaKTepU3YIOUINi M3MEHEHUE BBIPYYKH OT pealln3alldil NPOAYKIMH, TOBApOB, padOT, yciyr 3a
BBIOpAHHBIN TPOMEXKYTOK BPEMEHHU.

B cimyuasx, korma pacuer Kod(pQHUIMEHTOB HEBO3MOXEH (Hampumep, aenenue Ha 0, OTCyT-
CTBYIOT JaHHBIC JUIA pacyeTa H T. I.) 00 B pacueTe OTCYTCTBYET SKOHOMHYECKas CyTh, 3HAUCHUE
1o TaKkoMy K03((HUIIMEeHTY TpUHUMAETCs paBHBIM 0 (HYIIIO).

Koaddurment odecneueHHOCTH COOCTBEHHBIMU 000pOTHBIMU cpeacTBamu (K2) paccunThiBa-
eTCsl 10 clieyromel hopmyiie:

CK+J10-JA
Ko=—"a 3)

rae CK — coOcTBenHbIil kanmuTal (3HaueHue crpoku 490 Oyxranrepckoro Oamanca (naiee — popma
1);
J1O — nonrocpounsie 00s13aTenbCTBa (3HaUeHue cTpoku 590 dhopmsr 1);
JIA — nonrocpouHsle akTHBBI (3HaYeHHue cTpoku 190 popmer 1);
KA — xparkocpouHnble akTuBbI (3HaueHHEe cTpoku 290 Gopmsl 1).
Koaddunment ¢punancopoit HezaBucumocTH (aBToHOMEM) (KaBT) paccuutheiBaeTcs mo cieny-
rotei Gpopmyie:

= A€
Kan == 4)
rie JIC — neHexxHble cpe/icTBa U UX SKBUBAJICHTHI (3HaueHue ctpoku 270 ¢popmsl 1);
KO — kparkocpounsie 00s3aTenbcTBa (3HaueHue cTpoku 690 gopmsl 1).
Temm npupocTa BEIpYUKH OT peaju3aliy IPOAYKIUH, TOBAPOB, paboT, YCIyT (K03 HUIIUeHT)
(TnB) paccuuThIBaeTCs 1O Clieayromiei hopmyre:

Tns

__ Boipyuka TII - Beipyuka 11 (5)
- Bripyuka III1

rne Beipyuka TII — BeIpyuka OT peanu3aiiu IpoIyKIIu1, TOBApOB, paboT, yCIyT 3a TEKYIIUI Nepro
(3nauenue ctpoku 010 rpadsl 3 oTuera o mpuOKLIAX U yObITKaX (Hanee — popma 2));
Bripyuka I1I1 — BbIpydka OoT peaqu3any IpoayKIHH, TOBApOB, pabOT, yCIYyT 32 aHAIOTUYHBIH
nepuo npeasiaymniero roaa (3nauenue ctpoku 010 rpadst 4 popmsl 2).
KavecTBeHHBIM MOKa3aTeNIeM MOJIENH pUCKa OAHKPOTCTBA SIBJISETCS KPEAUTHAS UCTOPHS IIPEI-
npusTust. OlLleHUBaeTcs M0 JaHHBIM 32 MoclieHue 24 MecsIa, aHaTM3UpYyIoTCsl Bce (akThl HapyIie-
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HUSl KPETUTHOU NUCHUIUIMHBI. J[aHHBII (haKTOp MOXKET CBUIETENILCTBOBATH O HETaTUBHBIX U3MEHE-
HUSX B JICATEIHBHOCTH OpraHU3aIliy.

Kpeautnas uctopust kopnopatuBHoro 3aeminuka (KHk3) xapakrepu3yer KayecTBO UCHOJIHE-
HUS 00513aTEBCTB Nepe]] OaHKaMH U 00BbEM JaHHBIX OLEHUBAETCS HA OCHOBAaHMM aHAJIN3a IaHHBIX O
BBIXO0/I€ MIPEANPHUATHS Ha IPOCPOUKY 10 0053aTeIbCTBAM Mepe OaHKaMU.

KpenuTHast uCTopusi KOPIOPATUBHOTO 3aEMILUKA MMPOCTABIIACTCS CIEAYIOIUM 00pa3oM: 3Ha-
yenue 0 (HOJIb) MPUCBAaUBAETCS B cllydae, €Clid KpeIuTHas: UCTOPHSI KJIIMEHTA OLEHUBAETCs KaK Hera-
THUBHAs, 3HaueHue 1 (0IMH) MPUCBANBAETCS B CIy4ae OTCYTCTBUS KPEAUTHON UCTOpUHU (TIpU3HAETCS
HEeNTpaabHOW) MO0 KpeAUTHAs UCTOPUSI OLIEHUBACTCS KaK y/IOBJIETBOPHUTENbHAS, 3HaUeHUE 2 (J1Ba)
NPUCBAUBACTCS, €CJIN KPEAUTHAS UCTOPHUS KOPIIOPATUBHOTO 3a€MIIIMKA PU3HACTCS MOJIOKUTEIBHOM.

HenocpencTBeHHOE MOJENMPOBAHUE OCYLIECTBIISIIOCH C MOMOIIBIO CTATUCTHYECKOTO MaKeTa
EViews 6.0, myist yero ObUTH CT€HEPUPOBAHBI COOTBETCTBYIOIINE BPEMEHHBIC PSI/IbI, 3aT€M BBHIOpaH
amnmapar IJisi MOACIIUPOBaHUs — OMHapHbBIe Mojaenu (Bu: logit) [6].

[Iporiecc oneHnBaHus comesncs nocie 7 urepauuii. Pesynsrarsl npencrasiensl B Tabaunax 1 u 2.

Ta6n1/1ua 1. PGSYJ'IBTaTbI pacuc€Ta HCU3BCCTHLIX ITapaMCTPOB MOJCIIN, ITOJIC)KAINNX ONCHUBAHUIO

[Toxa3zarenp Koaddumment | CrangaprHas ommOKa | Z-ctatuctuka | BepostHocTh
KOHCTAaHTa - 5,694692 1,093285 -5,208788 0,0000
k03¢ ¢unueHT obdecnedeHHo- | 5,664214 1,521267 3,723353 0,0002

CTH COOCTBEHHBIMH 00ODOT-
HeIMHU cpencTBaMu (K2)

kodpdunment Qunancoroli | 5,147904 1,446729 3,558306 0,0004
HE3aBUCHUMOCTH (aBTOHO-

mun) (kavt)

k03¢ ¢unueHt adconrotHO | 8,474396 4,786502 1,770478 0,0466
muksuanocty (kal)

koad¢urment, remn npupo- | 0,026168 0,007717 3,390934 0,0007
cta BhIpY4KH (TpV)

MmoKa3atelb KpeauTHo! ucto- | 1,912500 0,408178 4,685452 0,0000

pun kinenta (f_Kik)

AHanu3 JaHHBIX NAa6auIp! 1 mokasan, 94To GakTopbl, OTpaKeHHbIE B MOJIENH, SIBJISIIOTCS CTAaTH-
CTHUYECKH 3HAYMMBIMH, TaK KaK MPAKTUYECKHU ISl BCEX MOKa3aTesiell B MOJIEIH BBIMOIHIETCS yCI0-
BHE: PACUETHOE 3HAYEHHE BEPOSITHOCTH JIJIS1 Z-CTaTUCTUKHU OoJbie kputuaeckoro 0,05.

Tab6nuia 2. [Ipoune pe3ynbTarhl, XapaKTepU3YIOIIHE Ka4YeCTBO MOCTPOCHHON MOIEIIN

Kpurepun 3HaueHus

R? Makdannena 0,755084

Kpurepuii Akanke 0,413490

Kpwurepnii [1IBapia 0,506342
LR-cratuctuka 187,8073

BepositHOCTh LR-cTaTncTHKN 0,00000

Kpurepuii Xanna-Kynna 0,450990
Jlorapudmudeckast GyHKIUsI TPABIOIOTO0HS -0,179348
OrpannuenHas jJorapudmMuueckas QyHKIMS IpaBIonogoous -133,1808

[IpuBeeHHBIE BBIIIE MTOKA3ATENHN TAK)KE CBUIAETENBCTBYIOT O HEINIOXOM KayeCTBE MOJIETH. A
kod(ddurmenT nerepmuHanuu MakdaaneHa moka3bsBaeT, YTO MOJIENb CIIOCOOHA OMHUCATh BHIOOPKY
Ha 75,5%. DTO CBUIETENHCTBYET O TOM, YTO MOJ00paHHbIE (PAaKTOPHI MOAETU XOPOIIIO MOJOTHAHBI
MOJ/T UCXO/THBIC JaHHBIE.

TakxuMm oOpa3om, Mmocie OLeHKH MOENb TPUoOpena eIy BHUI:
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$=-5,69+5,66X1+5,15X2+8,47x3+0,026X4+1,91xs. (6)
[Tocne noacTaHOBKM 0003HAUYEHUN, CUMBOJIM3UPYIOMIUX (PaKTOPHI:
defolt=-5,69+5,66k>+5,15kavt+8,47kal+0,026tpv+1,91f kik. (7)

JInst yaydiieHus: KauecTBa MOCTPOCHHOW MOJIENU Oblla BBIMTOJHEHA HOPMAlIU3alHsl JTaHHBIX
oOyuarorieit BBIOOpKH 1Mo GpopmyIe:

X, =2k (8)

rae Xi — HopMaJIn30BaHHOE 3HaYeHHE (PaKTopa,
Xi — HOpMaJIu3yeMoe 3HaueHue gakropa,
1 — cpenHeapudmeTnueckoe 3HaueHne (PaKTOPOB MO BEIOOPKE,
G — CTaHJapTHOE OTKJIIOHEHHE paclpe/iesieHus: 3HaYeHU I (PaKTOPOB MO BHIOOPKE.
[Iporecc onieHUBaHUS HOPMATM30BAHHBIX 3HAYEHUN CONICIICA MOCTE 8 UTepaIuil.
Pe3ynbTarhl nepecTpoeHHON MOAENTU 10 HOPMAaTU30BaHHBIM 3HAYCHUSIM TOKa3aTesel mpuBe-
JieHbl B Ta0aumax 3-4:

Tabnuia 3. Pe3ynpTaThl pacueTa HEM3BECTHBIX IAPAMETPOB MOJIENHN, OJIJIEKAIIMX OLIEHUBAHUIO

Iloxa3zaTens Koaddumment | CrangaptHas ommbka | Z-ctatuctuka | BeposiTHOCTB
KOHCTaHTa 7,875282 2,263110 3,479849 0,0005
k03¢ ¢unueHT odecnedenHo- | 5,780472 2,437049 2,371915 0,0177

CTH COOCTBEHHBIMH O0OpPOT-
HbIMH cpencTBamu (K2)

k03¢h¢unueHt ¢uHaHcoBoit | 8,746507 2,836842 3,083185 0,0020
HE3aBUCHUMOCTH (aBTOHO-

mun) (kavt)

koddument abdcomorHOH | 60,75886 17,88267 3,397639 0,0007
muksugHocty (kal)

koadduiment, Temn npupo- | 17,95857 6,089267 2,949216 0,0032
cTa BIpy4KH (tpV)

noKasarenb KpeIuTHo# ucto- | 3,512899 1,305433 2,690984 0,0071

pun kiuenta (f_Kik)

Ananuz MMPUBCACHHBIX JAHHBIX ITOKa3aJl, YTO (l)aKTOpH, OTPaXXCHHBIC B MOACIIN, ABJIAOTCH CTA-
TUCTHUYCCKU 3HAYUMBIMH, TaK KaK ITPAKTHUYCCKHU OJI BCEX IoKa3aTelicii B MOJCJIN BBIMTOJIHACTCA yCJI0-
BHUC: paCUCTHOC 3HAUCHUC BEPOATHOCTHU JIA Z-CTATUCTHKU OoutbIIIe KPHUTHYCCKOTO 0,05

Tabnuua 4. [Ipoune pe3yabTaThl, XapaKTEPU3YIOLIME KaueCTBO OCTPOSHHOM MOJIeNH

Kputepun 3HaueHus
R? Makdannena 0,895837
Kpurepuii Axanke 0,181484
Kpurepnii [1IBapna 0,274335
LR-cratucruka 238,6166
BepositHocTh LR-cTatuctuku 0,000000
Kpurepuit Xanna-Kynna 0,218984
Jlorapudmudeckast pyHKIIMSA IPABIONIOA00US -13,87251
OrpanndenHas noraprudmuieckas QyHKIHS TPaBIONO00Hs -133,1808
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[IpuBeneHHbIe BhIIIE TOKA3aTENN TAK)KE CBUACTEILCTBYIOT 00 YIyUIIEHUH Ka4eCTBAa MOJICIH U
YBEJIMUEHUH €€ MTPOTHOCTUIECKON crocoOHOCTH, a Kodddumment nerepmunanuu MakdaaaeHa mo-
Ka3bIBAET, UTO MOJEIb CIOCOOHA onucaTh BIOOPKY Ha 89,6%.

Takum 06pa3om, Mocie OLIEHKH MOEIIb Tpruodpena Cleayonnil BUI;:

9=7,88+5,78X1+8,75X2+60, 75X3+17,96X4+3,51Xs. (9)
[Tocne moncTaHOBKK 0003HAYCHHUN, CHMBOJIM3UPYIOUINX (GaKTOPHI:
defolt=7,88+5,78k2+8,75kavt+60, 75kal+17,96tpv+3,51f _kik. (10)

Takum oOpa3oM, maTudakTopHas JTUHEWHAs PEerpecCHOHHAs MOJENb, HAWIydlIIMM 00pa3oM
OIHKCBIBAIOLIAs 00YUarOLyI0 BEIOOPKY MOXKHO MPEJICTABUTD B CIIEAYIOIIEM BUJIE:

yi = BotP1*K2+P2*Kast+Ps*Kan + B4* T +Bs*KHUks3, (11)

IJIe Yi — Pe3yJIbTUPYIONIMIA TTOKa3aTelb JUHEWHOW PErpECCHOHHON MOJICIH,
o — cBOOOIHBIN UieH MOIeTH (KOHCTAHTA),
B1, B2, B3, P4, B5s — Beca mpu KOJWYECTBEHHBIX M KAY€CTBECHHBIX MTOKA3aTEIIIX MOJICIIH.
KonuuecTBeHHBIC 3HAYCHHSI CBOOOTHOTO WICHA M BECOB MPU KOJIMYSCTBECHHBIX H KA4eCTBEH-
HBIX [TOKA3aTeIsAX JMHEHHOU PErpeCCHOHHON MOJIEIH IIPUBEIICHBI B TAOJIHUIIE 5.

Tabmuna 5. KonmndecTBeHHbIE 3HaYeHHsI CBOOOTHOTO YJICHA U BECOB NMPHU (PaKTOPAX MOACIH

HasBanme moxa3zareis O0o03HaueHue B MOAEIN KomnaecTBeHHOE 3HAUCHNE
CB0OOIHBIN WiIeH BO 7,875282
Bec anisg nokaszatens K2 Bl 5,780472
Bec mg mokasarens Kast B2 8,746507
Bec g mokasarens Kain B3 60,75886
Bec g mokasarenst Tus B4 17,95857
Bec s nokazarens KHk3 B5 3,512899

Mopnenbs NporHOo3UpOBaHUS pUCKa OAHKPOTCTBA PACCUUTHIBACTCS JUISl KaXKAOTO MPEIITPUSITHSL.
CHayaza paccuuTBIBa€TCsl OCHOBaHHE MOJIENH (MATU(AKTOPHAS TMHEHHAs perpecCHOHHAs MOJIEINb)
Ha OCHOBE JaHHBIX OyXraJTepCKOM OTYETHOCTH, NMPEACTABICHHOW MPEANPUATHEM, U MPOUUX JaH-
HBIX.

ITomy4eHHBIN MHTErPAIBHBIN [10KA3aTeNb JUHEHHON PErpECCHOHHON MOJENIH IO OTAEIbHOMY
IPEANPUATHIO B JAJBHEUIIEM YYaCTBYET B PaCUETE PE3YJIBTUPYIOLIErO IIOKA3aTelIs HETUHENHON pe-
IPECCHOHHOM JIOTHCTHYECKO# Mojenu Tuma l0git, KOTOpbIi MOXKET MPUHUMATh 3HAYCHHS B IHaria-
30He [0; 1].
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INPEAOBPABOTKA BOJIBIIUX S9KCIHEPUMEHTAJIBHBIX TAHHBIX
METOJA OIIEHKHU YEJIOBEKA B YCJIOBUSX PUCKA

" 3 a
-
). .
' N

AJI. Paonénok B.C. Ocunosuu U.r. Llyneiixo KJI. Awun
Accucmenm kagedpul Jloyenm xagheopol un- Jloyenm xagheopol un- 3asedyrowuii kaghedoii
UHICEHEPHOU NCUXONI0-  HCEHEPHOU NCUXOJIO2UU  JCEHEPHOU NCUXON02UU — UHIICEHEPHOU NCUXOI0-

2UU U IP2OHOMUKU u apeonomuxu bI'VUP, U 9P2OHOMUKU, KAHOU- UL U IP2OHOMUKU
BI'VUP, macucmp mex-  KaHOUOAM MEXHUYECKUX — O0am NCUXOLOSUYECKUX BI'VUP, xanouoam

HUYeCcKUx Hayx, HayK, 0oyeHm HayK, 0oyeHm MeXHU4eCcKUX Hayx,

acnupamnm doyenm

Benopycckuii 2ocydapcmeentblil yHugepcumem uHgopmamuxu u paouosnekmporuxu, Pecnyonuxa benapyco
E-mail: Raelag@tut.ru

Abstract. Software tool provides the processing capability to expert data collected using human risk assessment
method.

Llenbto paboTHI ABIsIETCS pa3paboTKa MPOrPaMMHOTO CPEACTBa Ui MpeIBApUTEIbHON 00pa-
0OOTKM IKCIIEPUMEHTAJIbHBIX JAHHBIX, [TOJIyUYEHHBIX B PE3y/bTaTe€ KOMIbIOTEPU3UPOBAHHOU METO-
JIMKH OLIEHKH Y€JIOBEKA B YCJIOBUSAX OMACHOCTH, JJIs JalbHEHIIEH OLIEHKH.

B xavecTBe BXOJHBIX JaHHBIX UCTIOIB3yeTCsl HAOOP (aiiyioB C pacmpeHneM *.CSV, OTAEIbHbIHI

daiin cooTBeTCTBYET 0AHOMY HcmbiTyeMomy. Coaep:xkumoe ¢aiina uMeeT onpeaencHHbd hopMmar,
[MOKa3aHHbIN B Tadaule 1.

Tabnuma 1. ®opmat conepkumMoro GhanaoB JAHHBIX UCTBITYEMBIX

No cTpoku Conepxanue
1 Tun ctumyna (uHuUs/ myra)
2 KoHTakTHBIE JaHHBIE UCTTBITYEMOTO
Paccrosuue, Hanmuue OTkIIOHEHHE,
3 Ne n/mt Bpewms, ¢
MM OIITHOKH MM

B kauecTBe BHIXOJHBIX HEOOXOIUMO MOTYYHTh CPEAHUE 3HAYCHUS JAHHBIX TI0 CTOJIONAM U KO-
JINYECTBO OIINOOK AJId KaXXJA0ro MCIbITYEMOI'o B BUJAC CIIMCKaA JJIA Pa3HbIX BUAOB CTUMYJIOB (J'II/I-
HHSI/IyTa), TAKXKE TOCTPOUTH TpadMK OTKIOHEHHS OT eJICBOM MO3UIIMH MPEACTABICHHO Ha MOHH-
TOPEC B 3aBUCUMOCTH OT HOMEpA CTUMYJIa JJIA OTACIbHBIX UCIIBITYCMBbIX.

JIsst TOCTHIKEHUs 11eNu ObLTO pa3paboTaHo MPOrpaMMHOE CPEICTBO 00PabOTKH IKCIIEPHMEH-
TaJbHBIX JaHHBIX METO/Ia OI[CHKU YEJIOBEKA B YCIIOBHSX PUCKA, OCHOBAHHOTO HA METOJIC UCCIIEI0BA-
HHSL PEAKIMK Ha JBIKYIIUNACS 00beKT. [IporpaMMHOE CPEICTBO PEaTM30BaHO Ha SI3BIKE IPOrPaAMMU-
posanus C# B cpene pazpadbotku Microsoft Visual Studio 2015.

[TporpaMMHOE CPEICTBO MO3BOISIET PELIATH PSIJ CIICAYIOIINX 3a/1a4:

— 3arpy3ka (aioB UCTIBITYEMBIX;

— (opMHpOBaHUE CIHCKA UCHBITYEMBIX O CPEIHUM 3HAYEHUSM IOKaszaresiel g CTUMYIa
«JIUHUAY;
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— (hopMHpOBaHUE CHHCKA MCHBITYEMBIX 110 CPEIHUM 3HAYCHHUSAM ITOKa3aTeled JUIs CTHMYyIna
«ayTay;

— (hopmupoBaHKE CIMCKA UCTIBITYEMBIX 0 KQKJIOMY CTHMYITY;

— MPOCMOTP SKCHEPUMEHTAIBHBIX JAHHBIX OTAEIBHOTO UCTIBITYEMOTO;

— MOCTpOEHHUE rpadvika OTKIOHEHHS B 3aBHCUMOCTH OT HOMEpa CTUMYIIA;

— coxpaHeHHne 00paboTaHHBIX AaHHBIX B Excel-¢aiine;

Jliis 3arpy3KH CIIUCKA UCHBITYEMBIX HE0OXOAMMO BBIOpaTh MyHKT MeHI0 «®Paitn — OTKpBITh
HanKy», BbIOpaTh U3 CIIMCKA JUPEKTOPHIO, COAEpXKallylo B cebe (ailiibl ¢ 3KCIEepUMEHTaIbHBIMU
JaHHBIMH. Pe3ynbpTar BhIONIHEHUS H300pakEéH Ha pUCYHKE 1.

ol Cramucka - u} X

®aiin  Onepauvn
Bce ~

210901 Adparmoan ~|  Cpearee otknonenme:
2 —
210901 Fanaromma
210901 Topamesmy
210901 Tpowoscrun
210901 demmurermu
210901 Kapasau
210901 Kumesny
210901 Koaexo
210901 Konechukoe
210901 Kywnmcxna
210901 Mazano
210001 Myxanéea
210901 Opros
210901 Myxanscxit

— dispers

210901 Cosonesexuit
210901 Typorwa v

Ne r/n Bpera Paccrommme  Orknowenwe Ouwéka || | | o4O P [ |

Puc. 1. I'maBHOE OKHO IIPUIIOKEHUS

8 Cracruka - [u} x

©aiin  Onepau

Bee v

— dispers

210301 Acparosus ~|  Cpenries orknonenme:

210301 Auyxa

210301 Bapros Konuuecrso owmbox

210901 ManaHoBKY

210901 Fopavesi

210901 Fpowosckum

210901 Llemaukesny

210901 Kapasau

210901 Knnesny

210901 Kozexo

210901 KonecHukoe

210901 Kyunrckui

210901 Mazano

210901 Mnxanéea

210901 Oproe.

210901 Myxansckiit

210901 Mywmn

210901 CuHak

210901 CoGonesckuit

210901 Typomua v

Ne il Bpemn o Ounra || 1O Cpeanee QTKNOHEHHE Kon-s0 ownbox ~
Mywis 10 o
Mywis 0833 o
Mywis 5 o
Mywis 11458 o
Fyws 0 1
Mywms 12,917 0
Fyws 16,458 0
Fyws 10 0
CuHAk 12,292 0
CuHAk 18,333 0
CuHAk 7917 0
CuHAk 20,625 0
CuHaAk 13,75 0
CuHaAk 8,542 0
Camsk 14.583 0 v
< >

Puc. 2. Cucok HCIIBITYCMBIX 1O OTACIIBHBIM CTUMYJIaM BUJa «JImHans»
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Jis popMupoBaHus CHKCKa UCTIBITYEMBIX IO OTJENbHBIM CTUMYJIaM HEOOXOAMMO B BbINaja-
OIEM CITMCKE BBI6paTL BUJ CTUMYJIA, ITOCJIC YCTrO C(l)OpMI/IpyeTCSI CIIMCOK B 3aBHCHUMOCTH OT BHUJa
crumyina: «JIunusa» nim «/lyra». Pesynptar hopmupoBanus cnucka Juid ctuMmyiia «JIuHus» npen-
CTaBJICH HA PUCYHKE 2.

[IpocMOTp JaHHBIX U1 OTAEIBHOTO HCIBITYEMOIO OCYILECTBISAETCS BBIOOPOM €ro U3 CIMCKa,
TIPHUIIOKCHUC TPCAOCTABUT HYKHBIC JJaHHBIC B BUIC Ta6J'II/II_[BI, 1 NOCTPOUT rpa(bmc 3aBUCHUMOCTH OT-
KJIOHEHUW OT HOMEpa CTUMYJIA.

B Cranaciacs - o X
@aiin  Onepausm
Bee v 12
— dispers
210901 Acparicsi ~|  Cpegmes oTcousHus: 5.04644444444444
210901 . / \
210301 Harmumoares
210301 Koposiou -
210301 Kumecm 4
210301 Kogern
210301 Konecrumos
210301 Kysamscronn 2
210301 Maaono
210901 Meaane
210901 Opros 0
210901 Myxanscen
Fitoot i 001 2 3 4 5 & 7 & 9 107
210901 Cursne
210901 Caaneecani
210901 Typarnus v
Wt i Bpern Poccionane  Otenonenne  Cunten B Cpeanee aranonense  Kon-ao oubox
B 3,052 122083 7017
2 3148 125833 47187
3 3161 126458 3542
4 29 105810417
s 3125 125 s
5 3138 125417 4583
7 3,224 128358 1042
8 3,083 123333 |see7
g 325 130 o
10 3,198 77 |2083

Puc. 3. IIpocMOTp 3KCIIEpUMEHTATBHBIX JAHHBIX OTJIEIBLHOTO UCTIBITYEMOTO

Jlis mpeocTaBiaeHns CTaTUCTUYECKONH MH(OPMAIMK 110 BCEM HCHBITYEMbBIM Ul OTAEIbHOIO
BUJIa CTUMYJIa HEOOXOMMO BEIOpATh MMyHKT MeHIo «Oneparmu — Pe3ynbrate! o tuaumy nim «Orme-
pauuu — Pe3ynbTatel o xyrey». Ha pucynke 4 u pucyHke 5 U peaCcTaBiIeHbl CTATUCTUYECKUE JaH-
Hble 110 cTUMYINY «JIuHus» U «/{yra» coOTBEeTCTBEHHO.

W Cranacracs - o x
Daitn  Onepauwm
Bee - 12 — dpers
TN v
210501 Aparoama ] Cpenwes omcHenwe: 5,53396338028169
210501 Auyue E
210501 Gapron :
210901 Manamosnq [~
210501 Fopaetina
210501 Ipawoscinn
1001 Levmukesi
210501 Kopaeou
210501 Ko 2
210501 Kozeno
210501 Konecwikon
210301 Kyomc 2
210501 Mazsro
210501 Miaean
210001 Opno o
210501 Myxanscrond
pifeeith, © 1 2 3 4 %5 6 7 8 % 0N
210801 Comsan.
210801 CoSansecsni
210501 Typorus =
e nin Bpema Paccrosume  Omknowerne  Oumbra IO Cpenyes oTknOResme Kon-so owmbox: -
v N 2 se7es015.. 134800492 . | 10.2134507... 7 » : 7.02071428571429 IE]
2 268326760 . |134,740323 . |10.2736197 . |10 Ausyra B8,72014285714286 3
3 275502818 |137.751633 . |7.26230085. 7 Bopon 230475 2
4 2707425134 7190020204130 7 Fanancans 5254777777770 1
L] 273214084 1356870492 |9.34347887 . 12 lopamesiy 98,0209 a
s |2.73050704... | 137005045 . |7.97009050_. |8 | Mpowoscesi ERLrr=rr
7 274891549 137483858 | 7,53009858 . 8 Nersumesma 76248 o
s |27as12678.. | 137.25083 . |7.78392094 . |8 |Koposou 105831 o
s 27692043 137,804819.|7,14995211. 11 Kmwoama 41925 2
0 2781 137488211 |752871830 |7 Kerers 58312 o
J[r—— 2604175 |2
Kyunhemit 7,63883333333333 4
|Masana |n.9503 o
Mixancan 7 8852222222222 1
Oonos 11.0415714205714 3 v
< >

Puc. 4. Cratuctuueckas nHdopManus o UCIBITYEMbIM 715 CTUMYIa «JIuHus»
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@ Cramcra - o x
©aiin  Onepausn
Bee v

Dyra
210501 Aspavoena2 ~| Cpepues amenoweswe: 6,07791540205735 g | | \/

210501 Auyee

210501 Bopees KomesscTeo ouwson: 1,30085915402058 ™~

4

210901 Kaposaw2
210901 Kioemd
2

o 1 2 3 4 5 & 7 8 85 W N

210301 Cosanescanaz

210501 Typarmn2 -
b2 rin Bpern Paccrommme  OTkiowesie Otk @0 Cpemves omenowssme  Kon-eo owinBox s
v [ - < 7354365 | 123089985 698573873 6 Bopsann2 6,02225 2
2 250060563 | 124328028 |5.72773239. 12 B 6394555555555 1
3 251346478, 124655014, |5.40279239... 15 Tyasona 78825 2
4 248512678 | 123287830 |8,76797183 .. 6 Reusein 684075 2
5 249691540, |123.6710%6... |6,18479239... |10 Lotporoct 4,436 1
6 250870422 | 124575267 | 548046478 9 Dyfaneno2 4,80333333333333 1
7 249130020, |120.907760... [6.11798591... 11 Dyanpses 459744444444444 1
0 250376056 | 124672830 |5,38291549 |11 DNyanpora2 9,009 a
0 248521126 | 124052225 |5,00349295. 6 Kyunao 33594 o
0 248204225 123330094 |6,72509802... 7 3amz 2,99475 2
Sueina 4134 2
Nuoswosa2 5013125 2
N2 2,56885714285714 a
Mypaesiiso 6,55657142657143 3
Narovwro? 3 6893333333333 4 <
G >

Puc. 5. Cratuctuueckas nndopmanusi 00 UCHBITYEMBIX AJIsl CTUMYIA «Jlyra»

Takoke ecTh BO3MOXKHOCTh COXPaHUTh TaHHbIC U3 TabuuIl B Buae EXcel-gaiina, nis sToro Heoo-
XOAMMO BBIOpaTh MyHKT MeHI0 «Daiin — CoxpaHUTh...». [IoMHUMO 3TOTO BCE MaHHBIE M3 TAOJHUIL
MOKHO CKOIIMPOBATh, JIJIsl TOTO HEOOXOJMMO BBIICIUTH HYXXHBIC JaHHbIE U3 TaOJUI] U BHIOPATh
NYyHKT MeHI0 «Onepauun — KonuposaTh»

B pesynbTare paboThl pazpaboTaHO MPOrpaMMHOE CPEIICTBO IS TIPEIBAPUTEILHOM 00pabOTKH
JAHHBIX, MTOJIYUEHHBIX B XOJ€ SKCIIEPUMEHTA, MOCBIIIEHHOTO HCCIEAOBAHUIO MCUXO(PU3NOIOTHYE-
CKHX XapaKTEpPUCTUK YEJIOBEKA B YCIOBUAX pHUcKa. [IporpaMMHOe cpeacTBO peann30oBaHO Ha SI3bIKE
nporpammupoBanus C# B cpeze paspadborku Microsoft Visual Studio 2015.
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HCIIOJb30BAHUE BEACONS JIJIS1 IOCTPOEHUSI CUCTEMbBI HABUT ALIUU
BHYTPH 3JAHUI

JI. A. Jloco H.A. Bonoposa
Maeucmpanmka BI'VUP 3asedyrowan kagedoii ungpopmamuxu BI'VUP,
KaHOUOam mexHu4eckux HayK, OOyeHm

benopyccruii cocydapcmeennulii yHugepcumem ungopmamuku u paouodiekmponuxu, Pecnyonuxa benapycey
COOO «Hnmemuxc beny, Pecnyonuxa bBerapyce
E-mail: lyubov.los@gmail.com, volorova@bsuir.by

Abstract. The aim of the work was to review the possible approaches for the implementation of navigation and
positioning systems in buildings and through this, establish the most optimal solution in all respects. As a result, a beacon-
based implementation was chosen. The general scheme of work was considered and the main technologies for imple-
menting the system were selected. The difficulties of development and methods for their solution were determined.

C pa3BuTHEM apXUTEKTYpbl HOBBIE CTPOEHHs CTaHOBATCS Oojiee OOMIMPHBIMU U HEPEAKO
UMEIOT CIIOXKHYIO CTPYKTYpy. OpUEeHTUpOBaHUE B TAKMX COOPYKEHUSX JJIsl YEJIOBEKa, BIIEPBbIE T10-
HaBILEro B HUX, Hellerkas 3ajada. CucTeMbl HABUTALMK BHYTPHU 3/1aHUM CTPEMATCS O0JIErYUTh OpHU-
E€HTHPOBAaHNE Ha HOBOM IIPOCTPAHCTBE, 1aTh JOTOJTHUTEIBbHYIO HH()OPMAIIHIO, TOCTPOUTH MAPIIPYT
Y TOYKH cieoBaHus. 1 Mpou3BoANUTENEH U IPOAABIIOB TOBAPOB TAKUE CUCTEMbI CTAHOBATCS HO-
BBIMU TOPU30HTAMH ISl PEKJIaMbl MX TOBAapoB. JlaHHBIE COOpaHHBIE TAKUMHU CUCTEMaMHU MOTYT HC-
I10JIb30BAThCS B MAPKETUHIE JUUIS AaHAJIN3a MIOCELICHUI Mara3suHoB, HAIUIBIBOB ITOKYIATENEH, T0JIb3Y-
IOLIUECS yCIIeXOM ToBapbl. CHCTEMbI MO3UIIMOHUPOBAHUS UCIIOJIb3YIOTCS B TAKUX MECTaX, KaKk MY3€H,
KPYITHBIE TOPTOBbIE U Pa3BlieKaTeNIbHbIE IIEHTPbI, BHICTABKH, TYPUCTUYECKHE OOBEKTHI U T.1I.

TakuMm o0Opa3oM, CyIIECTBYET MHOKECTBO MPUYMH AJI UCIOJIb30BAaHUSI CUCTEM BHYTPEHHETO
MO3ULIMOHUPOBAHUS, HO IIPHU 3TOM CYILECTBYIOT MTPOOJIEMBbI TOMCKA PEIIEHUII BMECTO CHCTEM CITYT-
HUKOBOTO MMO3UIIMOHUPOBAHUSI, OATAHCUPOBKHU CTOMMOCTH, CIIOKHOCTH peajn3aluu U Apyrux ¢ak-
TOPOB.

3aadeil uccieJOBaHMsI CTAJIO PACCMOTPEHHME U aHAIN3 BO3MOXKHBIX MOAXO0JIOB K PEILIEHUIO0 U
peanu3anys CUCTEMbl HABUTallUU B 31aHUHU.

Taxk, U1t peanu3anyy TaKUX CUCTEM MOTYT HCIIOIb30BATHCS pa3IMuHble BapuaHThl. s omnpe-
JIEJICHUS MECTOIIOJIOKEHUS [IOBCEMECTHO UCIIOJIB3YIOTCS CITYTHUKOBBIE CUCTEMbI HABUTALlUU, OJJHAKO
OHHM MMEIOT KPUTHYECKHE HEIOCTAaTKH, HE MO3BOJISIONINE IIPH ONPEIECIICHHBIX YCIOBUAX JTOXOINUTh
CUTHAIIY J0 IPUEMHHUKA, [I09TOMY OHU HEIIPUTOAHBI [T ONPENCIICHH TI0JI0KEHNS BHYTPU 31aHUI.

HNuepunanbHble CUCTEMBI OCHOBAHBI HA MOJIENH JABUKEHUS YeloBeKa. ECu Mbl 3HaeM OTKyJ1a
HAuMHAeTCs IBUKEHUE, Ky/la U Kak ObICTPO JBMXKETCS 00BEKT, TO MOXKHO PaccuuTaTh, i€ OH OKa-
JKETCs yepe3 HeKoTopoe BpeMs. CHUCTEMBI OCHOBBIBAIOTCS HA IAHHBIX, IOJYYEHHBIX C IIOMOIIBIO T'H-
POCKOIIOB U aKcelIepoMeTpoB cMapTdoHa. OHAKO I TAKUX CHCTEM HEOOXOIMMO 3HATh HAYaIIbHYIO
TOYKY, ¥ CO BpEMEHEM HAKAIUIMBAKOLIYIOCS MOTPEMIHOCTD TPUXOIUTCS CBEPSITH C APYTMMU HCTOYHU-
KaMH.

CucreMbl, OCHOBaHHbIE Ha U3MEPEHUH MAarHUTHOTO MOJIS C MMOMOUIBI0 KoMIaca cMapT(doHa,
TpeOYIOT MpeBAPUTEIbHON KATMOPOBKH B IOMEIIEHUH M MOTYT IOABEPTaThCs BIUSHUIO METAJJIOB
Y MarHuTOB.
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HcnonszoBanne Wi-Fi Touek He JaeT MOCTATOYHONW TOYHOCTH, MOTPEIIHOCTh MOKET COCTaB-
79Th A0 25 merpoB. KoHdurypupoBaHue ke Takod CeTH, KOTOpask MO3BOJIUT JAOCTHYL XOPOIIETO
YPOBHSI TOYHOCTHU, TOTPEOYET 3HAUUTEIbHBIX MaTEPHAIIbHBIX 3aTpar.

CucreMbl, OCHOBaHHbBIE Ha UCIOJIb30BaHUU Beacon-MasukoB, MpeJOCTaBISAIOT JOCTaTOUHYIO
TOYHOCTh MpPH MPUEMJIEMOM YpOBHE 3aTpar. TunuuHblii Beacon-mMasyok MMeeT JOCTaTOYHO KOM-
MaKTHBIE pa3Mephl U crioco0eH MpopadoTaTh OT OJHON OaTapeiKu B TEUCHHE HECKOIBKHX JIeT. Jlamb-
HOCTb JICHCTBHS 3aBUCUT OT KOHKPETHOM MOJIEIN U HACTPOEK U B cpeaHeM coctaniseT oT 10 o 40
MeTpoB. LleHa oJHOTrO Takoro ycTpoicTBa 00b4HO He mpeBbimaeT 308$.

Cucrema HaBurauuu Ha ocHoBe Beacons oObIuHO cTpouTcs o cienyromei cxeme. [1o Beeit
TEPPUTOPUH NTOMELICHNS ycTaHaBnuBatoTcs Bluetooth-masiku, mo 3apanee H3BECTHBIM KOOpAWHATAM
B mipocTtpancTse. [loap30BaTenbeckoe NpUIoKeHue nory4aetT HHGOPMaIMOHHbBIE COOOIICHUSI OT ITHUX
MasiIKOB UEPE3 YCTaHOBJIEHHBIN IPOMEXKYTOK BpeMEHH. VIcX0/14 U3 TOJIy4EHHBIX JaHHBIX U MOLLIHOCTU
MOJIYYEHHOT'0 CUTHAJIA, HIUKJINYHO OTIpeAeNsieTcs TeKyIlee M0J0KeHNEe MPUHUMAIOLIETr0 YCTPOCTBa.

[leproMYHOCTD BEUIaHMS JAHHBIX OT MAasKOB MOXET OBITh HAaCTPaMBAEMBIM MApaMETPOM,
00bIUHO Hcmonb3ytoTesa 3HayeHus oT 100 mc u pexe. [lepnoanyHOCTh BbIIaYM JaHHBIX BIMSAET Ha
MIPOJOJKUTENFHOCT PAa0OTHI YCTPONCTBA, U, KOHEUHO K€, Ha TOYHOCTh ONpeAeNICHUsI MECTOIOJIO-
xeHus1. UeM yallle KIIMEHTCKOE NMPUIIOKEHHE [T0JIy4aeT JaHHbIE, TEM TOYHEE CTPOUTCS MapIIPYT €ro
cnenoBanusi. C Apyroit CTOpOHBI, yBeIUMYEHUE YacTOThI Bemanus Beacon (100Mc — Bei1aua TaHHBIX
10 pa3 B cekyH/y), 3HaUUTEJIbHO YBEIMUMBAET IIOTOK JaHHBIX, KOTOPBIE HY>)KHO 00pabaThIBaTh B pe-
KUME pEalbHOrO BpeMeHH. TakuM oO0pa3oM, OJHO KJIMEHTCKOE MPUIIOKEHHE MPUHHMAET exece-
KYH/JHO JIaHHbIE HEKOTOPOT'O KOJIMYECTBA MAsIKOB, B PaNyC JEHCTBHUS KOTOPHIX MIOMNA/1aeT, I€PEeIaeT
9TH JIaHHBIC HA CepBEP, IJI€ OHU JIOJDKHBI OBITH COXPAHEHBI JUIs NajbHeiel 00padoTKu, MpoaHaIu-
3UpOBaHbI B IaHHBI MOMEHT BPEMEHHU, pPACCUUTAaHbl KOOPAUHATHI U OTJIaHBl OOPaTHO Ha KJIMEHTCKOE
npuiokeHrne. KonmuuecTBo XpaHUMBIX JaHHBIX HA CEPBEPE MOCTOSHHO YBEIUYUBACTCS, UX XpaHEHUE
II03BOJISIET IPOBOJUTH aHAJIMTUYECKUE MCCIIEA0BAHNUS 3a ONPEAEICHHbIE IEPUObI BPEMEHH, MI03BO-
1515 IONy4aTh JaHHBIE IO HauboJiee MOMYISIPHBIM MapIIpyTaM (B TOProOBOM LIEHTpPE, HApUMep), 00-
IEMY KOJIMYECTBY ITOCETUTENIEH B KOHKPETHOM MECTE B KOHKPETHOE BPEMSI U T.J.

[TockonbKy HUT/IE TOYHO HE ONPEEICHO, KaKO€ TOUHOE KOJIMUYECTBO JaHHBIX YK€ MONaiaeT
noJ mouatue «Big Datay, mox STUM TEPMHUHOM TOHUMAETCSI HE TOJIBKO OOJIbIINE 00BEMBI JaHHBIX,
HO ¥ HA0Op TE€XHOJIOTHi 17151 uX cOopa, 00pabOoTKU 1 XpaHeHHs. EcTh MHeHHe, UTO TaKue TEXHOJIOTHU
JIOJKHBI penIaTh CIeAyoLe NpoOIeMbl:

—YMeTh 00pabarbpiBaTh OOJIBIIE JAHHBIX, MO CPABHEHUIO CO CTaHJIAPTHBIMU CIIEHApUSIMU
(naHHBIE, TeHEPUpPYEMbIE (PUZNUECKUMU JaTUHKaMHU );

—VYMmeTh pabotarh ¢ OBICTPO TMOCTYMAIOIMMUMH JAHHBIMH B OOJIBIIUX OO0beMax (ITOCTOSTHHO
YBEJTMUMBAIOIIMMUCS B KOJIMYECTBE);

—YMerp paboTaTh € IUIOXO CTPYKTYPUPOBAaHHBIMU JaHHBIMU (IIOIpa3yMeBaeTcs, 4YTO
ITOPUTMBl MOTYT IOJlydyaTh Ha BXOJ HE BCErJa CTPYKTYpUPOBaHHYK HHGMOpManuioo — s
OIpeIeNIeHs] KOOPUHAT CUTHAJIBI C PA3HOTO KOJIMYECTBA MAsIKOB).

Hcxons u3 Takux NoJI05KEeHUH, MOKHO CKa3aTh 4TO MOCTPOSHUE CUCTEM HaBUTallUU OTHOCUTCS
K KaTeropuu 3aaa4 B nousatusx «Big Datay.

Paccmotpum o0miyro cxemy paOOThl CUCTEMBI, H300paKEHHYIO Ha PUCYHKE 1.
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Beacon Beacon
UuID,
Maxop,
Muxop
UuID,
Maxop, , Mudopmauna o
Musop MEeCTOHaxX0X/eHUM
KnueHTckoe ycTpouctea .| CepeepHan
npunoxeHue A yacTb
UuID,
Maxop,
MuHop
YTOUYHEHHLIE KOOPAUHATLI
Beacon

Puc. 1. O0Omas cxema CUCTEMBI

Jis peanmzanuu CUCTEMbI HEOOXOAUMBI HETIOCPEACTBEHHO MasiKél (MJIM YCTPOWCTBA, UMUTH-
pytrotue ux padoty). [Tog Bluetooth Low Energy Beacon Oyaem noHruMaTs MUHHATIOpHBIE OaTapeii-
HBIE YCTpOiicTBa, paboTaromue Ha ocHoBe BLE, mis nepegaun HeO60nbmoro o0bemMa CTaTHYeCKOM
WIN TuHaMu4yeckoi nHpopMmanuu. Takue ycTpoiicTBa 4acTo NpeiHa3HaueHbl 171 OecripepbIBHOI pa-
0OTHI B TCUECHUE HECKOJILKHX JIET, KOTOpast obecrieunBaetcs TexHonorueit BLE, moapasymenatomeit
HU3KOE SHEepronorpedieHue, JOCTUraeMoe COKpalleHHeM BpEMEHM Iepefayu JaHHbIX U MOrpysxe-
HUEM YCTPOMCTBA B PEXKUM CHA MEX1y Nepefadeil nakeros [3].

PaccmarpuBas 1ocTynHble BapuaHThl paboThl ycTpoiicTB BLE, MOKHO BBIIEIUTH pEXUMBI, OC-
HOBaHHBIC HA COEIMHEHHH C APYTUMH yCTpOHCTBaMHu (connection-based) u pexxuMbl ¢ OTHOHAIIPAB-
JICHHOM nepeaueil im npueMom, He Tpedyromiue coenunenus [ 1]. s peanuzanuu Masuka BUAATCS
JIBa peKUMa:

—Ilepudepuitnoe yctpoiictBo (Peripheral (slave)) — ycrpoiicTBo, nepUOAUYECKU
OTIpaBJIsitollee MHPOPMAIMOHHOE COOOIEHHEe M NMpUHMMAlollee BXojsmue coenuHeHus. [locne
AKTHBAIUU COCTUHEHUS «CIIEAYET» 3a IEHTPAJIbHBIM YCTPOHCTBOM M PETYISIPHO OOMEHHBAETCS C
HUM JJaHHBIMH.

—IupokoBemarenbuplii nepeaatunk (Broadcaster) — ycrpoiicTBO, HE MNOJKIIIOYASCH,
NEPUOIMYECKU OTHPABIISIET MTAKETHI JTFOOOMY JKEJAIOIEMY WX MOTyYHUTh.

B o6oux ciyyasix makeT BEIaeMbIX JaHHBIX COAECPKUT OAMHAKOBYIO HH(POPMALIUIO, 32 UCKITIO-
YeHHEM OJHOTrOo (hrara, MOKa3bIBalOIIEr0 YCTPOUCTBO COEUHSEMOE WM HEeT. B mocraBneHHON 3a-
naue ObUI0 OBl JIOTMYHEN MCIOB30BaTh HE COEAMHSAEMbIE MasUKH, KOTOPbIE IPOCTO MEPEAAI0T HH-
dopmanuto. Takoil BapuaHT MO3BOJISET MCIIOJIB30BAaTh YCTPOWCTBO B PEKUME MHHUMAIBHOTO TIO-
TpeOJIEHUS SHEPTUH, IPU 3TOM IJIaBHAs (PYHKIUS MasKa JUls Halleil cucteMbl Oy1eT BHIIOIHITHCS —
TPAHCIISALNS ITAKeTa JTAaHHBIX C HEKOTOPO 9acTOTON. JlaHHbIe pacChUIKH HEe OYAyT U3MEHSTHCS TOCIIe
HayaJIbHOM YCTaHOBKH, YTO MO3BOJISIET OJJHO3HAYHO UACHTU(DUIIUPOBATh KaX/IbIi MasiK.

[lepenaBaemMbie TaHHBIC UMEIOT GopMmar, onpeaeneHHbIi cnenndukanueii Bluetooth. B Tao-
auue | moka3aHa 3HaYMMast JIsl HAC YacTh JTaHHBIX MTaKeTa, TpaHcaupyemoro Beacon.

Taxoli HAOOp JaHHBIX, COCTOSIIUX M3 HICHTU(UKATOPA TPYIITHI MasIKOB, MaKOpa U MHHODA,
MO3BOJISIET TOYHO ONPEAETUTh KOHKPETHBI Beacon u, ¢ momornpo MOIHOCTH Masika, pacCTOSIHUE
JI0 HETO.

[Tockonsky Beacon — sto BLE ycTpoiicTBO, €ro MOKET 3aMEHHTh Ha JT000€ IPYroe ycTpou-
CTBO ¢ ycTaHOBJeHHbIM BLE-unmom u nporpaMMHbIM 00ecri€edeHUEM, PEATU3YIOIUM (PYHKIIMU Ma-
ska. Takum oOpazom, npuiokeHue Ha cMapThoHe, noaaepxuBaromem cranaapt Bluetooth 4.0 LE
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(Low Energy) [2], ssBnsieTcst anbTepHATUBHON 3aMEeHON Masika. YeM MbI 1 Bocmosib3yemcs. J{ist mpo-
rpaMMHOM peanu3aiuu Beacon-masika Oynem ucmonb30BaTh Xamarin st 0JJHOBPEMEHHOTO CO3Jia-
HUs dMyssTopa Beacon Ha HeckobKo miIaThopM.

Tabmuma 1. JlaHHBIC, TPAHCIUPYEMBIC MASIKOM.

JlanHbie Pasmep | 3nadeHwme

[IpeamOyna 4 oarita | [Ipedukc mnakera, COOOMIAIONIMIA, YTO 3TO HMEHHO
Beacon

Wnentuduxarop rpynmsl MaskoB | 16 6aiit | MneHTnduKaTOop, MO3BOISIOMNN OTINIATh, HAIPUMED,

(UUID) MasK{ OIJHOT0 MarasuHa oT Broporo. T.e. Bce Masiku,

pacIoioKeHHbIE B TOPrOBOM 3aJIeé OJHOTO MarasuHa,
OyAyT UMETh OJMHAKOBBIH HACHTU(HUKATOD

Maxop 2 Oalita | YHHKaJIbHBIA WACHTU(UKATOP TOATPYIIBI MasKOB B
pamkax UUID, no3BossieT BpIAEIATh B TPYIILY MasikH,
HaXOJSIIKECs] B OTHOM 3aJie 0OJIBILIOr0 Mara3uHa

Munop 2 Gaiita | MnentndukaTop, MO3BOSIOMINN ONPENEIUTh KOHKPET-
HBII MasiK

OTalloHHOE 3HavYeHWe MoLIHOCTH | 2 Oaiita | Cuia cHTHaa Ha pacCTOSIHUM B 1 METp OT Mastdka, uc-

Mmasika (TX Power) MOJIB3YETCS ISl ONPEAEIICHUS] PACCTOSIHUS 10 TOJIB30-
BaTes

B xadecTBe KJIIMEHTCKOIO MPUIIOKEHUS Yallle BCEro BBICTYNAeT MOOMIIbBHOE IIPUIIOKEHUE, UMe-
IolIee ONpeAeNeHHbIN (yHKIIMOHA. BO-TIepBBIX, BO3MOKHOCTH CKAHUPOBAHHSI BXOAAIINX HH(OpMa-
LIMOHHBIX MAKETOB OT MasyKOB. DTO MOJPa3yMeBAET, YTO MOOMIBHOE YCTPOMCTBO MOIJEPKHUBAET
Bluetooth 4.0, a camo npunoxenue peanusyer GpyHkiuo HaoOmomatens (Observer) — ckanupyet
3¢up B ouckax oObsABIECHUH OT Beuarenel, HO He MHUIMAIU3UPYET COEAMHEHHE ITPU ITOM.

Bo-BTOpBIX, IIepeada MoIydeHHBIX OT MasikOB TaHHBIX HA CEPBEP, ISl BEIYMCICHHS 110 ATUM
JAHHBIX TEKYIIHUX KOOpJAUHAT. M, HaKoHew, Ip1eM pacCUUTaHHBIX KOOPAUHAT U OTOOPaKEHUE TEKY-
IETO MECTOTIOIOKEHHUSI.

Jli1st pa3paboTKH KIMEHTCKOTO MPUIIOKEHUsI OyeM UCIoIb30BaTh miarhopmy Xamarin, mos-
BOJISIFOIIYIO BECTH pa3palbOTKy cpaszy Uil HeCKoJbkuX rmiatdopm. [Ipunoxkenne Oyaer coaepxkarhb
HECKOJIbKO MPOeKTOB. OIMH U3 HUX «COre», B KOTOPOM OyZeT CoAepkKaTbCs OCHOBHAS JIOTUKA MPH-
J0>keHHs (0OIIEHHE C CEPBEPOM, MOJIEIH, MPOTOKOJIBI U T.1.), ¥ OTAeNbHbIe Ul TPOeKTHI 1ytst Kaxk 01
iatgopmsel. KinenTckoe npuioxenue OyaeT OTIpaBiaATh JaHHbIE OT MasKOB Ha cepBep, rae OyayT
BBIUUCIIATHCS TEKYIIHE KOOPAUMHATHL. [|Jis cepBepHO YacTu BbIOEpEM pelieHus M CEPBUCHI, TIPEIO0-
craBIsieMble OecruiaTHOU 00ayHol matdopmoii IBM Bluemix.

[Tpu BEIYHCICHUN KOOPIMHAT MOTYT BOSHHKATH TPYJHOCTH U ITPH MCIIOJIb30BAaHIH CHCTEMBI Ha
ocHoBe Beacon. Cucremsl, ocHoBaHHble Ha BLE, nmonaratorcst Ha snekTpoMarHUTHBIE BOJIHBI, YTO
MOJKET NMPUBOJUTH K TTOTYUYESHUIO HEBEPHBIX TAHHBIX C AAJTBHUX MasKoB. [l ymydIIeHus O3UINO-
HUPOBaHMs NMPHUOEraloT K HEKOTOPhIM YiloBKaM. Hampumep, MCHOIb30BaHUE OJHOBPEMEHHO He-
CKOJIBKMX IOJIXOJIOB JJIi YMEHbIIEHUs KoiuuecTBa omunoOok. TakuMm oOpa3om, BMmecte ¢ Beacon
MO’KHO CHUMATh JIJaHHBIE C IPYTUX AATYMKOB MOOUIIBHOTO YCTPOICTBAa TAKUMH, KaK aKCeIepoMeTp,
MarHUTOMETP.

Taxoke ucnonp3yercs crieluaibHas pacCTaHOBKA MAasKOB, KOT/Ia B KaXKAbIii MOMEHT BpEMEHHU
KITMEHTCKOE YCTPOHCTBO PACIION0KEHO B 30HE BUIMMOCTH OTPEICTICHHOTO KOJIMYeCcTBA MasikoB. st
OTpeJIeNIeHUs] KOOPAWHAT UCIOJIb3YIOTCS AITOPUTMBI OTIPE/ICIEHUs] MECTOMOJIOKEHHUS — TOJAXO/IbI K
pEIICHHIO 3a71ad OTPEACTICHUS] MECTOIIOJIOKEHUSI HA OCHOBE MOITHOCTEH CHTHAJIOB, TOCHIIAEMBIX
Beacon-mastukamu [4]. AITOpUTMBL, KOTOPbIE MOTYT OBITh HCHOJIB30BAHBI:

—Bbrmokaiimmast Touka JOCTymay, Korma KIHMEHTY MPOCTO TPUCBAMBAIOTCS KOOPIMHATHI TOYKH,
M3JTyJaromieil Hanbosee MOIIHBINA CUTHAT.

—«lentpouny. [lpeacrasiser coboil BEIUMCICHHE TEOMETPHUUECKOT0 [IEHTPa IIOCKOH (PUTYpHI,
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00pa30BaHHOHN HECKOJIBKUMH MasKaMH.
Koopaunats! Ki1MeHTa ONpeAessoTcs CIeyoIUM 00pa3oMm:

1
Xo = NZIL'V=1Xi

: 1)
Yo = %ZIL'V:I Yi
rae N — KOJIM4eCTBO MasKOB,
X, Y; — xoopauHaTel MasikoB

—Jlarepanus». I'eomeTpuuecKuMil MOAXOX, OCHOBAaH HA BBIYUCICHUU PACCTOSSHUM MEXIY
MCKOMOM TOUKOM M, KaK MUHHUMYM, €LI€ TpeMs TOYKaMHU (PUCYHOK 2), C PELIEHUEM CHCTEMBI
HEJIMHEWHBIX ypaBHEHUH. JIJI1 BBIUKCICHMS KOOPAMHAT  II0JIb30BATEIIbCKOIO  yCTPOWCTBA,
HEOOXOIMMO PELINTh CUCTEMY YPAaBHEHHIA:

1= (X — X0)? + (Y; — Yp)? (2)

IJI€ 7; — PaCCTOSIHHE OT KJIMEHTCKOTO YCTPOMCTBA 0 MasSKOB.
Jist HaXOXKJICHHsI PACCTOSTHUIA MCITONIB3YETCSl MOJIENb PAaCIPOCTPAaHEHHs PaAHOBOIH, TpeOyro-
11ast KATMOPOBKH MMapaMeTPOB, 3aBUCSIINX OT OCOOCHHOCTEH Cpebl:

PL(d) = P, — P(d) = PL(d,) + n10lg dio (3)

rae d — paccTosHKE 10 KIIMEHTCKOTO YCTPOMCTBA,
PL(d) — moTepst MOIIHOCTH CHTHaJIa Ha paccTosiHuH d.
P; — MOUIIHOCTB TE€peaTurKa,
P(d) — MomrHOCTh CHTHAJIAa HAa IPUEMHHMKE Ha pacCTOSHUH d,
d, — paccrosinue 1 metp,
N — K03 GHUIHUEHT paCIPOCTPAHEHHsI CUTHAJIA B CPEJIE.

ITepBbie IBa aaropuT™Ma OTIMYAIOTCS MPOCTOTON PeaTM3allii U TPEOYIOT TOJIBKO 3HAHUS Me-
CTOTOJIOKEHHS MasikoB. OJTHAKO X HEJOCTATKOM SIBJISIETCSI HU3Kask TOYHOCTh, TaK KaK HE YUUTHIBA-
€TCSl MOIIIHOCTH CHTHAIOB. [IpermyIiiecTBOM anroputma «JlaTeparim SBISETCs JOCTATOYHO BBICO-
Kasi TOYHOCTb, TIPH COOTBETCTBYIOLIMX MapaMeTpax cpebl. HemoctaTkoM ke sIBIsieTCs: He0OXO0IH-
MOCTb TTIOCTPOEHHS 00JIee TIATETBHON MOICIIH.

AP, (X3,Y3)
| J

r2’,’

A (X.Yo)

Puc. 2. Kpyroas narepanus

B PE3yIbTAaTC UCCICAOBAHUA ObLIH PaCCMOTPCHBI aAKTYaJIbHOCTh U HCO6XOI[I/IMOCTL MMoCTpOC-
HUS CHCTEM HaBUTAllMU W IMO3UIIMOHHWPOBAHHA B IMOMCIICHHUAX, HauOoee MOMMYyJIAPHBIC ITOAXOMOBI,
IMMO3BOJIAIOIIUC €€ pCAJIN30BATh.
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Cucrembl, peaTu30BaHHbBIC C UCIIOB30BaHUEM Beacon, SBISIFOTCS KOHKYPEHTOCTIOCOOHOM ajb-
TEPHATHBOH JPYTUM CIIOCO0aM pean3aliy CUCTEM HaBUTALMU BHYTPH IIOMEILIEHHH, HO UMEIOT CBOU
TUTFOCHI U MUHYCBI.

B manHOi1 paboTe ObUIM PacCCMOTPEHBI PA3IMUHBIC TEXHOJIOTHH, C TIOMOIIHI0 KOTOPBIX TIOCTH-
raercs peaju3aius CUCTEMbI
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MHOI'OKPUTEPUAJIBHAA MAPLIPYTU3ALIUA
NHPOPMAIIMOHHBLIX ITOTOKOB

H.H./Tucmonao A.B.Kopomkeeuu C.1O0.Muxneeuu A.A. Xaitoep
3aseoyrowuii kagpeopou  /lekan pakyromema  [oyenm xageopwt un-  Cmaogicep BI'VUP
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Benopyccruii cocyoapcmeenuniil ynusepcumem ungopmamuku u paouodiekmporuxu, Pecnybnuxa benapyce
E-mail: seth22@yandex.ru

Absract. Traditionally, path selection within routing is formulated as a shortest path optimization problem. The
objective function for optimization could be any one variety of parameters such as number of hops, delay, cost...etc. The
problem of least cost delay constraint routing is studied in this paper since delay constraint is very common requirement
of many multimedia applications and cost minimization captures the need to distribute the network. So an iterative algo-
rithm is proposed in this paper to solve this problem. It is appeared from the results of applying this algorithm that it gave
the optimal path (optimal solution) from among multiple feasible paths (feasible solutions

Mapuipytuzanus ”HPOPMAIMOHHBIX TOTOKOB (POPMYJIUpPYETCs Kak ONTHMHU3ALMOHHAs 3a/1a4a
novcka Kparyaiimero mytH. LleneBas QpyHKIusS MOXeT OBITh JTF000M U3 MHOKECTBA pa3HOOOPA3HBIX
NIapaMeTPOB, TAKUX KaK KOJIMYECTBO Y3JI0B, BEIMUMHBI 331€PKKH, CTOUMOCTH U Jp. [1]. OtnensHon
npo0iieMa MapuIpyTHU3aluK SBJISETCS. BBIOOP ONTUMAIBHOTO MYTH NPU OTPAaHUUEHUSIX 10 3a/1€PIKKE
U [10 CTOMMOCTH, TaK KaK TpeOOBaHUs 10 MUHUMM3ALINH 3aJIEPKKHU SBISIOTCS OUYEHb PacpOCTPaHEH-
HBIMH JIJI1 MHOTUX MYJIbTUMEIUNHBIX TPUIIOKEHUH.

B paGore [1] uccnenyercs mnpoGiema Mmoucka ONTHMaJIbHBIX MapHIpyTOB Ha rpade MyJIbTH-
CEPBUCHOM TEIEKOMMYHUKAIIMOHHOW ceTH. [l NaHHBIX CEeTei, KpOME IOJIOCHI IPOITYCKaHHs,
JIOJKHBI IPUHUMATHCS BO BHUMaHUE TaKue IapaMeTpbl KayecTBa oocmykuBaHus (QoS), Kak morepu
MAKETOB, 3a/Iep)KKa MaKeTOB, BapUallisg BPEMEHH 3aA€PKKU (JUKUTTEp). 3a/1ady MaplIpyTH3aluu B
MYJIbTUCEPBUCHBIX CETAX MPEAJIAraeTCs pellaTh Ha OCHOBE KPUTEPUEB, YUYUTHIBAIOLINX IEPEUUCIICH-
HbIE [TaPAMETPBI, COIVIACHO TPEOOBAHUAM KOHKPETHBIX MPUITOKEHHH.

Ora 3agaya chopMyIMpPOBaHA KAK MHOTOKpPUTEpHaibHAs 3a/aya IMoMcKa MaplipyTa ¢ MUHH-
MaJbHOM CTOMMOCTBIO, IPUYEM ITOMCK BBIITOIHAETCS TOJBKO HA MOJMHOXKECTBE OCYHIECTBUMBIX ITy-
Tel, yIIOBIETBOPSIONIMX OIpaHUUYEHHUSIM Ha IapaMeTpsl KadecTBa cepBuca. B pabote mpeioxeHa
Moupukamnus anroputMa J{efikecTpsl, KOTopas MO3BOJSET OCYIIECTBIIATh MHOTOKPUTEPHATIBHBIN 10-
HCK ONITUMAJIBHOT'O MapILIPyTa C y4€TOM OTPaHUYEHUN HA KAl KPUTEPUN B OTACIBHOCTH, & TAKXKE
B CJIy4ae, KOrJa CTOMMOCTb MapIIpyTa HeaJlIUTHBHA.

Baxxnoit npo0ieMoii, ¢ KOTOpoil CTONKHYIUCH aBTOPBI cTaThH [1], 3T0 BBHIOOP BECOBBIX KOA(]-
(UIMEHTOB, TOMOIIbIO KOTOPHIX OCYIIECTBISETCS CBEpTKA MapaMeTpoB, oOecreunBarONINi 3a/1aH-
Hble TpeOoBaHMA KadecTBa 00cayxuBanus (QoS), B KOMITJIEKCHBIN KOA(QPHUIIUEHT, B COOTBETCTBHH C
KOTOPBIM U IPOU3BOJUTCS BHIOOP ONTUMAIBHOIO MYTH.

B pabote [2] npeacraBieH anropuT™ MOUCKa MyTH, 17151 KOTOPOTO yCTAHOBJICHA MUHUMAJIbHBIE
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CTOMMOCTH U 3ajiepkKa nepemaaun napopmanuu (Delay-Constrained Least-Cost — DCLC — path). T.e.
paccMmarpuBaeTcs 3a7ada AByXKpUTEpUaIbHON MapLIpyTU3alUy, I€ B KAUE€CTBE ONTUMU3AL[MOHHOM
(GbyHKIIMM BBIOpAHBI /1Ba MTapaMeTpa: BeJIMYMHA 33/IePKKHU B Iiepeade nHGOpMaIuu U CTOUMOCTb.

PaccmoTpum nanHbIM Boripoc 6osee moapo6Ho. IlycTs 3agana cets B Buze rpada, y KOTOpon
JUIS KaKZI0M Ay, ONMUCHIBAIOIIEH KaHAJbl mepefadyd MHGOpMaluu, OmnpeiesieHbl BeIWYMHBI 3a-
JEPXKKUA U cTouMocTh. [lpu 3TOM 1Ba BBILIEHA3BaHHBIX MapaMeTpa CBEPHYTHI B OJJUH C IOMOULIbIO
€IMHOT0 KOMILJIEKCHOTO BecOBOro koddduiuenTa. 3aTeM, UCHOJb3Ys TaHHBIH KO3PUIIUEHT, TpU-
MEHSIETCA ArOPUTM JIEHKCTPBI 111 MOUCKA KPATYAMILIETO My TH.

Teoperuuecku MOKeT OBITH JOKa3aHO, YTO JI0 TEX MOP, MOKa apaMeTp BbIOpaH ONTUMAaIbHBIM
00pa3om, MOJyYSHHbIH KpaTyaiiuii myTh JOJDKEH OBITh JOMYCTHUMBIM PEIICHHEM CO CTOMMOCTBIO
He OoJibllle, 4eM Yy IyTH ¢ HauMeHbIen 3anepxkkoit (Least Delay - LD) [2]. Ha ocHoBaHuuM 3TOTO
pe3yJibTaTta, UCIOJIb3YETCS IBPUCTUUECKUHN aITOPUTM, KOTOPBIM MO3BOJISET MOJYUYUTh XOPOILIUE pe-
IIeHHs] TTOMCKAa KpaT4alllero myTH Ha OCHOBaHMM IpuUMeHeHus anroputma Jleiikcrpol. B nemsx
JAJIbHENIIET0 MOBBILIECHHUS KaueCTBa M10JIy4aeMOTI0 PEIICHUs 3aTEM IIPEIaraloTcs J1Ba UTEPalMOH-
HBIX aJITOPUTMa, KOTOPhIE MOT'YT F€HEpUPOBAThH PAJl IAPAMETPOB, MOCTENEHHO YIYYIIAIOUINX COOT-
BETCTBYIOIINE PEIICHUSI.

1. Ilpobrema noucka kpamuatiue2o nymu ¢ HaumeHvuel cmoumocmoio. Jlro0ast ceTb MOXKET
ObITh npencTaBieHa HanpasieHHbM Tpad G (V, E), rae V ects MHOXeCTBO y3110B, 1 E ecTh MHOXE-
CTBO KaHAaJIOB CBsA3M Mexay HUMU. [Ipeanonoxum, uto N = [V], u M =[E].

Bec W onpezensiercs Kak HEOTpULIATENbHOE BEILIECTBEHHOE YUCIIO W (€), ONIUCHIBAIOIIEE KakK-
JIBIM KaHaa cBs3H, T.¢. W: E —>R5’ . B wactHocTH, Bec d: E —>R5’ Ha3bIBACTCS 3a/IEPIKKOi1, B TO
Bpems Kak C: E — R§ HasbiBaeTcss cTOMMOCTEIO. I1yTh ABISETCS KOHEYHAs MOCIEN0BATENLHOCTE HE
MOBTOPSIEMBIX Y3JI0B p = (V1,V2, ..., Vk) TakuX, uto s 0<i<K, cyiiecTByeT CBsi3b OT Vi JO Vi+1, T.C.
(vi, vi4+1) € E. Kanan e € p o3Ha4aeT, 4To p MPOXOIUT Yepe3 KaHall CBI3H e. Bec W, Kak 3ajiepikka
WM CTOUMOCTb, a/ITUTUBHBI, €CIIU BEC ITYTH p SBIISETCS CYMMOW BECOB BCEX COCTABIISIOLINX KaHAIOB
CBA3H BJ0JIb 3TOTO MYTH,

W(p) = ZeEp w(e) 1)

B YaCTHOCTH, 3aICPKKA U CTOUMOCTD ITYTHU p 3aAA0OTCA ABYMS HUXKC NIPCACTABJICHHBIMU YpaB-
HCHUAMU!

d(p) = Xeepd(e) )
C(p) = ZeEp c(e) 3)

B o01iem cMebIcTie, 3a1eprkKa 1o KaHaly CBSI3U €CTh CpelIHEe BpeMs Iiepe/iauu Mo STOMY KaHaly,
B TO BPEeMs KaK CTOMMOCTh MOXET HE B3bIMAThCs TIPU

nepeaayd COOOIIEHHS 110 ATOMY KaHay.

[IpuBeneM HeckoIbKO onpeneneHui [2].

Omnpenenenue 1.

3amansl cetb G (V, E), ucrounuk s € V u y3en HazHaueHus t € V, 3a7aHbl 33]1ep/KKa U CTOM-
MOCTb Ka)XKJIOTO KaHaJIa CBSI3U, M OTpaHUYCHUE 110 3aepikke — Cq .

Heo6xo01uMo permTh 3a1a4y MOMCK KpaTdaiIiero myTd oT S 10 t mpu MEHUMAJIbHOM CTOMMO-
CTH C YYETOM CJICYIONUX OTPAHUICHUI:

() d@p) < Cq,

(i) c(p) < C (q) ans moboro mytu q ot S A0 t, uto ynosierBopsier d(p) < Cq,

(iii) He cymectByer mytu g oT S 70 t, st KOTOpOro ¢(p) = ¢(Q),

B To Bpems kak d (p)> d (Q).
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Crnenyer OTMETUTB, YTO TPEThE TPEOOBAHUE HE SIBIIAETCS 0053aTENbHBIM IIPU PELICHUH 3a/1a41
NIOMCKa ONTUMAJIbHOTO IyTH IPU MUHUMAaJIbHON cTOMMOCTH. OHO BBEIEHO AJIs TOTO Ciaydasi, Korjaa
BO3MOXHO CYIIECTBOBaHMs 00Jiee OJHOTO pelIeHus sl CTaHAapTHOM 3anaun. s yno6cTsa, nyTh,
KOTOPBIH 110 KpaiiHel Mepe yA0BIETBOPSET EPBOMY TPeOOBAHHUIO B IPUBEIECHHOM BBILIE ONpeIeie-
HUM, HA3bIBACTCS JOINYCTUMBIM PELICHHEM (MM peasIbHbIH IyTh); IyTh, KOTOPBIH YI0OBJIETBOPSET
BCEM TpeM TpeOOBaHMIM, Ha3bIBACTCS ONTUMAIbHBIM PELIEHUEM (MJIM ONTUMAJIbHBIN MYTh).

Crenyrolee onpeaesieHust U yCIOBHbIE 0003HAYEHHUsT HEOOXOAMMBI JIUIsl ONIUCAHUS alITOPUT-
MOB, KOTOpbIe OYIyT MpPesIOKEHBI HIKE.

Onpenenenue 2.

JlaHbl ABa aIAUTUBHBIX Beca W1 U W2, a TaK)Ke aJIMTUBHBIN Bec

w = w;(e) + aw,(e) o3Hauaer, 4To It JFOOOr0 KaHajaa CBI3H

w(e) = wy(e) + aw,(e) (4)

rne E — R{.

OueBUIHO, YTO KOMILUIEKCHBIN BEC ABYX aJINTUBHBIX BECOB TAKXKE SBISAETCS a1 IUTUBHBIM.

Omnpenenenue 3:

3aaHbl y3eJ1 HCTOYHHUKA HHPOPMALIMY S U y3€J1 Ha3HadeHus t, a Takke BecoBoi Ko3duumeHt
w. Dto ompenensier ynkumto (wm npouenypy) Dijk (W), koropast mo3BossieT HAWTH KpaT4aninuii
nyTh W OT S J10 t ¢ TOMOI1IBI0 anropuT™a J{edKcTpbl. B 4acTHOCTH, 3TO SKBUBAJICHTHO CJIEIYIOLIEMY.
[Mycte Ha iyt pg= Dijk(d) 3anepxka munumanbhas (LD myts), a nyts pe = Dijk(c) umeer munu-
MaibHyt0 ctouMocTh (LC myTh) Mexxay S u t. HeTpyaHo yBuaeTs, uro 3to cootHomerus d(Pg) <d(pc)
U ¢(Pd) > C(Pc) BBITOIHSAIOTCS BCET/IA.

Jpyras pyHKIHs, KOTOpast OyIeT KCIOIb30BaThCs B HalMX anropurMax, 310 ModiDijk(c,d).
Ecnu cyiiecTByeT HECKOIBKO MyTel ¢ pa3mnyHbIME 3aaepkkaMu ot S 10 t, dpynkuun ModiDijk(c,d)
BbIOEPET TOT U3 HUX, KOTOPBI UMEET MUHUMAJIbHYIO 331€PKKY. ITO MOKET OBbITh CJIeJIaHO C TIOMO-
160 MOTU(DHUITUPOBAHHOTO aNTopuT™Ma JICHKCTPHI.

2. Hoest eOuno20 KOMNIeKCHO20 6ec08020 KOdhduyuenma.

OcHoOBHas wjes MpeAaraeMpIX aIrOPUTMOB COCTOUT B PEIICHUH 3a/1a4M TOCPEICTBOM 00b-
€/IMHEHUs TPeOOBaHUS MO 33/1€P’KKE M CTOUMOCTH MOCPEACTBOM €IMHOTO0 KOMITJIEKCHOTO BECOBOT'O
Koo uIeHTa U 3aTeM, HCIIONB3Ys ATOPUTM JIeHKCTPBI, B HAXOKIACHNUHU MOIXOISIIETO (KpaTyai-
IIEro) MyTH.

PaccmoTpuM npobiieMy Ha mpocTelnx npumepax puc.l, rue HeoOX0AUMO PEeIIUTh KpaTdaii-
MK TyTh OT S 710 t ¢ BEIMUMHON 3a/1€p>KKH, paBHOM 8, 1 MMHUMaJIbHOW CTOMMOCTBIO — TaK Ha3bIBa-
embiii DCLC nyts. Temneps, pemias 3Ty 3a1ady Bpy4HYI0, TpeOyeTcsl IPOBEPUTH BCE YEThIpE MYTH
mexnay S u t. Jlerko onpenenuts, uto LC myrem siBisieTcs myTh S-U-1, KOTOPBIN MMEET 3aA€PKKY 9 1
TakuM o0pa3zoM sBisieTcs HeponycTUMbIM. [lyrem LD saBnsercs myth S-V-f, KOoTOpbIil MMeeT 3a-
JnepkKy 5 u croumocTs 24. Xots 3ToT LD myTh ocymiecTBuM, OH HE SBJISETCS ONTUMAIbHBIM pellie-
HUEM, TaK KaK BeJIMYMHA 33/I€P’)KKU HE MUHUMAJIbHA.

BBesieM KoMILIEKCHBIN BecOBO kKoddduitneHT Bec W = d + oc, KOTOPbIi 00beIuHSIET B ceOs
3a/IepXKKY ¥ CTOUMOCTh. BMecTo k0ahduiinenTa d, onpeaensionero BeNMInuHy 3a1pKKH B Iepeiaue
uH(pOpMaliU, MOTYT OBITh MCIIOJIb30BaHbl U BECOBbIE KOA((UIIMEHTHI, ONpeIesIONIe Apyrue na-
paMeTpbl KauecTBa 00CTyKMBaHHUS, HAIPUMED, DKXKUTEP, MOJIOCY MPOIYCKaHUs, BEPOSITHOCTD I10-
Tepb akeToB. Hanpumep, ecim OyeM paccMaTpuBaTh MOJIOCY MPOITYCKaHHS U CTOMMOCTB TO, KO3 (-
GunmMeHT W = w + ac, rje w — 1moioca NpoIycKaHus. AHAJTOTHYHBIE BRIPAKEHUS MOYKHO 3aIHCaTh
U JUTSL IPYTUX MTApaMeTpoB, XapaKTEPU3YIOLINX KadecTBa OOCTy>KUBAHMS.

[ToxaxkeM Ha mpuUMepe KOMIUIEKCHOTO Kod(hduimeHTa, 00beANHSIONEro B ce0e 3a7epKKy U
CTOMMOCTb, KaK 3TO MOKHO PEaTn30BaTh HAa MPAKTUKE.
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ITycts o = 0.5, TO BecoBo# KO3PIUIIUEHT W OYIET acCOIMUPOBATHLCS C MyTeM, HAalWJICHHBIM C
IIOMOUIBIO aNroput™Ma JleuKcTpsl - S-U-V-t. DTOT MyTh UMEET 3aJAEPKKY 8 U CTOUMOCTH 16, 1 OKa3bI-
BAETCS ONTUMAJIbHBIM.

U

| .
Gl L (69)

5 . |(1.z:| . ¢

(1200 74

1"..'

Puc.1. Unmoctpanus npobiaemMbl HOUCKA KPOTYANIIIEro MYTH OT S K t ¢ MUHUMaJIBHON CTOMMOCTbBIO
Y MUHUMAaJIbHOM 3aJIep>KKOM, HE PEBBIIIAIONICH 8

DTOT MpUMEp MOKA3BIBAET, YTO BEIOOP COOTBETCTBYIOIIETO TapaMeTpa o IS IIOCTPOCHUS KOM-
IJIEKCHOTO BecoBOro kodddummenta W, ceoaut DCLC 3amauy k 3agaue morcka Kparyaiiiero myTu,
KOTOpasi MOKET OBITH JIETKO PEIIeHa C IIOMOIIBI0 aaropuT™Ma J[eHKCTpHI.

KitroueBbIM BOITPOCOM JIJTSI TOM UJIEH SIBISETCS TO, KaK BEIOPATh IapameTpa o IJIsk IOCTPOCHUS
€IMHOTO KOMILJIEKCHOTO BecOBOro Kodddunmenta W. CiydaitHO BRIOpaHHOE 3HAYCHUE 0L MOYKET MTPH-
BECTH K JIFOOBIM CaMbIM pa3HO0Opa3HbIM pertenusM. Hanpumep, npu o = 0,2 camblii KOPOTKUN TTYTh
W mmyTh 370 S-V-t. B TO BpeMs Kak mpu o = 2 KpaT4alliiM ITyTeM CTaHOBUTCS ITyTh S-U-t.

3axnouenue. Vines KOMILIEKCHOTO BecoBoro koddduimenta Oblia MpeanokeHa Ui TOro,
4yTOOBI pemaTsh 3a1a4u QoS oHoaipecHON MapuIpyTH3auu. JlaHHbIN OIX0/1 MOKET ObITh UCIIOJIb-
30BaH JJIs pa3pabOTKH SBPUCTHUECKHUX alTOPUTMOB IS 33]1a4 MOMCKA ONTUMAIBHOTO yTH C MUHHU-
ManbHOU 3aJIepP>KKON, MUHIUMAIILHON Bapualuu 3aJepKKu, 00ecrieueHrneM 3aJaHHOM MOJIOCHI MPO-
MyCKaHWs, MUHUMAJIBHON BEPOSTHOCTHIO TIOTEPh M MUHUMAIBHONW CTOMMOCTBIO Tiepeaun HHPOp-
MalluH.
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Abstract. In the article, the system of technology intensive marketing based on big data, data mining, knowledge
discovery and predictive analytics has been proposed.

B X0/ HEPEpHIBHOTO Pa3BUTHS TEXHOJIOTUH MAPKETUHTOBBIE TIPOIECCHI TOCTOSHHO TPETEp-
NEeBaIOT U3MEHEeHUs. Te U3 HUX, KOTOPbIE PaHbIle BHIMOIHSIIA MAPKETOJIOTH BPYYHYIO, CETOIHSI MOJI-
HOCTBIO WJIM YaCTUYHO aBTOMATU3UPYIOTCS. MOXXHO CKa3aTh, YTO MAPKETUHT U3 CYI'y0O YIIpaBIICH-
Yeckoi (1Mo CyTH, TyMaHUTapHOMN) Haykd, Oa3upyroleics BO MHOTOM Ha WUHTYUIIMU U 3JIPaBOM
CMBICTIE JIUIIA, TPHHUMAFOIIETO PEIICHIS, a TAKKE €r0 KOMIIETCHIINU B chepe ICUXO0JIOTHH TIOTPeOu-
TeJe, MOJIydaeT CYIIECTBEHHbIH TEXHHUUYECKUN YKJIOH U CTAaHOBHUTCS BBICOKOTEXHOJOTUYHOMN MpHU-
KJIQJTHOW TUCTUILINHOM [1].

CornacHo onpeeneHn0 3KOHOMUYECKOTO CIIOBApsl, BEICOKHE TEXHOJIOTUU — 3TO TEXHOJIOTUH,
pasBuBaromuecs B xoae HTP. YacTto ncnons3yroT 3aMMCTBOBAaHHOE U3 AHIJTIMHCKOIO s3bIKa BhIpaXe-
Hue xaii-tek (high-tech), o6o3Hauaro1ee npoiecchl ¢ UCMOIB30BaHUEM MEPEOBBIX TEXHOJIOTHH [2].
Bricokue TeXHONIOTHH TPEOYIOT MacITaOHOTO 33/IeHCTBOBAHMS HAYIHBIX M MaTepUATbHO-TEXHHYE-
CKHX PeCypCoOB, MPEACTABISAIOT CO00M MmepeoBoil pyOek pa3BUTHS HAyKU M TEXHUKH, BOILJIOMIAIOT B
JKU3Hb CaMbl€ CBEKHUE OTKPBITHS U n300peTeHus [3].

K BBICOKMM TEXHOJOTHUSM MOYKHO OTHECTH:

—0eCcpOBOIHBIC TEXHOJIOTUH;

—HAHOTEXHOJIOTUH;

—pOOOTOTEXHUKY;

—3JICKTPOHUKY;

—TporpaMMHOE O00€cCIeUeHNe, B YaCTHOCTH WCCIICJIOBAaHUS B O0OJACTH HCKYCCTBEHHOTO
UHTEIJIEKTA;

—CHCTEMBI 0€30IIaCHOCTH,

—HaBUTAIMOHHBIC TEXHOJIOTHH;

—3KOJIOTHYECKH YHCThIC TEXHOJIOTHH (JIbTepHATUBHBIC MCTOYHUKH SHEPTUU W TepepaboTka
OTXOJIOB);

—COllMaJbHbIC TEXHOJIOTHUH (CUCTEMBI PACIPOCTPAHEHUS HOBOCTEH, KOTHUTHUBUCTHKA);

—OuotexHonoruu [4].

B HayuHO#l nuTepaType ompeeneHrne BBICOKOTEXHOJIOTUYHOTO MapKEeTHHTa 10 CHUX IMOp He
obU10 chopmynupoBaHo. Ha ocHOBe moJTydeHHON MH(POPMAITUU TOHIATHIO BBICOKOTEXHOJOTHYHBIH
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MapKETHHT MOKHO JIaTh CJIEYIONIEee ONPEICICHNE: BRBICOKOTEXHOJIOTUYHBIN MapKETHHT — 3TO COBO-
KYITHOCTb UCIOJIB3YIONINX BBICOKHE TEXHOJIOTUU METOI0B MTPOIBUKCHHSI U COBITA TOBAPOB U YCIIYT.

[TockonbKy B Hay4HOH JIMTEpaType CYIIECTBYIOT Pa3HBIC MOAXOJbI K OMPEICIICHUI0 MapKe-
THUHTA, TO BO3MOXKEH €I1I¢ OJINH BAPUAHT TPAKTOBKH IMOHSATHUS «BHICOKOTEXHOJOTUYHBIN MAPKETUHTY:
BBICOKOTEXHOJIOTMYHBI MAapKETHHI — 3TO COBOKYIHOCTH IPOIIECCOB CO3aHUsS, MPOJBIKCHHUS W
MPEJOCTABICHUS TPOAYKTa MM YCIYTH HOKYNATesM, UCIOJb3YIOIUX BBHICOKHE TEXHOJOTHH, U
yIIpaBJICHUE B3aWUMOOTHOIICHUSMH C MOKYNATEISIMH C BBITOJOW JUIsSI OpPTraHH3ally C MCIOJIh30Ba-
HUEM BBICOKUX TEXHOJIOTHH.

Criemyer OTMETUTh, YTO TPAHMIIBI BHICOKOTEXHOJIOTUYHOTO MApKETHHTA IOCTOSHHO CMeEIIa-
I0TCSI. DTO 3QJI0)KEHO B OIPENIEICHUH BBICOKMX TEXHOJIOTHH: TO, YTO OBLIO HOBO M aKTyaJbHO He-
CKOJIBKO JIET Ha3aJl, CETOJIHSI MOXET NEPEHTH B Pa3psii OOBIYHBIX TEXHOJIOTHH.

C TouKM 3peHHs aBTOPOB JaHHOW CTaThH, B HACTOSIIMA MOMEHT HOBBIM B MIEPBYIO OYepEIb
BBICTYMAIOT TEXHOJIOTHH, CBSI3aHHBIC C OoNbIMMU AaHHBIMHE (big data) M HHTEIIEKTyaIbHBIM aHAJIH-
30M nanHbIX (data mining, knowledge discovery, predictive analytics). Tak, HekOTOpbIe UHCTPY-
MEHTBI BBHICOKOTEXHOJIOTHYHOT'O MAPKETHHTA MPSIMO 0a3uPYIOTCS Ha cOOpE U aHAIM3€ OOJIBIIHX JIaH-
HBIX, TOTJIa KaK JIPYrHe He UMEIOT HEMOCPEACTBEHHOW CBS3H C 3TUMH IPOIIECCAMH, HO MOT'YT OBITh
cesi3anbl ¢ Big Data. Hanpumep, QR-xoxer 1 NFC-MeTKH MOTYT IPUBOJUTH TOJIH30BATENEH B MECTa,
r7ie JaHHble OyayT COOpaHBbI.

Busyanu3zanus CBsI3M BBICOKOTEXHOJIOTHYHOTO MapKETHHTa C OOJBIIMMH JaHHBIMU H300pa-
’KCHa Ha pUCYHKe 1.

WHCTpyMeHTs)

Baza BbICOKOTEXHONOTHYHOTO
AAHHBIX MapKeTUHra
Programmatic marketing
Marketing engineering
Data-driven marketing
Wi-Fi L -
Bluetooth
QR-xoa
NFC
r———-t———- RFID

|

|

I Cucrems!
Predictive analytics | CaMoOBCNYKMBAHWS

|

|

J

Knueut

|
|
|
|
|
L

TpanuumoHHbIA
MapKeTHHI

Puc. 1. Cucrema BBICOKOTEXHOJIOTHYHOTO MapKETUHI'a HA OCHOBC OOJIBIIIHMX JaHHBIX

HNHCTpyMEHTBI BEICOKOTEXHOJIOTHYHOTO MapKETUHTa MOTYT MCIIOJIb30BaThCs KaK B cOOpe MH-
dbopMaruu 0 moTpeduTeNsX s AanbHel el paboThl ¢ HEl, Tak U Al 00paTHOTO BO3JACUCTBUS 110
pe3yibpTaTam aHaiu3a 1aHHbIX. KpoMe Toro, coOpanHbie C MOMOIIBIO BEICOKOTEXHOIOTUYHBIX Pellie-
HUH JaHHBIE MOTYT KCIIOJIb30BAThCS JIJIS BO3ACHCTBUS HA MOTpeOUTENel HHCTPYMEHTaMU TPaAULIU-
OHHOT'O MapKETHHTA.

PaccMoTpuM HEKOTOpBIE MHCTPYMEHTHI BBICOKOTEXHOJIOTMYHOIO MAapKETHUHIa, HEMOCpe.l-
CTBEHHO CBSI3aHHBIE CO COOPOM M aHAIIM30M OOJIBIINX JTAaHHBIX.

Mapkemune, ocnosanmusili Ha dannblx. Data-driven MapKkeTHHT OCHOBBIBAEeTCS Ha aHAIIM3€ Mac-
CUBOB TTOTPEOUTETHCKUX JaHHBIX. B 1aHHOM ciydae paboTa 3aK/II04aeTcs B MaKCUMaIbHOM aBTOMa-
TU3aIMU U ONTUMHU3AIUN BHYTPEHHUX U BHEIIHHUX MPOIECCOB KOMIIAHUM U OTCJIEKUBAHUU pa3iny-
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HBIX BUJOB JAHHBIX, TAKUX KaK KOA(G(UIUEHT OTTOKA KIMEHTOB, YPOBEHb yIOBIETBOPEHHOCTH KJIH-
€HTOB, J0JIS PUBJICYCHHBIX TOTPEOUTENECH, TO)KU3HEHHAsI IICHHOCTh KIIMEHTa, KOHBEPCHSI, PUOBLIB,
BHYTPEHHSIS1 HOpMa JOXOJHOCTHU, OKYyIaeMocTh U T.1. CoOOpaHHbIE TaHHbIE TO3BOJISIOT IPOTHO3UPO-
BaTh, KOHTPOJMPOBATH U YIIPABJIATH PE3yJIbTaTaMU KOMIIaHUH [5].

[IpuMeHeHre MapKeTUHTa, OCHOBAaHHOTO Ha JaHHbIX (data-driven cTpaTeruu) mo3BoJsieT KOM-
HaHWH:

— TOYHO ONPEIEINIATH LEIEBYIO ayAUTOPHUIO PEKJIAMHON KaMITaHUU;

— MaKCUMHU3HUPOBaTh 3((HEKTUBHOCTH MAPKETUHTOB BIOKECHU;

— TOBBICUTb MOKU3HEHHYIO IIEHHOCTD KIIMEHTA;

— ONEpaTUBHO pearupoBaTh HA U3MEHEHUS PhIHKA.

Aneopummuneckuii mapkemune. AJITOPUTMHUYECCKUN MapKeTHHT (programmatic marketing) —
3TO aBTOMAaTU4ECKOE MPEUI0KEHHNE [IEHBI Ha TOKAa3bl PEKJIAMBI B PEKHUME PEaIbHOIO0 BPEMEHU; COBO-
KYIHOCTh METOJIOB 3aKYIKH PEKJIaMbl B MHTEPHETE C UCIIOJIb30BAHHUEM aBTOMATHU3WPOBAHHBIX CH-
CTEM U aJITOPUTMOB JIJISl IPUHATHUS PEIICHHUH O CAeIKe 0€3 y4acTHs YelloBeKa Ha OCHOBE COITUAIbHO-
neMorpauuecKux U MoBeJACHYECKUX JAHHBIX O MOJIb30BATENAX, UMEIOIIUXCS B PACHIOPSKEHUH KaK
IUIOLIA/IKK, TaK U pekyamonarens [6]. Taxke B iuTeparype MOXKHO BCTPETUTh TAKHE TEPMUHBI, KaK
programmatic advertising, programmatic buying.

[TpuHuMn paboThI 3TOM TeXHOJIOTUH cienyromuii. Korjga noiap3oBaTenb 3aX0AUT Ha BEO-CTpa-
HUILY, EMy JEMOHCTPHUpYETCS peKiama. 3a Te JOJIU CeKYH[Ibl, IToKa HJET 3arpy3ka caiita, cucrema
AQHAIN3UPYET COCTAB ayJUTOPUM IUIOIIAJKU, COOTHOCUT AT JIaHHBIE C TapreTMHIOM KJIMEHTa, a
TaK)Ke BBIOMPAET COOTBETCTBYIONINH pekiiaMHblid (hopmar. [locne 3amyckaeTcss 1 MPOBOAUT ayKIMOH
Cpelu pekjiaMoJiaTeliel, 11eJIeBOi ayIuTOpUN KOTOPBIX COOTBETCTBYET JaHHBIM KOHKPETHBIN moce-
TUTENb CaiiTa U KOTOPBIE XOTAT MOKA3aTh €My CBOIO pekiiamy. B xoze aykiimoHa BeIOUpaeTcs: camas
BBICOKAsI CTaBKa U JUCKOHTUPYETCS JO MUHUMAJIbHO HEOOX0IUMOM AJisi 0OeIbl — 3TO MPUBOIUT K
TOMY, UTO CTOMMOCTh pa3MELICHHs PEKJIaMbl, KaK IPABHUIIO, OKA3bIBAETCS HUXKE, YEM pa3Mep CTaBKH.
3areM peksiamMa noOeuTeNs 3arpyKaeTcs Ha CalT U JJEMOHCTPUPYETCS MOJIb30BATENIO.

OCHOBHBIM IPEUMYIIIECTBOM JIAHHOM TEXHOJOTUU SBJISETCS 3HAUUTEIBHOE YIyUIlIeHHE Tapre-
TUHTa, T.K. MOXKHO [10100paTh (hopMaT U COAEPKUMOE B COOTBETCTBHHM C CUTYal[U€EH, B KOTOPOU MOJIb-
30BaTelb HAXOIUTCS IPSIMO ceiftuac [7].

MapxkeTuHroBast nHxeHepusi. MapkeTunronast uHkeHepust (marketing engineering) — CUCTEM-
HBIM TOIX0 K cOOPY MaHHBIX U 3HAHUH U TPUHATUSA YPPEKTUBHBIX MAPKETUHTOBBIX PELICHUI C
HCIIOJIb30BAHMEM TEXHOJIOTHH U Mojieniel [ 8].

OCHOBHBIE IPUHIUITBI MAPKETUHIOBOM HHKEHEPUU:

1 MapkeruHroBas HHXX€HEpHsI HallpaBlieHa Ha pelieHue npodieM. MapkeTosaoru 4acto crai-
KHUBAIOTCSI C IPUHITHEM PEIICHU OTHOCUTENLHO 1I€HbI, YIAKOBKH WM MPOJIBIKEHUS. B Takux ciy-
yasiX MapKeTHUHIOBas HHKEHEPUS MOKaKeT HAMITYUIINH MyTh K PELIEHHUIO MPOOIEMBI.

2 MapKeTHHIoBasi HHXEHEepHUsl UCIOJIb3yeT aHAJIUTUYECKOe MPOrpaMMHOE oOecrieueHue, Ko-
TOPOE MO3BOJISIET BEIOPATh HAUTYUILYIO CTPATETHIO C TOMOIIbI0 aHAIMTUYECKOTO MOAX0/aA.

3 MapkeTHHroBasi UH)XEHEepUs UCIOJb3YeT HHPOPMAIIMOHHbIE TeXHONoruK. CrenuaabHO pas-
paboTaHHOE MOZAEIUpYIOLIee TPOrpaMMHOe 00ecIieueHre MpeAaraeT UHCTPYMEHTBI ISl TPUHSITUS
HAWTYYIIUX PEIICHUN.

4 B MapKeTHHTOBOW MHXCHEPHUHU pEIIeHUS] MPUHUMAIOTCS Ha OCHOBE JaHHBIX M 3HAHWH, 4TO
MO3BOJISIET N30eXkaTh CyOBEeKTUBHOCTH U AMOIIMOHAJIBHBIX (haKTOPOB MpH BbIOOpE cTpareru [9].

Crnenyroluye HUHCTPYMEHTBI U TEXHOJIOTUU UMEIOT OOJIBIIOE 3HAUEHUE B CUCTEME BBICOKOTEX-
HOJIOTHYHOT'O MapKETUHTA, TaK KaK IIOMOTar0T B3aMMO/IEHCTBOBATH C MOJIb30BATEIISIMH U, TAKHM 00-
pa3oM, CBSI3aHbI WJIM MOTYT OBITh CBSI3aHBI CO COOPOM M aHAJIM30M OOJIBIINX JAHHBIX.

Wi-Fi-mexnonoeuu ¢ mapkemunee. Wi-Fi (ab0peBuatypa ot anriuiickoro Wireless Fidelity
(GecripoBOIHASI HAIE)KHOCTH) — ATO CEMEMCTBO MPOTOKOJIOB OecripoBoiHOM niepenayun gaHHbIX [EEE
802.11 [10].

[Tpunuun pa®oTsl OECIIPOBOAHON CETH MOCTPOEH HAa HCIOIb30BaHUU PAIMOBOIH. Ajantep
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OecTpOBOHOM CBsI3M TpaHCcHOopMUPYyeT HHPOPMALIUIO B PAAMOCUTHA U TIEpeIaeT ero B 3pup uepes
aHTeHHy. becripoBoIHOI MapIIpyTH3aTOp IPUHUMAET U JIeTaeT oOpaTHOe MpeoOpa3oBaHUE CUTHAIA.
Hanee nndopmanus Hanpasisercs B ceTb MHTepHeT no kabdento. [loxoxum 06pa3oM ocyIecTBs-
ercs 1 npueM uHpopmanuu. [locne nonydyenus napopmanyu u3 MaTEepHETa MapIIPYTH3ATOP TPE0O-
pasyer ee B paJAMOCUTHAJ U OTIPABIISIET Yepe3 aHTCHHY Ha ajjantep OeCIpOBOIHOM CBA3H yCTPONCTBA
[11].

B mapkerunre Wi-Fi MOKHO UCIIOJIB30BATh IS PEKJIAMHON KOMMYHHUKAIHH, cOOpa HH(OopMa-
UM O KIMEeHTaX, MHOOPMUPOBAHUH O HOBUHKAX, CKHJIKAX, aKTyaJIbHBIX MPEIJI0KECHUAX, TIPOTpaM-
Max JIOSUITbHOCTH, a TaKke, Onaroaaps coopanHbiM (aitiam COOKie, mooupsATh JalbHEHIINE BU3UTHI
Y aKTHBHOCTb.

Bluetooth-mapxemune. Bluetooth — nmpousBoacTBeHHas crierubuKaIys 6SCIPOBOIHBIX IIEPCO-
HAJIBHBIX CETEH, MPUHIMII JACHCTBUS KOTOPOH OCHOBAaH Ha HMCHoOJib30BaHuU paauoBosiH (Wireless
personal area network, WPAN). Bluetooth oGecrieunBaer 0OMeH mMHpOpMaIel MEXIy TaKUMH
YCTPOWCTBAMH, KaK EPCOHATILHBIC KOMITBIOTEPHI (HACTOJIbHBIC, KAPMAHHbIC, HOYTOYKH), MOOMIIbHBIC
TenaeOHbI, MPUHTEPHI, IIUPPOBbIE (oTOANNapaThl, MBIIIKH, KIaBHATYPbI, JKONCTHKHU, HAYIIHHUKH,
TapHUTYpPHI HA HAAEKHOI, OeCTIaTHON, TOBCEMECTHO TOCTYITHOM palnovacToTe AJs OJKHEH CBsI3U
[12]. Bluetooth mo3BoJIsIET TUM yCTpPOKCTBAM COOOIIATHCS, KOTIa OHU HaXOJsATCs B paauyce 10 10
METpPOB APYT OT Apyra (AaJbHOCTh CUIBLHO 3aBUCHUT OT MPETPaj U MOMEX).

Bluetooth-mapkeTrHr — croco0 pean3ali MapKEeTUHTOBBIX KOMMYHHUKAIIUN C MCIOJIb30Ba-
uueM Texnosoruu Bluetooth B HemocpeacTBennoit 6mu3ocTH ot 11eneBoi ayauropui [13]. Dta map-
KETHHTOBasi KOMMYHHKAIIUS BO3HHUKIIA KaK PEaKIIMsl HA MACCOBOE MCIIOJIb30BAHHE JINYHBIX IIOPTATHB-
HBIX YCTPOMCTB, KOTOPBIE MOAIEP)KUBAIOT TEXHOJIOTHIO OECKOHTAKTHOM Nepenaun nanHbix Bluetooth
(MoOunbHBIE Tene(oHbI, cMapT(HOHBI, ITAHIIETHBIE KOMITBIOTEPHI).

OCHOBHBIMU MPEUMYILIECTBAMU 3TON TEXHOJIOTUU SBIISIOTCS:

— HEHAaBSI3UMBOCTb, 3AIPOC Pa3peUICHUs y KaXKI0TO MOTyqaTess Al OTIPAaBKUA KOHTEHTA, YTO
(bopMUpPYET TOSITBHOCTD;

— OecriatHas OTIpaBKa, OecIiaTHOE MOTy4YeHne HHPOPMAIIHH;

— BO3MOXXHOCTHh (DOPMHPOBATH HE TOJIBKO TEKCTOBHIE COOOIICHHWS, HO TaKXKe HCIIOJIb30BaTh
KapTUHKHU, MY3bIKY, aHUMAaIli1, BUJICOPOIHUKH, Java-mpuIoKeHusl.

RFID-mexnonocuu 6 mapxemunee. Pangnodacrornast unentudukanus (RFID) — 3to coBpemen-
Hasi TEXHOJIOTHSI, UCTIOJIB3YsI KOTOPYIO HH(pOpMaIis HeoOXoaumast 11l yHUKaTbHON WICH TH(QUKAIIN
KOHKPETHOTO 00BEKTa, AUCTAHIIMOHHO 3alUCHIBACTCS MM CUUTBHIBAIOTCS C HAKJIEEHHOW MJIM BCTPO-
€HHOW B 00BEKT METKH, C TIOMOIIBIO PaJIHOBOJIH.

RFID-metka npencrasisier co0oif MUHMATIOPHOE 3allOMHMHarolIee ycTpoiicTBo. OHa COCTOUT
W3 MUKpPOYHIIA, KOTOPBIA XpaHUT HH()OPMAITHIO, M aHTEHHBI, C TOMOIIIBI0 KOTOPOW METKa ITH IaHHBIE
nepenaet u nonydaer. Mnorna RFID-meTka nuMeeT coOOCTBEHHBIN MCTOYHUK MUTAHUS (TaKWe METKU
Ha3bIBAIOT aKTUBHBIMH ), HO OOJIBITMHCTBO METOK €T0 JIMIIEHBI (3TH METKH Ha3bIBAIOT TACCHBHBIMH).

B namsatu RFID-MeTku XpaHuTCsl yHUKaIbHBIA HOMEpP U M0JIb30BaTeabckas nHpopmanus. Ko-
r7la METKa TOMaJaeT B 30HY PErHCTpalny, 3Ta HHGOPMAIUs MPHHUMAETCS CUATHIBATENIEM, CIICITH-
aJIbHBIM IPUOOPOM, CITOCOOHBIM YUTATh U 3aIIUCHIBATh HH(pOpMAIMIO B MeTKax [14].

NFC 6 mapxemunee. NFC (Near Field Communication) — 3to TexHoi0THs1 OE€CIPOBOIHO# BbI-
COKOYaCTOTHOM CBSI3U MaJloro paauyca neictsus (10 10 cm), mo3Bosstomas ocymecTBIsATh OECKOH-
TaKTHBIA OOMEH JTaHHBIMH MEXIY YCTPOWCTBAMHM, PACTIOIOKECHHBIMIA Ha HEOOJBIINX PACCTOSHUIX:
HamnpuMep, MEX/1y CUMTHIBAIOIIMM TEPMHHAJIOM M COTOBBIM TeNe(OHOM WM IUIACTUKOBOM CMapT-
kaptoii. Texuonorust NFC 6azupyercst na RFID-Texnomoruu (Radio Frequency IDentification) [15].

Haubonee nomynspHble BapuaHThl ucnoiab3oBanusd NFC TexHOIOrMM B MOOMIIBHBIX Tenedo-
Hax:

1 DOwmynsanus kapT — TesnedoH NPUKUIBIBACTCS KapToi, HaTpUMep, MPOITYCKOM MJTH TUIATeXKHON
KapTOil.
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2 Pexum cunThiBaHUs — Tenae(OH CUUTHIBAET TACCUBHYIO METKY (tag), HampuMmep, IJIs HHTEp-
AKTUBHOW PEKJIaMBI.

3 Pexum P2P — nBa tenedona cBI3bIBAIOTCS 1 OOMEHUBAIOTCS HH(GOPMAIIHECH.

B mapkerunre texnonorun RFID u NFC npumeHstoTcss Ha peKIaMHBIX MEPONPUATHUAX IS
pacrnpocTpaHeHHs IPOMO-KOHTEHTa YYaCTHUKaAMH MEPOIPUATHS B cOLMaIbHBIX ceTsax [16]. Kpome
TOTO, BO3MOKHO CUMUTBHIBAHUE METOK Tele(OHOM I MOITydeHUs] HHPOPMAILIUHY, YYaCTUs B aKIUsX,
noay4enus gocrymna k Wi-Fi.

QR-k00 6 mapxemunee. QR-kox (quick response) — MaTPUUHBIH KOJT (IByMEPHBIH IITPUX-KO]T),
pa3pabOTaHHBIN U MIPEACTABICHHBIN AMOHCKONW KoMImanue Denso-Wave B 1994 rony [17].

QR-kon onpenensieTcst JATYMKOM MITH KaMepoii cMapT(oHa Kak IByMepHoe nzodpaxkenue. Tpu
KBaJIpaTa B yriiax M300paKeHHsl U1 MEHbIINE CUHXPOHU3UPYIOLINE KBaIPATUKHU IO BCEMY KOAY IM03-
BOJISIFOT HOPMaJIM30BaTh pa3Mep N300paKeHUs U €ro OPUEHTALINIO, @ TAK)KE YOI, 101 KOTOPBIM AaT-
YUK PACIOJIOKEH K MOBEPXHOCTH M300paxeHus. TOUKu mepeBoadaTcs B ABOMYHBIC YMCIIA C IPOBEP-
KOH I10 KOHTPOJIbHOM CyMME.

OcHoBHoe nocTonHCTBO QR-KOMIa — 3TO0 JIErKOe pacrno3HaBaHUE CKAaHUPYIOIIUM 000pYAOBa-
HUEM, YTO JJAeT BO3MOXHOCTh UCIIOJIb30BaHUs B TOPTOBIIE, IPOU3BOJICTBE, JIOTHCTHUKE.

BosmoxHocrelt npuMenenus QR-koJ10B B MApKETUHI€ OUEHb MHOTO:

— TMOJy4eHHUE AOMOIHUTENbHON HHPOPMALIUK TTPU CKAHUPOBAHHUH KOJIA;

— BOBJICUEHUE KJIMEHTOB JJISl yYacTHsI B PO3BITPHIIIAX U aKIUX;

— TIO/IapKU 332 CKAHUPOBAHUE CCHUIOK;

— odopMIeHHe 3aKa3a WM TIOMEIEHHE TOBapa B KOP3UHY NMpu ckaHupoBaHuu QR-koxa;

— pacnpocTpaHEHHE KOHTAKTHON MH(OpMaLINY;

— TIOJy4€HHE 0OpaTHOM CBSI3M OT MOTPEOUTENS;

— TMpPUBJIEYEHUE BHUMAHUS KJIMEHTOB C IOMOIIBIO BUPYCHBIX KaMIIaHWH, OCHOBaHHBIX Ha
JOOOTIBITCTBE.

Aemomamuzuposanusie cucmemvl camoodcayscusanus. 1lox cuctemamMu caMmo00CTyKHBaHUS
MOHMMAIOTCS KaK CIielMalbHbIE CePBUCHI Ha BeO-caiiTax [18], mo3Bostonue KINEHTaM CaMOCTOS-
TEJIHO MOJYYUTh HEOOXOUMYIO HH(OPMAIHIO U BHIIOJHUTH HEKOTOPBIE ONIEpAIliH, TaK U armapaT-
Hoe obecnieueHne B oducax, Mara3puHax, pecTopaHax, O3BOJISIOIIEE KIMEHTaM JIeJlaTh 3aKa3bl, CO-
BEpILIATh NOKYIIKHU U BBIIOJHATH Ollepalyy 6€3 MoMOIIH pabOTHUKOB KOMIIaHHUH.

[TpumMepom oHMalH-CHCTEMBI cCaMO0OCTyKHBaHUA BeICTYyNaeT MIHTepHeT-ciy»)6a cepBuca ado-
Henra (MCCA) kommnanuu Velcom, rie MOXHO MOJIYYHUTh BCIO WHGOPMAIHIO O cueTe aDOHEHTa U
HOJKJII0YaTh UM yIANSATh YCIYTH CaMOCTOSITEIbHO B CBOEM akkayHTe Ha caiite [19]. Odmnaiin-cu-
cTeMa caMooOCTyKUBaHUs MpUMeHseTcs B punanax bemapycbank 1 oOMeHa BanmoT. TepMuHan
IpeHa3HaueH /sl BBIOJHEHUS B PEXHME CaMOOOCTYKMBAaHUS BaJIIOTHO-OOMEHHBIX ONepalnui ¢
UCIIOJIb30BaHUEM HAJIMYHBIX JEHEKHBIX CPENCTB, a TAKXKE€ OMNEpPaTUBHOIO MPENOCTaBICHUS pe-
KJIAMHO-CITpaBO4HOM nHpopmarmu [20].

Hcnonp30BaHne TaKMX CUCTEM MO3BOJISIET ONTUMU3UPOBATh MHOTHE MPOILIECCH] U YCKOPUTH 00-
CILy’>KMBaHHE U MTOBBICUTD yJJOBJIETBOPEHHOCTb KIIMEHTOB.

Pexomenoamenvuvie cucmemol. PexomeHaTenbHble CUCTEMBI — NMPOTrpaMMbl (IIPOrpaMMHBIE
MOJ1yJIN), KOTOPbIE HA OCHOBE COOpAaHHBIX JAHHBIX MBITAIOTCS MPEACKa3aTh, KaKUe 00BEKTHI U TO-
Bapbl OyIyT UHTEPECHBI KIIUEHTY.

MO>KHO BBIIETUTH JBAa OCHOBHBIX THUIIA PEKOMEHAATEIbHBIX CUCTEM. B mepBoM citydae mosib-
30BaTeN0 PEKOMEHYIOTCS OOBEKTHI, MIOX0XKHUE Ha T€, YTO ATOT MOJb30BaTelb yKe ynorpeomi. Bo
BTOPOM CITy4ae JUIsl pEKOMEHIalli1 TaKXKe UCIOJIb3YIOTCS OLIEHKH U APYTUX MOJIb30BaTeseil, 4To ya-
CTO JaeT Jy4IIni pe3ynsrat [21].

['paMOTHOE MCMOJIB30BaHUE PEKOMEHIATENbHBIX CUCTEM B AJIEKTPOHHOW KOMMEpPIIMH M03BO-
JSIET YBEIUYUTH CPEAHIOI0 BBIPYUKY C IOJIb30BATENS U MOBBICUTH YAOBIETBOPEHHOCTD M0JIb30BaTE-
aei.
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Omnnaitn-mapkerunr (online-marketing, digital marketing, e-Marketing), MOOMIBHBINH MapKe-
TUHT (mobile marketing) Taxxe B ONpeneNeHHBIX CIIydasX MOKHO OTHECTH K BBICOKOTEXHOJIOTMY-
HOMY MapKETHHTY.

Takum 00pa3oM, BBICOKOTEXHOJIOTHYHBIC PEIICHHS B MapKETUHIe B OOJBIIMHCTBE CIIydacB
aubo yxe csi3anbl ¢ Big Data, Data Mining u Predictive Analytics, mu6o moteHIuaaIsHo MOTyT ObITh,
a C TOYKHU 3pEHHs aBTOPOB JIAHHOW CTaThH, IOJDKHBI OBITh CBS3aHHBI ¢ HUMHU. Pa3BuTHe B JaHHOM
HAIpPaBJICHUH MMO3BOJIMT MOJIyYaTh PEIEBAHTHYIO HHPOPMAIIHIO O MOJIb30BATEISIX M3 MHOTHX HCTOY-
HUKOB, a aHAJIM3 ITOM MH(OPMALIUK ¥ TPAMOTHOE €€ IPUMEHEHHE CAETAI0T B3aUMOJICHCTBHE C I10-
TpebuTesaMHE eriie 60s1ee TOYHBIM U UHIUBHIYAIbHBIM, YTO TIO3BOJIUT BHIBECTH MAPKETHHT HA HOBBIH,
OoJiee BBICOKHIA YPOBEHb.
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K BOITPOCY O NIOAT'OTOBKE JAHHBIX /UUISA PEHHEHUA 3ATAY
DATA MINING

E.H. /Kueuyxasn A.T. Kycaunoea' B.A. Hapxumenko M.M. Tamyp
Ilpopexmop no yue6- Jloxmopanm Eepazuii-  3asedyrowuii kagpeo-  Ilpogeccop kagedpwi
Hoti pabome BI'VYUP,  ckoeo nayuoHanbHwill PO IKOHOMUKU 2/IeKMPOHHBIX BbIYUC-
KaHouoam mexuwuve-  YHUBepcumem umMeHu BI'VUP, kanouoam JUMENbHBIX MAWUH

CKUX HAYK, 00YeHm JILH. I'vmunesa, ma- aKoHomuyeckux Hayk, BI'VUP, ookmop mex-
2UCMP MEXHUYECKUX ooyenm HUYeCKUX HayK,
HAayK npogheccop

benopycckuii 2ocyoapcmeenblii yHugepcumem ungopmamuxu u paouosnekmponuxu, Pecnyboauxa benapyco
'Eepasuiickuii nayuonanvuwui ynusepcumem um. JI.H. I'vmunesa, Pecnybnuxa Kaszaxcman
Email: jivitskaya@bsuir.by, ainurkussainova89@gmail.com, parkhimenko@bsuir.by, tatur@bsuir.by

Abstract. In the article, the problem of data preparation for data mining process has been described. Usually this
stage of data preprocessing is skipped contrary to theoretical recommendations. Much more attention usually is paid to
sophisticated methods and algorithms. This could lead to outcomes without any applicable meaning. In the article, authors
have offered several ideas on dealing with main problems within data preparation step.

Bgeoenue. B yueOHOIi TuTEpaType 10 HHTEIUICKTYalbHOMY aHAIN3Y JaHHBIX, KaK PABHJIO, H3-
JaralTcs Kiaccudeckue (opMasibHbIC aIrOPUTMbI, @ B HAYYHOH JIMTepaType — UX MOIU(PHUKAIINU 1
riIyOOKOE MCCIIEI0BaHUE PA3IMYHbIX aCIEKTOB MX MPUMEHEHUs. [Ipu 3TOM Bompocam HOATOTOBKH
JIAHHBIX HECMPABETUBO yJCsIeTCss Majio BHUMaHKs. OHAKO HECTIOXKHO MM0Ka3aTh, YTO MOATOTOBKA
(Ka4ecTBO MOJArOTOBKH) IAHHBIX MOYKET OKa3bIBaTh 3HAUYUTENIBHO 00Jiee KapHMHAIBHOE BIUSHHUE Ha
KOHEYHBIH Pe3yybTaT, HEKeITH BEIOPAHHBIN METO] MIIH MOHU(UKAIIUS alrOpUTMA.

Ecnu pacemotpets (puc. 1) yxe cTaBiiee XpecTOMaTHIHBIM U3N0kKeHue mpoiecca Data Mining
B pamkax Metogosiorun CRISP-DM (Cross Industry Standard Process for Data Mining), To MoxxHO
OTMETHTb, YTO B TEOPHH ITall HEMOCPEICTBEHHOI'O NMPHMEHEHHs KOHKPETHBIX alroputMoB Data
Mining (Ha pucynke otmedeHo kak «Modelling») siBisercs muinb OMHUM U3 6 3TAroB U HOCUT CO-
HOAYMHEHHBII XapaKkTep M0 OTHOLICHUIO K MOHUMAaHHIO MPUKIIAJHBIX TPOOIeM U3 MPEIMETHOMH 00-
gactu («Business understanding») u peanu3anuyu TPUHATBHIX 10 MTOTAM aHAIW3a PEHICHUN
(«Deploymenty).

B TO e Bpemsi, Kak MMOKa3bIBacT OIBIT, HA MPAKTHKE B paMKaX MHOTHX MPOEKTOB 1o Data
Mining aKIeHT IEPEHOCUTCS, HATIPOTHB, CYT'y0O Ha UCTIOIh30BaHUE KOHKPETHBIX AITOPHUTMOB, a JPy-
THe 3Tarbl (B TOM YHCIIe BaKHBIN ATall MOATOTOBKU JIaHHBIX — Data preparation) omycKaroTCs.

B Hacrosiei paboTe aBTOPbI 3aTPAaruBalOT HEKOTOPBIE BAYKHBIEC BOITPOCHI KIMEHHO ITOTO ITara,
B 9aCTHOCTH MPOOJIEMY TOATOTOBKH JIOTHIECKUX TPU3HAKOB U MPOIEAYPY B3BCIIMBAHUS U HOPMa-
JH3aIMU JaHHbIX.
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Business Data Data
Understanding I Understanding I Preparation I Modeling I Evaluation I Deployment I
Determine Collect Initial Data Select Data Select Modeling Evaluate Results Plan Deployment
Business Objectives | /nitial Data Collection | Rationale for Inclusion/ | Techniques Assessment of Data | Deployment Plan
Background Report Exclusion Modeling Technique Mining Results w.r.t.
Business Objectives Modeling Business Success | Plan Monitoring and
Business Success Describe Data Clean Data Assumptions Criteria Maintenance
Criteria Data Description Data Cleaning Report Approved Models Monitoring and
Report Generate Test Design Maintenance Plan
Assess Situation Construct Data Test Design Review Process
Inventory of Resources | Explore Data Derived Attributes Review of Process Produce Final Report
Requirements, Data Exploration Generated Records Build Model Final Report
Assumptions, and Report Parameter Settings Determine Next Steps | Final Presentation
Constraints Integrate Data Models List of Possible Actions
Risks and Verify Data Quality | Merged Data Model Descriptions | Decision Review Project
Contingencies Data Quality Report Experience
Terminology Format Data Assess Model Documentation
Costs and Benefits Reformatted Data Model Assessment
Revised Parameter
Determine Dataset Settings

Data Mining Goals
Data Mining Goals
Data Mining Success

Criteria

Produce Project Plan

Project Plan

Initial Assessment of
Tools and
Techniques

Dataset Description

Puc. 1. Dranel, 3agauun u pe3ynsrarel Data Mining B COOTBETCTBUH C

meronoisiorueit CRISP-DM [1]

1. O cosmecmHom UChONIb30BAHUU O2UHECKUX U KOTUYECEEHHbIX npu3Hakos. OOLEIPUHATO
B QHAJIM3UPYEMBIX JaHHBIX BBIACIATH KOJIUYECTBEHHbBIE, TOIMYECKHE, KAaTerOpHaIbHbIE, IOPSIKOBbIE
M HEKOTOpbIe Npyrue Tumbl. OIHAKO MPU PACCMOTPEHUH KOHKPETHBIX aaropuTMoB Data Mining
(mampumep, knacrepusanuu k-cpenHux, kiaccudukanuy k-0Onmkaiimmx cocezeit u T.11.) pedb UaeT
MCKJTFOUUTENIFHO O KOJIMYECTBEHHBIX TaHHBIX. Kak OBITh, €CITU B 3a/1a4ax MPUCYTCTBYIOT JaHHBIE pa3-
JIMYHBIX TUIIOB [2], B YaCTHOCTH JIOTUYECKHE?

Jlyia oTBeTa Ha 3TOT BONPOC paccMOTpUM ¢opMainbHblil npumep. Ilycts umeercs 3 oObekTa
(o6paza), KaxkAbIi U3 KOTOPBIX MpeJICTaBlIeH ABYMSI HH(POPMATUBHBIMU MTPU3HAKAMHU, IIPU 3TOM 00a
MpU3HaKa Joruueckue (Mpu3HaK 0o NpUCYTCTBYET, INOO OTCYTCTBYET Y KOHKPETHOTO 00BEKTA).

Tabmuna 1 — McxoaHele JaHHBIE X
X; X2 Ne 1 )
o0pasa ®e ®
0 0 - g
0 1 1
1 0
1 1 2
01 =x1 %, 3
02 — x1 x_z .
03 = X1 X; X1

PHc. 2. PacnipeneneHHe 08paz0B ¢ «IHCTBIMHY
JIOTHYECKHMH I H3HAKAMH

HcxoaHble TaHHBIE IO BCEM TpEM o6pa3aM MMpUBCACHLI B Tabm. 1. HpI/I ux FeOMeTqueCKOﬁ
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UHTEepIpeTanuu (prc.2) 00pa3bl OKAKYTCS PACIIONOKEHHBIMU B BEPIIMHAX KBajapara (B 001meM ciry-
4ae, IpU HAIMYUHU OOJIBIIOTO YKCiIa MPU3HAKOB — B BEpIIUHAX THIEpKyDOa). MakcuMaabHOE YHCIIO
pa3IMYMMBIX 00pa3oB — 2n, TAe N — YUCIO UHPOPMATUBHBIX MPU3HAKOB WM Pa3MEPHOCTh IIPHU3HA-
KOBOT'O IPOCTPAHCTBA.

B takoii mocTaHOBKe MOJ0XKEHHE KaXI0T0 U3 00pa3oB MOXKET ObITh OMUCAaHO OyJIeBBIM BhIpa-
KEHHUEM, a KOJOBOE PACCTOSTHHE MEXTy HUMH, TTPH HEOOXOITMMOCTH, MOKET OBITh BBIPAXKEHO B MET-
pUKe X3MMUHTA.

Hanpumep, B kopoOKke UMEIOTCS I€TalIU, Pa3InYAIOLIHecs 110 pa3Mepy — X1 (OoJIbIIHe 1 MajIbie)
u (popme — X2 (kpyriibie U rpooiropareie). Heodxoanmo 3anucars NpaBUiio MPUHSATUS PEIICHUS TS
aBTOMAaTa-COPTUPOBIIUKA.

B nanHOM ciy4yae MpU3HAKU C TOYKH 3PEHMSI MPUHATUS PEHICHUN SIBISIOTCS «B3aUMHO
HEUTpaTbHBIMUY»: OOJBIINE KPYIJIbIE I€TAIH HE Ny4llle, He BayKHEE, HE 3HAYMMEe, YeM, Halpumep,
Maible ¥ mpojaosroBarbie. [loaToMy npugaHue ykazaHHBIM ITPU3HAKAM BECOBBIX 3HAYCHUI JTUIIEHO
cMbIcTa, a OyneBsl onrcanus 00pa3oB Oj M OyAYT SABIATHCS MPABUIIAMU MIPHHSITHS PEIICHHIA, YUCTO
JIOTUYECKHUX PELICHUH.

Ho kak TONbKO MBI YCTaHABIMBAEM MEXAY 3THUMH MPU3HAKAMHU HEKOTOPOE KOJMYECTBEHHOE
COOTHOIIIEHUE, BIHSIONICE HA IPUHITHE PEIICHUS, TOT1a BOSHUKACT MOJITUII JJOTHYSCKHUX MPU3HAKOB,
JUTSL KOTOPBIX TPAaBOMEPHO OLIEHUBATh FT€OMETPHUECKOE PACCTOSHUE MEXAY 0Opa3amHu.

Hampumep, Ha pepme pa3BoasAT KpOIUKOB. MIMeromuecss KpOJIUKH pa3IMyaroTcs 1o IBeTy (Oe-
JIBIA, cepblil) — X1 U Toy — X2. Heo0XoAuMo MX CpaBHUTH B IJIaHE KOMMEPUYECKOH (CeNeKIIMOHHOM
WM JIp.) BRITOJBL. [IyCTh IpU3HAK X1 IPU NPUHATHAN PEIICHUN B TPU pa3a BaKHEe, YeM IMPU3HAK X2,
TOTJ]a UX B3aUMHOE PACIIOJIOKEHHE B TPOCTPAHCTBE (B YACTHOCTH, HA TUIOCKOCTH) OY/IET BHITJISIACTD,
KaK IMPEJICTaBICHO Ha pUC.3. A 3HAYUT, MBI HIMEEM BCE OCHOBAHWS, YTOOBI BHIYUCIIUTH €BKIIAIOBBI
paccTosiHUsL MeX a1y o0pa3aMu U pelaTh 3a7a4d KIIacTepU3aliK, PAaHKUPOBAHUS U JP. U3BECTHBIMHU
ITOPUTMAMHU.

N
X2
1 2
° o
3
o >

X1
Puc. 3 Pacnipesieierre 00pa3oB co B3BeIEHHBIMU

JIOTHYCCKHMH ITPpH3IHaKaMH

[Tpomomxum npumep. [lycTs ouH U3 MpU3HAKOB (X1) OyA€T KOJTUYECTBEHHBIM, U MBI K UMEIO-
HIMMCSI TpeM 100aBUM MATHIN U 1ecTo 00pasbl, ¢ MapaMeTpaMy, YKazaHHbIMU B Ta0u. 2. Tak kak
IIPU3HAK X1 OCTAETCSA B COOTBETCTBUU C YCIIOBUEM Ba)KHEE B TPU pa3a IpU3HAKA X2, TO pacIpelelcHUE
MPU3HAKOB TpapUUeCcKl MOKHO OYJET MPeICTaBUTh TAKUM, KaK [MOKa3aHO Ha pucC.4.

Ecnu momMeHsTh COOTHOIIEHHE BECOB NMPU3HAKOB HAa MPOTHBOMOJIOXKHOE (MpHU3HAK X1 cTaHeT
MEHEee BECOMBIM, YeM NPU3HAK X2 B TPU pa3a), TO NOIYYUM paclpeesieHle, Kak oKa3aHo Ha puc.S.
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Tabmama 2 — JlomoIHHETeNbHBIE 06pa3sl -
X1 X2 Ne
obpasa
0 0 -
0 1 1
1 0 3
1 1 2
03 |1 |4 ol o ° ?
0.5 0 5 N
y 5 3
o o
X1
PHc. 4. PacnipenerneHde 05pa30B ¢ KOTHIeCTBEHHEIM H
E3BElISHHBIM TOTHIECKHM IIPH3HAKAMH, B COOTHOIIEHHH 1:3
N
X2
] 4 2

sk 3 X1

Puc.5. Pacnipesenenne o0pa30B ¢ KOTHYECTBEHHBIM H
B3BeIISHHEIM JIOTHISCKHM IIPH3HAKAMH, B COOTHOIIEHHH 3:1

O‘{eBI/I,I[HO, 4YTO COOTHOHICHUS CBKIMAOBBIX PACCTOAHUA MCKIAY O6pa3aMI/I Ha puc. 4n puc. 5
ANaMETPAJIbHO IPOTUBOIIOJIOKHBIC!

PE (4,5) < pE (3,5), pE (4,5) < pE (2,4);
pE (4,5) > pE (3,5), pE (4,5) > pE (2,4),

a, ce0BaTeIbHO, MK penieHny 3aaa4y Data Mining OyayT mosy4eHsl MPOTHBOIMOIOXKHBIE PE3YITb-
TaThI.

2. Memoouueckue pexomenoayuu no 636eUUBAHUIO U HOPMATUAYUU UHDOPMAMUBHBIX NPU-
3HAKO6. I[aBaTB CTPOruc pEUCIThl MO B3BCIIMBAHWUIO U HOPMAJIM3AllUU JAHHBIX B BUJAC MCTOJUK U
QIITOPUTMOB, T10 BCEH BUAMMOCTH, HE BO3MOXKHO U Jake He kenarensHo [3]. Jlemo B TOM, 4TO 4acTh
ATAroB MOJATOTOBKHU JaHHBIX, II0 CBOEH CyTH, BOOOIIE He MoaaaeTcsi (hopMaTn3aIiy, a OCTaBIIasCs
M300MITyeT pa3InuyHbIMH OTOBOPKAMH M YACTHBIMU CITy4asiMU.

[ToaTomy 3asBICHHBIC «METOIUYECCKHE PEKOMEHIAIMI 110 B3BEIIMBAHWIO W HOPMAJTU3AINN
MH(OPMATHUBHBIX IPU3HAKOB CJIEIyeT MOHNUMATh, KaK HEKOTOPBIC IBPUCTUYECKHE MTPABUIIa, KOTOPHIE
HEOOXOIMMO JIEpXKATh B IOJIE 3PCHUS aHATMTHKY JJAHHBIX, 0COOCHHO HAUMHAIOIIEMY CBOFO Tpodec-
CHOHAJILHYIO Kapbepy.

[TogoOHbIe MpaBwMIIa aBTOPHI POPMYIUPYIOT CIAEAYIOMIMM 00pa3oMm:
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1 PamxupoBarh NPU3HAKU M YCTAHOBUTH BECa 03HAYAET, YTO HEOOXOAUMO COIOCTABUTh 3HA-
YUMOCTB BCEX UCIIOJIb3YyEMbIX IIPU3HAKOB B KOHTEKCTE KOHKPETHOM perraemMoi 3anaun. IIpocreimmm
IIPUMEPOM METO/Ia ONIPENIEIICHNS BEIMUMHBI BECA — SIBIISIETCS METOJ DKCIIEPTHBIX OLICHOK. OIHaKo He
CTOMUT 3a0BIBaTh, YTO B HEKOTOPBIX CIIydasxX (MpW HATUYMU allPHOPHON MH(POPMAINH, perpe3eHTa-
TUBHOU BBIOOPKHU IPELEIEHTOB U T.I1.) 3HAYEHUSI BECOB MOT'YT OBITh «BBIYHUCIIEHBI» B PE3YIbTATE pe-
nienus 3anadu Data Mining.

2 Yt0o6b! yHU(DULIMPOBATH M10JIb30BATENbCKUNA UHTEP(ENC BEIUMCIUTENBHBIX CUCTEM IIPU pe-
IICHUH 33/1a4 C PA3IMYHBIMU JUaNa30HaMU BECOB MH(OPMATUBHBIX MPU3HAKOB PEKOMEHIYETCsI HOp-
MaJIn30BaTh O0JACTh JOIYCTUMBIX 3HAYEHUH BECOB, T.€. BEC MAaKCUMAaJlbHO-3HAYMMOI'O IPHU3HAKA
IPUHATH 32 €AUHUILY, 3, MUHUMAJIbHO-3HAUUMOTO 3a HOJIb.

3 V3HayanpHO KaXkJbli M3 MIPU3HAKOB IIPEJCTABIECH B OPUTMHAIBHON CUCTEME OTCuUeTa, UC-
YHCIICHUS, YCIOBHBIX €IMHUIAX U T.I1. JIJIs ero ucronp30BaHus B anroputMax Data Mining B oOmiem
cilyyae HeoOXOAMMO HOPMaJIN30BaTh OAHUM U3 CIIOCOOOB:

3.1 Xi/(Xmax—Xmin), T.€. TEKyIllee 3HAYCHUE TPUBOJUTCS K JUANA30HY, BEIYHCISIEMOMY U3
BBIOOPKH;
3.2  Xi/Ax, T.e. TeKylllee 3HaueHUe MPUBOJUTCS K allpUOPH 3aJJaHHOMY JMaNa3oHy Ax.

B 3aBucumoctu ot cnoco6a nHopmanuzaiuu (3.1, 3.2) MoryT ObITh OJTy4eHbI (POPMATIBHO TIPO-
TUBOPEUYUBBIE pe3ysbTaThl. [103TOMY OCYIIECTBIISITH HOPMAIU3ALKIO CIEAYET B KOHTEKCTE pellac-
MOM IPUKJIAJHON 3a/1a4u.

3axnouenue. Jlornueckue MpU3HaKky CIEAyeT pa3fesATh Ha YUCTO JOTMYECKHE U B3BEIIUBAC-
MbI€, B 3aBUCMMOCTH OT CIelMPUKY perraeMoii 3ai1aun. Te u 1pyrue umeroT GuKCHPOBAHHOE YUCIIO
KOJIOBBIX KOMOUHaImii — 2", onpeensonee MaKCHMaIbHOE YHCIIO PACIIO3HABAEMBIX 00Pa30B.

B3BemmBaemple TOrnyecKue Mpru3HaKd MOTYT HapsTy ¢ KOJIMYECTBEHHBIMU WH(OPMATHBHBIMU
IPU3HAKAMU UCHOJIB30BAThCA JUIs ONUCcaHMs 00pa3oB U 06e3 OrpaHW4YeHUll UCIOIb30BaTHCS B allrO-
putmax Data Mining.

B xoJe moAroTOBKYM JAaHHBIX BCE MPU3HAKU PEKOMEHAYETCS PaHXUPOBAaTh U HOPMAJIU30BaTh
KaK BHYTpH COOCTBEHHOH IIKaibI (00JaCTH TOMYCTHUMBIX 3HAYEHUI ) TaK U III00AIBHO.

HekoppekTHoe cooTHeceHHe (B3BelIMBaHNEe) MH(POPMATUBHBIX IPU3HAKOB, a TAaKXkKe 00paboTKa
HEHOPMAJIM30BAHHBIX JIaHHBIX MOKET KapJMHAJIBHO U3MEHUTh Pe3yJIbTaThl aHAIN3a, IOPO B 00JIb-
1Iei CTeneHu, HeXXenH BbIOOp MoAu(UKaMK IpUMeHeHHoro anroputMa Data Mining.

Bormpockl reomerpudeckoil HHTEpIpeTalMi 00pa30B ¢ KaTeropualbHBIMU MPU3HAKAMHU U UX
COBMECTHOI'O MCIOJIb30BAHUS C KOJIMYECTBEHHBIMH CTaHET MPEIMETOM 00CYXIEHHs B CIeAyroIei
pabote. Emie onHoM BaxkHOM MpoOeMoil Ha 3Tare NoAr0TOBKY JIaHHBIX SBJSETCs polieMa Bbibopa
UH(POPMATUBHBIX NMPU3HAKOB U CBA3aHHAs C HEW MpobiieMa «OYMCTKH JaHHBIX». B COBOKyMHOCTH
OHM HANIPSIMYIO BIIMSIOT Ha Pe3yJbTaThl MHTEIJIEKTYaIbHOTO aHaIM3a U Oy1yT pacCCMOTPEHBI B J1allb-
HEHIINX MyOIuKaIusx.
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AIIPOBAIIUSA PE3YJBTATOB HEJIMHEMHON PETPECCUOHHOM JOI'UT-
MOJAEJIM NTPOT'HO3UPOBAHUSA PUCKA BAHKPOTCTBA NNPEAIIPUATUU U
ONPEJEJIEHUE EE OIITUMAJIBHBIX IOPOI'OBbIX 3HAYEHUI
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Abstract. This article is about the models of binary choice, that can be used to predict the risk of bankruptcy. There
is some results of constructing models of binary choice in this article. This scientific material presents information about
these models and their predictive ability, and also it includes the stages of model valuing. This article is focus on the
critical values for the model for bankruptcy risk prediction and their determination. It is noted that the model is good for
the bankruptcy risk prediction.

B kauectBe anmnapara 115 MOJEIUPOBaHMsI pUCKa OAHKPOTCTBA MPEANPUITUN PEaTbHOTO CeK-
TOpa 3KOHOMHMKH LI€€CO00Pa3HO UCII0Ib30BaTh HEIMHEHHYIO JTIOTHCTUYECKYIO PErPECCUOHHYIO MO-
JEIIb.

B crathe «MogenupoBanue pucka 6aHKpOTCTBA MPEANPUATUN PeaTbHOIO CEKTOPa SKOHOMUKHU
Pecniy6nuku benapyce» [1] paccMoTpeH nmporiecc HocTpoeHus AaHHOTo THIa Mojeneil. Haumyummit
pe3yabTat npuolpesna MoJIeNb CIEIYIOLIero BUa:

(2) = e’ 1
¢ 1+e> 1+e?’

1)

/i€ Z — OCHOBAHHE HEIMHEWHOM JIOTUT-MOJIEIH, IPEJICTABIIEHHOE B BUJIE MATH()AKTOPHOMN perpeccu-
OHHOM MOJIeNN CO ClleAyIomIel crennuKae:

7=7,88+5,78x1+8,75x2+60,75x3+17,96x4+3,51xs, @)

rze X1 — ko3 duuueHT odecneyeHHOCTH COOCTBEHHBIMU 00OPOTHBIMU CPE/ICTBAMH,
X2 — K03(ppuiueHT puHaHCOBOW HE3aBUCUMOCTH (aBTOHOMUMN ),
X3 — K03 PUIHEHT aOCOTIOTHON JTHUKBUIHOCTH,
X4 — TEMIT IPUPOCTA BBIPYUKH,
X5 — [TOKa3aTesb KauecTBa KPEIUTHONW UCTOPUH MPETPUATHS.

[Ipexe, yeM npucTynaTh K ONPEIEIIEHUIO TIOPOTOBBIX 3HAUYECHUH, MTPEICTABISETCS 1EIec000-
pasHBIM MIPOBECTH aHAJIM3 PACIpEesIeHUs] UTOTOBBIX 3HAYEHUH MOJIENU MPOTHO3UPOBAHUS PUCKA
0aHKpOTCTBA Ha 00y4arolIel BEIOOPKE, HA OCHOBAaHWU KOTOPOW MPOUCXOMIIO €€ TOCTPOCHHUE.

Jlnana3zoH U3MEHEHHUs pe3yIbTUPYIOLIETo MoKa3aTens HaxoauTes B npeaenax ot 0 go 1. Uem

293



Tpemwvs Meosicoynapoonas nayuno-npaxkmuueckas xongpepenyus «BIG DATA and Advanced Analytics. BIG DATA u ananus evicoko2o ypoeHsny,
Munck, Pecnybauka Benapycs, 3-4 mas 2017 200a

Omke pacueTHoe 3HaueHue K 0, TeM OJKe opraHu3amus K COCTOSHUIO 0aHKPOTCTBA, YeM OJIHIKE
pacueTHOe 3HaYeHHE K |, TeM OJinke Opranu3anus K COCTOSHUIO (PMHAHCOBOM YCTOMYMBOCTH.

OOGyuaromiast BEIOOpKa Obl1a chopMupoBana U3 219 npeanpusaTii: 65 OTHOCAITUXCS K KaTero-
pun «0aHKpOoT» U 154 opranu3zanmii 6€3 TakOro Mpu3HaKa.

[Tpu 5TOM, eciu 3HaUeHHE PE3yIbTUPYIOIIETO MOKa3aTes AJis 1-0il opraHu3anuu OblJI0 MeHee
wii paBHoe 0,55, To 3HaYeHHe KIaccu(pUIMpoBaoch Kak crpemsiieecs k 0, a 3Hagenue 6onee 0,56
— Kak crpemsiieecs K 1. BersiBum ommOku 1-ro u 2-ro poaa aiis oOyyaromieid BRIOOpkH. Pe3ynbrars
conepskarcst B Tabmuie 1.

Tabmuua 1. Peynprarel omub0k 1-ro u 2-ro poga st o0ydaromeil BHIOOPKH

Bcero 3na- 3nauenue 1 3nauenue 0 [Ipouent BepHO npe-
YEHUH CKa3aHHBIX 3HAYCHHUHI
3Havenue | 154 149 5 96,64%
3navenue 0 65 5 60 92,31%
219 Hroro Bepusix npen- | Uroro HeBepHBIX | 95,43%
ckazannii: 209 npenckazannii: 10

Ananuz JaHHBIX Ta6J'II/II_IBI II0Ka3ajl, 4TO Ha O6yanOHleﬁ BLI60pKe MOJCJIb JajiIa BBICOKHUC pC-
3YJIbTAThI U IMOKa3aJia BBICOKYIO ITPOTrHOCTUYCCKYIO CIIOCOOHOCTE.
HpOBeI[eM aHaJIM3 Ka4cCTBa npez[cxasaTenLHoﬁ CIIOCOOHOCTH MOJCIN Ha BLI60pKaX nocicay-

IOIUX TIEPUOJIOB:
[To cocrostauto Ha 01.01.2016 BBIsIBUM o1muOKHU 1-T0 U 2-TO pona. Pe3ynpTaTsl mpuBeaeHBI B

Tadymue 2.

Tabmmua 2. Pe3ynprarel omuboK 1-ro 1 2-ro poaa i BBIOOPKH MPEANPHATHHN 110 COCTOSHUIO Ha
01.01.2016

Bcero 3na- 3Hauenue 1 3Hauenue 0 [IpoueHt BepHO npen-
YEHUI CKa3aHHBIX 3HAYECHUN
3nauenue 1 1556 1519 37 97,6%
3unauenue 0 81 5 76 93,8%
1637 Uroro Bepupix mpen- | Uroro HeBepHbIX | 97,4%
ckazanwmii: 1595 npecKkasanuii; 42

Ha Bri6opxke o cocrosiuuto Ha 01.01.2016 moens qana BEICOKHE pe3yIbTaThl U BBICOKYIO MPO-

THOCTHYECKYIO CLIOCOOHOCTb.
ITo cocrosinuto Ha 01.04.2016 ommbku 1-ro u 2-ro poaa ciaenyrouiie. Pe3yiabTaTsl NpuBeIeHbI

B Ta0nuIle 3.

Tabmuua 3. Pe3ynbrarel omub0k 1-ro 1 2-ro poa i BBIOOPKU MPEANPHUATUIN 10 COCTOSHUIO HA

01.04.2016
Bcero 3Ha- 3nauenue 1 3nauenue 0 [IporuenT BepHoO mpen-
YEHUU CKa3aHHBIX 3HAYEHUHN
3Hauenue 1 1317 1173 144 89,1%
3uauenue 0 104 8 96 92,3%
1421 Hroro Bepubix mpen- | Uroro HeBepHBIX | 89,3%
ckazanuii: 1269 npenackazanuii: 152

Ha Be16opxke no coctosiuio Ha 01.04.2016 moaens Takke Jana BHICOKHE PEe3yabTaThl U XOPO-
IIYIO0 IPOrHOCTUYECKYIO CITIOCOOHOCTb.
CHmKeHne NPOLEHTa BEPHO NPEICKa3aHHbIX Mokaszareneil no cpaBHeHuto ¢ 01.01.2016 BoI-
3BaHO «BBIpPAaBHHUBAHUEM) IOKa3aTele KIMEHTOB, CTPEMSIIUXCS HAaUIYUYIIUM 00pa3oM «3aKpbITh»
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ITo coctosiuro Ha 01.07.2016 BeisiBUM ommOku 1 1 2-T0 poaa. Pe3ynbrarsl mpuBecHBI B Ta0-

e 4.

Tabnuma 4. Pe3ynbpratsl ommbok 1-ro 1 2-ro poaa s BEIOOPKH MPEAIPHUITHI MO COCTOSIHUIO Ha

01.07.2016
Bcero 3na- 3nauenue 1 3nauenue 0 [IpouieHt BepHO npe-
YEHUI CKa3aHHBIX 3HAUYCHUI
3navenue 1 1248 1139 109 91,3%
3Hauenue 0 98 9 89 90,8%
1346 Hroro BepubIx npen- | Mroro HeBepHBIX | 91,2%
ckazanmii: 1228 npeackazanmii: 118

Ha Bw16opke no cocrosiuuto Ha 01.07.2016 Mozmens mama Xopoliue pe3ysbTaThl U XOPOIIYIO

MPOTHOCTUYECKYIO CIIOCOOHOCTb.

ITo cocrosinuto Ha 01.10.2016 BbIsIBUM omuOKu 1-To U 2-ro poaa. Pe3ynbraThl mpuBeIeHBI B

Tadauie 5.

Tabnuna 5. PezynpraTsl ominbok 1-ro 1 2-10 posa aJis BIOOPKHU NPEIIpUiTUN IO COCTOSHUIO Ha

01.10.2016
Bcero 3Ha- 3Hauenue 1 3Hauenue 0 [IpoueHt BepHO npen-
YEHUU CKa3aHHBIX 3HAUEHUMN
3unavenue 1 1171 1097 74 93,7%
3unayenue 0 101 9 92 91,1%
1272 Uroro BepHbIX mpen- | Mtoro HeBepHbIX | 93,5%
ckazanmii: 1189 npenckazanuii: 83

Ha Br16opke no cocrostuuto Ha 01.10.2016 Monens gana xopolue pe3yabTaThl U BBICOKYIO

MMPOTHOCTUYCCKYIO CIIOCOOHOCTE.

ITo cocrosinuto Ha 01.01.2017 BbIssBUM ommOKu 1-ro u 2-ro pona. Pe3ynbraThl mpUBeIEHBI B

Tabiuue 6.

Tabnuua 6. Pesynbrars! omubok 1-ro u 2-ro poaa A BBIOOPKHU MPEANPUATHH 110 COCTOSHUIO Ha

01.01.2017
Bcero 3na- 3nauenue 1 3unauenue 0 [IporuenT BepHoO mpen-
YeHUI CKAa3aHHBIX 3HAYCHUN
3nauenue 1 918 882 36 96,1%
3nauenue 0 87 5 82 94,3%
1005 Htoro BepHbIx mpen- | Mtoro HeBepHBIX | 95,9%
ckazanuii: 964 npejckazanmii: 41

Ha Be16opke o coctosinuto Ha 01.01.2017 Mozens 1ana BBICOKHE pe3yJbTaThl U BEICOKYIO IIPO-
THOCTHYECKYIO CTIOCOOHOCTb.
VYBenuueHue MpoLeHTa BEpHO NMpeAcKa3aHHbIX Moka3arenel no cpasHenuto ¢ 01.10.2016 BbI-
3BaHO «BbIpaBHUBAaHUEM» IOKa3aTesel KIMEHTOB, CTPEMALIUXCS HAWITY4IIUM 00pa3oM «3aKphITh)»

rona.

AHanu3 NoJy4eHHBIX Pe3yNbTaTOB MOKa3aj, YTO MOJIENb B LIEJIOM MPUTOIHA JIJIsl IPOTHO3HUPO-
BaHUS pUCKa OAHKPOTCTBA MPEANPUATHHA.
Tenepr mpencrasisiercs 1eaecooOpa3HbIM MPOU3BECTU T'PAAUPOBAHUE MTOTOBBIX 3HAYEHUI
MHTETPAJIBHOIO MOKa3aTelNsi MOJEIH, pacKiIacCu(UIIMPOBaB OPraHU3alUU Ha 0OJIbIlIee KOJIMYECTBO
IpyMI, MOCPEACTBOM YCTAHOBJICHHSI IIOPOTOBBIX 3HAUEHUH JJI1 MOJIEIH.
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st aTOrO MIpoaHaNM3upyeM 0o0ydaronyro BeIOOpKY. [IpoBenem rpaduueckuii aHaau3 M 1O-
CTPOUM JIUarpaMMy pacCeHBaHWsI 3HAUCHUH, MOJIYICHHBIX B PE3y/IbTaTe alpoOaIinu MOJICIH Ha 00Yy-
yaroIiei BEIOOpKeE (MpuBeeHa Ha pUCcyHKe 1).

N3 HOHy‘IGHHOﬁ AuarpaMMbl BUAHO, YTO UMCECTCA BO3MOKHOCTh B 3aBUCUMOCTH OT JUAIIA30HA,
B KOTOPBIi TIOTIA/IaET PACUETHOE 3HAUYCHHE KOHKPETHOTO HAOIIIOICHHS, Pa3Ie]IUTh MTOJTyYCHHbIC JaH-
HbIC HE MEHEe, YeM Ha 4 TpyIIbL.

Puc. 1. /lnarpamMma paccenBaHusi 3HAYCHUH, ITOTyYEHHBIX B pe3yJIbTaTe ampoOarim
MOJIENIM Ha 00ydJaroiei BHIOOpKe

Jlnst Gosiee TOYHOTO ONPENIENIEHHs] «ONTHMAIbHOTOY» YUCIa HHTEPBAIOB BOCIOJIB3yeMCsl hop-
mynoit Crapmpkecca [2]:

k=log2 N+1=3,322 IgN+1, (3)

rae N — Kkomu4ecTBO BCTpevaromuxcsl B oOydaronieil BBIOOpKe MOBTOPSIIOMIUXCS 3HAUEHUN pe3ylib-
TUPYIOIETO ITOKa3aTelIsl.

Hcxons 3 moyueHHOr0 HHTETPAFHOTO MMOKA3aTeNsl MOJIENH, IPEANPUSATHS pacpeleTiInch
crexyromuM o0pa3om (ITpUBEACHO B TabHIIE 7):

Tabmuna 7. Pactipenenenue npenpusITiii B 3aBUCUMOCTH OT 3HAYCHHUI WHTETPAIbHOTO TIOKa3aTelIs
MOJIEIIN

3HayeHHe HHTErPaJbHOI0 MOKA3aTes 0,00 10,04 [0O0O7 |008 |0,13 |0,15 |0,19
KonnuecTtBo npennpustuit 35 8 2 1 3 4 1
3HaveHNe MHTErPaJbHOI0 MOKA3aTeNs 020 10,25 |[031 |037 |041 048 |051
KonmgectBo npeanpustuii 1 1 1 1 1 1 1
3HayeHHe HHTErPaJbHOI0 MOKA3aTeJs 053 105 [057 069 |086 |100 | Bcero
KonnuecTtBo npennpusaruit 1 1 10 20 78 47 219
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ITpu N=20, 3naucnne K=5,29 (wau 5 npu okpyrienun). Takum o6pa3oM, IS MOJCITH MOYKHO
BBIJICJINTh 5 UHTEPBAJIOB [IOPOTOBBIX 3HAYCHUM.
Omnpenenum mar U3BMEHEHUs HHTEPBAJIOB 10 (hopMyIie:

n -N_.
h = —mx mn’ 4
B (4)

/1€ Nmax — MAKCUMAaJIbHOE 3HaUYEHUE Pe3yIbTHPYIOIIETO MoKa3aTers,
Nmax — MUHUMAaJIbHOE 3HAYEHUE PE3YJIbTUPYIOLIET0 OKa3aTes,
K — onTMabHOE KOJIMYECTBO HHTEPBAJIOB.

CrenoBarenbHO, Ul aHATU3UPYEMbIX JaHHBIX, IIar ©3MeHeHus: nHTepBaiioB h pasen 0,19.

Takum oOpazom, mosryyaeM clieyloie HHTepBaIbHbIe 3HAUCHUS MOJICIIH:

— ot 0,00 1o 0,19, B naHHBI! HHTEPBAJ BXOJAT OpraHU3AIMK KaTeTOPUU «OaHKPOT,

— ot 0,20 1o 0,39, k TaHHOMY WHTEpPBAITY OTHOCATCS] OpraHU3aIMy, OIU3KHEe K OAaHKPOTCTBY

— ot 0,40 no 0,59, B mHTEpBan BXOIAT NPEANPHUATHS, MUMEIOUIME NMPU3HAKK (HUHAHCOBOU
HEYCTOMYUBOCTH,

— ot 0,60 o 0,79, uHTEepBaN CTAOMIBHBIX OpraHU3AIIHH,

— ot 0,80 1o 1,00, uatepBan GUHAHCOBO YCTOHYHMBBIX OPraHU3AILIUN.

[Ipu 3TOM, A7 IPOCTOTHI OTHECEHHS MPEANPUATUN K (PUHAHCOBOM YCTOWYUBBIM MpEANpHUs-
TUSIM, TPEIIPUSATHIM C MPHU3HAKAMUA (PMHAHCOBON HEYCTOWYMBOCTH W TNPEINPUATHUSM-O0aHKPOTAM
MpeICTaBiIseTCs 1eJIeco00pa3HbIM YKa3aHHbIE HHTEPBAIbI YKPYITHUTD CIEAYIOLIIM 00pa3oM:

— ot 0,00 no 0,39 — npeanpusTHsI-0aHKPOTHI,

— ot 0,40 o 0,59 — npennpusitus, ¢ Npu3HaKaMu (PUHAHCOBOW HEYCTOMYUBOCTH,

— ot 0,60 1o 1,00 —puHAHCOBO YCTONYHMBBIC TPEITPUITUS.

Jlumepamypa
[1]. KocmeikoBa T.C. MojenupoBanue prcka OAaHKPOTCTBA MPEINPUSITHI PEATBHOTO CEKTOpa 3KOHO-
muku Pecriyonuku benapycs / T.C. Kocmbikoa // Matepuansl XXIII Mexaynap. Hayd.-nipakT. koH). «BIG
DATA and Advanced Analytics. Conference and EXPO», 3-4 mas 2017 / r. Munck, Pecniyonuka benapycs —
2017.
[2]. BeiGop qucia MHTEPBAJIOB [DneKTpOHHBIH pecypcel], pexUM J0CTYyTA:
https://www.ami.nstu.ru/~headrd/seminar/xi_square/28.htm.— M., 2017.
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CPABHEHMUME PA3JIMYHBIX TIOAXOA0B K AHAJIM3Y TEKCTA HA
INPUMEPE 3AJIAYU NPEJACKA3AHUSA OHEHKHU PECTOPAHA
1O OT3bIBY IIOCETUTEJIA

A.A. IlInemenkoe
Cmyoenm BI'VUP

Benopycckuii cocyoapcmeennulii yHueepcumem uHGoMamuxu u paouodiekmponuxu, Pecnyoauxa berapyco
E-mail: alex.shlemenkov@gmail.com

Abstract. . In this research paper two common methods of texts analysis had been applied to the problem of res-
taurant review mark prediction. The results of the methods applied to the task had been analyzed and had been listed in
table for comparison; reasons of different performance for specific pair of data and problem had been proposed.

OtcnexuBasi TpEHAbl COBPEMEHHOT'O MUPa, MO>KHO 3aMETUTh TITyOOKHUI HHTEpEC K 00JIacTH Uc-
KyCCTBEHHOTO MHTEIJIeKTa. OJJHOM 13 00J1acTel B «MAIIMHHOM MHTEIJICKTE» SBJISIETCS €CTECTBEHHAS
obpabotka s3pikoB (Natural Language Processing wmmn NLP). Baskuo 3ameTuth, uro obaacts NLP
SIBIISIETCS TIOJIE3HOM HE TOJIBKO /IS JIFOAEH, KOTOPBIE TECHO CBSI3aHBI C IMHTBUCTUKOMN H SI3bIKAMH, HO
u i OuszHeca. Hampumep, pemmB 3aady MOMCKa OTPULIATENBHBIX OT3BIBOB Ha MPOAYKT, MOXKHO
0oJiee OnepaTUBHO PearupoBaTh HA U3MEHEHHS.

B nannoii pabore Oblia paccMOTpeHa 3a/1a4a, KOTOpas COCTOUT B TOM, YTOOBI 11O TEKCTY OT-
3bIBa, KOTOPBIA OCTaBHJI MTOCETUTENb, MPEACKA3aTh OCTABICHHYIO UM OICHKY. J[aHHBIE MpencTaB-
JISIOT COOOM TEKCT OT3hIBA U OLIEHKY B Auana3one ot 1 1o 5 (5 — myumwii oT3b1B, 1 — xyammii) [1].

B xone uccrnenoBanus ObUTHM MPOAHAIM3UPOBAHBI /1B MOIMYJISIPHBIX METOJIa aHAJIN3a TEKCTOB.
OnuH U3 HUX SBISETCS «KIacCHMYECKUM» U ocHOBaH Ha TexHuke |F-IDF, npyroit Obu1 npemioxen
OTHOCHUTEJIBHO HellaBHO U Ha3biBaeTcst Word2Vec [2].

TF-IDF — cratuctiueckasi Mepa, KOTopasi HCIIOIb3yeTCs JUIsl OLICHKH BaYKHOCTH CIIOBA UITH CO-
YeTaHUs U3 HECKOJIBKHUX MOAPSA UAYIINX CJIOB, KOTOPBIE, IO CYyTH, OOBEAMHSAIOTCS B OJJHO YHUKAIIb-
Hoe. Briienenue Takux coueTaHui 4acTo OYEHb MOJIE3HO, TaK KaK MO3BOJISET «yJIOBUTHY CMBICIT OT-
PULIAHUN WM YCTOMYMBBIX COYETAaHUM, MCIOJIb3YEMBIX B sA3bIke. Hampumep, coderanue «He Hpa-
BUTCS» U CJIOBO «HPABUTCS» OYIYT UMETh aOCOJIIOTHO Pa3HbIM CMBICT B KOHTEKCTE JOKYMEHTa, HO
€CJIM He YUUTHIBATh Takue (hpasbl, TO KA4eCTBO KiacCU(UKATOpa MOXKET CHIbHO ynacTb. Mepa TF-
IDF xaxoro ciioBa npsMo IpoNOpLHUOHATIbHA KOJTUUECTBY MOSIBICHUHN B JOKyMEHTE U 00paTHO Mpo-
MOPIIMOHAIFHA YaCTOTE TMOSIBIIEHUS CJIOBAa BO BCEX JTOKYMEHTAX KOJUIEKIHHU. TakuM o0Opa3om, yem
yaiie cJI0BO MOSBISETCS B JOKYMeHTe, TeM Bhiiie ero TF-1DF. 11 Hao6opoT, ecnu ¢10BO 4acTo BCTpe-
YaeTcsi BO BCEX JIOKyMEHTaX KOJUISKIIMH, HAIpUMeEp, OOIIeynoTpeOnuTebHAs JEKCHKa, TO JdaXKe C
OO0JIBIINM KOJMYECTBOM MOSBIEHHUH B IokyMeHTe 3HaueHue 1F-IDF storo cioBa 6yzaer mano. [lan-
HBIN MTOJIXOJ] IO3BOJISIET OTPMIFTPOBATh YaCTO BCTPEUAIOIINECS HIEMEHTHI 00IIeyOTpeOnTeIbHON
JIEKCUKH U, C APYroi CTOPOHBI, BBIIEINUTH CJI0BA, KOTOPBIE BCTPEUAIOTCS PEJIKO BO BCEM Habope, HO
9acTo B OTJENbHBIX TUIAX JOKYMEHTOB.

JU1s TONOJIHUTENBHOTO CPaBHEHUS OBbLI MCIIOJIb30BaH JIEMMAaTU3UPOBAaHHBIN TEKCT Ha BXOJIE.
OOt cMBICHT JIEeMMAaTH3AINH 3aKJIF0YAETCsl B IIPUBEICHUH CJIOB K HA4aIbHOU (popme.

Crioco6 aHanmu3a TeKcToB o] HazBanueM Word2Vec paccMatpuBaet npoodiiemMy ¢ Ipyroi cTo-
pOHEL. B HeM jenaercst peArooKeHHe 0 TOM, YTO CIIOBA, KOTOPHIE BCTPEYAOTCS B CXOKUX KOH-
TEKCTaX, UMEIOT cxoxuil cMmbici. Word2Vec kaxaomy CIIOBY B KOJUICKIIHH CTAaBHT B COOTBETCTBHUE
BEKTOP HEKOTOPOM pazMepHocTH (00b1uHO 370 100, 300, HO pazmep BEKTOpa 3aBUCUT OT 00beMa 0a3bl
TEKCTOB, Ha KOTOPO# ObLT 00yueH Word2Vec). DToT BEKTOp UMEET CMBICII HEKOTOPOH KOOPAMHATHI
B IIPOCTPAHCTBE CJIOB. BakHOE 3aMedaHue COCTOUT B TOM, YTO NPH N3HAYATHHOM MPEAITOIOKEHIH O
KOHTEKCTYaJIbHOM OJIM30CTH CIIOB MOJyYaeTCsl, YTO BEKTOPA CO CXOKUM «CMBICIIOM» PACIoNaratoTcs
«PAIOMY, & TAKXKE CYIIECTBYET BO3MOKHOCTh IPOM3BOIUTH HA/l TAKMMHU BEKTOPAMH pa3IMYHbBIE OTIe-
pauuu. KinaccuueckuM mpuMepoM SIBISIETCS CIEAYIOIUM: «KOPOJIbY - «MYKUHHA» + (GKEHIIHUHA) ~
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«KOPOJIEBAY.

O6a meroma ObUTM TMPUMEHEHBI K JaHHBIM. {71 BBIUMCICHHS BEKTOPOB CIIOB OBLI O0y4YeH
Word2Vec Ha Bcex TPEHHPOBOUYHOM 0a3e OT3BIBOB, a MOCIIE OBUIH YCPEAHEHBI BEKTOPA CJIOB U 00Y-
YeHa JIBYCJIOMHAs HEHpOHHAs ceTh. B pe3ynabTaTe MPUMEHEHUS «KIACCHYECKOTO0Y MOAX0/1a UCIIOJIb-
30BaJICS JIMHEHHBIN Kitaccudukatop ¢ L1 perymspusarmeii. Pe3ynpraTel JaHHOTO SKCIIEPUMEHTA B
BH/IE KOJIMYECTBA MPABUIIHHO KIACCH(PHUIIMPOBAHHBIX OT3HIBOB I MATPHIIBI OITMOOK MPEICTABICHBI B
Tabimmne 1 u Tabauie 2:

Tab6muia 1. Matpuisl ommbok

30000

~ 5444 1891 253 428 441 20000 - 7768 332 148 113 06
16000 24000
T~ 2088 @ 4265 1948 1923 574 S~ 631 8532 825 603 207
v 3
5 12000 | 3 18000
§ m 702 2676 4450 1213 = m 251 243 3485 603
I
g 8000 g 12000
s 365 1165 2752 D+ 59 48 482 3832
4000 6000
n 417 409 378 n 33 14 92 3451
1 2 3 4 5 1 2 3 4 5
MpenckasaHHas oUeHKa MpeackasaHHada oLeHKa
Word2Vec + NN TF-IDF + LR

Tabmuna 2. Jlons BepHO KiIaccu(UIIMPOBAHHBIX OT3HIBOB
Jlonst BepHO Ki1acCU(UIIMPOBAHHBIX OT3BIBOB,

Hcnonb3yemslii MeTO

%
TF-IDF + LR 61,005
Lemmatization + TF-IDF + LR 58,23
Word2Vec + NN 54,852
Lemmatization + Word2Vec + NN 53,726

B Tabnuue 1 B kaxx10¥ U3 MaTpull OIIMOOK Ha MEPECEUEHNUN CTPOKH [ (pealbHOM OLIEHKH) U
cronbna j (mpeAcKka3aHHOM OLIEHKH ) HAXOJUTCS YUCII0, OTPAXKAIOIIEEe KOJTUUYECTBO OT3bIBOB, KOTOPbIE
ObLTH Tpe/ICKa3aHbl KIACCH()PUKATOPOM KaK OTHOCSIIHMECS K KJIAacCy j, XOTS Ha CAaMOM JIeJe OT3BIBBI
npuHauIexat kinacey i. [IpocymMmMupoBaB Bce JIeMEHTHI Ha AUArOHAIM M MOJEIHB Ha CyMMY 3JIe-
MEHTOB B MaTPHUIE MOXKHO IOJIYYUTH JIOJO MPAaBMIIBHO MPEICKAa3aHHBIX OIEHOK HA TECTOBOH BBI-
6opke. CTOUT OTMETUTbH, YTO MATPHIIBI OIIMOOK XOPOIIO MOIXOAAT JIJIsl BU3yalu3alu paboThl Kiac-
cuduKaTopa UMEHHO ITOTOMY, YTO MOTYT ITOKa3aTh, 1€ UMEHHO OMIN0AETCS allTOPUTM.

HecmoTpst Ha HOBH3HY moxoa, ocHoBaHHOTO Ha \Word2Vec, kak BHIHO MO pe3ylbTaTy, OH
pabotaet He Bceraa xopoio. OObSICHEHUH 3TOMY MOKET ObITh HECKOJIBKO: IIPH YCPETHEHNN BEKTO-
POB CJIOB CMBICI HUX «Pa3MbIBACTCSA» CIUILIKOM CHIBHO. DTO OCTaBJISIET OYeHb Majo MHpOpMaluu
AITOPUTMY ISl BBIZICTICHUS KAKMX-JINOO CBSI3€i OT3BIBA C OLIEHKOH. Takke CTOUT OTMETHUTb, UTO IS
KaXX/I0TO CJIOBA BBIYUCIISIETCS €0 BEKTOP, YTO HE IMO3BOJIAET PACHO3HATH «CMBICT» TakuX (pas, Kak,
Harnpumep, oTpuranus. [lomydaercs, 9To aNrOpUTM HE TOJBKO HE YUHTHIBAECT HYKHBIH «CMBICID»
CJIOB, HO U YUMTBIBAET ero ¢ o0paTHbIM 3HaKoM. [loaxon, ocHoBanHsli Ha TF-IDF, cpabotan myuie
M3-32 HECKOJBKUX TPHYWH, caMas BakKHas KOTOPBIX: OH YYHTHIBAeT codeTaHws cioB. CriemoBa-
TEJIbHO, TAKHE KOHCTPYKIIMU KaK «HE HPABUTCS PACHO3HAIOTCS KaK HEUTO OTPHUIIATEIBHOE.

3aMeTHM, YTO JIEeMMaTH3AIHs HECKOJIBKO YXYIIINIA PE3yNIbTaT. ITO MOXKHO OOBSCHUTH TEM,
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YTO IIPU IPUBEJICHUH CJIOB K HaYaJIbHOH (opMe TepsieTcs YacTh MOTEHIMAILHO M0JIE3HON HHPOpMa-
1107078

Jlumepamypa
[1]. Determine restaurant review sentiment [Omextponnsiii pecypc] — Pexxum moctyma: https://in-
class.kaggle.com/c/sentiment-analysis2
[2]. Distributed Representations of Words and Phrases and their Compositionality [Daekrponmsrii pe-
cypc] — Pexxum moctyma: https://arxiv.org/pdf/1310.4546.pdf
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CTATUCTUYECKUMN AHAJIN3 U MOJAEJTAPOBAHUE CTOUMOCTH
KBAPTHUP HA BTOPUYHOM PBIHKE KNJIOU HEJABUKUMOCTHU
I' MUHCKA
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Abstract. The purpose of this work is improvement of processes of economic and statistical modeling of residen-
tials of real estate on the basis of multivariate statistical analysis. The statistical analysis of the residentials of real estate
market in Minsk is carried out in the context of administrative districts of the city, types of buildings and number of
rooms. Apartments were divided into clusters at a cost of one square meter. The regression model of the cost of residential
real estate objects depending on the most significant indicators affecting the price of the apartment was constructed.

PBIHOK K101 HEIBUKUMOCTH MTPEJICTABIIAET COOOM CI0KHYIO U Pa3HOPOJHYIO CYIIIHOCTh. JTO
TBHICSIYM KBAPTHP CO CBOMMHU YHUKAJIbHBIMU CBOMCTBAMH, BIUIOThH 1O BUJA U3 OKOH WM YPOBHS pe-
MOHTa, COCTOSIHUSA NOABE3/1a UIIU HAIMYUS KOHChEpKa. Bce 3TH KBapTUPBI pacIioyIOKEHbI B Pa3HbIX
KOHIIaX TOpoJia, Kbl U3 KOTOPBIX HAJENIEH CBOEH MHPPACTPYKTYypOil U TPaHCIOPTHOM JOCTYII-
HOCTBI0, UIMEET OIIPENEICHHBIN YPOBEHb IKOJIOTUH U NIPECTHKA.

B 2016 rony B 1ieniom B . MHHCKE BBEJIEHO B IKCILTyaTaluio 753 ThHIC. KB. M. KUJION HEJBU-
AKHUMOCTH (TIEPBUYUHBINA PBIHOK). DT0 mopsiaka 10,3 ThiCSY HOBBIX KBAPTUP, U3 KOTOPHIX 7,5 THICAY Ha
CUeTy KOMMepUecKux 3acTporiukoB [[2]]. OnHako Hanboee BOCTpeOOBAHHBIM [Tl HACEJCHHUS 5B-
JSIeTCs PHIHOK BTOPHYHOTO JKUJIbSl. DTO ONPaBAAHO CIEAYIOUIMMU (aKTOpaMH: BTOPUYHBIN PHIHOK
M300MITyeT MpeIoKEHUSIMH, KBapTUpa YK€ (PU3NYECKH U IOPUINYECKH T'OTOBA K BCEJIECHUIO HOBBIX
X035€B Cpa3y ke MOcCIIe 3aKII0UEHHs JOr0BOpa KYIUIU-TIPOIaXH, PEMOHT B 00’KUTON paHee KBapTUpe
He TpeOyeT Takux (PMHAHCOBBIX U BPEMEHHBIX 3aTpaT, Kak B ciiydyae ¢ OETOHHONW KOpOOKOH HOBOTO
CTPOEHHS.

PaccMoTpuM CTpyKTYypy NpeasioKeHNs KBapTUP Ha BTOPUYHOM PBIHKE JKUJIONW HEABUKMUMOCTH
B 3aBUCUMOCTH OT KOJIMYECTBAa KOMHAT (PUCYHOK 1).

B npennoxenun TuaupyroT 2-KOMHATHbIE KBapTUphl. VX 1o B 0oOIIeM 4YMcie COCTaBIsSeT
34%. Jlons npennoxeHui Ha OJHOKOMHATHBIE KBapTUPHI cocTaBisieT 32%. Beero Ha 6% MeHbIIe
MPEI0KEHUH MO0 3-KOMHATHBIM KBapTUpaM. 3HaYUTEIbHO MEHBUINI BHIOOp HA BTOPUYHOM PBIHKE
KWIbsl IPEIOCTABIIAECTCS Cpeay 4-KOMHATHBIX 1 MHOTOKOMHATHBIX KBaptup. Mx nons paBHa 7% u
1% COOTBETCTBEHHO.

B 3aBUCMMOCTH OT MECTONOJIOKEHUS, KOJINYECTBO KBAPTUP, BBICTABICHHBIX HA NMPOJAXKY, U3-
MEHSIETCsI CIIeyIoIUM oOpa3zoM (Tabnuma 1):
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7% 1%

B 1 - KOMHaTHbIE
26%
B 2-KOMHaTHbIe

3-KOMHaTHbIE
B 4-KOMHaTHbIe

B MHOMOKOMHaTHbIE

34%

Puc. 1. Ctpykrypa npeioKeHus: KBapTUP Ha BTOPUUHOM PBIHKE KUJIOW HEJBUKUMOCTHU

Ta6muma 1. Pactipeenenue kBapTHp 10 paiioHaM ropoja Ha nexkadps 2016 roga

Paiion OOHOKOM- 08YXKOM- mMpexKom- yemolpex- MHO2OKOM-
HamHule, HamHule, HamHule, KOMHAmHble, HamHole,
3aBoCKOH 152 184 132 45 1
JlenuHckuit 132 215 175 49 5
MockoBCKuit 246 264 217 74 7
OKTsI0pBCKU 115 147 133 37 5
[TapTuzanckuii 76 153 93 27 2
[TepBomarickuit 297 420 392 134 1
CoBerckuit 161 272 260 88 6
OpyH3eHCKUI 465 462 454 99 8
I{eHTpanbHbIA 207 326 288 99 12

OcHoBHast BosiHa nnpojiax B 2016 rojty npuiuiach Ha JI€TO — KOJIMYECTBO PETUCTPUPYEMBIX Clie-
JIOK CTaJI0 PEKOPIHBIM 3a MOCIIEAHNE IeCATh JeT. bosbIlie BCero c1eiaoK ObUI0 3aKII0UEHO C KBapTH-
pamu B goMax 1971-1999 roxa noctpoiiku, Tak Kak 3TO camasi paclpOCTpaHeHHas Ipymia u3 npes-
CTaBJICHHBIX Ha PBIHKE.

3a nepuoj ¢ 7 ¢peBpains 2016 r. no 13 Hos6pst 2016 r. HA BTOPUYHOM PBIHKE KUJION HEABHKU-
MOCTH I'. MUHCKa CpeHsIsl phIHOYHAs! CTOUMOCTH 1 KB. M. 00111eH MI0111a 11 KBapTHUp (Ha OCHOBE LIEHBI
NPE/UTOKEHHS K TIPOJIaXke) CHU3MIACh. B cpeiHeM 1Mo ropoy 3To CHIKeHHe cocTaBmiio 768 Ha 1 kB.
M. o0rmeit IUTOIAN KBapTHP WIIH, B OTHOCHUTEJIBHOM BBIpQ)KEHUH,
—5,9%. HaunOounpliiee cHUKEHHE CPEHUX MOKa3aTeNel Ha0Ir01aeTcsl 0 TPEXKOMHATHBIM KBAapTH-
pam (Ha 7,2%), 4eThIpeXKOMHATHBIM KBapTHpaM (Ha 6,8%). Temmbl CHUKEHHsI ppIHOYHOW CTOUMO-
cTi 1 kB. M. 001Ie MIomaaN B OJHOKOMHATHBIX U IBYXKOMHATHBIX KBapTupax coctaBmiu 4,4% u
5,5% cooTBeTcTBEHHO (Tabnuua 2) [2].

3a nepBbie Tpu Mecsna 2016 roga nenst ynanu Ha 10%. 9To OTHOCHUTCS HEMTOCPEICTBEHHO K
IEHE TPEeI0’KEHHsI HA BTOPUYHOM pbhIHKE. LIeHbI Ha jK1iibe 3aBUCAT OT CTOMMOCTH U 00EMOB BbIJIa-
BAaeMbIX KPEIUTOB (B MEPBYIO OUYepEeb JIBIOTHBIX), U, ECTECTBEHHO, OT YPOBHS 3apa0OTHBIX IUIAT
HaCeJIeHHUS.

Paccmotpum neny caenku. lleHa cnenku 3HaYUTENBHO OTIMYAETCS OT LEHBI NMPEASIOKEHUS.
CymMa cienku B pe3yibTare Topra MoxeT ObITh Ha 5—10% Huke 1eHbl npeaioxenus. Ha pucynke
2 oToOpakeHa IIeHa CIeNIKH BBICTABIICHHBIX Ha TPOJaXy KBaPTHP B 3aBHUCUMOCTH OT KOJNYECTBA
KOMHaT.
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Tabmuma 2. JlnHamuka cpemHedd meHbl 1 KB. M. 00mIel TUTOMIAAW KBapTHP Pa3IMYHOTO THIA B
r. Muncke

Tun keapmup no | Cpeonss yena | Cpedussn yena | Abconromuuiii npu- Temn
KOIUYecmay nHa 07.02.2016, | na 13.11.2016, | pocm (+), chudxce- | npupocma (+),
KOMHamM usD usSD nue (-), USD cHudicenust (<),
%
1-koMHaTHEBIE 1327 1269 -58 -4.4
2-KOMHaTHBIE 1270 1200 -70 -5,5
3-KOMHAaTHEIE 1266 1175 -91 -71,2
4-xoMHATHBIE 1256 1171 -85 -6,8
B cpennem no ro- 1279 1203 -76 -5,9
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Puc. 2. llena nponaxu kBaptup [3]

CpenHue 1eHBl CIACNOK ¢ KBapTHPaMU CTaHIAPTHBIX MOTPEOUTENHCKHX KauecTB B HOsIOpe
chopmupoBanch Ha ypoBHe 1.1408 3a KB. M. [UIT OJHOKOMHATHBIX KBapTHp, 1.050% 3a kB. M. a5
JIBYXKOMHATHBIX U 960$ 3a KB. M. I TPEXKOMHATHBIX KBApTHP.

Tak kak 00bEM aHATM3UPYEMBIX JAHHBIX JOCTATOYHO BEJIMK U BBIOOPOYHBIC JAHHBIC I[EHBI
KBapTUPBl HE MOAUMHSAIOTCS HOPMAJIbHOMY 3aKOHY paclpeaeneHus, TO eleco00pa3Ho MPOBOIUTH
MOJICIMPOBAHNE CTOMMOCTH KBAPTHUP MO aIMUHUCTPATUBHBIM pailoHaMm r. MUHCKa.

B kauecTBe mpumepa pacCMOTPUM MOCTPOCHUE SKOHOMETPUUECKON MOJIENTN CTOUMOCTH JKUJIbS
B [lapTuzanckom paiione. Ha ocHoBe mpeioxeHuid o mpojiaxke Oblia MOCTpoeHa BEIOOPKA, coiep-
xaras 267 HabmoaeHui (KBapTHp), U3 HUX 84 OJHOKOMHATHBIX, 115 IByXKOMHATHBIX, 53 TPEXKOM-
HAaTHBIX U 15 4eThIpeXKOMHATHBIX KBapTup. B tomax kxuprmunoro tuna npeacrasieHo 140 kBaprup,
B JIOMax MaHEJIbHOro TUMa — 127 KBapTup.

[IpeaBaputenbHbIi TpadUUEeCKUil aHAINA3 TTO3BOJIWIT BBISIBUTH JIOTapu(MUUIECKYIO (hOpMY 3aBH-
CUMOCTH MEXJy IIEHOU KBapTHUPHI U OOIIEH TUIOMIA b0, KaKk HanboJiee COOTBETCTBYIOIIYIO JaHHBIM.
D10 00yCIIOBIIEHO TaKXe HEOOXOAMMOCTBIO TIepexoa K Oe3pa3MepHbIM BETUYHHAM (PUCYHOK 3).
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Puc. 3. Jlorapudpmuueckas 3aBUCUMOCTb IIEHBI OT OOIICH TUIOIIaIH

Tak KaK B ICXOJHBIX JAHHBIX HET JOCTOBEPHOIN MH(OPMAIK O COCTOSHIMH KBAPTHPHI HA JIaH-
HbIi MOMEHT BPEMEHH, TO 11eJIeCO00Pa3HO MPEANOI0KHUTh, YTO YEM BBILLIE CTOUMOCTh KBaIPaTHOTO
MeTpa, TEM JIy4llle COCTOSIHUE KBapTUpshI [5].

OOBEKTHI HCCICAOBAaHUA OBLIN p336I/ITI>I Ha I'PYIIIbI C IIOMOIIIBIO MCTOJa k-CpCII-
HHX KJIACTCPHOI'O aHaJIM3da Ha OCHOBC 3HAUYCHUA CTOMMOCTHU KBAAPATHOI'O MCTpa KBap-

TUPEL. B pe3ynbraTe npuMeHeHUs MeToa HaboAeHUs ObUIN pa3/iesieHbl Ha 3 KilacTepa.

B niepBsiii kiactep Bonwio 18 kBaptup. CpeiHss CTOMMOCTb KBaIpaTHOTO MeTpa paBHa 2.1918§.
MunuMasbHas cTouMocTh B kiactepe 1.990$. Makcumanbhas 2.3948. KBapTupsl, nomnasiime B 3Ty
TPYIIY MOKHO OTHECTH K JTUTHOMY >KUJIBIO.

Bo Bropoii knmactep Bouwio 86 kBaptup. CpenHsisi CTOMMOCTb KBaJIpaTHOIO METpa paBHa
1.4748. O1o kBapTupsl kinacca «Ctanaapt». Jlnanaszon nex ot 1.346$ 1o 1.6208

TpeTnii KacTep COCTaBHIM KBAapTUPHI Kiacca «DKoHOM». [laHHYyt0 Tpymmy cocraBisier 161
KBapTHUpa ¥ CPEeTHSSI CTOMMOCTb KBaipaTHoOro Merpa paBHa 1.1008. [{namazon uen ot 9878 mo 1.1908.

Jlnist ONMCaHHBIX KJIACTEPOB B MOJICIb BBEJICHBI JBe (DUKTHBHBIC iepeMennbie dv1 u dv2.

OKOHOMETpUYECKas MOJIENIb 3aBUCMOCTH CTOMMOCTH KBapTHPhl OT THIA J0Ma, o0IIel Iio-
I1a]I1 ¥ KJacca KBapTUPbI IPECTAaBIIEHA CIETYIOINUM 00pa3oMm:

LnPrice = 0,38 + 0,04 Brick +0,97 LnTotSp - 0,26dvl + 0,41dv2 +¢. )

(0,000)  (0,003) (0,016) (0,027) (0,000)

rne LnPrice - morapudm 1ieHs! KBapTHPHI,
LnTotSp - morapudm obmieit miomay,
Brick - Tum moma: 1- 10M KHPITUYHBIA WK MOHOJHUTHBIH, O - BCE OCTabHBIE.

B mozenps Takke BKIIIOYEHBI (PUKTUBHBIC mepeMeHHble: dv1— mpuHuMaer 3HaueHue 1, eciu
KBapTUpa HaXOAUTCS B epBoM kiactepe u 0 — B mpoTuBHOM citydae. [lepemennas dv2 - mpuHUMaeT
3Ha4yeHue 1, ecnu KBapTUpa HAXOJUTCA B TpeTheM Kiactepe , 0 — B IPOTHUBHOM ciydae.

Pe3ynbpTaThl OLEHKH CTaTHCTHYECKOTO KauecTBa MOCTpoeHHOW Monenu (1) mpencraBieHbl B
Tabmuie 3.

Bce Ko GUIHEHTHI SBISIOTCS CTATUCTHYECKU 3HAYMMBIMH Ha 5% ypOBHE; MHOYKECTBEHHBIN
ko> dunuent xoppemsamuu R=0,97; korpdumment nerepmunanuu R?=0,95; oTcyTcTBYeT Koppe-
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nsiaust B octatkax: DW=1,91, r=0,03; octaTku roMOCKEeIaCTUYHBI W UMEIOT HOPMAJIBHOE pacmpeie-
nenwue: 1*=6,028, p=0,1970. Cpemuuii abcomoTHsIA npouenT ommbkrn MAPE=0,051. JlanHslii 110-
Ka3aTellb 03HAYAET, YTO MOEIb 00J1a/1aeT BRBICOKMMHU ITPOTHOCTUYECKIMH CBOHCTBAMM.

Tabnuua 3. Kputepun kauecTBa MoieIu

R R? DW I F PF 7 P,
X
0.97 0.95 1.91 0.03 1150 0.005 6.028 0.1970
Jlumepamypa

[1]. Amnanutuyeckue o030pbl kKoMmnanuum molnar.by [DnekTpoHHblid pecypc] — Pexum moctyma:
http://molnar.by/analytics/stats/sale_sdel

[2]. Kunmmmeie ycnmoBusi HanmoHanbHBIA —CcTaTUCTHYECKWi KomuteT PecryOnmuku Bemapych
«belstat.gov.by» [Dnextponnsiii pecypc] — Pexxum moctyma: http://www.belstat.gov.by/ ofitsialnaya-statis-
tika/solialnaya-sfera/zhilischnye-usloviya

[3]. Cratucruka u aHaMUTHKA PHIHKA HeBXUMOCTH Pecry6nuku benapycs, nHbOpMauoHHoro Ka-
tajiora realt.by [Dnextponnsiii pecypc]| — Pesxum moctyma: http://realt.by/statistics

[4]. Craructuka undopmamuonnoro karamora NB.by [Dmexrponnsiii pecypc] — Pexkum moctyma:
http://www.nb.by/statistics/?reqg=ODYXMWMzNjU3Nz U5ZTIKY  mIKNTNmMzUzZJE3YWZIOTY%3D
Tpudonos, H.1O., [llumanosckuit C.A. DxoHOMeTpHUeckas Mozaenb pbrHka kBaptup / H.YO. Tpudonos, C.A.
HIumanoBckuii Bonpocs! onenku. 2002. — Ne 4. — C. 30 — 35.

305


http://molnar.by/analytics/stats/sale_sdel
http://www.belstat.gov.by/%20ofitsialnaya-statistika/solialnaya-sfera/zhilischnye-usloviya/
http://www.belstat.gov.by/%20ofitsialnaya-statistika/solialnaya-sfera/zhilischnye-usloviya/
http://realt.by/statistics/
http://www.nb.by/statistics/?req=ODYxMWMzNjU3Nz%20U5ZTJkY%20%20mJkNTNmMzUzZjE3YWZlOTY%3D

Tpemws Mescoynapoonas nayuno-npakmuyeckas kongepenyus «BIG DATA and Advanced Analytics. BIG DATA u ananus evicokozo ypoeHsy,
Munck, Pecnybauka Benapycs, 3-4 mas 2017 200a

MOHUTOPHUHI ®U3UOJIOTNMUYECKHUX HOI€A3ATEJIEI71 YEJOBEKA
JIJISI PEAJIN3ALIMA BUOTEXHUYECKOMN OBPATHOM CBSI3U
B YCTPOUCTBE UHO®PAKPACHON KABUHBI

VERMUUMA, 1y
 MERyg
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A.H. Ocunoe

M.M. Mesicennasn M.X.-M. Txocmoe B.I1O. ﬂbaneza

Ilpopexmop no HHoyenm xageopoi Cmapwiuii HayuHwil Mazucmpanmka ka-
HayuHot pabome UHIICEHEPHOU compyonux Llenmpa  ¢eopwi 21eKkmporHOl
BI'VUP, kanouoam NCUXon02ul u 4.13 FI'YHUP MEXHUKU U MeXHOJI0-
MeXHU4YeCcKUux Hayx, apeonomuxu BI'VUP, euu bI'YUP
ooyenm Kanouoam

MEeXHU4YeCKux HayK

Benopyccruii cocyoapcmeenuwiil ynueepcumem uHpopmamuxu u paouodiekmporuku, Pecnybonuxa benapyco
E-mail: mezhennaya@bsuir.by

Abstract. Energy-efficient mobile infrared (IR) cab has been developed to restore the human body functional state.
Infrared cabin provides a deep penetration of optical radiation to human tissue by the use of near-infrared emitters range.
Distinctive features of this device are monitored user physiological parameters and automatic control of the parameters
of IR procedures based on monitoring results. This allows to generate a thermal stress which adequate to the individual
user's functional state.

Bseoenue. Undppaxpacnoe (UK) uzinydyenue ucnonpsyercs A1 NpoBeIeHHs TEIUIOBBIX MpoLie-
Iyp B KIMHIUYECKOW U CIIOPTUBHON MEIMUIIMHE C IIEJTbI0 BOCCTAHOBIICHUS ()YHKIIMOHATLHBIX PE3€PBOB
yenoBeyeckoro oprannsma. Ceancel MK Tepanuu conpoBokaatoTcst psIoM MO3UTUBHBIX 3P PEKTOB:
paciupeHreM KPOBEHOCHBIX COCY/I0B, YBEIMUEHUEM OOMEHa BEIIECTB, YCUIEHUEM UMMYHHUTETA, 10-
BBILLICHUEM COJEPXKaHUS KHCIOPOa B TKaHIX, TEM CaMbIM oOecreurBas IpOTUBOBOCHAINTENbHBIH,
IPOTUBOOTEYHBIN, MPOTUBOCIIA3MAaTHYECKHI U 00e300m1Baromnii 3 (HEeKThI.

JocTturaemslii TepaneBTHueckuit 3 pext Bo3aerictsus UK u3nyueHus 3aBUCUT OT HAYAJIbHOTO
(GYHKIIMOHATFHOTO COCTOSIHUS YEJIOBEKA M aJleKBaTHOTO BBIOOpa mapameTpoB oOnydeHus. Cyiie-
ctytore MK kabuHbI npenMyIecTBEHHO BO3AEHCTBYIOT JUITMHHOBOIHOBBIM JuanazoHoM UK crek-
Tpa [1-8], cHOCOOHBIM pa3orpeBaTh TOIBKO BEPXHHUE CIIOM KOXKH 0€3 TIIyOOKOTO MPOHUKHOBEHHUS B
TKaHU yenoBeka [ 1,9-11]. Kpome Toro UK Tepamnus npoTuBoNoka3aHa Ipyu apTepUaIbHON TMIIEPTEH-
3UM U CepJEYHO-COCYINCTON HETOCTaTOYHOCTH, TaK Kak ucnosb3yemble MK m3nmyuarenu renepu-
PYIOT U30BITOUHBIN MOTOK SHEPTUH, CYIIECTBEHHO MOBBIIIast TEMIIEpATypy Tela yenoseka. [Ipu stom
MOKa3aTeJIN SHEPToNnoTPEOICHNS OCTAIOTCS IOCTATOYHO BBICOKUMHU.

CoBpeMeHHBII ypOBEHb pPa3BUTHUSI TEXHOJIOTUI MO3BOJISIET COBEPLICHCTBOBATh MEIUIIMHCKYIO
TEXHUKY, B TOM YHCJIC B HAIIPABJICHUH PEIICHHS BBIIIICYKAa3aHHBIX pooieM. [Ipr 3ToM nepcneKTHB-
HOU sIBIIsieTCs pa3paboTKa JieueOHO-AMarHOCTUYECKUX KOMIUIEKCOB ¢ (DYHKIMEH ynpaBieHus mapa-
METpaMH BO3JICHCTBUS UCXOIS U3 (PU3HOIOTHIECKHAX XapaKTePUCTUK OM000bekTa. [IpuMeHnTEhHO
K YCTpoHcTBaM AJisi ”HPAKPACHOM TepaliK 3TO O3BOJIUT F€HEPUPOBATh TEIUIOBYIO HArpy3Ky, a/1eK-
BaTHYIO MHIWBUAYATLHOMY (DYHKITMOHATBHOMY COCTOSTHHIO TTOJIB30BaTEIIs.

B cBs3M ¢ BBIIEH3II0KEHHBIM aBTOpaMu pa3zpaboTaHa 3HeprodpdexkTuBHasi MOOUIbHAS WH-
dpakpacHas KaOWMHA JUIT HU3KOMHTEHCUBHOTO Bo3zaelcTBus MK m3imydeHmeM NpenMymiecTBEHHO
ommwknero MK nuamasona Ha Teno dvenoBeka. OTIMYMTENBHOM OCOOEHHOCTBIO MpEAIaracMoro
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YCTpOICTBa SIBNSIETCS peanu3alusi OMOTEeXHHUYECKOl 0OpaTHOW CBSI3M MOCPEICTBOM MOHUTOPHHTA
(hU3HOIOTMYECKHX MMOKA3aTeNeH MoIbh30BaTellsi U aBTOMAaTHYECKOTO yIpaBieHus napamerpamu MK
MpOLEYphl HA OCHOBE PE3yJIbTaTOB MOHUTOPUHTA. 3a/1aya peanu3aniuy OnoTeXHUYecKoi oOpaTHON
CBSI3M MOJKET OBITh YCIICLIHO pEllIcHa C MpUMEeHeHHeM TexHooruii BigData n HelipoHHBIX ceTel.

Cmpyxmypnas cxema u npunyun pabomul ycmpoticmea. PazpaboTaHHOE aBTOpaMu YCTPOHCTBO
JUISL BO3IEUCTBUSI HU3KOMHTEHCUBHBIM MK H3ydeHneM Ha 4elloBEeYECKHU OpraHu3M MpPeACTaBIseT
co6oif UK kaOuHy ¢ aBTOMaTH4YECKUM YIIPaBJICHUEM ITapaMeTpaMu BO3JEICTBHUS HA OCHOBE (hr3HO-
JIOTUYECKUX MOKa3aTenel mojap3oBaress (pUCYHOK 1).

r——————————————————j
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Puc. 1. CtpykrypHas cxema ycTpoicTBa HH(PPaKpaCHON KaOMHBI C aBTOMAaTHYECKUM YIIPABICHUEM
napameTpaMy BO3JCHCTBUS HA OCHOBE (PU3MOIOIMYECKUX IIOKa3aTelNel moib30Baresis

Y CTpONCTBO COACPKUT NATINKH (PU3UOTOTHUECKUX TTOKA3ATENEH MOJIb30BATENs, JATYMKH TETl-
JIOBOTO peXHMa, aHanoro-nudpoBoi npeodpazosarensb (ALLIT), 610k nepegaun TaHHBIX, OJIOK MPH-
eMa JJaHHBIX, OJIOK yIpaBleHUs, YCTPOICTBO BBOJA JaHHBIX, YCTPOMCTBO OTOOpakeHUst nHpopma-
uun, UK uznydarenu, 610k nutanus UK usnyuatenei.

YeTpoicTBO PYHKITMOHUPYET CIETYIONUM 00pa3oM.

WK kaluHa pacrnonaraercs B BEpTHKAIbHOM WU TOPU30HTAIBHOM MOJOXKEHUH, BKIIOYAIOTCS
WK wu3znydarenn ¥ OCyIIECTBISETCS MX Pa3orpeB A0 JOCTHXKEHHUS pabouyero TEIUIOBOTO pEKuMa
BHYTpH yCTpoiicTBa. KOHTpOJIb TEIIIOBOrO peXuMa pean3yeTcsl IOCPEACTBOM JIaTYMKOB TEMIIEPa-
TYpbI ¥ BIaKHOCTU. CUTHAIBI C TaTYMKOB TEIJIOBOTO pexuma npeodpa3ytorcs B LudpoByro popmy
nocpenctBoM AL, nanmee ¢ moMompi0 OGJOKOB NepeAay U MpruemMa JaHHBIX MOCTYIMAKT Ha OJIOK
yIpaBieHus, pacnoyiokeHHbIN BHE KOHCTpYKIMK MK kabunbl. C momolpio ycTpoiicTBa BBOJIa AaH-
HBIX YCTaHaBJIMBAIOTCA TpeOyeMble apaMeTphl TEIIOBOTO pexXHuMa. BIIoK yrpaBiieHUs! OCYIIeCTB-
JSeT JOCTUYKEHUE U NOJIZIepKaHUe ITUX pabounX MapaMeTpoB 3a CUET yIpaBieHUs 0JOKOM MUTAHUS
uznyydareneit. [Tocne pazorpesa UK mznydareneit kab1Ha roToBa K UCIOJIb30BaHHIO.

[lepen HauanoM mporeyphl Ha TeJle MOIb30BaTeNs (KOTOPbIH MPeABApUTENIBHO ObLIT OCMOTPEH
BpauoM) pa3MeIIaloTCs JaTYUKH (PU3HOJIOTHYECKUX MTOKa3aTelNei, a MMEHHO, CEHCOphl apTepuallb-
HOTO JTaBJIeHMs], yJIbca, TeMIepaTypsl Tena. Jlanee nonb3oBarens pacnonaraercs B MK kabusne. [1o-
cpeactsom ALIII u G;10KOB mepenaun U npreMa JaHHbIX HHPOpMaLus 0 GYHKIIMOHATBHOM COCTOS-
HUU TI0JIb30BATEISI TOCTYTAET B OJIOK YIpaBIEHUS U BBIBOAUTCS Ha YCTPOMCTBO OTOOpaKeHUS B pe-
aJIbHOM PeXXHMME BPEMEHH, UTO 00ecIeunBaeT HENpepbIBHOE HAOII0JeHHE 3a II0JIh30BaTEIEM BPauoM
(omepaTopom).

B mpouecce mpoBeneHHs TEpareBTUYECKOM MPOLEAYPBl OCYIIECTBISAETCS aBTOMaTHYecKas
KOPPEKTUPOBKA MapaMeTPOB BO3EHCTBHS HA OCHOBE MOHUTOPUHTA (PU3UOJIOTHUECKUX ITOKa3aTenen
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noJib30BaTes (OnoTexHu4ecKass 00paTHas CBsI3b). B 4aCTHOCTH, TOCPEICTBOM YIIpaBJICHUS OJIOKOM
nurtanua MK usnyyareneil BBIIOIHAETCS PEryJIMpOBKA TEIUIOBOM HArpy3KU HAa OPraHU3M I10JIb30Ba-
TEJs.

Bpewmst mporienypsl ycTaHaBIMBaeTCs IOCPEACTBOM Oi10Ka BBoJa nHpopmanmu. [1o ncreuennn
TpeOyeMoro BpeMeHH TEPareBTUYECKO MPOLIeyphl TPOUCXOIUT aBTOMaThueckoe oTkitodenne UK
u3Iydaresneil 6J0KOM yIpaBiIeHHUS.

Bo Bpemst MoHUTOpHHTa (DU3HOJIOTHUECKHUX MTOKa3aTesei Mob30BaTelsl XapakTep U3MEHEHUS
NEPEYHCIICHHBIX OMONapaMeTpOB CBHJETEIBCTBYET O MPOUCXOAAIINX B OPraHU3ME €CTECTBEHHBIX
aJIalITUBHBIX Ipolleccax TepMoperysaiuu. [Ipu 3ToM HE0OXOIMMO HCKIIOUUTh MEPEXO/ B PEKUM
NEePErpy3KH U HACBILIEHMSI, KpUTEPUEM HACTYIUIEHUS KOTOPOTI'O SBJISIETCS IPEBBIILICHUE BbIILICYKA3aH-
HBIMHU TIOKA3aTeNSIMU JOMYCTUMBIX BelIWuYuH. [[71si 3TOro 1enecoo0pa3HO yMEHbILIATh TEIUIOBYIO
Harpy3Ky Ha OpraHHU3M 4eJIOBeKa 0CpeACTBOM CHUKeHUA MomHocTty MK u3nyyarenei.

Eie o1HUM Ba)XHBIM KpUTEPUEM HOPMAIBHOTO (DYHKIIMOHUPOBAHUSI PETYJIATOPHBIX MEXaHU3-
MOB SIBJISIETCS TIOSIBJICHUE TIOCJIE Havyasla MPOLEeAyphl OBICTPO TeHICHIIMU K BOCCTAHOBIICHUIO (PYHK-
[IMOHANIbHBIX [TOKa3aTesei. IHas TeH1eHIus K BOCCTaHOBJICHHIO (DYHKIIMOHAJBLHBIX [TOKa3aTeseil sSB-
asieTcs moBoAOM Juis npekpaiienus MK npouenypsl u nocieyronieil KOHCYJIbTalUK C BpayoM.

JlononHurenbHas AMarHocTuyeckas HH(GOpMalKs O COCTOSHUU M10JIb30BATENS MOXKET OBITH MO-
Jy4yeHa nociie okoHyanus npouenypsl UK tepanuu. 310 cBA3aHO ¢ TEM, UTO 3HAYEHUSI BPEMEHU IS
BO3BpallleHUs OHOIlapaMeTpoB B UCXOAHOE cocTosiHMe nocie okoHuanus MK mpouenyps! Bapua-
OeNbHBI y Kaxk10To yenoBeka (0T 5 10 30 MuHyT), HO He AOJKHBI peBbimath 30 Munyt. [loaTomy
IpelaraéMoe YCTPOHCTBO PEaTM3yeT BO3MOXHOCTh KOHTPOJISA (DU3MOIIOTHYECKUX TIOKa3zaTesei
M0JIb30BATENs TOCIE OKOHYAHUS TPOLEAYPHI C BBIBOJAOM HH(OPMALIUK HA YCTPONCTBO OTOOPaKEHUS.

C ToukHM 3peHusi KOHCTPYKTUBHOI'O UCIOJIHEHUs pazpaboTanHas K kabuna npeacrasiser co-
00l IPSIMOYTOJIbHYIO KaMepy ¢ BXOJHOW JBEPbI0, OTKUTHOW KPBIIIKOM /s y100CTBa BX0/1a B TOpHU-
30HTaJIbHO PACIOJIOKEHHYI0 KaOMHY, OTKPBIBAIOLIMMUCS OKHaMH JJisi 00eCleYeHUsl IPUTOKa BO3-
nyxa, pedrekropaMu AJis 3alIUTHI ToJ0BBI uenoBeka ot aerictBua MK msnyuenus. Buyrpu UK ka-
ounbl pazmematorcs K m3nmyuarenu, naTdyuku TeruioBoi Harpyskw, 0ok AL u 610k mepemaun
naHHbIX. BHe xoHcTpykimn MK kamepsl pazMeriaroTcss 670K mpueMa JaHHBIX, OJOK YIpaBlIeHUs,
YCTPOMCTBO BBOJIA IAHHBIX, YCTPOHCTBO OTOOpaKeHHsI HH(GOPMAIMK U OJIOK MTUTAHUS H3ITydaTemei.

Marepuan BHyTpeHHEH OOLIMBKY KaOUHBI — TEIUIOM30JAIMS ¢ 3epKabHbIM B K nnanazone
MOKPBITUEM U3 aJTIOMUHUEBOU (POJIBIM — CHUKAET SHEPTeTUYECKUE 3aTPAThl U MO3BOJIET MOBBICUTH
3¢ (EeKTUBHOCTH MPOTPEBAHUS 3a CUET OTPAXKEHUSI BHYTpEHHEH noBepxHocThio kabuHbl UK n3myue-
HUS U NIEpEHAIPaBIICHUs €T0 B IIEHTPaIbHYIO 30HY. Marepuan BHelHel oOMBKYA KaOUHBI — MOJIH-
KapOOHAT — IPEANOYTUTENIEH C TOUKH 3peHUs In3aiiHa, 00eCceunBaeT JIErKOCTh U MOOUIBHOCTh KOH-
CTPYKLIUH.

Maxkcumanbhbiil puznorepanetudeckuii a¢pext UK npouenyps qocturaercst 3a c4eT Hc-
N0JIb30BaHus u3nyyateneil onmxHero MK nuamazona, Koropble 00ecrieynBalOT HauOOIbIIYIO TI1y-
ouny nponnkHoBeHus: K n3mydeHus B TKaHU YeI0BeYeCKOro opranmsma [9-11].

Temmneparypa Bo3nyxa BHyTpu MK kaOWHBI 3a7a€TCsi MOCPEICTBOM HM3MEHEHUSI MOIIHOCTH
anekTponuTanus uctouHukoB UK n3nydenus u nonaep:xupaercs Ha ypoBHe 39°C B 06i1acTu TyJo-
BUIIIA TAIIMEHTa (YTO CYIIECTBCHHO HIDKE CYIIECTBYIONIMX CEPUIHBIX aHAIOrOB - Oojee 45°C) [2-3]
u 32°C B 00s1acTH roJIoBbI (M3-3a HAJTMYMUS 3aLIUTHBIX PE(IECKTOPOB U BO3YIIHBIX OKOIIEK, Pacmo-
JIO)KEHHBIX Ha ypoBHE royioBbl). Temneparypa 39°C B o0macTu TyJOBUIIA SBISETCS ONTHMATBHOM
JUIE UIMUTAIlMM €CTECTBEHHOM peaklMy OpraHum3Ma 4eloBeKa Ha MOJbeM IIIyOOKOW TeMIepaTyphbl
TeJa BO BpeMsl pa3BUTHUSI CHCTEMHOTO BOCHIAJIUTEIHLHOTO MPOIlecca U aKTUBALIUHY TTPU STOM 3alIUTHBIX
HelporyMmopanbHbIX MexaHu3MoB. [Ipu noctrnxennu riyookoi Temneparypsl Texa 39°C y 60sbIImH-
CTBA UCIBITYEMBIX OOBIYHO HE BO3HUKAET MOOOYHBIX HEraTUBHBIX PEAKIIMi, B IEPBYIO OUEpEeb, CO
CTOPOHBI CEPAEUHO-COCYIUCTON CUCTEMBI.

Hanmune B cocraBe 65oka nutanus MK m3nyyareneit moHmxkaromnero tpancgopmaropa odec-
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MEeYMBAET 3aLUTY MOJIB30BATENS OT CIYYallHOTO MOPAKEHUS AJIEKTPUUECKUM TOKOM IPH MpOBeEe-
HUM TEPANEBTUYECKUX MPOIEAYp B Clyyae BOZHUKHOBEHHS HEHCIIPABHOCTH B OKPY’KaIOIIeM 000py-
JIOBaHHH.

Monumopune u3suonocuveckux noxazameneil noivzogamens npu npoeeoenuu MK-mepanuu.
ABTOpaMU MPOBEJCHBI NCCIIEIOBAaHUS AMHAMUKHN U3MEHEHHS (PU3NOJIOTUYECKUX MTOKa3aTemneil yeno-
Beka npu nposenennu UK-tepanuu nocpeicTBOM BBIIIEONUCAHHOTO YCTPOMCTBA.

B uccrnenoBanusx npuHsau ydactue 15 denmoBek (8 MyXUMH W 7 JKEHIIUH B BO3pacTe OT
19 ner no 31 roga). Bpems ceanca UK-nipouenyps! cocrasisiino 30 MUHYT.

B nporecce kax10ro uccienoBaHusl UCHBITYEMbIH pa3Meiaicss B TOPU30HTAIBHO Pacmoio-
xenHor K-kabune. Jlanee nenocpeactBeHHo B MK-kabuHe BBIMONHSIIACH PETHUCTPAIUs TeMIIepa-
TYpHI Tella, MyJabCa, BEPXHEr0 U HIKHETO apTepUaAIbHOTO JaBJICHUS UCIIBITYEMOTrO: 0 HaJala Mpo-
eaypsl, yepe3 15 MUHYT 1mocie Havana npoueaypsl, uepes 30 MUHYT mociie Havasia npoueaypsl. s
KOHTPOJISl JUHAMHMKU BOCCTAHOBJICHHS (DU3MOJOTMYECKHX IoOKaszaresneid mocie okonuyanuss WK-
Tepanuu JOMOIHUTEIBHO BBIIOIHIIACH PETUCTPALIMS TEMIIEPATYpPhI TEJa, MyIbCa, BEPXHETO U HUXK-
HEro apTepUaIbHOIrO AaBJICHUS UCHBITyeMOro: cinycts 15 munyt, 30 MUHYT U 45 MUHYT MOCII€ MPO-
HeAypsl. Y CpEeAHEHHBIE PE3YNbTaThl U3MEHEHUS (PU3UOJIOTHYECKUX TTOKa3aTesel ¢ yKka3aHueM cpei-
HEKBAJPATUYHOTO OTKJIOHCHUS IIPUBEACHBI Ha PUCYHKaX 2-5.

L T

Wamenenme
TemMnepaTypkl, °C

BpemAa, MHH

Puc. 2. Cpennee apudmernueckoe N3MEHEHNE TEMIIEPATypPhl Tella UCIIBITYEMbIXB Ipouecce 30-tu
MUHYTHOro ceanca MK-tepamnuu, a Taxke B TedeHue 45 MuHyT nocie okoHuanus MK-npouenyps
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Puc. 3. Cpennee apudmernueckoe U3MEHEHHE MyJIbCa UCIBITYeMbIX B Iporecce 30-TH MUHYTHOTO
ceanca MK-tepanuu, a Takxe B Teuenue 45 muayrnocie okonyanus MK-nponenypst
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Puc. 4. Cpennee apudmerndeckoe N3MEHEHHE BEPXHETO apTepUaAIbHOTO AABICHUS UCTIBITYEMbIX B
npouecce 30-tu MuHyTHOTO ceanca MK-tepanuu, a Takke B TeueHUE 45 MUHYT
nocine okoHyanusa MK-npoueaypsl
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Puc. 5. Cpennee apudpmernyeckoe U3MEHEHHE HIXKHETO apTepHAIIbHOTO JIaBJIEHUS HCIIBITYEMBbIX B
npouecce 30-tu MuHyTHOTO ceaHca MK-tepanuu, a Takke B TedueHHe 45 MUHYT
nociue okoH4anusi MK-npouenyps

AHaM3 MOTyYEHHBIX TAHHBIX BBISIBUII CIEIYIOIINE 3aKOHOMEPHOCTH

1 Temneparypa Tena wucnbeiTyeMblx B Tmpouecce WK-tepanmuu yBenuumBanack Ha
1,24 °C £ 1, 05 °C, cnycts 15 MUHYT nociie OKOHYaHUS MPOLEAYpbl TEMIIEpaTypa BO3BpaIlaiach K
NepBOHAYAIbHOMY YPOBHIO.

2 Ilynbc mocrtereHHO Bo3pactan B mporecce MK-ceanca w yBenmuuBajics B CpeIHEM Ha
4,87 = 7, 82 ynapa kK MOMEHTY OKOHYaHHS mporeaypsl. Jlanee HaOmoganace TeHICHIUS K BOCCTa-
HOBJICHUIO MCXOTHOTO YPOBHS YK€ Uepe3 15 MUHYT mociie 3aBepIIeHHs TIPOIEAYPHI.

3 OcoOblil HHTEpEC MPEACTABISET JUHAMIKA CHIDKCHUS MOKa3aTesel apTepruaibHOro JaBie-
Hus B npouecce MK-repanuu. B cpenHeM K MOMEHTY OKOHYAHHS IPOLIETYPhI BEpXHEE apTepHaTbHOE
JaBieHrue ymeHbInanoch Ha 12,00 + 6,8 MM.pT.cT., HHIKHEee — Ha 6,73 £ 6,02 MmM.pT.cT. [lanee Habmo-
Janach TEHJICHIIHS K BOCCTAHOBJIEHUIO HCXOTHOTO YPOBHSI yKe yepes
15 MUHYT nocIie 3aBepILICHHS TPOLEAYPHI.

[Tomy4yeHHBIE pe3yIbTAThI TO3BOJISIOT ClIETIaTh BEIBOI O MUHUMHU3AIIUHU TETUIOBOM HArpy3KH HA
nonb30Bares rnpu nposenennu MK Tepanuu nocpeacTBoM pa3pabOTaHHOTO YCTPOHCTBA IO CpaBHE-
HUIO C TPAJUIIMOHHBIMU OaHSIMH U CAyHAMH, a TAK)Ke 10 cpaBHEeHMIO ¢ aHamornuHbiMu UK kabunamu.
DTO J0CTUTAETCS UCMONB30BaHNEM HCTOYHHUKOB OnmmxkHero UK m3myuenusi, a Takke KOHCTPYKTUB-
HBIMU OCOOEHHOCTSIMU KaOWHBI, TTO3BOJISIFOIIIUMU CHU3HUTH TEMIIEPATYPY BO3/yXa MPU COXPaHEHUH
a¢dexTrBHOCTH MporpeBaHus. Hanmune 3amuTHRIX peIEeKTOPOB 1 BEHTHIISIIIMOHHBIX KIIAllaHOB 3a-
IIUIIAET TOJIOBY IMOJIB30BATENSI OT HEXEIATEIIBHOTO MeperpeBa. IT0 B KOHEYHOM UTOT€ MO3BOJISET
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pactpuTh chepy IpUMEHEHUS TOJ00HOTO poja YCTPOUCTB ¢ CYyTy00 OBITOBOM JJO METUIIMHCKOM 3a
CUeT yCTpaHEHUs OTPaHUYEHUI Ha CIIOJIb30BaHNE MH(PPAKPACHBIX KaMep MPH apTepUaNIbHOM runep-
TEH3UH, CEPJICUHO-COCYIUCTON HEIOCTATOYHOCTH.

OyHKIMST MOHUTOPHHTA (PHU3UOIOTHISCKUX TIOKAa3aTeNIel TOIb30BATENS MTO3BOJISCT MOTYIHUTh
JTMAarHOCTHYECKYI0 HH(POPMAIIHIO O TeKyIeM (pYHKIIMOHATIHLHOM COCTOSTHIH 4YelioBeka. Llenbio paib-
Henmux I/ICCJICI[OBaHI/II\/JI ABTOPBI BUIAAT HUCIIOJIb30BAHUC HOqueHHOﬁ I/IH(i)OpMaLII/II/I JJIs1 aBTOMaTH4dC-
ckoro yrpasiieHus napamerpamu UK mponenypsl, Ha4MHAas OT PEryJIUPOBKH TEMIIEPATYPHBIX PEXKHU-
MOB ¥ 3aKaHYMBAsl MOJHBIM MPEKPAIIEHUEM TPOLEAYPHI IPU HEOOXOIUMOCTH. DTO MO3BOJIHT aJal-
TUPOBATh TEIUIOBYIO HArpy3Ky MO HHIUBHIYaIbHOE (PYHKIIMOHAIBHOE COCTOSIHUE TI0JIh30BATEIIS.
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HUPPOBAS OBPABOTKA PEYEBBIX CUTHAJIOB B IUAT'HOCTHUKE
BYJbBAPHBIX HAPYIIEHU

SN \ A -
A.H. Ocunos C.A. JTuxauee* I0.H. Pywikeeuu’
Ilpopexmop no nayunoi 3asedyrowuii nesponocuueckum  Bedywuti HayyHbll cCOMPYOHUK
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MexXHU4eCcKux Hayk, ooyenm  Hetpoxupypeuu, ookmop meou-  PHIIL] Heeponozuu u netipo-
YUHCKUX HAYK, npogheccop Xupypeuu, KaHouoam meou-

g

M.M. Mexcennasn A.A. bopuckeeuu T.1I1. Kyno

Jloyenm kagheopol Ilpogheccop rkagheopwl cemeii u  Macucmpaumka kageopol un-
UHICEHEPHOU NCUXON02UU U ycempoticme HCEHEPHOU NCUXOTIO2UU U IP20-
apeonomuku bI'VUP, mMeneKoMMYHUKayuil Homuxu BI'YUP

Kanoudam mexuudeckux nayk  BI'YUP,0oxkmop mexnuyeckux
HAyK, 00YeHm

benopycckuii 2ocydapcmeennblii yHugepcumem ungopmamuxu u paouosnekmponuxu, Pecnyboauxa benapyco
Y PHIIL] Heeponozuu u netipoxupypauu M3, Pecnybnuxa beaapyco
E-mail: mezhennaya@bsuir.by, rushkevich@tut.by

Abstract. The method of qualitative and quantitative differential diagnosis of bulbar palsy has been offered on the
basis of digital processing of speech signals. The software with the graphic user interface has been developed by authors
for implementation of this method which allows to increase the accuracy and speed of diagnosis.

Bseoenue. bynbOapHble HapylleHUS NPEACTaBISIOT COO0M CHUMITOMOKOMIUIEKC, KOTOPBIM
BKJIIOUAET U3MEHEHHE 3BYYHOCTH rojioca (AMc(OHNUIO0), 3aTPyAHEHUS MIPU TJIOTaHUM - TUcharuio u
3aMeUIEHHOCTh PE€YM, HapYLIEHUE apTUKYJISLUU - TU3APTPHUIO, T. €. CAMIITOMBI, CBS3aHHbIE C BOBJIE-
YEHHEM MYCKYJIaTyphl SI3bIKa, IJI0TKU, TOPTaHU U MATKOro HEOa. [IprnunHamu Oynp0apHbIX Hapylie-
HUI SIBIISETCS] HEMOCPEICTBEHHOE MOPAXKEHUE SI/IEP A3BIKOTIIOTOYHOT0, Oy /IAI0IET0 U MOIbSI3bIY-
HOT'O YepENHBIX HEPBOB, PACIIOIOKEHHBIX B KayJaJbHBIX OT/AENaX CTBOJIA TOJIOBHOTO Mo3ra (Oyiib-
OapHBIN CHHIPOM), a TaK)K€ MOpPa)KeHHE BBHIIIEONMMCAHHBIX MBIIII, HEPBHO-MBILIEYHOT'O amrapara,
NaTOJIOTMYECKUE MPOIECCHl B 00IaCTH CTBOJIA MO3Ta U 3a/iHel yepenHoi simku [ 1-3].

K panauM nposiBiaeHussM 0ynb0apHOT0 CHHAPOMA OTHOCUTCS JUC(OHMS: ToJI0C OOIBHBIX CTa-
HOBUTCS CJIa0bIM, TITYyXHM, HCTOIIAIOMIKUMCS BIUIOTh 1O MOJHON adoHuu. Bo3HMKaeT THycaBOCTb.
3BYKH IIPH 3TOM IIPOU3HOCSTCS] HEBHATHO, «CMa3aHHO». [ TacHbIE 3BYKH CTAaHOBATCS TPYJHOOTJIMYU-
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MBIMH JAPYT OT IpYra, COIJIaCHbIe 3BYKH, pa3HbIE M0 crioco0y 00pa3oBanus (TBEpAbIE, MATKHUE, CMbIU-
HBIE, IIETICBBIC) M MECTY apTUKYJSALUH (TyOHBIE, IEpeAHES3bIYHbIC, 3aTHESI3bIYHBIC), IPOU3HOCITCS
OJTHOTHUITHO C HEOIpenelEHHBIM MECTOM apTUKYJISIuU. Peub oka3bIBaeTCsi Pe3KO 3aMeUICHHOH U
yromiisieT 00abHBIX. PazBuBatomasics nucgarus u3-3a HEBO3MOXKHOCTH CTJIATHIBATh CIIIOHY U TIPUBO-
IUT K cioHoTeueHuto. [Ipu Oynp0apHOM mapanuue HacTynaeT arpodust MBILII] S3bIKA U BBINAJAIOT
TJIOTOYHBINA ¥ HEOHBIN pedIeKChl. Y TSHKeT000IBHBIX C OyIL0apHBIM CHHAPOMOM, KaK IPABUIIO, Pa3-
BHUBAIOTCSI PACCTPOMCTBA PUTMA JABIXAHUS U CEPACYHON ACSITENBbHOCTH, YTO HEPEIKO MPUBOAUT K
cmeptH [2,3].

DddextuBnas nuddepeHnranbHas TMarHoCTHKA MO3BOJIIET CBOEBPEMEHHO 0Ka3aTh MEIUIIUH-
CKYIO IOMOIIb MalUeHTaM ¢ Oyab0apHBIMU HapyHIeHUsAMHU. K 10CTOBEpHBIM METOJaM TMarHOCTUKU
Oynb0apHOro CHHApPOMA OTHOCATCA JaHHBIC 3JIEKTPOMUOTpadUu U MPSMOr0 OCMOTPa POTOTTIOTKHU.
OpHako B HACTOSALIEE BPEMSI UMEIOTCS CJIOKHOCTH ITIOCTAHOBKM JIMarH03a Ha paHHEW cTaJuu, COIpo-
BOXKJIAIOIIEHCS, KaK OTMEYaJioCh BhIIIE, HAPYIIEHUAMHU peueBoil GyHKuuuU. [[1s1 mpoBeaeHus cBoe-
BPEMEHHOW 1 00bEKTUBHON TUArHOCTUKYU OYyIbOapHBIX HAPYILICHHUH peAIaracTcs UCIoIb30BaTh Me-
TOABI IUPPOBOH 0OPAOOTKH PEUEBHIX CUTHAJIOB.

Memoouxa pecucmpayuu u 06padomku peuedvlx cueHanio8. JJnarHocTuueckre UccieIoBaHus
Oynp0apHBIX HapymeHnid ObiTH poBeaeHsl Ha 0a3ze PHIIL] neBposnoruu u Heiipoxupyprun M3 Pb.
B rpynmne nanueHTOB ¢ OOKOBBIM aMHOTPO(GUYECKUM CKJIEPO30M C OynbOapHBIM CHHIPOMOM, a
TaKXe B KOHTPOJILHOU I'PYIITE 3I0POBBIX JIUI ObLIIH 3aPETHCTPUPOBAHBI TECTOBBIE PEYEBHIC CUTHAIIBI.
Tect mpencranisut coboil cueT OT OJHOTO JI0 IECSATH.

[Tocneayromas 00paboTKa peueBhIX CUTHAJIOB BEITIONHSUIACH B cpeae MatLab ¢ momomnipio crie-
[UATBbHO pa3pabOTaHHOTO aBTOPAMU CTAaThU MPOTPAMMHOIO obecriedeHus ¢ rpaduyecKuM HUHTEp-
¢eticom. OOpaboTKa BKIIFOYAJIA CICTYIONIUE ITAIbI:

ABTOMaTHUYECKOE BBIJICIICHHE B 3aPETUCTPUPOBAHHOM CUTHAJIE pEeUeBbIX (PparMeHToB.
[Toacyer koaMUECTBA BBIICICHHBIX PEUEBBIX (PParMEeHTOB.

[TocTpoeHue ceKTporpaMmbl 3aperuCTPUPOBAHHOTO CUTHATIA.

[TocTpoeHue KerncTporpamMm Jisi BBIICICHHBIX PEYEBBIX (hParMeHTOB.

Omnpenenenre ¢ MOMOIIBIO KETICTPAIbHON (DYHKIIMM YaCTOThl OCHOBHOTO TOHA JUISI KaK-
JIOTO pe4yeBoro pparmeHTa.

6 Pacuer cpenHeil BeIMUMHBI YaCTOTHI OCHOBHOT'O TOHA.

7 Pacuet ko3¢ ¢unueHTa Bapuauy 4acToThl OCHOBHOTO TOHA.

8 IlocTtpoeHue rucTorpamMMsl Ui MacCUBa, MPEACTABISIONIETO COO0M pe3ynbTaT «CKISHKN
BCEX BBIJICJICHHBIX PEUEBBIX (PpParMeHTOB.

9  Beoluncienue cpeHeil aMIUTUTYIIBI BBIIETIEHHBIX PEUEBBIX ()parMeHTOB.

10 Bwruuciienne o0IIero BpeMEHH BCEX BBIICICHHBIX PEUEBBIX (DParMeHTOB.

11 Beruucnenue ko3punmeHTa acHMMETpUN THCTOIPAMMBI.

12 Beruucnenue ko3 duimenTa sxcuecca rucTorpaMmel.

Jlanee mpuBeeHa NOAPOOHAs METOAMKA PEATU3AIMH BhIIICONMCAHHbBIX ATAIOB.

Wcxoaublil 3aperucTpupoOBaHHbIM CUTHAN XapaKTEepU30BaJiCs 4acTOTOM AucKpeTusauuu 44,1
k['1, paspsaHocTbio 16 6uT. [IpenBapuTenbHO MPOU3BOANUIOCH YCPEAHEHUE 3apETUCTPUPOBAHHOTO
CUTHaJIa B OKHE 0€3 NepeKPhITHS ISl CHUYKEHUS! KICXOIHOM YacTOThI TUCKPETH3alluu:

O~ wdNPE-

Alil= = Sx[1-M + |
[i] MJZ_;[ i] o

rac A[l]— OTCYETHI, MOJYYCHHBIC N3 UCXOJHOI'0 CUTrHaJIa X IMMOCPEACTBOM YCPEIHCHUA,

. N
I = OM —1 —Homep okHa; N — YHCIIO OTCUETOB MCXOMHOTO PEUEBOTO CUTHANA X |

M — JJINHA OKHa (‘{I/ICJ'IO YCPECAHACMBIX TO‘{CK);
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] — HOMEp BPEMEHHOTO OTCYETa BHYTPH OKHA.

B pesynbrare ycpennenus npu M = 5 yacroTa AMCKpeTH3auuu ObUla MOHWXKEHA 10
8,82 kI'1. DTO MO3BONMIIO BIOCIEACTBUM YBEITUYUTH CKOPOCTh 0OpaOOTKHU JaHHBIX Oe3 MOoTepH Io-
Je3HON HH(pOPMAIUH B CUTHAJIE.

Peun uenoBeka cofepKUT May3bl MEKAY CIOBaMU. TpaguIIMOHHO JIJIs pEeUIeHUs 3a/1a4H pazjie-
JIEHUs pE4EeBOI0 CUTHAJIA Ha T'OJIOCOBBIE U HErOJIOCOBBIE YUAaCTKU UCXOJHBIA CUTHAT Pa3/eiseTcs Ha
dbparmenTs! 1uHON 5-100 Mc (C TOUKHM 3peHust JUHAMUKHI PEeYU camble OBICTPbIE U3MEHEHHUS MOTYT
IPOUCXOJUTH BCETO 332 HECKOJIIBKO MUJUIMCEKYH], B TO BpeMsl, KaK HEKOTOPbIE TJIaCHbIE 3BYKH OCTa-
IOTCSI OTHOCUTENBHO cTabuibHbIMU B TeueHue 100-200 mc). [l kinaccupukanuy NpuHaAJIC)KHOCTH
dparMeHTa K CUTHAIy WJIM Tay3€ PaCCUMTHIBATACH KPATKOBPEMEHHAS YHEPIHsl CHTHAIA B JTaHHOM
dbparmenre:

@

rne L, — nnuna dparmenra;

N .
m=0 ”W_l — KOJIMYECTBO ()parMEHTOB; |— HOMEpP BPEMEHHOTO OTCYETa YCPEIHEHHOTO
"t

curHaia BHyTpu ¢parmenTa. B xauectse L, aBropamu BeiOpans! 400 0TCYETOB, YTO COOTBETCTBYET

BpPEMEHHOM peanu3aiuu curuana B 45,4 mc.

Ha ocHOBe KCIIepUMEHTATBHBIX UCCIICAOBAHUN PEUEBBIX CHTHAIIOB B HOPME OBLIIO ChOPMHUPO-
BaHO yCIIOBHE, IIPU BHIMOIHEHUH KOTOPOT'O MPUHUMANIOCH PEIICHHE O MPUHAAICKHOCTH M-0ro (par-
MEHTa K peyH:

E, > level. -(E) 3)

rne (E) — cpenssas kpaTkoBpeMeHHas dHeprus BceX (parMeHToB, level. — mOporoBblil ypoBeHb

KpPaTKOBPEMEHHOM 2HEPIHUH.
ABTOpamMH yCTaHOBIIEHO, 4TO NpH level. = 0.2 MPOMCXOAUT aBTOMaTHYECKOE BBIJIEJICHUE CIIOB

U/WIH OTAETIBHBIX (POHEM B CUTHAJIE.

Jlasiee BBINIOJIHAJIOCH IOCTPOEHUE CIIEKTPOrpaMMbl CUTHaNA. [[71s1 3TOro peueBoil CUrHai pas-
JIENIAICS Ha BpPEMEHHBbIE OTPE3KH, B Mpelenax KOTOPBIX €ro MOMKHO CUUTaTh CTAallMOHAPHBIM
(5-100 mc). Mcxonnslii curaan A Ha BEIOPAHHOM OTPE3KEe YMHOXAJICS Ha OKOHHYIO (QYHKITHIO W U
noJiBeprajucs ObicTpoMy npeodpazoBannio @ypse B COOTBETCTBUH C BHIPAKEHUEM:

L1 jorki K. f
STRT[fi. 7] =) Ali]- w[i]-e - ,f, = Ld k=0.(L-1)/2, “
i=0

rae L — wiuHa okHa, T — BeIMUYMHA IIEPEKPHITUS OKOH, f,— YacToTa AMCKpETH3ALNUN.

[Tocne nmaHHON omepanuu IMyTEM BO3BEICHHUS B KBaJpaT aMIUIUTYAHOM YacTH OKOHHOTO
npeoOpazoBanus Oyphe MoTydaau CIEKTPOrpaMMy MOIIHOCTH JIJISl aHATTU3UPYEMOTO OKHA:

Cnexmpozpamma A[ f,t]= ‘STFT,XV [fi: T]‘Z

(5)

I[anee IIPOU3BOANIIOCH CMEIIICHMUE OKHA Ha BEJIMYMHY T U IIPOLCAYypa ITIOBTOPAIACH. HO,Z[O6HBIM
06pa30M AHAIIU3UPOBAJIUChL BCC TMOAHMHTCPBAJIBI CHUTHAJIA HW CTPpOWJIACh PE3YIbTHPYHOMIAA

314



Tpemwvs Meaicoynapoonas nayuno-npakmuuecxas kongepenyus «BIG DATA and Advanced Analytics. BIG DATA u ananus evlcoko2o ypogHsy,
Munck, Pecnybauka Benapycw, 3-4 mas 2017 200a

CIIEKTpOrpaMma, MpeJCTaBIIsAoNas co00il 1ByMEpHYIO MaTpUIly, CTPOKH KOTOPOH COOTBETCTBYIOT
BpeMEHHbIM oTcueTaM t oT 0 CeKyHJ O OKOHYAaHHS BPEMEHHU PETUCTPALMM PEYEBOrO CHUTHAJIA,
crobiel —vactotam f ot 0 10 4,41 kI'1, a B ssuelikax paccuuTaHa aMIUIMTya curana [4]. B kauectBe
OCHOBHBIX ITapaMETPOB YaCTOTHO-BPEMEHHOW 00pabOTKM BHIOpAHBI CIEAYIONIME: OKHO X3MMUHTA,
pa3mep okHa L B 512 orcueroB, yacTora nuckperusauuu fy B 8,82 kl'1, nepekpsiTie okoH T B 50%.
VYKazaHHBIE XapaKTEPUCTUKU OOECIIEYMBAIOT KaYeCTBEHHOE YaCTOTHO-BPEMEHHOE MpECTaBICHHE
peueBoro CUrHaia, BBICOKOE paspemieHue mo yacrore Af = 17,2 'y u mo Bpemenu At = 29,0 mc:

_ L(100-7)
Af = 22D (6)

At =12 (7)

Jliis1 onpesiesieHns 4acTOThl OCHOBHOI'O TOHA CUTHAJIA HCIIOIb30BAJICS METO/ OIIPEIeNICHHS Kell-
CTpa, 3aKJII0YAIOIINNCA B IPUMEHEHUH K MOAYIIIO CIIEKTPAIbHON INIOTHOCTH UCCIIEyEMOIO CUTHAIA
obpatHoro npeobpazoBanus @ypre. Ilpu 3TOM B KencTporpaMme BOKJIM30BaHHOI'O OTPe3Ka 3ByKa
MOSIBJISIETCS [TUK HA PaCCTOSSHUM OCHOBHOT'O TOHA CUTHAJIA, YTO U SIBJISIETCSI OCHOBOIIOJIATAFOIIUM IS
MOCTIeIYIOIIEr0 BIYUCICHUS YaCTOThl OCHOBHOT'O TOHA.

YacTtoTa OCHOBHOT'O TOHA BBIYUCIIAIACH JUISI KAXKJIOTO BBIJEIIEHHOTO BOKAJIM30BaHHOIO (hpar-
MeHTa curHaia. [o utoram pacyeToB onpenesiii CpeJHee 3HaUeHHUe YacTOThl OCHOBHOI'O TOHA, a
Takxke K0d(Q(UIIMEHT BapHallui JaHHOTO MapaMeTpa — OTHOCUTEIBHYI0 Mepy pa3Opoca 3HaueHHM
IIPU3HAKA B CTATUCTUYECKON COBOKYIHOCTHU. 3HaueHus ko3(duuuenta sapuanuu meree 10 % cBu-
JETENBCTBYIOT 0 MajioM paccestHuu, ot 10 % mo 20 % — o cpeanem paccessnuu, 6omee 20 % — o
CHJIbHOM PACCEesIHMM BapUaHT OTHOCUTEIBHO Cpe/iHel apu(MEeTHUECKON BETNUNHBI.

Jliig pacueTa cTaTUCTUUECKUX MOKa3aTesIel BBIMOIHSIIACH «CKIIEHKa» BCEX BbIIECICHHbBIX peue-
BbIX (pparMeHTOB B eIMHBIN MaccuB. J[j1s MOIy4eHHOro MaccuBa pacCUMTHIBAJIACH CPEIHSS aMILIH-
TyJla, a TAKKE JITUTEITBHOCTh, COOTBETCTBYIOIAS OOIIEH MPOIOIHKUTEIIEHOCTH PEYH.

Jlis BU3yalln3aluy JaHHBIX Ha 3Talle CTaTUCTUYECKOW 00pabOTKHU BBINOJIHAIOCH IOCTPOCHHE
TUCTOIpPaMMBI JIJIsl MAacCHBa BCeX pedyeBhIX (hparMeHToB. Jlanee 1 OLEHKH OJIHOPOAHOCTH paclipe-
JIeTICHUsI JAHHBIX B PEUEBBIX (pparMeHTax pacCUMTHIBAINCH MIOKA3aTEIN aCHMMETPUH U DKcIlecca -
CTOIPaMMBlI.

KoadduureHnt acummerpun MokeT ObITh MOJOXKHUTENbHBIM (IJ11 IPAaBOCTOPOHHEH acHMMET-
pUM) U OTPULATENBHBIM (AJIs1 JIEBOCTOPOHHEW acummeTpun). AcumMmerpus Boitie 0,5 (He3aBUCUMO
OT 3HaKa) CYMTACTCS 3HAYUTEIbHOM, MeHbIle 0,25 — He3HAUUTEeNbHOH.

IToka3arenp dKCIECCa OTPAXKAET, HACKOIBKO PE3KUHM CKa4YOK MMEET nu3ydaemoe siBineHue. Ecim
MoKa3aTesb dKcliecca Ooblie Hyls, TO paclpeieeHne OCTPOBEPIIMHHOE M CKaYOK CUUTAeTCs 3Ha-
YUTENIbHBIM, €CJIM KOA((ULIMEHT 3KCIlecca MEHBIIIE HYJIS, TO paclpee/ieHue CUNTAeTCsl IIIOCKOBEP-
LIMHHBIM U CKa4OK CYMTAETCS HE3HAUUTEIIbHBIM.

Pezynomamur uccnedosanuii. Pe3ynbratel 00pabOTKH TECTOBBIX PEUYEBBIX CUTHAJIOB B HOPME,
npu Oya0apHOM CHHAPOME JI0 JIEYEHUS U MOCIIe Kypca TPaHCKpaHUAIbHONH MarHUTHON CTUMYJISILIUN
1 HelipoMeTaboJINYECKOTro JIEUEHUs ITPEICTAaBICHBl HAa pUCYHKaX 1, 2 3 COOTBETCTBEHHO.

AHanu3 NoJy4YeHHBIX PE3YJIHTaTOB BBIABIII CIIEYIOLINE 3aKOHOMEPHOCTH.

B rpynne 310poBeIX ull (puc. 1) KOIWYECTBO PAaclO3HAHHBIX PEYEBBIX (PParMEHTOB COCTaB-
aser 10-12, 4YTO COOTBETCTBYET KOJMYECTBY MNpOM3HOCUMBIX cioB (10) wumm  ¢donem
(«ge-TeIpe», «Bo-ceMb). Ha criekTporpamme OTYETIMBO BBAESAIOTCS PAaBHOCTOSIINE APYT OT Apyra
peueBble (parMeHThl, YaCTOTa OCHOBHOTO TOHA, a Takke (pOPMaHTHBIE YacTOThl. Kencrporpammsl
JUIS PACIIO3HAHHBIX PEUEBbIX ()PaArMEHTOB TAaK)KE UMEIOT XapaKTEepHbIE MUKHU B 00JIACTH OCHOBHOI'O
TOHA M KpPaTHBIX eMy (hOopMaHTHBIX 4acToT. KoaduumeHnT Bapuauu OCHOBHOTO TOHA HEBBICOKHNA
(paBeH 7 Ha puc.l), 4TO CBUIETENILCTBYET O MOCTOSHCTBE JAHHOTO MapaMerpa Bo BpeMs peuu. ['u-
CTOrpaMMa PeyH XapaKTepU3yeTcsi CHMMETPUYHOCTBIO (K03 duurent acummerpuu paseH 0,58 Ha
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Puc. 2. Pe3ynbrarsl 00pabOTKH peyeBOro CUrHajia
1o nedeHus OynpOapHoro cuHapoMa (manueHt K.)
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Puc. 3. Pesynbrarsl 00pabOTKH pedeBOr0 CUTHAJA ITOCHIE JIeUeHUs: OyIp0apHOTO
cuHapoMa (marueHt K.)

B rpynne nanueHnToB ¢ 0yip0apHBIM CHHIPOMOM JI0 JIEYSHHS (PHC. 2) KOIMYECTBO PACcIIO3HAH-
HBIX PEUYEeBBIX (PPaArMeHTOB, KaK MPABUIIO, NMPEBBIIIAET KOJIMUECTBO MPOU3HOCUMBIX cioB (10). O1o
OOBSICHACTCS XapaKTEPHOM IS JAaHHOM MMaTOJIOTHH HEBHATHOCTHIO (THYCaBOCThIO) peun. CUTHAI Ha
CIIEKTpOrpaMMe HE UMEET YETKOW BPEMEHHOM CTPYKTYpPhI B BUJIE PABHOOTCTOSIINX PEUEBBIX AKTOB,
KaK y 3J0POBBIX JIHII. 3HAUE€HHE YaCTOTHI OCHOBHOT'O TOHA IS PsZia PEYEBHIX (parMEeHTOB HE BXOAUT
B cTaHAapTHble Auana3zonbl 70 — 450 I'n unm He onpenensiercs BoBce. [lokazarenen ko3 duiment
BapHalllK YaCTOThl OCHOBHOI'O TOHA (paBeH 36 Ha puc.2), CBUJETENbCTBYIONINI O CHIIBHOM CTETIEHN
paccessHUSl JaHHOTO MapaMeTpa OTHOCHTENbHO cpeAHeapudmMernueckoro 3HaueHus. ['ucrorpamma
XapakTepu3yeTcs JIEBOCTOPOHHEN acummeTpuelt (koadduiineHT acumMmmerpun paseH -1,41 Ha puc.2),
MeHee BhIpayKEHHBIM ITMKOBBIM 3HAUE€HHEM I10 CPAaBHEHMIO ¢ HOPMOH (K03 HUIIMEHT dKcliecca paBeH
7,03 Ha puc.2).

B rpynne nanueHnToB ¢ 0ynb0apHBIM CHHAPOMOM IOCIIE JIedeHUs (puc. 3) KOJIUYECTBO paciio-
3HaHHBIX PEYEBBIX (PPArMEHTOB B IIEJIOM COOTBETCTBOBAIO KOJWYECTBY MPOU3HOCHUMBIX cJ0B (10)
i GoHeM («ue-ThIpe», «Bo-ceMb). Bozpocna ammntyna curnana (cM. puc.2,3). Ha cnektporpamme
peudeBble (pparMeHThl MPUOOPENN YEeTKUE OYepTaHUs; BBIICISIOTCS May3bl, KaK B IPYIIE 310POBbIX
nui. XapakTepHbIe ISl OCHOBHOTO TOHA M ()OPMAHTHBIX YaCTOT MUKHU JAEMOHCTPUPYIOT KEICTPO-
rpaMMbl. BapraOenbHOCTh 4acTOTHI OCHOBHOI'O TOHA BEPHYJIACh K ITOKa3aTessiM B HOpMe (paBHa § Ha
puc.3). CreneHb aCHMMETPUYHOCTH THCTOTPAMMBI CHUKAETCs (KO (UIIMEHT aCUMMETPUU PaBeH -
0,88 Ha puc.3).

3axnouenue. IlpennoxeH METO1 KAUeCTBEHHOM U KOJIMYECTBEHHOM IMAarHOCTUKU OyIb0apHBIX
HapylIeHU Ha OCHOBE U(POBON 0OPAOOTKH peueBbIX CUTHAIIOB. J1Jis peaau3aluu JaHHOTO METo/1a
aBTOpaMu pa3paboTaHO MporpaMMHoe obecnedyeHue ¢ TpaduueckuM HHTepdercoM, KOTopoe
MTO3BOJISIET MOBBICUTH TOYHOCTh U CKOPOCTH ITOCTAHOBKH TUATrHO3a.

Y CTaHOBIIEHO, UTO PEYEBBIE CUTHAJIBI AIIUEHTOB C OyIbOAPHBIM CHHAPOMOM COJIEPKAT YHCIIO
BOKaJIM30BaHHBIX ()parMeHTOB, MPEBBIIIAOIIEE KOJIUYECTBO MPOU3HOCUMBIX CJIOB (M3-3a HEBHATHO-
CTH PEYM); CUTHAJI Ha CLIEKTPOrpaMMe He UMEET Y€TKOM BPEMEHHOW CTPYKTYphI B BUIE PABHOOTCTO-
SIUX PEYEBBIX aKTOB, KaK y 3J0POBbIX JIMI[; 3HAYCHHE YaCTOThl OCHOBHOTO TOHA JJISl Psi/ia PeUeBbIX
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(dbparMeHTOB HE BXOAMUT B CTaHIapTHBIC Arana3zoHbl 70 — 450 i uiu He onpeensieTcst BOBCe; Ha0JIro-
ac€TCs BBICOKAsA CTCIICHb paCCGSIHI/ISI 3Ha‘I€HHI>'I HJaCTOThI OCHOBHOI'O TOHA, FI/ICTOI‘paMMa pqu/I aCuM-
METPHUYHA.

Metoxa 1udpoBoii 00pabOTKH peueBbIX CUTHAIOB TaKXKe Ie1eCO00pa3HO MCIOIB30BAThH IS
KOHTpOJIZ 3(PGPEKTUBHOCTH  JICUEHUS HEBPOJOTHYECKUX IATOJIOTHH, COIMPOBOXKIAFOIIMXCS
HApYIICHUSMH pedueBor (PyHKIMU. Y CTAaHOBIECHO, YTO PEUYEBBIC CUTHAIBI MAIIMEHTOB C OYIH0apHBIM
CHHIPOMOM I10CJIE JICUCHUSI XapaKTePU3YIOTCS YBEITUUCHHOW aMIUTMTY0W, CHIDKCHHUEM Bapradeb-
HOCTH 4aCTOThI OCHOBHOI'O TOHA, a TaKKE€ CTCIICHU aCI/IMMeTpI/I‘-IHOCTI/I I‘I/ICTOFpaMMBI peqH. Ha CIICK-
Tporpamme pedeBbie (pparMeHThl TPUOOPETAIOT YETKUE OUEPTAHUS; BBIACISIOTCS MMay3bl, XapakTep-
HBIC OJIs1 OCHOBHOI'O TOHA U (bOpMaHTHBIX HJacTOT IIUKHU I[CMOHCTpI/IpyIOT KGHCTpOI‘paMMBI.
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MPOBJEMA PACIIO3HABAHUSI UMEHOBAHHBIX CYIIIHOCTEWM B
BUOMEUINHCKHUX ITYBJIUKAIUAX
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A. B. Hawyx A. b. I'ypunosuu H.A. Bonoposa A. I1. Ky3neuyog

Accucmenm xkagheopvr  [loyenm xageopwt 6vl-  3asedyrowasn kagheooii  Ilpopexop no nayuroi
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Abstract. The number of publications in biomedicine published and indexed annually by PubMed [1] almost dou-
bled over the past 10 years (from 746 thousand to 1354 thousand). This leads to a deterioration in the quality of search
and cataloging of scientific publications and it becomes increasingly difficult for scientists to find the necessary infor-
mation. There is a need to transform unstructured scientific texts into structured formats (XML, JSON). In this task, the
quality of recognition of named entities in textual information is of great importance.

PacnioznaBanue nmeHoBanubix cymiHocteil (Named-Entity Recognition, cokpamenno NER) —
9TO OJHA M3 3a/1a4 U3BJICUCHUS HH()OPMAIIH U3 HECTPYKTYPUPOBAHHOTO TEKCTa, KOTOpask 3aKIt04a-
eTcs B NOMCKE M KJIacCH()UKALMU HMEHOBAHHBIX CYIIIHOCTEH, TAKUX KaK JIFOJIU, OpraHU3al1H, IpOTe-
WHBIL, TeHBI U T.A. CyIecTBYeT IeNblid psiJ] Pa3InYHbIX PEIIeHU JaHHOW 3a1a4u, OOJBIIMHCTBO U3
KOTOPBIX 103BOJIsIET 100UThCs 90% BennunHbl F-Mepbl (MeTpHKa OLEHKH KauecTBa KilaccupuKaTopa,
O00BETUHSIONMIAs IPYTHe METPUKU — MOJTHOTY U TOYHOCTH). OJHAKO, CKa3aHHOE BBIIIEC IPUMEHIMO
TOJIBKO K KJIacCU(UKAIIMM HEHAYYHBIX UCTOYHUKOB HH(popMaruu. HayuHast nureparypa u, B 4aCTHO-
CTH, OMOMEIUIIMHCKUE CTAaThU W MYOJUKAIIUU UMEIOT PsAJl OCOOEHHOCTEH, KOTOPhIE HE TO3BOJISIOT
MOJYYUTh XOPOIIUX PE3yIbTATOB C UCIOIB30BAHUEM KIIACCUYECKHE AITOPUTMBI PaclioO3HaBaHMS:

— 0O0JBIIOE KOJMYECTBO COKpAIEHHH, KOTOPhIE MOTYT MPUHUMATh Pa3IUYHbIC 3HAYCHUS, B
3aBHCUMOCTH OT KOHTEKCTa,

— pa3nuyHble BapuaHThl HanucaHus TepMuHOB (Harpumep, TNFa, TNF o mnun TNF-a);
0oJbII0e KomrmuecTBO cuHOHUMOB (HanpuMep, NaCl (conb) umeer 6ombine 300 CHHOHUMOB

[5D;

HaJIM4Yue JBOSIKOCTHU (Tak Ha3zbiBaeMble oMorpadsl), Hanpumep, CAT (reH) u cat (koIka);
KOPPEKTHOE OIpe/IeTICHUE IPaHULl TEPMUHA.

Pesynbrar paboThl Kiaccu@ukaTopa MOKHO MPEICTAaBUTh MaTPUILIBI HETOYHOCTEH, TPUBEICH-
HBIX B Tabmuie 1.

3Hasi 3HaYeHUS JaHHOW MaTpHIIbl MOKHO MOCUYUTATh MONHOTY (recall) u TouHOCTH (precision)
MIOUCKA — OCHOBHBIE METPHUKH, O3BOJISAIOIINE OLEHUTh Ka4eCTBO pabOThI aJIrOpuTMa MOUCKA.
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Ta6mmma 1. Matpuia ommbok

Pa3zmeuenHoe 3HaueHue
[IpaBuibHO HenpasunbHo
ITpaBusbHO True Positive (TP) | False Negative (FN)
HenpasuibHo False Positive (FP) | True Negative (TN)

PeanbHoe 3HaueHue

TP
ll = —— 1
reca TP + FP 1)
TP
precision = TP+ FN (2)

UToOb! yIy4IIUTh KauecTBO pabOThI KJIACCH(PHKATOPAa MMEHOBAHHBIX CYIIHOCTEH HCIIONB3Y-
I0TCS pa3InYHbIC TPaBUiIa HopMaIu3auu. JlJis OleHKH KauecTBa HOpMaJIU3alluK UCTIOTIb3YIOTCS JIBE
OCHOBHBIX METPHUKH: JABOSKOCTD (ambiguity) u BapuaTHBHOCTH (Vvariability) TepMuHOB.

Ecnu npenctaBuTh CloBapbh Kak CIUCOK TEPMHUHOB {t,..,ty}, TJ€ KaXKIbIH TEPMHUH CBSA3aH C
UIEHTU(DUKATOPOM IOHATHS ¢ € {c;, .., cy}. B 3TOM cilyyae OBOSKOCTb M BapUAaTHUBHOCTb TEPMUHOB
MO>KHO BBIPa3UTh CIAEAYIOIIMMH BbIpaKeHUsAMH [ 1]:

N
1
ambiguity = NZ C(ty), (3)

i=1

rae N - KoaM4ecTBO TEPMUHOB B CI0Bape (OHTOJIOTUN);
C(t;) - KOTMYECTBO MOHATHI B CIIOBape, KOTOPHIE BKIIFOYAIOT B ¢e€0s CIIOBA, IO HAITMCAHUIO
COBITQIAIONINE C TEPMHUHOM t;.

AN
variability = ME (), 4

j=1

rae M - Koan4ecTBO MOHATUH B clloBape (OHTOJIOTHUH);
T(T;) - KOJMYECTBO YHUKAJIBHBIX TEPMUHOB, KOTOPBIE BKIIFOUAET MOHATHUE Cj.

B TabGauue 2 npuBeeH mpuMep TEpMUHA, ONPEIETICHHOr0 B HecKoiIbKuX oHTONorusAX (CheBl,
DrugBank u ap.) u umeroiero pa3nnyHble 3Ha4€HUN B KayKJJ0W U3 OHTOJIOTHIA.

Hopmanu3zamuio Heo0X0IMMO HCIIOJIb30BaTh TOJBKO B ClIyyae, €CJIM OHAa YMEHbIIAET OJHY U3
MeTpuK (1) nmu (2), mpu 5TOM He yBeTHMUUBas Apyryro. Takke mokazaresieM KauyecTBa HOpMaTU3aluu
CIIy)KaT yBeJIMYEHUE TOYHOCTH (precision) W MmosHOTHI (recall) moucka. YiydmuTe 3T METPUKHU
MO>KHO, YMEHBIIINB KOJIMYECTBO OMUOOK nepBoro poja (false positives) winu ommbok BTOporo poaa
(false negatives).

OpHUM U3 METOJIOB HOPMAJIM3AIMH, TI03BOJISIOLIMM YMEHBIIUTh KOJMYECTBO OMIMOOK BTOPOTO
poJia SBIISIETCS UCIIOJIb30BAHKE TaK Ha3bIBa€MbIX T€HEPATOpOB BapuaHTOB TepMUHOB (Term Variant
Generator, cokpaiieHHo TVG). Takue reHepatopsl MO3BOJISIIOT YUUTHIBATh HE TOJIBKO JOKYMEHTBI U3
OHTOJIOTHH, HO TakXKe€ pa3jMuHble BapUaHThl 3TU TepMUHOB. Hanpumep, ab0peBuarypa nporerHa
TNFa moxer 0bITh 3anucana kak TNF o wnu TNF-o, mpu 3TOM B OHTOJIOTHH KakK MPaBHUIIO CYIIe-
CTBYET OJIMH BapHaHT HalMcaHUsl (B HEKOTOPBIX CIydasiX OHTOJIOTUH UMEIOT CIIUCKU CHHOHHMOB WJIH
HOMYJISIPHBIE BapHaHThl HanucaHus noHsATus). C ucnonb3oBanueM TVG OyayT creHepupoBaHbl J0-
MOJIHUTEJIbHBIE BAPUAHTHI IS TOMCKA B OHTOJIOTUH, COTJIACHO 3aJI0’KEHHBIM IPaBUIIaM.
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Tabnuma 2. [Ipumep TepMuHa, IMEIONMEro HECKOJIbKO 3HAYCHHI

TepMI/IH OHToNIorNs COBHaI[CHI/Ie B OHTOJIOTHH CHHOHMMEI TE€pMHHA U3 OHTOJIOTUHU
(ID)
ChEBI Inosine Monophosphate ribosylhypoxanthine monophosphate, inosinic acid, IMP, inosinate, sodium, sodium
(D007291) inosinate, inosine monophosphate, acids, inosinic, monophosphate, ribosylhypoxan-
thine, inosinic acids, monophosphate, inosine, acid, inosinic
DrugBank Imipenem (DB01598) imipemide, imipenem anhydrou, imipenem anhydrous, n-formimidoylthienamycin,

imipenem, IMP, imipenem and cilastatin for injection, USP, ran-imipenem-cilastatin,
imipenem, n-formimidoyl thienamycin, imipenem and cilastatin, imipenemum,
imipenem and cilastatin for injection, -USP, primaxin 250, imipenem and cilastatin
for injection USP, (5R,6S)-6-((R)-1-Hydroxyethyl)-3-(2-(iminomethylamino) ethyl-
thio)-7-oxo-1-azabicyclo(3.2.0) hept-2-ene-2-carbonsaeure, primaxin IV 500, pri-
maxin 500, primaxin IV 250/250 add-vantage vial, imipenem and cilastatin for injec-
tion, usp, imipenem and cilastatin for injection,-usp, (5R,6S)-3-(2-
formimidoylamino-ethylsulfanyl)-6-((R)-1-hydroxy-ethyl)-7-oxo-1-aza-bicy-
clo[3.2.0] hept-2-ene-2-carboxylic acid, imipenem and cilastatin for injection,

IMP tienamycin, imipenem and cilastatin for injection usp, imipenem and cilastatin for in-
jection-USP, imipenem and cilastatin for injection-usp, primaxin IV, primaxin-iv, n-
formimidoyl thienamycin, (5R,6S)-3-((2-(formimidoylamino) ethyl) thio)-6-((R)-1-
hydroxyethyl)-7-oxo-1-azabicyclo(3.2.0) hept-2-ene-2-carboxylic acid
GeneOntology |obsolete mitochondrial inner  |IMP, obsolete mitochondrial inner membrane peptidase activity, mitochondrial inner
membrane peptidase activity |membrane peptidase activity

(G0O:0004244)
mitochondrial inner membrane|IMP, mitochondrial inner membrane peptidase complex
peptidase complex
(G0:0042720)

ChEBI IMP (CHEBI:17202) IMP, C10H13N40O8P

Uniprot (s He- |Inositol monophosphatase IMPase, IMP, inositol-1(or 4)-monophosphatase, inositol monophosphatase, d-galac-
ckonbkux opra- |(IMPA1_DICDI, tose 1-phosphate phosphatase

HI3MOB) IMPP_MESCR)

Paccmotpennsiii B [4] reHepaTop BapHaHTOB MPEAYyCMATPUBAET CO3JaHUE BapUAHTOB IO Clie-
JYIOLUIMM IpaBuiIaM: peoOpa3oBaHie TEPMUHA BO MHOXKECTBEHHBIN/€AMHUYHBIN BU, yAaJIeHUE/ 10-
OaBlIeHHE 3HAKOB MyHKTYyaluH (Takux Kak Aeducel uian anoctpodsr). B paMkax uccienoBanus ObUT
pa3paboTaH COOCTBEHHBIH aITOPUTM, PACHIMPSIOIINN CIIMCOK IIPAaBUII CTAHAAPTHOIO FreHepaTopa Jyis
JYYIIEro ONpeaesIeHUs OMOMETUIUHCKUX TEPMUHOB:

— npeoOpa3oBaHue uucenl B Hadaine TepMuHa (5-iodotubercidin, Siodotubercidin, 5
iodotubercidin u 1.11.);

— npeoOpa3oBanue yucie B konue tepmuna (IL-1, IL 1, IL1 u t.a.);

— OyKkBEeHHbIE MH/IEKCHI B KoHIIE TepMuHa (penicillin G, penicillin-G u T.11.);

— IpeoOpa3oBaHUE IPEUECKUX CUMBOJIOB B X TekcToBOM BeipaxeHue (TNF a, TNF alpha) u
zp.

I'mcTorpaMmbl KOJIMYECTBA OPUTMHAIBHBIX BapUAHTOB (CHHOHUMBI, BApUAHThl HAMMCAHUS U
T.J.) U KOJMYECTBA CI€HEPUPOBAHHBIX BAPUAHTOB (BKJIIOYAs OpUTHMHAIbHBIE) N300paKEHbI HA pHU-
CyHKe 1.

OnucaHHbIE BbIIIE PABUJIA TO3BOJIAIOT KJIACCU(PHUKATOPY KOPPEKTHO ONPEAETUTH U Pa3METUTh
TEPMUHBI B OMOMETUIIMHCKOM cTaThe UK MyOnukanuu. Takke CTOUT OTMETHTb, YTO U3 BCEH MacChl
MIOJIyYEHHBIX BApMAHTOB B MyOIMKAIUAX 00bIYHO BeTpeyaercs He O6onbiue 30%. [Toaromy nocne re-
Hepaly BapHAHTOB IOJyYEHHBIH alrOpUTM MpPOBEpsSET MX HAa TEKCTax cTaTeil, orOpackiBas Bapu-
aHTBI, KOTOPBIA HU pa3y He BCTpedaroTcs. Takoi MoAXo/1 MO3BOJISIET YMEHBIINTh BPEMS U Harpy3Ky
Ha CUCTEMY, 3aTpauynuBacMble Ha Pa3METKY TEKCTa.

OTAEenbHO CTOUT PACCMOTPETHh BONPOC BIIMSHUS T'€HEPATOPOB BApUAHTOB Ha JIBOSKOCTh U Ba-
pHaTUBHOCTh. B pamkax MojennpoBaHus ObUIM PAaCCMOTPEHBI OHTOJIOTHH, COJepXKAIUe KIacCudpu-
karuu reHoB (GeneOntology [2]) u 6one3neti (ICD-10 [3]). beutn mocunTanbl ABOSKOCTH (PUCYHOK
1) 1 BapuaTUBHOCTH (PUCYHOK 2) TEPMUHOB B IaHHBIX OHTOJIOTUH ¢ M 6€3 UCIIOJIb30BaHMsI T€HEPaTo-
POB BapUaHTOB.
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Puc. 1. KonruecTBa BAPHAHTOB HAITKCAHUS TEPMUHOB B OHTOJIOTHSIX
GeneOntology (a) u ICD-10 (6) ¢ u 6e3 ucnons3oBanust TVG
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Puc. 2. I3MeHeHue 1BOSIKOCTH TEPMUHOB B OHTOJIOTUSX
GeneOntology (a) u ICD-10 (0) ¢ u 6e3 ucnonszoBanus TVG
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Puc. 3. I3MeHeHue BapuaTUBHOCTU TEPMUHOB B OHTOJIOTUSX
GeneOntology (a) u ICD-10 (0) ¢ u 6e3 ucnonszoBanus TVG

W3 pucyHKOB 2-3 BUIHO, YTO BHEAPEHHUE I'€HEPATOPa HE 0KA3AJI0 CYIIECTBEHHOTO BIUSHHUS HA

JaHHBIC MCTPHUKHU. B 10 ke BpEMs, BHCAPCHUC ITO3BOJINJIO YBCIUYUTD IMMOJIHOTY ITOHWCKA (B CpCaAHEM

0K0J10 24%), TIpH ATOM MPAKTUYECKH HE YMEHBIIIUB €r0 TOYHOCTD (1-2%). DKCriepuMeHThI TTOKa3bI-
BAalOT, YTO UCTOJIb30BAaHUE JIOTIOJTHUTEIHHBIX BAPHAHTOB TEPMUHOB 3HAYUTEIHLHO YBEIMUNBACT IIIYM
(KOJIMYECTBO KOPPEKTHBIX TEPMHUHOB, JIJI1 KOTOPBIX HAWJIEHBI HEKOPPEKTHBIC COBMAJCHUS B OHTOJIO-
TUSX MIPH pasMeTke). JlaHHyro Ipo6ieMy MOXKHO PEIIUTh C TIOMOIIBIO BHEIPEHH S JOMOIHUTEIBHBIX
(UIBTPOB, YIUTHIBAIONINX KOHTEKCT, B KOTOPOM BCTPEUACTCS TEPMHUH, YTO SBJISCTCS CIISTYIONIIM
9TariOM UCCIIEeIOBaHMUSI.
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Abstract. The number of publications in biomedicine published and indexed annually by PubMed [1] almost dou-
bled over the past 10 years (from 746 thousand to 1354 thousand). This leads to a deterioration in the quality of search
and cataloging of scientific publications and it becomes increasingly difficult for scientists to find the necessary infor-
mation. There is a need to transform unstructured scientific texts into structured formats (XML, JSON). In this task, the
quality of recognition of named entities in textual information is of great importance.

Beeoenue. MOHUTOPUHT COCTOSIHUSI CHCTEMBI MUKPOLIMPKYIISIIIMKM KaK OCHOBHOTO 3B€Ha, 00ec-
MEYMBAIONIET0 META00INYECKHI TOMEOCTa3 B OpPraHax M TKaHAX, SIBJISETCS OJTHOW M3 BaXKHBIX IPO-
0JieM COBPEeMEHHON MEAMIIMHCKOW TMAarHOCTHKH, TaK Kak (QYHKIHMOHAJIbHbIE U MOP(OIOTHYECKHe
U3MEHEHHS B MUKPOLUPKYJISATOPHOM pyciie HaONI0Aal0TCsl MPU MHOTHX 3a00JIeBaHUSX: CepAeUHO-
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COCYAMCTBIX OCIIOKHEHUSX, aTepPOCKIIepo3e, caxapHOM Jauadere, XpOHUYECKOM BEHO3HOIN HelocTa-
TOYHOCTH H JIpyrux [1]. B HacTosmee BpeMss MOHUTOPHPOBAHUE MUKPOIUPKYISITUOHHON (DYHKIIUU
OTPaHUYEHHO M0 PAY IPUYUH, OCHOBHBIMH U3 KOTOPBIX SBJISIOTCS: CYIIIECTBOBAHNE OIPAHUYCHHOTO
yuca 0€30MaCHBIX METOJIOB UCCIEI0OBAHMS U CII0KHOCTh MHTEPIIPETAIIMHU TOJIYy4aeMbIX JTaHHBIX.

Jljig u3y4eHus CUCTEeMbl MUKPOLIUPKYIISALMN BCE Yalle MPUMEHSIOTCS ONTUYECKHE METO/IbI TU-
arHOCTHKH, 00JIaAI0NIHE CICIYIOMIMMH TPEHUMYIIIECTBAMHE: BICOKOW TOYHOCTHIO i YyBCTBUTEIHHO-
CThI0, TUCTAHIIMOHHOCTHIO, BBICOKUM MPOCTPAHCTBEHHBIM pa3pEIICHUEM U BOCIPOU3BOAUMOCTHIO
pe3yabTaToB u3mepenuii [2]. [To cpaBHEHHIO ¢ TPAUITMOHHO UCIIOJIB3YEMbIMU B METULIMHCKOM ITpaK-
THKE MOP(OIOTUYECKUMH HCCIEAOBAHUSIMH, MPOBOJAIIMMHUCS B OOJNBIIMHCTBE CIIy4aeB OMOMNCHIi-
HBIM METOJIOM, OTPaKAIOLIUMHU COCTOSIHE MUKPOLIMPKYJISIIUN TOJIBKO B KOHKPETHOU TOYKE U HE Ja-
IOLIUE TTPEACTABICHUI 0 TUHAMUYECKHX MpOIleccax, JaHHbIE METOAbl XapaKTepU3yIOTCs HEMHBA3UB-
HOCTBIO M 0€30TaCHOCTBIO s arueHTa [2,3]. Bo3M0OXKHOCTh MPOBEACHUS AUATHOCTUKH COCTOSIHUS
COCYIMCTOM CUCTEMBbl U MUKPOLUPKYIISALUN KPOBU B PEKUME PEATbHOTO BPEMEHHU 00ecrieunBaeTCs
PSAIOM ONTHYECKHX METOJIOB: JTa3epHast TOMILICPOBCKasi IIyOMeTpus, JOIJICPOBCKAst ONTHYECKAS KO-
repeHTHas ToMorpadus, UHTpaBUTaJIbHAsI MUKPOCKOIUS, MAaTHUTHOPE30HAHCHAsI TOMOrpadus U aH-
ruorpadusi, TpaHCKpaHHUaIbHas Aorseporpadus, Ja3epHas crekiI-Busyanu3anus u ap. OnHako, He-
KOTOPBIE U3 HUX UMEIOT PsiJl CYIIECTBEHHBIX OIPAaHUYEHUN: HEJJOCTATOYHO BHICOKOE MPOCTPAHCTBEH-
HOE U BPEMEHHOE pa3pellieHre, OrpaHUYeHHOCTh HHPOPMAIIHH O TOTOKE YaCTHI], 0COOCHHO MPH CKa-
HUPOBAHUU 1O INTyOMHE OMOTKAHU, UHBA3UBHOCTh U3MEPEHUN U J1p. [4]

OcHosnas yacms. ONTHYECKUE METOJBI SBIISIOTCS MEPCIEKTUBHBIM MHCTPYMEHTOM JIMarHo-
CTUKH W JICUCHHS 3a00JI€BaHUU YEJOBEKA BCJICACTBUE MPHUCYIIUX UM MPEUMYIIECTB: OECKOHTAKT-
HOCTb, BBICOKAsi TOYHOCTh M UYBCTBUTEIBHOCTb, AMCTAHIIMOHHOCTH, BHICOKOE MPOCTPAHCTBEHHOE
paspenieHue U BOCIIPOU3BOAMMOCTD Pe3yibTaToOB u3Mepenuii [1,2].

Hcnonb30BaHne ONTUYECKUX METOIOB JIsl MCCIIEOBAHUS KOKHOTO TIOKPOBA YeIOBeKa M03BO-
JISIET OLIEHUTh COCTOSIHME OMOJIOTUYECKUX TKaHEH Ha pa3IMuYHOM IIYOMHE U C Pa3IM4YHON paspela-
foteit crnocooHocTrio. [1o cpaBHEHHIO ¢ TPAAULIMOHHO MCIIOJIB3YyeMOM B MEIUIIMHCKON MPaKTHKE
Oworicuell TaHHbBIe METOIBI XapaKTePU3YIOTCS HCMHBA3UBHOCTHIO U 0€30MaCHOCTRIO JIJIS ITAIMCHTA.
[Ipu 5TOM OGONBIIMHCTBO COBPEMEHHBIX ONTHUYECKUX METOAOB (I€PMATOCKOMUS, ONTUYECKHI BU-
JICOMOHUTPOUHT, ONITHYECKasi TonomeTpusi, 3D-mMonenupoBaHue KOXKU, ONITUYECKAsi KOTEPEHTHAs! TO-
Morpadusi) HalleJIeHbl Ha aHaan3 MOPHOIOTUYECKUX XapaKTEPUCTHK KOXKHU Ha KIETOYHOM YPOBHE,
YTO CYIIECTBEHHO MOBBIIIAET UX CTOUMOCTD U YCIIOXKHSIET TEXHUYECKYIO peasn3anuto [ 1-3]. B cBsizu
C OTHM aKTyaJlbHOU SBJsETCS 3a7aua pa3paboTKU METOJ0B U TEXHUYECKHUX CPE/ICTB, PEATU3YIOIINX
BO3MO>KHOCTB TTPOBEICHUS KCITPECC-TMArHOCTUKH 3a00JI€BaHUIM U CUCTEMHBIX HapyIICHUN KOXKH, a
TaK)Ke MO3BOJIAIOIINX OCYIIECTBISITh KOHTPOIh 3PPEKTUBHOCTH TepaneBTHUECKUX mporenyp. Ox-
HUM U3 TIEPCTIEKTUBHBIX HAMPABICHUN B U3YUEHUH CUCTEMbI MUKPOIUPKYJISIUHN SBISAECTCS Jla3epHast
CHEKJI-BU3yalln3allisi, OCHOBaHHAs HAa MCIOJIb30BAaHUU JIA3€PHOTO M3IY4YEHUs JIsl MCCIIEOBAaHUSA
OMOCTIEKIIOB KOXKH.

AKTyalbHOU 3a/1aueil JaHHOTO HaMpaBlIeHUS SBISETCS pa3paboTKa yCTPOKWCTBA U MPOrpaMM-
HOTO OOECIEUeHHs JUIsl peain3allid METOJla MCCIEAOBAaHUN JTUHAMUYECKUX OMOCTIEKIIOB. JlaHHBIM
MeTO]T 00ecIieYrBaeT BU3YAIU3AIHI0 KPOBEHOCHBIX COCYIOB M OOHApyKeHHE B HCCleayeMoi obna-
cTU 0€3 MHBA3WBHOT'O BMENIATEILCTBA OTHOCUTENIbHBIX U3MEHEHUN KaNMJUISIPHOTO KPOBOTOKA, CBSI-
3aHHBIX CO CHIDKEHHEM MO0 MOBBIIIIEHHEM €TI0 HHTeHCUBHOCTH. [1,5].

buonornueckue TKaHU SIBISIOTCS ONTHYECKU HEOJHOPOJIHBIMU TOTJIOIMAIOIIMMH CpeamMH,
CpeIHMI TOKa3aTellb MPEeJOMJICHUS! KOTOPBIX BBIIIE, YEM Y BO3yXa, IO3TOMY B3aUMOJECHCTBHE Ja-
3€pHOT0 M3JIYYCHHSI C HUMHU OTPEIEISETCS MPOIIECCaMH OTPaKeHUSsI, TIOTJIONIEHUS, PACCEUBAHUS U
MPOHUKHOBEHUs. [7]. Meron ucciaeIoBaHus TUHAMHYECKHX OMOCIIEKIIOB KOKH OCHOBBIBACTCS Ha
aHaJIM3e MapamMeTpoB JUHAMUYECKOTO CIIEKII-I0JIs, KOTOpoe 00paszyeTcs B pe3ysbTaTe HHTEpPepeH-
MU OTPAKEHHOTO MU PACCETHHOTO OMO0OBEKTOM KOTepEeHTHOTO n3nydeHus. Creki-mose B MmiIoc-
KOCTU HaOMoAeHUsT (OPMUPYET KApPTUHY, COCTOSIIYIO U3 MHOXKECTBA CIIEKJIOB (TISITE€H), NHTCHCHUB-
HOCTh CBETa M (popMa KOTOPHIX U3MEHSIFOTCS MIPH HATMYUH B 00BEKTE JBUKYIINXCS paccerBaTenen
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(KJIE€TKU TTOKPOBHOM TKaHU U (DOPMEHHBIC SJIEMEHTHI KPOBH) [6].

OnTHueckue cBOICTBa JEPMbI U CKOPOCTh KPOBOTOKA U3MEHSIOTCS HE TOJIBKO IIPU Pa3BUTUU
[aTOJIOTMYECKUX MPOLIECCOB B OpraHU3Me 4esloBeKa (IMMIO- U TMIEePTEPMHUs, IOCTTPaBMaTHUECKOE
HapylIeHHe KPOBOCHAOXKEHUS KOHEUHOCTEH, MuabeTnueckas MUKPOAHTHOIATHS, SK3eMa, aHTUUTHI
KOXKU U OHKOJIOTHUYECKHUE 3a00JIeBaHUS KOXKH), HO U BO3HUKAIOT KaK OTBET HA pa3jIMYHbIC BHEIIHUE
¢usnorepaneBTHueckue GakTopsl BozaeicTus [3].

B kauectBe (u3morepaneBTHUECKUX (AKTOPOB AKTUBALMHM TEPMOPETYIISALMOHHBIX MEXaHM3-
MOB OpPraHM3Ma 4YeJI0OBEKA, COPOBOXKIAIOLIUXCS B TOM YUCIIE M U3SMEHEHUSIMU B MUKPOLIMPKYJIALINH,
MOTYT BBICTYIIaTh pa3jMuyHble (U3HOTEpaneBTHUECKUe npoueaypsl: nHppakpacHas (MK) repamnus,
Kpuotepanus, runepoapuueckas okcuresauus (I'6O).

Bnusinue nHppakpacHOro U3iydyeHHst Ha OpraHu3M 4eJIOBEKa IIPOSBIISIETCS B €r0 HarpeBe, Ko-
TOPBIN CIIOCOOCTBYET PACIIMPEHHUIO U YBEIMUYCHHUIO KOJIMYECTBA ()YHKIIMOHUPYIOIUX KAWIUISIPOB B
IOKPOBHBIX TKaHIX Teja 4eJIOBEKa, 00JIErYeHUIO IPOABHIKEHHSI KPOBU II0 apTEPUSM, IOBBILICHUIO
CKOPOCTH KpOBOTOKa [8].

Kpuorepanus npencrasiser co00i COBOKYMHOCTh (PU3MYECKMX METOJIOB JICUEHHsI, OCHOBAH-
HBIX Ha UCHOJIb30BAHUHU XO0JIOOBOTO (pakTopa JJIs OTBEJCHUS TeIUla OT TKaHEel, OpraHoB WM BCEro
TeJa 4eJ0BeKa, B pe3yJIbTaTe Yero X TeMIepaTypa CHUKAETCs B Mpejesiax KpuoycTonunuBoctu (5-
10 C) 6e3 BeIpaXXEHHBIX CIBUTOB TEPMOPETYJISINHN opranusma. [9]. Bo3aeiicTBre X01010M NPUBOIUT
K BBIPOKEHHBIM ()a30BBIM M3MEHEHUSM JEATEIBHOCTH MepH(PEPHUECKUX COCYI0B, KOTOPBIE MPOSIB-
JSIFOTCS CHavyalla Clia3MOM MEJKHUX apTepuil U apTepuol, MPEKanUIIPHBIX CHUHKTEPOB, 3aMe/ie-
HUEM CKOPOCTU KPOBOTOKA U MOBBIIIEHUEM BA3KOCTH KpoBU. Da30BbIe U3MEHEHUS COCTOSIHUS COCY-
JIOB KOXKU U TOAKOYHOM KJIETYAaTKU JAI0T aJeKBaTHYIO TPEHUPYIOLIYIO HAarpy3Ky cCTeMe KpOBOOO-
pamenus [10].

I'BO 3akitoyaeTcs B JIYEHUU KUCIOPOJOM IO/ IaBJICHUEM B MEIUIMHCKUX Oapoarnmnaparax.
D dexr npumenenus 'bO nposiBiisieTcst B yBENTUYEHUN KHCIOPOJHON EMKOCTH KpoBH. CyIIHOCTD
METO/1a 3aKJII0YAETCs B IMOBBIIIEHUH COAEPIKaHUS KMCIOPO/a B TKAHAX OPraHU3Ma, YTO JIOCTUTAeTCs
B/IbIXaHUEM KHCJIOPOJIa MOJ1 MOBBIIIEHHBIM AaBieHrueM. [1oa BIusHUEM KUCIOPOAHOIO HACHIILIEHUS
CTUMYJIUPYIOTCSI U HOPMAJIU3YIOTCAd OMOXMMUYECKHE IPOLECChl B MO3re, MUOKape, rneyeHu. ['bO
MOOMIJIN3YeT COOCTBEHHBIE CHCTEMBI OpPraHM3Ma, OTBEYAIOIIUE 32 00E3BPEKMBAHHE U BBHIBEICHUE
TOKCHHOB, TIOBBIIIAET META00IMYECKHE CUCTEMBI 3aLUThl MO3ra, Cep/lia, NeUYeHH, MOYeK OT OTPaB-
JISIOUIET0 BO3/AEUCTBUS aMMUaKa IpU HapyIIEHUH KPOBOCHA0KEHHSI OPTraHOB.

B nanHoit pabote npencTaBiieHbl pe3yabTaThl IPUMEHEHHs pa3pab0TaHHOIO aBTOpaMH arma-
paTHOTO U MPOrpaMMHOT0 00ecIeYeHNsI JUHAMHUUECKOTI0 U3MEpPEHHsI OMOCTIEKIIOB I MOHUTOPHUHTA
MUKPOLMPKYJISALUH YeJIOBeKa JI0 U TOCIe IPOBeIeHUS (PU3HOTEPANIeBTUYECKUX TPOLIEIYD.

Annapammnoe u npozpammuoe obecneuenue uUccie008anull OUocnekn0e koxcu. Perucrpanus
JMHAMUYECKUX OMOCIIEKIOB KOKU BBIMOJHSUIACh Ha 06a3e ycTpoiicTBa, cxemMa KOTOpPOro IpuBEJIEH-
Horo Ha pucyHke 1. Ha uccnenyemblii y4acTOK KOXHOTO MOKPOBA YeJOBEKa (POKYCHPYETCs My4OK
Ja3epHOT0 U3IIy4eHMsI, UHTEp(EPEHIIMOHHAs KapTHHA PACCESIHHOTO OMO0OBEKTOM JIa3epHOT0 U3Iy-
YEHUs] PETUCTPUPYETCS C TIOMOIIbIO BUJIEOKAMEPbI, CHA0KEHHOM CHelMaIbHON ONTUYECKO cUCTe-
Mmoi. ITonydyenHas BuseonH(pOpMaIus NOCTYNaeT Ha NEePCOHANbHbIN KOMIIBIOTED Il OTOOpaskeHUs
U IUPpoBOI1 00pabOTKH.

Jlng BUueoperncTpalii JMHAMUYECKUX CIEKII-TI0JIEH UCII0Ib30BaIach BBICOKOCKOPOCTHAS Ka-
mepa ¢ uarepdeiicom GigE, oobektBoM Kowa LMSOHC, CCD-matpuueii u yacrotoit 120 kagpos
B CEKyHAY npu paspemeHnn VGA.

Perucrpupyemsie co ckopocTbio 120 KagpoB B CEKYHIYy CIEKJI-U300pa)KeHUs MOJIBEPrajuch
udposoit 0opadotke. Llenbro nndpoBoit 00pabOTKHU ABISIICS pacdeT KOHTPACTHOCTHU ISl KaXKA0TO
MTAKCEJIS CTIEKI-U300paKeHUsI.

Jis peanuszanuy MOCTaBIEHHOW 3aJaud BBIMOJHSIACH MPOCTPAHCTBEHHO-BpEMEHHast oOpa-
0oTKa criek-u300pakennii Ha 6aze moaudukauu metona LASCA.
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MezoBpaaHie

1 — G110k UTaHMs Ja3epa; 2 — azep; 3 — a3epHOe U3NyueHHe; 4 — OJIOK MUTAHUS BUICOKaAMEPhI;, 5 — BUICO-
KaMmepa; 6 — ONTHYeCcKasi CUCTEMa; 7 — CIIeKJI-KapThuHa; 8§ — OM000BEKT, 9 — MePCOHATBHBIN KOMITBIOTEP

Puc. 1. Cxema (a) u peanbubiii BUJ (0) yCTpOHCTBa TUHAMUYECKOTO U3MEPEHHUsT OMOCTIEKIIOB KOKHU

B coorBercTBuu ¢ meronoM tLASCA pacyer 3Hau€HUsI KOHTPACTHOCTH JUISl KAYKIOTO MUKCEIS
CTIEKJI-M300paKCHHS BBITIOIHACTCS ISl IEHTPAIbHON TOUKH B OKHE 3%3 1o N=10 HaKOIMJICHHBIM Ka/I-
pam:

r=i+1c=j+1

tLASCAG) = g ) (Iije)

r=i—-1c=j—-

TJI€ 0ijt— CPEIHEKBAIPATUUECKOE OTKIIOHEHHUE BCEX MHUKCENel B MPOCTPAHCTBEHHOM (1, j) U BpEMEH-
HOM (t) oOmacTsx, MOIy4eHHOE ISl BEKTOPU3UPOBAHHON TPEXMEPHOIN MaTPHIIBL;

lijt— cpenHee apudmMeTnuecKoe 3HaUeHNEe MHTEHCUBHOCTH BCEX MUKCEIEH B IPOCTPAaHCTBEHHOM
(1, J) 1 BpeMeHHOI (t) obnacTsx.

Takum oOpa3oM, pu UCTIONB30BAaHUM OKHA MMHUMAJIBHOTO pa3Mepa eIMHUYHBIA TUKCEIb pe-
3YJNbTUPYIOIIETO Kajipa COAEPKUT B cede naHHble 10 90 coceiHUX B IPOCTPAHCTBE U BPEMEHU ITHK-
ceneit. [Ipu pa3pemenuu kamepsl 659 Ha 494 nukceneii B 00pab0TKe y4acTBYIOT Oojee 38 MUILITHO-
HOB TOYEK €KECEKYHIHO.

Memoouxa uccnedosanuii. JINarHOCTHKA COCTOSHUSI KOXKHOTO TIOKPOBA UYEJIOBEKA BBIMOJIHSA-
Jach Ha 0a3e yCTpOoNCTBA TMHAMUYECKOT0 U3MEPEHMSI OMOCIIEKIIOB KOXKH C MOceaytomel 1u(poBoit
00paboTKOil criekI-u300pakenuii [6].

UccnenoBanus nposoamiuch Ha 0aze UK kameps! 111 HU3KOMHTEHCUBHOTO BO3/IEHCTBUS Ha
Teso yenoBeka (puc. 2, a), mpeacTaBistonend coboil kKabuHy ¢ BXOJHOW JBEPHIO, BO3AYIIHBIMU OT-
BEPCTUSIMHU U Pa3MEIICHHBIMHA BHYTPH Hee HCTOYHUKAMHU MH(PPAKPACHOTO H3ITydeHHs; OapoKamMepsl
«Vitaeris 320 Hyperbaric Chamber» (puc. 2, 0); kpuocayns! «Kiltekammer —110°C» (puc. 2, B).

OOBEKTOM HCCIIEOBAHUS SBISUICS YIaCTOK KOKM Ha TAJIbIE TIPABOM PyKH B OopMe KBazpara
10x10 mM. PaccrosiHMS OT MCTOYHHKA CBETa, a Takke OT OOBEKTHBA KaMepbl 10 MCCIEAyeMOro
Y4acTKa COCTABIISUIA 275 MM.
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|

Puc. 2. ®usnorepanesruyeckue ammaparsl: (a) MK kamepa; (6) 6apokamepa «Vitaeris 320
Hyperbaric Chambery; (B) kpuocayna «Kiltekammer —110°C»

~

o g

Ha nepBom stamne nccnenoanus nposoawinck B K xkamepe. [IpomomknuTensHOCT ceaHca co-
craBuia 30 munyT. Temneparypa BHyTpu KaOHHBI BO BpeMsi ceaHca coctapisiia 39°C. Peructpupo-
BAJIOCh UCXOJTHOE COCTOSTHHE MUKPOLMPKYIISIIUHA HCCIIEAYEMBIX y4acTKoB KoxH (0 MHH), rocie 3a-
BepiieHus ceanca (30 mun), u criyctst 30 MUHYT mocre 3aBepiuieHust ceanca (60 mun). BuzyanbHbix
M3MEHEHH Ha UCCIIeyeMbIX ydacTKaX MOCIIe IPOBEACHHS MTPoLeyphl He HaOmoaanock. [lomyden-
HBIE CIIEKJI-N300pakeHMs TIOKAa3bIBAIOT, YTO BEAYILEH peaknnuell MUKPOIUPKYISIPHOTO KPOBOTOKA B
YCJIOBUSIX TUIIEPTEPMUU SBUJIACH €TO BhIpaKeHHast MHTeHcHuKams (puc.3).

Puc.3. Cnexn-uzobpaxeHus MUKpOLMPKYISLUY 10 poBeaeHnu ceanca MK tepanuu (a),
HEMoCpeCTBEHHO nocie okoHvyanus ceanca MK repanuu (0), yuepe3 30 MuH nocie mnocine
okoH4aHus ceanca UK tepanuu (B)

Ha BTOpom sTame wuccienoBanus mpoBoaminck B bapokamepe «Vitaeris 320 Hyperbaric
Chambery. ITpogomxurenbHOCTh ceaHca cocTaBuia 20 MUHYT. Perucrpanuss MUKpOLMPKYISLUN
IPOBOJWIACH B UCXOAHOM cocTossHuu (0 MuH), nocie npoueayps! (20 mun), cryctst 30 MuH nocie
okoHuaHus npouenypsl (50 mun). [Tocne nporneaypsl runepOapuuecKoil OKCUT€HalUK HaOII0AaeTCs
3HAYUTEIbHOE CHWKEHHME KPOBOTOKA, KOTOPBIN yxke depe3 30 MUH MOCe OKOHYAaHUS MpPOIETyphl
BOCCTaHaBIuBaeTcs (puc.4).
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Pucynok 3 — Cnekn-u3o00pakeHuss MUKPOLUUPKY/ISLUU 0 IPOBEJCHUH CeaHca IpoLeypbl
runepOapuyeCcKoil OKCUreHaluu (a), HENOCPEICTBEHHO 110CIIe OKOHYaHUs Ce€aHca MPOLETypbl
runepOapuyeckoil okcureHauuu (6), yepe3 30 MUH 1OCiIe OCIE OKOHYAHUS CeaHca POl ypbl
runepoapruyecKoil OKCUreHamuu (B)

Ha tpetbem starme uccnenoBanus npoBoamimck B kpuocayne «Kéltekammer —110°Cy. Hcmbl-
TyeMbIii moMelancs B KaOMHy Ha 3 MUHYTBI, TeMIlepaTypa BHyTpu kabunsl coctanisuia —110°C. Ilo-
Jy4eHHBIC B pe3yabTaTe 00pabOTKH CIIeKI-U300pakeHus (pUC.S) 0TOOPAKAIOT CHIYKEHHUE TIPOIECCOB
MUKPOLUPKYJIALUU B MOBEPXHOCTHBIX TKAHAX YEJIOBEKA HEMOCPEIACTBEHHO MOCIEe OKOHYAHUS MPO-
LEeAypbl KpUOTEpAIUK U IOCTEIIEHHOE UX BOCCTaHOBJIEHUE CITyCTs 30 MUHYT.

Puc. 5. Cnekn-u3o0pakeHnss MUKPOLUPKYIISIIIUK IO MPOBEJICHUU CeaHca KpUoTepamnu (a), Hero-
CPEIICTBEHHO TOCJIe OKOHYAaHUS ceaHca kpuoteparnu# (0), uepe3 30 MUH mociie mocie
OKOHYAHHUSA CeaHca KpHOoTepanuu (B)

Pesynomamor uccneoosanuii. PazpabotanHoe aBTopaMu anmapaTHOE U IporpaMmmHoe obecrie-
YeHHEe JMHAMUYECKOTO HU3MEpEeHHUs OMOCHIEKJIOB HCIOJIb30BAaHO JUIsI MOHHUTOPHHIA COCTOSIHUS
CHCTEMBI MUKPOIMPKYIISIIUH IPH BO3JICHCTBUHU Pa3IMIHBIX (PU3HOTEpAIeBTHIECKUX (PAKTOPOB.

Ha ocHOBaHUM NPOBEJEHHBIX HCCIe0BAaHUN ObUTH CHPOPMYITUPOBAHBI CIEAYIOIINE BBIBO/BI:

1 Meron tMHaAMUYECKOTO U3MEPEHUS U IMPPOBOIt 00pabOTKN OHOCIIEKIIOB KOKU TIO3BOJISET
MIPOBOJAMTH HEMHBA3UBHYIO TUArHOCTUKY B PEKUME PEATbHOTO BPEMEHM M MOJIy4yaTb ONTHYECKUE
n300pakeHHsI BHYTPEHHEH CTPYKTYPBI IOBEPXHOCTHOTO KPOBOTOKA.

2  Merton TMHAMHYECKOTO U3MEpEHHUs U LU(PPOBOH 00pabOTKN OMOCTIEKIIOB KOXKH MTO3BOJISIET
BBISIBUTH U3MEHEHHUSI B MUKPOLMPKYJISIMH, TIPOUCXOISIINE MTPH MPOBEICHHH PA3TUYHBIX (pr3roTe-
paneBTHUECKUX MPOLERYP.

3 Pesymbrarhl aHadmM3a CHEKI-U300paKEHHIA COTIACYIOTCS ¢ O0IIeH peakiueld MUKPOIIHp-
KYJISIPHOTO KPOBOTOKA B YCJIOBUSAX Pa3IMUYHBIX BO3ACHCTBUI Ha MOKPOBHbIE TKAHH YEJIOBEKA.

MOHUTOPHHT COCTOSTHUSI CHCTEMbI MUKPOIMPKYIISIIUU IPU BO3ICHCTBAN PA3INIHBIX (PH3HOTE-
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parneBTHYECKHUX (PaKTOPOB MTO3BOJISIET OLEHUTD 3()(HEKTHUBHOCTH MPOBOIMMBIX MEPOTIPUATHH O TPO-
¢duIaKTUKe U JeUeHUIO (PYHKIIMOHAIBHBIX CUCTEM YelIOBEKa.

C npyroii CTOPOHBI MOHUTOPUHT COCTOSHHSI CHCTEMBI MUKPOLMPKYJISIIIUN COJCPXKUT AUATHO-
CTHYECKYIO0 HH(OPMAIIHIO, TaK KaK MTO3BOJIIET OLEHUTH MIPOUCXOIAIINE B OPTaHU3ME €CTECTBEHHBIE
alalITUBHBIE MTPOIIECCH TEPMOPETYIALUH. 3HAUCHNSI BPEMEHH ISl BO3BPAIICHUS YPOBHS MUKPOLIHP-
KYJSIUM B MCXOJIHOE COCTOSHHE IIOCJIe OKOHYaHUs (hPU3MOTEparneBTUYECKO Mpoueaypsl Bapua-
OeJbHBI y KKI0TO YeI0BEeKa, OHAKO BAKHBIM KPUTEPHEM HOPMAIBHOTO (DYHKIIHOHUPOBAHHS PETy-
JSITOPHBIX MEXaHU3MOB SIBJSIETCS TEHACHIUS K BOCCTAHOBJICHUIO UCXOAHBIX (DYHKIIMOHANBHBIX I10-
KazaTeJel M MX MocyeayolIee JOCTIKEHNE B IIpe/ieNiaX BpEMEHHBIX TapaMeTpoB HOPMEL. MHas TeH-
JICHIIMSI K BOCCTAHOBJICHUIO ()YHKIIMOHAJIBHBIX TIOKA3aTEeNIeH SIBJISAETCS MMOBOJOM ISl IPEKPAICHUS
CeaHCOB (PM3HOTEPANIEBTHYECKUX MIPOLEAYP U MOCIEAYIOEei KOHCYIBTAlluU C BPAYOM.

Pe3ynbraThl HcclieioBaHUH TOKA3aIIH 1€II€CO00Pa3HOCTh IPUMEHEHUSI METOIa PETUCTPALUU U
aHaM3a OMOCIEKIIOB JUIS OLICHKU 3((EKTUBHOCTH IPOBOIUMBIX (PU3NOTEPANIeBTUIECKUX ITPOLIETYD.
Kpome Toro, yka3aHHbIi METOI MOXKET OBITh HCITOJIb30BaH B pa3paboTKe JIe4eOHO-HarHOCTHYECKUX
KOMIUIEKCOB, OCHOBAHHBIX Ha BO3JICHCTBUM (PU3HOTEpANIEeBTHYECKUX (PAKTOPOB, IS O0OeCHeueHHs
(GYHKIMIA TUTHOCTHKA M KOHTPOJSI COCTOSIHUS MUKPOLMPKYIISIUH TTOBEPXHOCTHBIX OMOTKaHEH, a
TaKXKe YIPaBICHUS peKUMaMH BO3JICHCTBHUS.
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ITUKA BOJIBIINX JAHHBIX

/.A. Ilapxomenko B.B. Illamanosa
Cmapwuii npenooasamens Kagheopvl uHiCe- 3amecmumens dekara no yuebHo-memooue-
HepHou ncuxono2uu u apeoHomuxu BI'VUP, cKoll pabome (axyibmema KOMNbIOMEPHO20
Maz2ucmp mexHuKu u mexHoa02uu npoexmuposarust BI'YUP, ooyenm kageopui

NPOEKMUpOBaAHUS UHPOPMAYUOHHO-KOMNBIO-
mepnwix cucmem BI'VUP, kanouoam mexnuue-
CKUX HAYK, O0YeHm

benopycckuii cocyoapcmeennbiil yHugepcumem uHQopmamuxu u paouodnekmponuxu, Pecnyonuxa benapyco
E-mail: parkhomenko@bsuir.by, shatalova@bsuir.by

Amnanu3 60NbIINX JaHHBIX CETOJIHS SIBJIAETCS HE TOJIBKO TPEHI0M, HO U HE0O0XOAMMOCTBIO, KO-
TOpasi MOXKET AaTh HEOCTIOPUMOE KOHKYPEHTHOE MPEUMYIIECTBO. TEeXHOIOTHH paboThI ¢ OONBIINMU
JAHHBIMU MOTYT IPUHECTH OTPOMHYIO HOJIb3Y KAaK OT/EIbHBIM JIMIIaM, TaK U OpraHU3alUsIM, [103BO-
15151 IEPCOHAIM3UPOBATh 00CTYKUBAaHUE, OOHAPYKUBATh MOLIEHHUYECTBO U 3710yNOTpeOaeHUs, 3¢-
(eKTUBHOE UCIOJIB30BATh PECYPCHI, IPEIOTBpAIaTh aBapuu WK cOou B paboTe TOM Win HHOU cu-
CTEMBI.

O/HOBPEMEHHO C pa3BUTHEM TEXHOJIOIMM aHaIM3a OOJIBIIMX JAaHHBIX BCTAE€T BONPOC 00 3TUKE
Takoil aHanuTHkK. [To cBoel cyTH JaHHAas TEXHOJIOIUS ABJISETCS 3TUKO-arHOCTHYECKOM, HO 3TO MOJI-
TAJKUBAET K MPEOJIOJICHUIO PAa3IMUHBIX OTPAaHMYCHH: HATHYMS IIUPOKOTO JHara3oHa JaHHBIX U3
MHOTMX MCTOYHHKOB; BO3MOXXHOCTbh HEOPOTOCTOSIIEH KOPPENALUN ITUX JAHHBIX Ul TOHUMAaHHUS
0osiee MUPOKON KapTHHBI; TOYHOCTh, C KOTOPOM YEJIOBEK MOXKET ObITh MIAEHTU(ULMPOBAH U MOJI-
BEPrHYT TapreTHPOBAaHUIO; YMEHUE ONpPENEesITh MECTOHAXOKIECHHE KOro-au0o0 sl KOHTEKCTHOTO
aHaM3a U HAOJIOJIEHHS;, TPUMEHEHHE STOT0 HOBOTO MOHUMAHHMS /ISl IIMPOKOTO Kpyra pemeHui u
neicTBuil; paboTa B peKUMe peaIbHOr0 BpEMEHH.

CeromHs 3aKOHBI 1 HOPMAaTUBHBIC TOKYMEHTHI HE YCIEBAIOT OTBEYATh TOMY, YTO TIOPOXKIAIOT
HOBbIE I (poBbIe TexHONOTuU. KOH(pUIEHIINATbHOCTh IMYHBIX JaHHBIX 0] YTpo30il. Takxke moib-
30BaTENsIM HE XBaTaeT 3HAHWN M TIOHUMAHUS TaKUX TEXHOJIOTUH, 9TOOBI 3amuTHTh ceds. HemaBHne
JOCTHIKEHUS B aHAJIUTUKE OOJIBIINX JIAHHBIX PACIIUPUIN pa3pbIB MEXIY TEM, YTO BO3MOKHO U YTO
pa3pemieHo 3aKOHOM, M3MEHEHHH OaTaHC CHIT MEXK/TY OTJeIIbHBIMH JIMIIAMHU M arperaropaMu JaHHBIX.
CeroiHs NOSBISAIOTCS HOBbIE BO3MOYKHOCTH, CBSI3aHHBIE C COLIMANBHBIMU KaTacTpopaMu U Herpel-
BUJICHHBIMH TTOCIIE/ICTBUSIMH. VIMEHHO B 3TOM IMPOMEXKYTKE MOJTHUMAIOTCS STHUYECKUE BOTIPOCHI BO-
KpYT TOro, 4yTo nmpuemiemo. Kak opranu3zaiys NpuMeHseT aHaJIUTUKY OOJIBIINX JaHHBIX ISl OBbI-
meHus 3G GeKTHBHOCTH CBOEH pabOTHI, TOHUMAET YTO MCIIOJIb30BAHUE ATOM TEXHOJOTHH SIBISIETCS
>TuHBIM? KTO peraer, kak ¥ KOrja MpaBUIIbHO M0JIb30BaThCst 00NbIIMMU JaHHBIMU? COrjiacHoO Ipo-
THO3aM aHAJIMTHYECKOro areHTcTBa «Gartner», kK 2018 ro1y 0K0J0 MOJOBUHBI BCEX HAPYIIEHUM Ae-
JI0BOH 3THKHM OyneT o0ycioBIeHa HEMPAaBUWIIbHBIM HCIOIb30BAaHUEM MMEIOIIUXCSA CPEACTB aHATU3a
OOJIBIINX JaHHBIX.

[Tpumeps! Xoporieit U MI0XOW MPAKTUKHU MOSIBISIOTCS B OTPACIH, U CO BpeMEHEM OHU OyayT
OTIpeeNsATh MIPaBUiia U 3aKOHOJATENbCTBO.
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Hcropus cetu cynepmapkero «Target», 0 TOM 4TO alropuT™ OIpeaesna 0epeMeHHOCTh Jie-
BOUKHU U CTaJI IPUCHIIATH € KYITOHBI Ha TOBAPHI JJIs1 OEPEMEHHBIX, €Il 10 TOTO KaK CEMbsl JIE€BOUKH
y3Haja 0 ee 0epeMEHHOCTH, YacTO 3BYYHUT KaK IPUMeEP BO3MOXKHOCTEH OOJIBIINX JAHHBIX U MALIHH-
Horo obyuenus. OIHaKO 3Ta UCTOPUS MOJHSIIA BOJIHY IpoTecTta, U «Target» moTepsiia JOsIIbHOCTh
CBOMX KJIMEHTOB.

[Tpo6aembl, KOTOPBIMH 3aHUMAETCS HU(PPOBAsS STHKA, MOXKHO OOBEAUHUTH B HECKOJIBKO IPYIIIL:

— npobaema «Bpibopa» — Koraa BaM HYHO BbIOpATh OJJMH U3 HECKOJIBKUX BAPUAHTOB, KaXKAbIH
13 KOTOPBIX SIBJISICTCS IIPUEMIIEMBIM JJISl BAC M HE KacaeTcsl Bac JIMYHO;

— mpobiaema «CoOCTBEHHHKa» — KOTAA BbI JOJDKHBI C/AEIATh JIMYHBIA BBHIOOP — BBl XOTHUTE
3apaboTaTh MHOTO JICHET WM CAEJATh BAaIlleTO KIMEHTA CUYACTIHBBIM;

— mpobinema «BpemeHu» — Korga Bbl JOJDKHBI BbIOparh MeEXJy TAaKTHUYECKUM U
CTPAaTETUYECKUM PELICHUEM.

[Tpodeccop mpasa Bamuarronckoro ynusepcutera Hun Puuapac ormedaeTt: «3THKa TUKTYET
IPUHIUIBI, KOTOPBIMU PYKOBOJCTBYIOTCS 3aKOHOAaTenu». [IpuHsATHE 3aKOHOB, Kacarommxcs nug-
POBOIi cephl CUITBHO 3ana3apiBaeT. CeroiHs 3aK0H MPAaKTHYECKH HE PETJIAMEHTUPYET MaHUITY IS IIIH
¢ OOJIBIIMMU JAHHBIMM, XOTS YK€ BO3HUKAIOT MOMEHThI, KOTOpBIE JIOJM BOCIPUHUMAIOT C BO3MY-
IICHUEM.

Jis Toro, 4ToObl KOMIAHUAM M30€XaTh NOTEPU JIOSUIBHOCTU KJIMEHTOB B HOBBIX PHIHOYHBIX
YCIIOBUSX UCIIOJIb30BAHMSI AaHAJTUTUKYU OOJBIINX TAaHHBIX, KOMIIAHUAM HEOOXO0JIMMO BECTU ce0sl po-
3pavyHo U 00CYXk/1aTh BOIIPOCHI UCIIOJIb30BAHUS JJAHHBIX HEMOCPEACTBEHHO C MOTPEOUTEISIMH.
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NMPUMEHEHUE TEXHOJIOT UM BIG DATA JIJISI IOCTPOEHUSA
AHTPOIIOMOP®HOMN CUCTEMBI YIIPABJIEHUSA ITPOMBIIIJIEHHBIMHA
POBOTEXHUYECKUMHU KOMIIVIEKCAMH

M.B. /laéviooe H.C. /lasvroosa A.H. Ocunos

3aseoyrowuii kagedpoti meo-  Jloyenm kagedpwl cemeti u Ilpopexmop no nayuuou
PemuyecKux OCHO8 91eKmpo-  YCMpPoUucme meiekomMmyHuka- — pabome BI'VUP, kanouoam
mexnuxu bI'VYUP, kanouoam yutit BI'VUP MexHUYecKux Hayx, 00yeHm

MexXHu4ecKux Hayk, doqum

Benopyccruii cocyoapcmeennblil yHugepcumem uHpopmamuxu u paouosiekmponuku, Pecnyonuxa benapyco
E-mail: davydov-mv@bsuir.by

Abstract. B cratbe npe/ioxkeHa aHTpOoMophHas cucTeMa YIpaBJeHHsT TPOMBIIUICHHBIMH POOOTEXHUUIECKUMH
KOMIUIeKcaMu. JlaHHas cucTeMa BKIIIOYAaeT 5 ypOBHEH ympaBieHUs M 001afaeT psoM NPEUMYIIECTB [0 CPaBHEHHIO ¢
KJTACCHYECKUMH CHCTEMaMH YIPaBICHUS TEXHHIECKHUMH 00bekTamu. [TokazaHo, uto Texnosoruu big data moryt mpume-
HSATCS U151 00pabOTKKY MHOTOUMCIICHHBIX HH(OPMAIIMOHHBIX CUTHAJIOB 00PATHOM CBSI3U, HEOOXOJUMBIX JIJIsl OpraHU3aIin
YIIPaBJICHUS IPOMBILUICHHBIMHA POOOTEXHUYECKHMH KOMILIEKCAMH.

OnHMM U3 OCHOBHBIX HAIIPaBJIICHUH Pa3BUTHUSA TEXHUYECKUX CUCTEM B HACTOSAIIEE BPEMS SIBJISA-
€TCsl CO3/IaHue pOOOTOB U POOOTHU3UPOBAHHBIX KOMILIEKCOB [1-2]. OOnacTu X mpuMEHEHUs MOCTO-
SIHHO PaCIIMPSIOTCS: KocMoc [3], BOEHHOE, ¥ MPOMBIIILIEHHOE npuMenenue [4—8], meaurmna [9-10],
cormanpHas paboTta, cucremsl 6e3onacuoctu [11], ymusril oM u np. [Ipu 3TomM coBpemenHbie po6o-
TU3UPOBAHHBIE KOMIIIEKCHI TOCTOSIHHO YCJIOKHSIOTCS, HAIIPUMED, B IPOMBIIIJIEHHOCTH C BBEICHUEM
CTaHJapTa MPOMBIIUICHHOTO UHTepHEeTa Bemel [12-13] ecTh TeHACHINS 00BEAMHEHHUST OTIETBHBIX
pOOOTOB B €MHbIE MHTEIUIEKTyallbHble pOOOTH3HPOBAHHBIE MPOU3BOJICTBEHHbIE JUHUU. Bce 31O
MIPUBOJIUT K CYIIECTBEHHOMY YCJIO)KHEHHUIO allapaTHBIX U IPOrPaMMHBIX CPEJCTB, MpeaHa3HAUYEH-
HBIX Ul yIIpaBJIeHUs] pOOOTOM MJIM pOOOTH3MPOBAHHBIM KOMILJIEKCOM. Pa3paboTke ammapaTHbIX U
MIPOrpaMMHBIX MOJIENIed CUCTEM yIpaBieHUs poOoTamMu MOCBsIIEeH psia padot [14 — 18]. B pabote
[19] aBTOpamu npeanokeHa MOIENb CHCTEMbI YIIPABJICHHS, TOCTPOCHHAS 110 AHAJIIOTHH C JIESITeIIbHO-
CTBIO LIEHTPAJIbHOM HEPBHOM CHUCTEMBI YesloBeKa. B aHHOI paboTe paccCMOTpEHbI acleKThl IpUMe-
HeHust TexHonoruit big data muis 06paboTku cUrHanoB 0OpaTHOW CBSI3H, HEOOXOJMMBIX ISl OpraHH-
3allUY yTIPaBJICHUS IPOMBIIIEHHBIMU POOOTEXHUYECKMMH KOMITJIEKCAMHU.

Ha ocHoBe co3/1aHHON CTPYKTYPHOM CXEMBI, HCTI0JIb3YS aHTPONOMOPGHBIN MPUHIIUIT TPOEKTHU-
pOBaHUS HepapXUIeCKuX TexHmueckux cucteM [20, 21], pazpaborana MHOTOypOBHEBAs CTPYKTYpHast
cxeMa yrpaBJieHHs pOOOTEXHUYECKUM KOMIUIEKCOM (PUCYHOK 1).

JlanHast cxema BKJIIOYAET CJIEIYIOIINE YPOBHU YIIPABIICHUS:

1. YpoBenbp A — [IpaiiBepbl HCHOJHUTEIBHBIX YCTPOMCTB. JlaHHBIN ypoBeHb OOecreyuBaeT
yIpaBlieHUEe KOHEUYHBIM UCIOJHUTENIBbHBIM YCTPONCTBOM, HAIlPUMED IIArOBBIM WJIM aCUHXPOHHBIM
JBUTATEJIEM, CEPBOIIPUBOJIOM, THEBMO- WJIM THAPONPUBOJOM U T.A. J[paiiBEpbl MOTYT UMETh pa3any-
Hble HTHPOPMAIIMOHHbIE BXOIbl YIPaBJIE€HUS — AHAJIIOTOBbII CUTHAJ TOKA W HAMIPSKEHUS, TU(PPOBOM
KOJ1, CIIOXKHBIN 1M poBoii mpoTokoi. Kak mpaBuiio Ha JpaiiBep MOCTyHaeT 1uarHocTudeckas HHQop-
Malusi OT UCHIOJHUTEIBLHOTO YCTPOMCTBA: MOTpeOIeHnEe TOKa, CUTHAJl SHKOJEpa, HAJIMYKe MepeMe-
meHus u T.4. s obecrieueHns BBICOKOM TOYHOCTH JABMXKEHHH JIpaiiBepbl MOTYT TaKXKe YUUTHIBATh
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IPOCTPAHCTBEHHYIO MH(OPMAIUIO — CUTHAJ C JATYMKOB MOJIOKEHHUS, AKCETIEPOMETPOB, THPOCKOIIOB.
HpaiiBep Taroke popmMupyeT HHOOPMAITMOHHBIN CUTHAT, COJEPKAIIUI TUarHOCTHYECKYIO HH(pOpMa-
LIUIO O TEKYILIEM COCTOSIHUU UCIIOJIHUTEIBLHOIO YCTPOMICTBA.

2. Yposens B — Kontpomep popmupoBanus koman. JJaHHbBII KOHTpOJUIEp MPEICTABISET CO-
0011 0J10K yrIpaBlieHUs], K KOTOPOMY IIOCPEACTBOM ApaiBEpOB MOJKIOYEHA IPYIINA HCIIOTHUTEIBHBIX
YCTPOMCTB, AJIsi KOTOPBIX KOHTPOJUIEP FeHepHpYeT TpeOyeMble yrpaBisioiie curuaibsl. Kpome toro
B [IAMATHU JJAHHOTO OJIOKA YK€ XPaHATCS IPOCTEHIINE ABUraTeIbHbIE MATTEPHBI U1 TPYII UCIOTHU-
TEJIbHBIX YCTPOUCTB.

BxonubiMu gaHHbBIME 1151 O10Ka siBisiercst 1) uapopmanust o TpeGyeMoM B TEKYIIMA MOMEHT
BpeMeHH JiBrxkeHud (ypoBeHs C); 2) nHpopMalys ¢ JaTINKOB MOJOKEHHS, aKCEIIEPOMETPOB, TUPO-
CKOIIOB U T.JI. IO3BOJISIFOILAS] OCYIIECTBIIATH KOHTPOJIb BBIITOJHEHUS CJIOKHOTO IBUKEHUS 00ecreun-
BAEMOTI'0 TPYION UCHOIHUTENBHBIX YCTPOICTB; 3) nH(MOPMAIHSI O COCTOSHUN KOHEYHBIX MUCIIOJHU-
TEJIbHBIX YCTPOWUCTB C 0JIOKA TUAarHOCTUKU COCTOSIHUS MTOCTYNAET B KOHTPOJIIEP U YUUTHIBACTCS IIPU
(hOpMUPOBAHUH YIIPABIISIIONINX BO3CHCTBHIA.

TexHuueckas peanu3alys JAHHOTO YPOBHS YIPAaBJIEHUs BO3MOXKHA Ha 0a3e BBICOKOIPOMU3BO-
JTUTENbHBIX MUKpOKOHTpoJuiepoB (Hampumep STM32 ARM Cortex), 1160 ¢ MOMOIIBIO POTPaMMHU-
PYEMBIX JIOTHYECKUX KOHTPOJLIEPOB.

3. ¥posens C —Iloacucrema aHanu3a okpyskaromiei 00cTaHOBKHY U (pOpMUPOBaHUS aJITOPUTMA
pelieHus Tekylien 3aaauu. JlaHHas cuctema npeaHa3sHaueHa Ui MOCTPOSHMs allfOpUTMa paboThI
BCEX MCIIOJHUTENIBHBIX YCTPONCTB MPU PELICHUH TEKYyILIEH 3a1aui. BXOIHBIMY JaHHBIMU JUIS MTOJ-
CUCTEMBI SIBJISIETCSI MHPOpMAIUS OT OJCUCTEMBI aHau3a 1eineil (yposens D). Iloacucrema yuntsi-
BaeT MH()OPMAIUIO O MOJIOKEHUHU U IIEpEMELICHUY MaHUIYJIATOPOB, UX COCTOSIHUE (MH(pOpMaLUs ¢
ypoBHS B), Tekyliee noyokeHne CUCTEMBI B IPOCTPAHCTBE OTHOCUTEIILHO JIPYTUX NPEIMETOB (UH-
(dopmans ¢ ONTUYECKUX U YIbTPA3BYKOBBIX IJaATUMKOB, a TAK)KE KOHIIEBBIX NepeKItoyareseit) u ¢pop-
MHUPYET OOIINI alTOPUTM JIEHCTBHS U BBIJACT HHPOPMALIUIO O TPeOYEMBIX B TEKYIIII MOMEHT JIBH-
KEHUSX Ha ypOBEHb B.

4. Yposenb D — Iloacucrema ananusa 1enet (ceMantuueckas cucrema). BXogHsiMu TaHHBIMU
9TOM CUCTEMBI SABJISIOTCS 00111as1, B HEKOTOPBIX CiIy4asx HeopMaln30BaHHAA 33/1a4a, IOCTyaroIas
OT orepaTopa JU0O0 JIPYroil TEXHUYECKOW CHCTEMBI MOCPEICTBOM HHTEp(eiica demoBek-mMalmHa
a10o0 MalmHa-MamuHa. JlaHHas MoJIcucTeMa CIyXHT JJsl OOIIero aHajau3a MOCTaBIEHHON 3a/1a4H,
JIEKOMIIO3UIINH U TIOCTPOESHUSI O0IIIEro Mi1aHa JeicTBUi 11 ee pemeHus. [Ipu 3ToM JOIKHBI yUUTHI-
BaThCsl TEXHUUYECKOE COCTOSTHUE MCIIOJHUTEIbHBIX CUCTEM (MH(pOpMaLus ¢ 6JI0Ka AMArHOCTUKH CO-
CTOSIHMSI TEXHUYECKUX CHCTEM) a TaK)Ke TEKYIIee IMOJIOKEHWE U COCTOSIHHE OKpYy»Karoleld obcra-
HOBKH (MH(popmanus ¢ yposHs C).

5. Yposens E — UHTepdeiic yenoBek-mammaa/MalmHa-MamuHa. JJaHHbIA YPOBEHBb CITYKHUT
JUIs TpeoOpa3oBaHusl KOMaH]| onepaTopa JU00 APYroi TEXHUYECKOW CUCTEMbI B (OpPMAT «ITOHST-
HBII» CEMaHTHYECKOU CHCTEME.

Kak npaBuno peanuzanus yposreit C, D u E npousBoauTcst mporpaMMHBIMU cpeicTBamMu. B
IPOCTEHIEM Cllydae UX MOXHO peaju30oBaTh Ha 6a3ze oJHOMIIATHBIX KommbioTepoB (Raspberry Pi,
Red Pitaya, ZedBoard) nyist 6osee coBepIIeHHBIX CUCTEM MOTYT UCIOJIb30BATHCS O0Jiee MPOU3BOIM-
TEeJbHBIE IPOMBIIIUIEHHBIE KOMITBIOTEPHI.

Kak BHJIHO W3 MpesCTaBIEHHOIO ONMUCAHMS JJaHHAs CUCTeMa YIpaBJICHUS OTIHYaeTcs 0OJb-
MM KOJIMYECTBOM HH(OPMALIMOHHBIX CBSA3€M M K JAHHBIM MOCTYMAIOIIUM B OJIOK YIpaBICHUS
MO’KHO TPUMEHHUTH KIIACCUUECKHE OTIIMYNTENbHBIC IpU3HaKy Dig data: o0bem, CKOpOCTh U pa3HO00-
pasue (VVV: volume, velocity, variety).
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Puc. 1. MHoOrOypoBHEBast CTPYKTYpHasi CXeMa yIpaBieHHsI pOOOTEXHUUYECKUM KOMITJIEKCOM
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Pa3paboTanHbie TEXHOJIOTUH [Tt paboThI ¢ big data moka He 0TBeUarOT TPeOOBAHUAM BCTPOCH-
HBIX cucteM. OHaKo oOpalieHue K Kiaccudeckoit popme oopadoTku big data [22, 23] nmo3sossier
IPEUIOKMUTE MTOXO ISl KJIACTEPU3AIMHI U PEA00pabOTKH IMOMyIaeMbIX JaHHBIX (PUCYHOK 2).

Hopmuposanue n Moacucrtema MNoacucrtema
Kanan 1 pMMP A A O6pas 1
aHanu3 nocTynarLmx Knactepvsaumm 06paboTkun AaHHbIX 1
[aHHbIX AaHHbIX 1 (HeMpoHHas ceTb)
Hopmuposanue n Moacucrema Moacucrema
Kanan 2 P A A Obpas 2
aHanu3 nocTynaroLmx Knacrtepvsaumm - 06paboTkun AaHHbIX 2
. OaHHbIX AaHHbIX 2 (HeMpoHHas ceTb) .
- -
- -
Hopmuposanue n Moacucrtema Moacuctema
KaHan n pMup A A O6pas k
aHanu3 nocTynarLmx Knactepusaumm 06paboTkun AaHHbIX k | =9pasx o
OaHHbIX OaHHbIX M (HempoHHas ceTb)

Puc. 2. Monenp npeno6padoTku HHPOPMAITMOHHBIX CUTHAJIOB 0OpaTHOM CBSI3H

WNudopmanus oT JaTIYMKOB J0JDKHA TPOXOAUTH TPH dTara:

1. mnpoucxoIuT HOPMHPOBAHUE U aHAIHU3 MHPOPMAIIMH B KAXKIOM HH(POPMAIITMOHHOM KaHase
(1...n);

2. BBINOJHSACTCS KJIaCTepHU3AlMs JaHHBIX IS MOCIeayromeil 00paboTku (KOIMYEeCTBO Kiia-
CTEpPOB OMPEIEISAETCS JIOTHIECKOH CTPYKTYPOH TOTy4aeMbIX JaHHBIX: MO3HIINSA, MTOJOKEHHE, Mapa-
MeTp, KOMaHaa u T.4. 1... m);

3. mpoucxoaut oOpaboTKa U mepeaaya 000OMICHHBIX JaHHBIX (00pa30B) HA COOTBETCTBYIO-
mye ypoBHH cuctembl ynpasienus (1...K).

[TpenioskeHHast CTPYKTypa yIpaBJiIeHUs 00IagaeT pIoM JOCTOUHCTB:

1 TIlocne npenoOpa®oTku JaHHBIE B BUJIE 00pa30B MOCTYMAIOT HA COOTBETCTBYIONINE YPOBHU
yIIpaBIIEHUS, YTO YIIPOUIaeT uX uHTeprperanuio. [Ipu no6aBnennn nHGpOpMAIKH COOTBETCTBYIOIICH
KOpPPEKIUH TpeOyeT TOIbKO CUCTEMA MTPe00pabOTKH, HO HE caMa CUCTEMA YIIPaBIEHUS.

2  YpOBHM UEPAPXUU CUCTEMBI YIIPABIECHUS XOPOIIIO Pa3rpaHUINBAIOT GYHKIIUU YIIPABICHUS.
Takum 06pa3zoM, pazpaboTKy OJOOHON CHCTEMBI JIETKO pacrapaieuTh.

3 B mocnenctuu, 10CTaTOYHO MPOCTO BBIMOIHIATH MOJAEPHHU3ALMIO CUCTEMBI ITyTEM MOJIEp-
HU3AIMH KQXKI0TO YPOBHS YIIPABICHHS MTO-OT/IEIbHOCTH.

4  JlaHHas cuUCTeMa YIpPaBICHUS MOXKET MPUMEHIThCS HE TOJNBKO JJIs YIpPaBICHUS OJHUM
POOOTEXHUYECKUM KOMIUJIEKCOM, OHA MOXKET MACIITaA0UPOBATHCS C IENBIO YIIPABJICHHS TPYIIION po-
OOTEXHUYECKUX KOMIUIEKCOB WJIH IIEJILIM POOOTHU3MPOBAHHBIM MpEANpUsATHEM (TIpU BBEICHUU IIe-
CTOTO TEXHOJIOTHYECKOTO YKIIa/a).

ABTOpBI BBIpXAIOT NMPU3HATEILHOCTh JOKTOPY TEXHHUYECKHX Hayk, mpodeccopy I'oneHKoBy
Brnagumupy BacunpeBuuy 3a 0Oka3aHHYO TOMOIIIb TPU 00CYK/IEHUH U HAITUCAHUW HACTOAIICH CTaThU.
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o Sales Cloud, Marketing Cloud,Serviace Cloud insights

o Deep technical expertise
o Dedicated UX and QA team

M‘\VG NS

!We make ITeasy ,
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CIIOHCOP KOHOEPEHIIUH

™

I'pynna komnanuii KIAT nosunnonupyer cedst kak HR- npoBaiinepa,
NMPEeA0CTABJISIONIET0 KJIUEHTAM JIUHENKY BbICOKOKAYECTBEHHbBIX
HR- cepBucoB. «kKUAT» nauasn padorars B 2002 roay kak
KJIACCUYECKOe KAIPOBOE areHTCTBO

AyTtctadduHr

BblBOZ4 NepcoHana 3a LWTart, NpejocTagneHme

MNoabop nepcoHana

MpogeccmoHanbHblA peKpyTUHE
BpeMeHHOre nepcoHana

HR-aHanunTunka

AHANUTUYECKWE MOHWTOPWHIK 3apnnar,

JAEHEXHBIX MOTHBaLWIA

/—\_/

CIIOHCOP KOHOEPEHIIUH

=B DIGITAL SYSTEMS
8= | ABORATORY

000 «JIabopaTopusi HU(PPOBHIX CHCTEM» 3aHUMAETCSH Pa3padoOTKOM
HHTE/UIEKTYAJbHOT0 MPOTPAMMHOIO o0ecriedyeHUus1 U MPUJIOKEeHUI 1151
aHAJIN3Aa JAHHBIX, IPUMEHAS TEXHOJOTHM MAIIMHHOTO 00y4YeHU.
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Paralect

Paralect co3paer TexHoOJIOrHYecKre NPOAYKTHI M YCJIYIH AJI KJIUEH-
TOB 10 Bcemy Mupy. HeGosbmas u apykecTBeHHasi KOMIIAHUS TE€XHO-
JIOTU4ECKOr0 MpPOorpaMMHOro oboecrnedueHuss B MuHCKe, KOTOpasi ObLiIa

pa3padoTaHa ¢ HYJisl, YTOObI OBITH OTJIMYHbIM
MeCTOM ISl padoThI.

We make beautiful software

!that grows your.business

R ——
P ——— (.
We haye_earned a reputation for delivering
keef insights, effective executioniand
worldsclass technology competence

—_
Learn more
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S

ScienceSolfr

Prolessional Sofreans Divelopeens

ScienceSoft Inc. (3A0 «<HAYYCO®DT») — Oestopycckasi KOMIIAHUS-
pPa3padoTYUK MPOrPAMMHOIO0 o0ecredyeHus. Y CJIyrd KOMIIAHUN BKJIIO-
YaT pa3padoTKy NPOrpaMMHBLIX MPOAYKTOB U pelleHnil, pa3padoTKy

NPUJIOKEHUN 1)1 MOOUJIBHBIX YeTpoiicTB, UT-KOHCANTHHT, yCayru
10 TECTUPOBAHMIO, pa3padoTKe 0a3 JaHHBIX U yCJayru mo padore ¢ I'T-

UHPPACTPYKTYPOH.

1o¢

¥
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UM Tumoxos

Koncyabrauum B o0actu pazpadorku I110. buznec-ananutuk.
IT-mapTHEep KPYNHOro pocCHiCKOT0 aBHATIEPEBO3YHMKA.

/\/

CIIOHCOP KOH®OEPEHIIUH

e GODEL

Pa3paborka BbicOKOTeXHOJIOrHYHBbIX UT-pemiennii: paspadorka
macuradnoro 11O nmox 3aka3, ynpasJ/jieHue HMKJIOM pa3padoTKu,
TectupoBanue I10, ayrcopcuHr, coBMecTHas pa3padoTka, Ou3Hec-

aHAJIMTHKA, CEPBUC-OPUCHTHPOBAHHAS APXUTEKTYpPAa, yIIPaABJIeHHE
HACHTH(UKALMEH, CHCTeMbl YIIPABJICHUSI KOHTEHTOM, CHCTEMBbI
yIpaBJIeHUS] B3AUMOACHCTBHEM C KJIHEHTAMMU.

S

CIIOHCOP KOHOEPEHINHUH

(@

MOAOATMHOL

BIYUP

Mouoaexnoe teaesuaenune bI'YUP
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ACtiVe XY

000 «IxTnB TexHoTOAAKHMCH» ABJIACTCH Pa3padoTYMKOM
MPOrpaMMHOI0 o0ecneYeH s AJIs1 aBTOMATH3AIMH OM3HEC-TPOLECCOB
npoBaiepoB 001a4HbIX cepBrCcOB. KoMnanusi nmpeaocraB/isier
peueHust sl MOCTPOEeHU MyOJIMYHbIX 00JIAKOB, OUJUIMHIA U
ynpasJjieHus pasjauunmu ceppucamu: SaaS (Software as a Service),
PaaS (Platform as a Service), laaS (Infrastructure as a Service),

a TaK’Ke KOHCAJITHMHI B IaHHO# cdepe.

e~
CIIOHCOP KOHOEPEHIIUH

000 «HakcrcopT»

000 «H3kercodpT» 3aHuMaeTcs pa3padoTKOM MPOrPaAMMHOTO
o0ecrneyeHUus CUCTEMHON HHPPACTPYKTYPbI; MPOrPAMMHOI0
o0ecreyeHus1, MPEAHAZHAYECHHOI0 VISl Pa3pad0TKHU U pa3BepPThIBAHUS

npuKIAAHbIX nporpamm; UT-ayrcopcuHrom.

e~

CIIOHCOP KOHOEPEHIIUH

=L 000 "CIliC UT"
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My

brimit

000 «bpuMuT» — 3T0 BE0O-pa3padoOTYHUK, CIIEHNATUZUPYOIIUHICH HA
BeO-miargopme Microsoft NET u MOOMJIBbHBIX NPUITOKEHUSIX.

C noMo1ub10 HOBEHIIMX TeXHOJ0TrHl .Net 1 HoBel X HHTEePHeT-pe-
komeHaauud OO0 «bpuMu» paspadarbiBaeT BeO-pelIeHUS HAWTYY-
UM 00pa3om, HauboJ1ee 3P PeKTUBHBIM U
WHHOBAIMOHHBIM CIIOCO0OM.

S

CIIOHCOP KOH®OEPEHIIUH

ouUs

Bawa BesonacHOCTL ¥ KosGopT

OO0OO "CoBepuieHHbIe cUCTeMbI" sIBJIsIeTCH 0PUUMAIBLHBIM NOCTAB-
mukoM B Pecnny0sinky besnapycb 000pyaoBaHus U IPOrpaMMHOIO
o0ecneuenusi TOproeoix Mmapok TRASSIR, ACTIVECAM u
"COUHKC".
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