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Abstract

The last 10 years have witnessed an explosive growth in the volume of information posted
on the Internet and the digital economy, as well as the formation of official databases of various
public authorities. The availability of a large information base open for research has facilitated the
development of new methods and approaches to solving analytical problems. Building management
and decision-making support systems based on the use of united disparate open data sources allows
end users to make the most effective decisions. This is the approach that underpins business growth
and managerial maturity at all levels — there is no alternative. Such an approach ultimately creates the
conditions for further growth of the economy as a whole. This paper proposes the information and
logical model of express analysis of compliance of socio-economic condition of the enterprise with
the regulatory requirements of the control and supervisory authorities on the basis of open, publicly
available information. The conclusions drawn on the basis of express analysis serve as a basis for
deciding on the need for a more detailed, in-depth analysis of the state of individual enterprises.
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Introduction

his paper proposes an information

and logical model of express analysis

of the compliance of the socio-eco-
nomic condition of the enterprise with regu-
latory requirements on the part of the con-
trol and supervisory authorities on the basis
of publicly available information. An infor-
mation-logical model is built on the basis of
the proposed concept, one of the important
features of which is that the concept takes
into account any requirements of different
regulators, both quantitative and qualitative,
imposed on economic objects of different
types (enterprises, organizations, educational
institutions, etc.) [1]. For different types of
enterprises and the requirements imposed on
them by the regulator, it is necessary to form
different sets of components based on pub-
licly available information, the aggregation
of which, using the developed search table,
results in the calculation of the value of the
integral indicator, which is the basis of the
express-analysis. Each component character-
izes different aspects of the company’s activi-
ties: economic, social, financial, technical,
etc., and is evaluated in accordance with the
methods of machine learning, mathematical
statistics and econometrics [2, 3].

Both structured and unstructured informa-
tion is used to carry out a rapid analysis of the
state of an enterprise. Unstructured informa-
tion is pre-structured using various methods
of textual information processing [4—6].

The dynamics of the environment are
increasing, the stability of the external envi-
ronment is decreasing, and the requirements
for a rapid response to crises are increas-
ing. The amount of information that needs
to be processed to make this or that decision
is consistently increasing, at the same time
the requirements for the quality, security and
relevance of this information are becoming
stricter.

The simultaneous use of structured and
unstructured statistical data makes it possible
to obtain a more accurate qualitative assess-
ment of the object of study, taking into account
changes not yet reflected in official statistical
reports, which are provided with a certain peri-
odicity and an inevitable time lag.

The result of the express-analysis is an assess-
ment of compliance of the socio-economic
condition of the enterprise with the regulatory
requirements of the regulator. The conclusions
drawn on the basis of the express analysis serve
as a justification for deciding on the need for a
more detailed, in-depth analysis of individual
enterprises.

In recent years, research papers on vari-
ous economic and mathematical studies have
increasingly focused on the use of modern digi-
tal technologies for processing large volumes of
structured, weakly structured and unstructured
data from open Internet sources, machine
learning and artificial intelligence methods in
decision support models [7—10].

The use of innovative digital capabilities to
collect and analyze publicly available infor-
mation from the Internet allows us to perform
additional analysis of the quality characteris-
tics of various enterprises and other research
objects. Such open data analysis can be carried
out with the help of an auxiliary independent
research object evaluation tool created on the
basis of analysis of large volumes of structured,
weakly structured and unstructured data from
open internet sources, and to compare the
results with the official research methodology
on internal or official statistical data.

Control measures taken on the basis of offi-
cial statistical information may come with a
long delay, because between the end of the
reporting period and the transfer of official
statistical data on the state of the object to the
public authorities may take from 3 to 8 months,
which makes it difficult to respond promptly in
force majeure situations.



In scientific research, many authors pro-
pose various economic and mathematical
models based on official statistical informa-
tion [11]. Most of them are econometric mod-
els or models that use machine learning tech-
niques. As a rule, the available statistical data
are divided into groups (demographic, social,
financial, etc.), ranked, or somehow com-
bined into a single integral indicator, and the
factors are assigned weights. Often the result
of such a study is an integral indicator (coef-
ficient), which is useful for comparing objects.
Such tools rely heavily on internal data or on
an existing statistical base [12].

The use of structured and unstructured data
analysis from open internet sources is the most
comprehensive and versatile way to fully ana-
lyze the state of the economic object of study
in a comprehensive way. It provides objective
information on the current situation without
intermediate processing based on the analysis
of a wide variety of relevant data stored in the
public domain in all Internet sources. If nec-
essary, the results of external data analysis can
be correlated with the results of similar analyti-
cal activities carried out using internal data. In
addition, the results of analysis from open pub-
licly available sources can complement official
or internal data in some aspects of the subject’s
activities.

The advantage of using open data is the abil-
ity to obtain information at any periodicity
(without reference to the regularity of updat-
ing, officially published statistical reporting),
to expand and check compliance of the actual
socio-economic condition of the object of
research with official data.

1. Classification of publicly
available information sources

All publicly available information can be
represented in the form of different types
of data. Currently, all existing data can be
divided into:

1) structured;

2) poorly structured;
3) quasi-structured;
4) unstructured.

Structured data refers to data that is organ-
ized in a certain way, has a given structure,
and describes a specific subject area. Taken
together, this allows for reliable and in-depth
analysis of this data. This information is most
often presented in the form of tables.

Loosely structured data is data that does
not follow a clear structure of tables and rela-
tionships in the database, but contains special
delimiters (tags) that allow us to do seman-
tic separation of the entire data set. Examples
include XML documents.

Quasi-structured data is data in an unstruc-
tured format, which requires a lot of time to be
processed by special tools. An example of such
data is a website page.

Unstructured data is data that does not have
a specific form and is not strictly fixed. At the
moment this is the predominant data format
due to the development of the information
society. Approximately 80% of all currently
available information is unstructured. Exam-
ples of such data are images, video, audio and
textual information from social media.

Depending on the type of data, it requires its
own preprocessing and processing methods.
Most methods in mathematical statistics and
econometrics are based on the analysis of struc-
tured information. Machine learning methods,
neural networks allow us to analyze weakly struc-
tured, quasi-structured and unstructured data,
identifying patterns in them. Furthermore, with
various preprocessing procedures, these data can
be reduced to structured data and incorporated
into classical mathematical models.

If unstructured data is represented by text,
pre-processing it using vectorization and clas-
sification methods allows us to bring it to a
structured form.



The information to form the research base

for the express analysis can be obtained from
different sources, differing in status, frequency

of updating and the degree of reliability of the

information provided. 7able 1 presents the
classification of publicly available informa-
tion sources according to the reliability of the

source.

Table 1.
Classification of sources of publicly available information
Source Characteristics of if:;z:ﬂfi o Type Update
of information of information source e of information on source
Websites of federal and regional statistical
. . s . rosstat.gov.ru
Official data bodies, websites of ministries and agencies zakupki.gov.ru As a rule, the frequency
that publish thematic data under the s Structured L
generators and . S : fssp.gov.ru of updates is once a
A0areqators information disclosure regulations, the obr 1 data. uarter. of less frequentl
gareg reliability of which is confirmed o quartef, quenty.
by the relevant public authority. ‘
. Websites of enterprises, organizations of all
The websites . .
! forms of ownership, websites of platforms on | technomoscow.ru
and social ) . ; : :
media pages of which they are obliged to post information uniconf.ru All data Constant updating
about their activities. The credibility of the tinkoff.ru types. ’
the research . o )
: information is usually confirmed only by the 57.mskobr.ru
subjects . .
object of the research itself.
Websites of organizations engaged in activities According to the approved
- related to the research subjects and publishing . . methodology, updates can
Unofficial data ) - cian.ru Predominantly : i
data about them in open sources. Credibility be carried out either at set
generators hse.ru/rims structured data.

is ensured by internal monitoring and control
of information.

intervals or on an ongoing
basis.

Unofficial data
aggregators

Russian and international data aggregators,
usually providing data for scientific and other
studies. Credibility is ensured by internal
monitoring.

bankodrom.ru
banki.ru
avtostat.ru

data.worldbank.org.

Predominantly
structured data.

Updates are usually
carried out at intervals
that correspond to the
frequency with which

official data are updated.

Unofficial
internet sources
of expert
studies

Russian and international websites of expert
organizations, rating agencies, personal pages
of recognized experts. The reliability of the data

is ensured by the reputation of the expert.

raexpert.ru
ra-national.ru

All types
of data.

The update is carried
out in accordance with the
source’s internal rules.

Unofficial

publicly

available
internet sources

Social media pages, blogs, comments
on content, informal community pages.
The validity of the data is usually not subject
to verification.

moneyzz.ru
pedsovet.su

Predominantly
unstructured
or weakly
structured data.

Constant updating.




The information and logical model of build-
ing an integral indicator for express analysis of
compliance of the socio-economic condition
of the enterprise with the regulatory require-
ments of the control and supervisory authori-
ties proposed in this article is based on the con-
ceptual model of express analysis set out in [1].
A distinctive feature ofthe proposed conceptual
model is that the authors propose to take into
account the requirements of regulatory author-
ities as a starting point, while most Russian and
foreign studies assess the state of the research
object based on the requirements imposed on
the object by its owners or investors. Another
advantage of the conceptual model is the use
of publicly available data, i.e. the possibility to
obtain information at any time without being
bound to the periods of updating the officially
published statistical reports, and the possibility
to check the compliance of the actual state of
the research object with the official data. The
proposed information-logical model is a com-
bination of an algorithm for calculating the
individual components of the integral index by
using mathematical, econometric and statisti-
cal methods, the characteristics of input and
output information at each stage, and, actually,
the algorithm of calculating the values of the
integral index by using a logical function based
on a search table.

2. Components
of the integral index
and methods of their estimation

The integral index is a flexible express-anal-
ysis tool based on publicly available structured
and unstructured data. The construction algo-
rithm for the Integral Indicator is based on the
aggregation of the individual values of each
component in the set using a look-up table.
Each component is estimated using mathe-
matical, econometric and statistical methods,
such as: logistic regression model, clustering

and grouping methods, thematic modelling
methods, etc.

The flexible toolkit of express analy-
sis for management decision-making devel-
oped on the basis of the conceptual model
is a sequence of five stages, starting from the
requirements on the part of control and super-
visory authorities, development and evalua-
tion of a set of components characterizing the
research object, their aggregation into a single
integral indicator based on the search table,
and ending with the monitoring and ranking
of research objects according to the results of
calculations [1].

Depending on the type of research object
(industrial enterprise, banking organization,
educational institution, etc.), based on the
requirements of various regulators, a list of data
sources for rapid analysis is formed: websites of
research objects, news sources, electronic plat-
forms or information aggregators, websites of
state authorities, etc. The research database is
created on the basis of the information from
these sources. The flexibility of the tools pro-
posed in the article is due to the fact that the
list of components necessary for rapid anal-
ysis can be supplemented depending on the
type of research subject, the frequently chang-
ing requirements of regulatory and supervisory
authorities and an increasing number of pub-
licly available information sources.

Table 2 provides a list of the possible com-
ponents identified by the authors relating to
the four blocks of types of input information
for component calculation, types of variables
of the calculated value of each component
(according to the metrics proposed by Robert
S. Kaplan and David P. Norton), and meth-
ods for estimating component values [13].

Various estimation methods are used to esti-
mate the components of the integral indicator
based on information about the survey objects
from the database.
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Table 2.

Components of the integral indicator
and methods of their estimation

Components

Type of input
information

Method
of estimation

Type of variable component
calculated value

Characterization of the financial condition of the object of study

1 | Probability of financial disadvantage | structured

logistic regression

categorical, ordinal model

The status identity of the object of study

9 Status of the object of study in terms

of scale structured

categorical cluster analysis

3 Status of the object of study as

belonging to an abnormal group structured

categorical cluster analysis

Characteristics of the external information environment

4 Media activity in relation to the object

of study weakly

structured,

5 Positive tone of references to the
subject of the study in online sources

6 | Negative tone of references to the data

subject of the study in online sources

quasi-structured
and unstructured

Quantitative semantic analysis
quantitative semantic analysis
Quantitative semantic analysis

Regulatory requirements for the condition of the object of study

7 Compliance with the requirements structured

statistical and

binary or categorical

of public authorities index analyses
2.1. Component 1. B 1
Probability P(Y =1]x, mv)= l+e?’

of financial distress

Represents the probability of an unfavor-
able financial condition of the research object
(bankruptcy, revocation of a license for finan-
cial reasons). In order to estimate this probabil -
ity, a logistic regression model is applied based
on financial statements data and their vola-
tility indicators: standard deviation and vari-
ance, data on macroeconomic variables, data
on public procurement as a supplier or buyer,
In general, a logistic regression model takes the
form [1]:

=0, +2 06X, +Z;/jmj +20,V,,

where:

P(Y =1|x, m, v) — the conditional probability
of the financial condition of the object under
investigation being adverse;

B, — constant;

x,— the variables that characterize the financial
condition of the subject of the study;

m, — variables characterizing the environment
external to the object of study (macroeco-
nomic factors);
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v, — non-quantitative indicators of the sub-
ject’s performance;

B, v, ¢, — regression coefficients to be esti-

mated.

2.2. Components 2 and 3.
Study object status
by scale and abnormal
group membership

Represents the clustering results to determine
whether the survey object belongs to one of the
classes. These components allow us to take
into account specific features of all objects of
the study type in terms of location, scale, type
of activity, etc. The specifics of the obtained
cluster of objects are taken into account, all
of which allows us to assess more objectively
the state of the enterprise in relation to objects
from its class.

Clustering algorithms are divided into two
types:

1. Hierarchical methods.
2. Non-hierarchical methods.

Hierarchical clustering methods are of two
types [14, 15]:

1. Agglomerative (combining).

In this category of methods the initial objects
are combined and the number of clusters is
reduced [16]. This approach is carried out “bot-
tom-up”: creating small clusters and combining
them into larger ones.

2. Divisive (decoupling).

Divisive type algorithms are characterized by
the initial condition of having one cluster. This
initial cluster is divided into smaller clusters.
Dividing algorithms work top-down.

The disadvantage of these methods is the
computational complexity on high dimensional
data. A characteristic feature of hierarchical
clustering methods is that observations once in
a cluster cannot move to another cluster when

further combining (disjoining) objects, in con-
trast to non-hierarchical methods.

The main distinctive idea of non-hierarchical
clustering methods is to determine the center
of the cluster and group all objects that are at a
distance from the cluster center within a given
threshold value [ 14, 15]. The group of non-hier-
archical clustering methods includes algorithms
of k-means family [16].

For high-dimensional data with an unknown
number of clusters, the BIRCH (two-step or
two-stage clustering) method based on k-means
method is proposed. Two-step clustering does
not require the number of clusters to be speci-
fied, since in the first step the optimal number of
clusters is determined, and then the partitioning
into homogeneous groups already takes place.
This method makes it possible to analyze large
amounts of both quantitative and qualitative
data and works well with small memory sizes.

The quality of the resulting clustering can be

evaluated using the silhouette measure Si/[17]:

b(x,,c,)—a(x,.c,)

checz)f“k max (a(x;,¢, ),b(x;,¢, )),

Sil =

where:

Sil — the overall value of the silhouette measure
of clustering of all data;

N — total number of objects in the sample;
C — set of all clusters;

¢, — k-th cluster on the set C;

x, — i-th object iell, N];

x”ck | | Zx ec; X~ |

the average distance from object x € ¢, to other
objects X, in that cluster ck (compactness);

|c, | — number of objects in a cluster c,;

) 1
b(xi’ck) = mlnCIEC\Ck {|C |ijec, xi _xj”} -
!

average distance from the site to objects X, from
another cluster ¢;: k=1, k, [€[1, C].




Silhouette measure Si/ takes values on the
interval —1 to +1, where:

1 — all observations are located exactly in the
centers of their clusters;

—1 — all observations are located at the centers
of some other clusters;

0 — the observations are located at equal dis-
tances on average from the center of their clus-
ter and the center of the nearest cluster.

2.3. Components 4, 5 and 6.
Media activity in relation
to the research object, positive
and negative tone of mentions
of the research object
in Internet sources

The evaluation of these components is an anal-
ysis of unstructured or weakly structured data,
predominantly textual. The semantic analysis to
assess the meanings of the components charac-
terizing media activity and the tone of the ref-
erences to the object of research requires a pre-
liminary preprocessing of this data, technical
and linguistic data cleaning, compilation of the
vocabulary of the words used in the texts.

Tone isthe author’s emotional attitude towards
some object expressed in the text [18, 19]. One
way to determine the tonality is to search for the
emotional component in the text by the previ-
ously formed tonal dictionaries using linguistic
analysis. The application of ready-made dic-
tionaries to purified textual data allows us to
classify textual units (sentences, words) into
three categories: ambivalent, positive and neg-
ative. Semantic analysis of media activity, text
categorization and application of machine
learning techniques require text vectorization.

Vectorization is the process of convert-
ing textual documents into a numeric vector.
The choice of vectorization method usually
depends on a specific case, conditions, avail-
able hardware and technological tools. New
methods and algorithms that improve vector-

ization quality and processing speed are con-
stantly appearing and make it possible to intro-
duce natural language processing into a model.

Currently the most popular algorithm imple-
mented in many statistical packages, is the
Bag-of-Words. Bag-of-words is a vector repre-
sentation of an unordered set of words into a
vector of dimension n [20—23]. Schematically,
the algorithm can be represented as follows.

The whole text can be represented as a set of
processed words, that is, individual terms (tj.),
which with the help of this algorithm are trans-
lated into numerical data from the space R'.

B:words— R”,

B (‘some text in the Internet') = (w, , W,,, ..., W, ),

where:
t.—term 7
W, — the weight of term j in the document; the

weight of the documents is rationed so that
O<Wy< 1, nna vi;

n — number of terms in space.

The document is then set up as follows:
d=(w,w, .., w“,‘),
where:

d — document vector;

|| — the number of unique terms in the docu-
ment.

The weight of a term can be set in several
ways:

1. In a binary way:
Lt ed
w, = .
"0t 2d

2. According to the number of occurrences
of the term:

wW.=n

i P
where n — the number of occurrences of the
term in the document.



3. Term Frequency — TF.

ni
w, =1f (t,,d) - <
k=1""k
where:
tf — thermal frequency;

n, — the number of occurrences of the term in
the document;
‘21 n, — number of terms in the document.
4. Term Frequency — Inverse Document
Frequency (TF—IDF).

Representation in the form of two
parameters:w, = if,- idf, where tfy — is the ratio
of the number of terms 7, on paper dj to the total
number of terms in this document, iidf, — the
number inverse of the number of documents in
which the term occurs 7. Thus, the more often
a word occurs in this document, but less often
in all documents in general, the greater the
weight of that term in the document:

ni
tf (ti’d) =)
k=1 k

@ (1.d) - log 2
idf (1,d) log|th

b

where:

d. o t, — the number of documents in which it
occurs 7

|D| — the number of documents in the enclo-
sure.

The weight is then calculated as follows:

After vectorization, semantic text analysis
algorithms are applied to determine tone, main
themes, media activity, etc.

To calculate the values of the components,
statistical methods are used to summarize the
information about the object of study, e.g. by
directly counting the occurrence of positive and
negative words, the overall tone of the text is
determined.

2.4. Component 7.
Compliance with government
requirements

This component is defined as a binary or
ordinal indicator calculated using indices and
statistical indicators. It represents an estimate
of the number of irregularities in the activity
of the object of study, in case normative and
threshold values are given by the control or
oversight state authorities.

A consolidated representation of the above
is the information-logical model of express
analysis of the compliance of the socio-eco-
nomic state of the object of research with
the requirements of control and supervisory
authorities (Fig. I). In Fig. 1, stage 3, which
is key in the algorithm for calculating the
integral indicator, is shown in general form.
Detailed elaboration of stage 3 of the infor-
mation-logical model is presented in Fig. 2.
In this stage, the components of the integral
index are evaluated and the values of the inte-
gral index itself are calculated depending on
the values of each component in the set.

The interquartile range of IQR for the sam-
ple size n is proposed to transform the val-
ues of the component which characterize the
media activity (component 4), the tone of the
reference about the research object in Inter-
net sources (components 5 and 6) and compli-
ance with the requirements of public authori-
ties (component 7). Here:

F (x) — selective distribution function;
IQR= Q,— Q,, where Q,=0.75; Q, = 0.25.

The proposed information and logical model
was tested on the basis of data from a group
of industrial enterprises and financial sector
enterprises.

A rapid analysis was conducted to match the
need for financial assistance for 506 industrial
enterprises registered in Moscow and the fea-
sibility of its provision to federal and regional
authorities. The express analysis was based on
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Fig. 1. Information-logical model of the algorithm
for calculating the components of the integral indicator.
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Fig. 2. Detailed step 3 of the information-logical model of the algorithm
for calculating the components of the integral indicator.




open data for 2016, 2017 and 2018. The results
obtained were in line with the actual data for
the following year on the assignment of subsi-
dies and benefits by the Moscow City Govern-
ment [24].

The proposed conceptual model of express
analysis of the compliance of the socio-eco-
nomic condition of the object of research with
the stated requirements on the part of control
and supervisory authorities has been tested
to assess the socio-economic condition of a
commercial bank. The controlling body in
this case is the Central Bank of Russia — the
supervisory authority in the banking sphere.
In accordance with the CBR requirements for
bank reliability, the values of the four compo-
nents of the integral index were obtained and
its value for each bank was calculated. The
predictive ability of the constructed model was
confirmed by their actual state as of March
2020 [1].

Conclusion

This article suggests an information and log-
ical model for express analysis of compliance
of the social and economic condition of the

object with the requirements of the control
and supervisory bodies with the use of open
public data. The proposed information-logi-
cal model is based on the concept of using an
integral indicator for rapid analysis of com-
pliance of the socio-economic condition of
the object, regardless of its type of require-
ments imposed on it by control and supervi-
sory authorities.

The classification of information sources
and methods of processing them depending
on the type of data is given.

An algorithm is proposed for calculating the
possible components allocated by the authors
relating to the four blocks of input informa-
tion types, types of variables of the calculated
value of each component (in accordance with
the metrics proposed by Robert S. Kaplan and
David P. Norton), and methods for estimating
component values.

The developed conceptual model has been
tested to carry out a rapid analysis of the
compliance of the socio-economic condi-
tion of two different types of facilities with the
requirements imposed on them by the super-
visory authorities on samples of 506 industrial
enterprises [24] and 111 banks [1]. m
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