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ABSTRACT

The article presents the main results of scientific research of representatives of three scientific schools in Ukraine, in
particular Zaporizhzhia National University, Donetsk State University of Management, Azov maritime institute National
University "Odesa Maritime Academy", which allowed to study the processes taking place in the digitalization of Ukraine's

economic and business system from different perspectives.

The authors have conducted a retrospective analysis of the formation of conceptual and categorical tools for the data
collection digitization, processing, and storage of databases, analyzing the results, and diagnosing prospects for multilevel
production systems' economic and business activity in the long run.
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1. INTRODUCTION

Ukraine's chosen course towards European integra-
tion and entry into the globalized world market of goods
and services requires the government, officials, and pro-
ducers to create conditions for doing business and organ-
izing export-import activities that are adequate to global
requirements.

Integration processes that have covered almost all
spheres of economic activities of domestic enterprises
and sectors of the national economy will require funda-
mentally new approaches, measures, and mechanisms
for effective management of multilevel production sys-
tems' economic and business activities, which is impos-
sible without the use of modern information technolo-
gies.

The issue is becoming increasingly acute in Ukraine's
national economic system's digitalization and the entire
globalizing economic space.

Ensuring domestic enterprises' effective functioning
is possible with the help of predictive models that com-
bine the market's interests, its marketing tools develop-
ment in the long term, which meet the digital economy's
requirements.

In the era of information technology dominance,
mass computerization, and digitalization, raise new de-
manding requirements for users asking them to work
with data and databases [1].

Understanding the importance of these processes and
the inevitability of their implementation (in fact, it is a
requirement of time), the Government of Ukraine has es-
tablished the Ministry of Digital Transformation that em-
phasizes the importance of the processes under study.

In the market segment, where data on the results of
multilevel production systems' economic and business
activities are not yet entirely generated, the question
arises of how to implement it if producers want to remain
competitive market participants.

Ensuring effective management of economic activity
of multilevel production systems, in the long run, using
analytical data of the achieved results is possible only
based on their objective analysis, which in turn is impos-
sible without obtaining objective and reliable infor-
mation.

Therefore, the chosen topic of this scientific article is
quite timely and relevant. The study's urgency is empha-
sized by the high interest of modern researchers [1-3] in
these issues.

The study presented in this article results from scien-
tists' fruitful cooperation from several scientific schools
of Ukraine, including Zaporizhzhia National University,
Donetsk State University of Management, Azov Mari-
time Institute National University "Odesa Maritime
Academy".

The purpose of this study is to research the concep-
tual approaches to the organization of the analysis of the
result of the economic and business activity of multilevel
production systems in the context of a digitized economy
in Ukraine.

2. MATERIALS AND METHODS

The basis of any analytical process in general and the
analysis of the economic activity results of production
systems of different levels, in particular, is the infor-
mation that is manifested through specific data and their
aggregates as databases.
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Data science is a branch of information technology
(IT), which deals primarily with transforming data into
information and knowledge. The impetus for the rapid
development of this scientific field was the economic
systems digitalization in its entirety.

Next, from the standpoint of retrospective analysis,
we examine the formation of this area's development in
Ukraine. It is essential to distinguish between Data Sci-
ence (DS) and computer science. Informatics is a broader
concept that includes everything related to information
(classification, storage, archiving, distribution, protec-
tion, collection, etc.), while DS focuses on analysis, col-
lection, and formatting to turn information into
knowledge. One can find outdated information that Data
Science as science has just emerged and is still develop-
ing; this discrepancy (in our opinion) is being investi-
gated by the authors of the monograph [1]. Nevertheless,
some specialists work exclusively in this direction,
namely, master's programs at universities, methods, and
technologies inherent in DS, a sufficient number of
books and publications on the field of Data Science [4-
12].

However, they are mainly aimed at practical applica-
tion and do not give the usual presentation of the subject
of science. Since DS is closely intertwined with statis-
tics, the question often arises if DS is an evolution of sta-
tistics or an independent science.

The emergence of DS is closely linked to computer
technology development, which is an integral tool for
practical work with information and the Internet as a
place with a large amount of diverse and unstructured in-
formation. DS is associated with the establishment of the
Committee on Data for Science and Technology (CO-
DATA) in 1966, which aimed to collect, critically eval-
uate, store, disseminate data important to science, the
technology used by production systems as enterprises [7,
1 p.]. The process gave grounds to allocate work with
data in an interdisciplinary field, but at that time, the def-
inition of DS and its tools had not been formed.

In 1974, Naur published the research "Concise Sur-
vey of Computer Methods", in which he gave a compre-
hensive, scientifically sound definition of Data Science.
The rapid development of DS as a separate application
of computer science took place in the 2000s, which was
more academic due to the rapid development of the In-
ternet and the search engines (e.g., google.com), for
which it is crucial to process much information and find
keywords that belong to the DS toolkit.

In 2002, CODATA was the first to publish a "Data
Science Journal®, which addressed data systems descrip-
tion issues, their publication on the Internet, applications,
and legal issues [4].

The next breakthrough in the DS development was in
the 2010s due to the phenomenon of Big Data (hereinaf-
ter - BD), or in other words, a significant accumulation
of data on the Internet, an increase in the number of pri-
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vate users, and within enterprises that caused by a signif-
icant increase in the number of computers in various
fields and electronic document management. The data
appeared many times more than in the 2000s and, ac-
cordingly, increased attention to their analysis because
the more data available, the more opportunity for accu-
rate prediction.

Currently, users independently publish information
on social networks, voluntarily providing information
about themselves valuable in marketing and sales. This
phenomenon has led to the emergence of targeted adver-
tising on the Internet, which adapts to a particular user's
tastes and requests.

3. DATA SCIENCES DEVELOPMENT

Since 2013, the world's leading universities (The
University of California, Berkeley; Imperial College
London; University of Washington, etc.) are launching
master's Data Science programs. There have been many
events and conferences, but scientists have not described
how important they are for DS's development, so the
story is presented briefly to systematize a DS's nature.

Therefore, the authors will consider in detail the con-
cepts that will be used in both this work and in the prac-
tical activities of production systems because they are
mainly interpreted in various sources in slightly different
ways, which affects the context. It is necessary to define
the concepts used in research and reflected in this article.
Scholars avoid defining the DS and instead describe the
tools, principles, and areas of knowledge that are part of
the DS. Here are some definitions to provide a compara-
tive description:

e Data Science is a practical discipline that stud-
ies the methods of generalizing knowledge ex-
traction from data. It consists of various parts,
based on methods and theories from many
fields of knowledge, including signal pro-
cessing, mathematics, probability models, ma-
chine and statistical learning, programming,
data technology, pattern recognition, learning
theory, visual analysis, modeling uncertainties,
organization, data storage, as well as highly ef-
ficient calculations in order to extract meaning
from the data and create data processing prod-
ucts [8, 26 p.];

e Data Science is a set of fundamental principles
that help and manage the process of extracting
information and knowledge fromdata [11, 2 p.];

e Data Science is the science of obtaining
knowledge from data; it is a continuation of
Data Mining and Predictive Analytics.

This approach is interdisciplinary because it com-
bines methods and models of such disciplines as mathe-
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matics, statistics, probability theory, information tech-
nology, including signal processing, probabilistic mod-
els, machine learning, statistical learning, data mining,
databases, object recognition, visualization, uncertainty
modeling, data warehouses, data compression, computer
programming and high-performance computing [3].

e Data Science is a computer science field that
studies the problems of analysis, processing,
and data presentation in digital form [12].

The following shared features can be identified from
the above definitions: the transformation (or extraction)
of knowledge from the data, methods used in the DS.
Nevertheless, we believe that it is too early to name DS
a science, but more an industry, direction, or discipline.
The question may arise about how DS differs from the
usual analysis of data or statistics because they solve
similar problems in practice. Therefore, it is necessary to
understand the analysis, analytics, data analysis, and sta-
tistics to determine the differences between them.

Analytics (from the ancient Greek - "art of analysis")
- the science and part of the art of reasoning - logic,
which considers the doctrine of analysis, operations of
imaginary or absolute dismemberment of the whole
(things, properties, processes, or relationships between
objects) into components, performed in the process of
cognition or subject-practical human activity, originated
in ancient Greece [13]. This definition is somewhat out-
dated because today, it is understood as the application
of all analytical techniques, not just analysis, and aims to
obtain the result of such work in the form of knowledge
(or an information product). Thus, modern analytics is:

e The basis of intellectual, logical activities
aimed at solving practical cases. It is based not
only on the fact-finding principle but also on the
principle of "anticipation of events", which al-
lows the organization or individual to predict
the future state of the object of analysis;

e A holistic set of principles of methodological,
organizational, and technological support of an
individual and collective mental activity allows
effectively processing information to improve
the quality of existing and new knowledge and
preparing an information base for optimal man-
agement decisions [2].

Statistics is a science that develops and uses mathe-
matical methods to describe data and form judgments
about them [14]. According to the above mentioned, the
authors concluded that data analysis (hereinafter - anal-
ysis) is a scientific field that solves data processing prob-
lems regardless of their nature and type and develops
data processing methods.

Currently, data analysis is an identical concept to an-
alytics. In its essential characteristics, data analysis is
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similar to statistics. However, the concepts are not iden-
tical since data analysis covers the processing of both
quantitative and qualitative data (expert opinions, con-
clusions, etc.), i.e., the use of mathematical methods is
optional, as for statistics. Moreover, analysis is often
identified with DS while DS is based not only on statis-
tical tools but also on statistics, machine learning, and
artificial intelligence, expertise, and computer science;
therefore, it is a new evolutionary stage in the develop-
ment of classical mathematical statistics, without actu-
ally replacing it. Simultaneously, statisticians will im-
prove their DS skills as vacancies at the DS require
knowledge of statistics.

Data analysis (analytics) is not identical to DS be-
cause DS can be considered a modern productive analyt-
ical work component.

Approaches to determining the stages and procedure
for analyzing the indicators of multilevel production sys-
tems' economic activity using DS's tools and methods
differ among authors depending on the direction of their
research interests. For instance, if the author focuses on
machine learning algorithms and neural networks
through DS, it will be possible to find such principles as
selecting parameters and learning algorithms, model
learning, and quality assessment of model learning that
does not reflect the whole picture.

The best approach to the organization of DS pro-
cesses is given in the book "Introducing Data Science"
(Cielen, Meysman, Ali) [15]. The paper provides block
diagrams (process diagrams) of each stage of analysis;
although it should be noted that the book focuses on Big
Data, the approaches are described as existing universal
[15].

Analyzing the information [15, 30 p.], we distinguish
the stages of the DS process:

1) Statement of tasks of the analysis, definition of its
depth and scales;

2) Search and data collection (internal and external);

3) Data preparation (cleaning, classification, trans-
formation, and combination);

4) Data research (expert assessment and graphical
methods);

5) Data modeling (selection, testing, diagnosis of dif-
ferent models, and comparison of their results);

6) Display (conclusions) and automation of analysis.

It shall be understood that the process is iterative and
cyclical, i.e., during the analysis, it is possible to return
from the 5th stage to the 4th, or the 3rd or 2nd, depending
on how close the analyst (researcher) is to the set tasks.
If the set tasks have not been achieved, it is appropriate
to say that such an analysis has failed and a new one be-
gins, with new tasks or data.

The first stage (setting the analysis tasks) involves
choosing the questions to which the analyst will seek an-
swers. The questions should be quite specific, if possible,
indicating the time intervals for the analyzed data. The
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result of such searches is a technical (or design) specifi-
cation (TS). The TS is significant if the contractor per-
forms analysis because it will describe what they paid for
and the specifics of the relationship between the cus-
tomer and the contractor regarding the responsibility for
maintaining data confidentiality, communications, dead-
lines, etc.

To set goals correctly and understand them requires
at least a superficial knowledge of the subject area of
research or the business's specifics.

The main points that are usually included in the TS
are [15, 27 p.]:

e Aclear overall goal of the study;

Purpose and context of the project;

Preliminary description of analysis methods;
Resources needed to perform the analysis;
Proof of the ability to implement research in
practice (based on similar projects or expert
judgments);

e  Possible results of the analysis and criteria of its
success (estimated indicators, for example, the
accuracy of the forecast above 90%);

e Calendar plan.

The set tasks are the basis for analytical work, as the
answer to them will be conclusions and forecast infor-
mation.

The second stage is data collection, meaning "raw"
data that needs to be processed and prepared for further
analysis. During this stage, the analyst can see whether it
will be possible to achieve the objectives based on their
expertise. Here, it is important to gather as many indica-
tors as possible that are somehow related to the issues
under study. Data sources are divided (classified) on the
following grounds:

1. Datatype:
° Numerical;
° Text;
. Images;
. Audio;
° Video.

- Reliable or unreliable;

2. With high authority, authoritative and non-authorita-
tive.

3. Relative place of formation (relative to the customer
of the study):

. External;
. Internal.

4. Placement of formation:

o Official (represented by government services
in a particular form, or directly by the company
about its activities);
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o Informal (usually a counterweight to the offi-
cial, if there are no official, then such a classification
is not mentioned).

5. Form of automation:

e Automated (collected with the help of pro-
grams in information networks without direct hu-
man intervention);

¢ Non-automated (collected and introduced into
the database directly by a person).

6. Frequency:

e Do not have a time dimension (such that in-
fluenced the study);

e Annual;

o Quarterly;

e Monthly;

o Daily (often such data in the economy are
given on working days, for example, exchange
rates);

o Hourly (the nuance is the same as with daily);

e Others (even smaller measurements or an-
other calendar are possible).

7. Open or closed;
8. Paid or free;

9. Legal (official) or insider (disclosure of which is pro-
hibited by law);

10. Universal or specific.

Universal, in the case of marketing or economic re-
search, include the following indicators that affect the
living standards of the country's population (export-im-
port balance, population, and migration, inflation, bank
interest rate, population distribution by various criteria,
exchange rates, etc.), while specific in this case will be
data on the industry or specific enterprises. For the com-
puter systems, all data is represented as numbers, but for
the analysis of images, audio, or video, it will be neces-
sary to convert them into text or numeric, if possible, in
any way while preserving the meaning of this data.

It is crucial when compiling the database to compile
a file (document) with metadata by classification and in-
dicating the unit of measurement. Metadata will help (or
even be needed) during the next step. Important and in-
teresting data may appear in regular news or trade re-
sources (in the economy, for instance) but not aggregated
in an easy-to-analyze form in open sources or enter-
prises. Therefore, such data will have to be searched and
entered into the database manually or refer to paid statis-
tical data portals, for example, statista.com [16], Nielsen,
GFK, or order data search from marketing research
firms, also data may not be provided for easy copying. It
is reflected in the fact that the site has tools for displaying
data for any particular day in recent decades, and there is
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no monthly submission. If we need daily data for five
years to solve the analysis problems, we will need to
manually process approximately 1825 web pages of the
site, which is very resource-intensive (human resource
time) and may be impractical.

The software to retrieve data from web pages, so-
called site scraping or web scraping, is used in this case.
However, resources protect themselves from this with
various tools, including the most well-known to users,
the CAPTCHA - a test for human use or work.

In the third stage, data is prepared, or "raw" data is
converted into a dataset, which should be suitable for fur-
ther convenient analysis. This stage includes several sub-
stages [15, 30 p.]:

1) Data cleaning:

a) Input or copying errors;

b) Physically impossible values;
c) Missing and empty values;

d) Disconnection;

e) Deviations from the general rules (for example, the
country's name is coded in different formats and lan-
guages).

2) Data conversion;
a) Aggregation;
b) Extrapolation;

c) Derived metrics (new indicators that can be calcu-
lated from available data);

d) Ancillary indicators;

e) Reduction of the number of indicators (variables).
3) Combining data:

a) Connection of data sets;

b) Creation of views (temporary table with data,
without removing base tables from the database).

These three sub-steps are inconsistent for all data in
general but iteratively (sequentially) for each source or
data set of the project because, in the middle of the pro-
ject, the same units of measurement and formatting rules
are stored.

In general, the stage can be quite a long process (up
to 80% of the study) [15, 29 p.], as it requires the most
attention. Thus, in the first stage of data cleansing, the
adequacy test will require the analyst to identify the ac-
curate range of the indicator and eliminate unrealistic
ones (for example, a person's age may not exceed 200
years and be a negative number).

Advances in Economics, Business and Management Research, volume 171

In the second sub-stage (data transformation), it is in-
teresting to reduce to a single periodization because the
selected method can change the result, so the user can
apply several at once and in subsequent stages to choose
the most appropriate. For example, it is necessary to an-
alyze the US dollar exchange rate by months against the
hryvnia, but the NBU publishes data every working day,
i.e., it is necessary to aggregate the data. There are sev-
eral ways to reduce the dimensionality of data:

e  Take the maximum rate for the month;
e  Take the minimum rate for the month;
e Arithmetic mean;

Average median value.

Moreover, if we have quarterly data that needs to be
converted to monthly data, we need to find out more
about what the data is, whether it changes gradually or
not. For example, the minimum wage in Ukraine is set in
grades, like most utility tariffs, while the price of sugar
or other food products is set solely through market mech-
anisms, i.e., prices are continually floating. For floating
indicators, one may apply smooth extrapolation using a
linear trend, while for step indicators, it is better to du-
plicate the data.

Accordingly, it is possible to use derived metrics to
build graphs to search for inaccuracies (errors), discon-
nections, and unnatural deviations. Reducing the number
of variables (indicators) means cutting (without physi-
cally removing from the database) those that are not had
to be analyzed (more relevant for large databases) or
have a robust correlation with another indicator. For ex-
ample, if there is a database of the population of regions,
then knowing the total population and the number of one
sex, the other can be counted, of course, provided that
there are only two, i.e., has no other values (the other
may be: undefined or otherwise).

When combining data (third sub-step), it is necessary
to exclude recurring indicators from different sources
and at the same time check whether they match because
there are different approaches to calculating the same in-
dicators. If they differ nominally, it is possible to com-
pare with graphs if they show a similar pattern and then,
comparing the metadata by their origin and authority,
choose one source. Both options can be applied, but then,
there will be too many options for checks during further
modeling because one will need to choose different com-
binations of indicators for the models.

The next step is to study the data. It includes graph-
ical methods (also called graph) and non-graphical (ex-
pert). Graphic ones, in turn, are divided into methods of
simple and combined graphs. There are many types of
graphs, and it is difficult to identify fundamentally im-
portant characteristics because the main task is to display
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data, which is sometimes quite helpful. After all, seem-
ingly chaotic data for mathematical (statistical) research
can take a meaningful form on the graph.

Overall, the task of analytics in terms of economics
can be divided into two interrelated types: evidence-
based research and forecasting (extrapolation) using
modeling. Forecasting is impossible without current
data, and modeling is not always appropriate, so some-
times the first type of task is performed, and the re-
searcher stops at this stage.

Based on the available data, it is possible to analyze
the current situation (identifying product demand and
trends in the industry or society) and perform retrospec-
tive analysis.

Such cases have more methods and approaches to
solving because there is no effect of uncertainty com-
pared to forecasting, which is based on assumptions and
probability theory. For example, the task of identifying
demand can be solved not only by the actual sales data
of the company and competitors but also by analyzing
the texts of reviews and product reviews for keywords
and frequencies and identifying which characteristics
and phrases are most mentioned by the authors.

On the other hand, this analysis is unreliable and has
to be applied based on expertise, and it should be under-
stood that articles on certain products do not always de-
scribe the characteristics of interest to consumers, as, for
example, the reliability of household appliances can be
determined only after prolonged use. Therefore, it does
not make sense to try to extrapolate such data, although
this is possible in the case of a sufficient number of time
points of the data. Data modeling (fifth stage of analysis)
consists of 3 substages:

1) Choice of model and variables (indicators);

2) Execution of the model and selection of parame-
ters of the algorithm;

3) Diagnostics and comparison of models.

They are repeated cyclically until the tasks' achieve-
ment at the beginning of the analysis; respectively, the
previous step is repeated if they are not achieved. The
first sub-stage involves understanding all the main algo-
rithms and models, their scope, strengths, and weak-
nesses.

There are many types of models, and each subtype
can have its competitive features. We will study only
such types which are applied in the research:

1) Regressions (for example, simple linear regres-
sion);

2) Classifiers (method of k-nearest neighbors);

3) Clustering (k-means method);
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4) Decision trees;
5) Neural networks (basic algorithms).

The regression includes the least-squares method, a
conditional subtype of linear regression, familiar to
economists in econometrics and statistics. Linear regres-
sion is often used in graphical analysis because it is a
trend line that is easily constructed by automated means
and suitable for forecasting.

Among the classifiers, the most well-known algo-
rithm is the k-nearest neighbors algorithm (k-NN)
method, which essentially divides the set of points into
two classes, drawing a conditional "boundary" between
them [17, pp. 43-44].

That is, the algorithm is used where there are two dif-
ferent entities (classes). For example, consumers who
have purchased an additional warranty and those who
have not, or the same division of potential consumers in
the industry into those who use the services and those
who do not. It is possible to apply it for forecasting, but,
of course, it is not possible to employ for one class and
time series, as it is impossible to predict the exchange
rate without transformations that can be used in the anal-
ysis of several currencies and their division into two clas-
ses: the rate rose and the rate fell.

Clustering is used to divide a set of values into groups
according to certain shared features or determine the
number of such groups, especially if dealing with Big
data. For instance, we have a consumer base and need to
be divided into significant groups to apply different mar-
keting approaches to each; then, we apply clustering al-
gorithms. It can be used for forecasting, but the applica-
tion's logic is more to study the available data.

Decision trees are more commonly used for classifi-
cations, most often in expert computer systems. For ex-
ample, medical software for making diagnoses from pa-
tient examinations, based on knowledge from the data-
base of decisions of human doctors, i.e., the algorithm
gives a solution: ill, non-ill, or suspected disease (the av-
erage probability that requires additional examination),
in contrast to the method of k-nearest neighbors can ma-
nipulate several classes. It can deal with forecasting dis-
crete quantities, but the forecast power is relatively small
compared to other algorithms; accordingly, it is not suit-
able for forecasting continuous quantities (GDP, import
or export of the country, etc.).

Neural networks, in particular, controlled as machine
learning, work on a different principle than the algo-
rithms described before. The principle is to input data
and answers to them, and the neural network tries to ran-
domly select such weights for indicators and neurons that
would satisfy a given predictive accuracy during algo-
rithm startup. If there is not enough data to train the neu-
ral network, then each run will create different weights
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for various indicators and neurons so that the readings
will be unstable. When there is not enough data, it is
called undertraining; the reverse is when there is too
much data - overtraining.

The 2" sub-stage (model execution and selection of
algorithm operation parameters) will be described more
in the practical part.

The 3 sub-stage (diagnostics and comparison of
models) will also be considered in more detail in the
practical part, on specific examples. However, the main
criterion for comparing models in economic analysis is
their predictive ability because the study's primary pur-
pose is the entrepreneur’s efforts to predict the future and
reflect it in plans with a division into pessimistic, opti-
mal, and optimistic forecasts.

The last 6™ stage of analysis is conclusions or presen-
tation of research results. It selects interesting and key
trends identified from the entire study and answers the
first stage's questions - setting goals. If possible and nec-
essary, such an analysis project can be automated be-
cause to refine the analysis, one will need to collect more
relevant data and add to the dataset without changing al-
gorithms and their parameters, which requires 95-99%
fewer resources than a repeat project study.

However, automation and digitization can signifi-
cantly expand the quantity and quality of data and their
databases at the enterprise's disposal, depending on the
degree of automation and computerization of all produc-
tion processes.

4. CONCLUSIONS

Thus, the authors can draw certain conclusions and
generalizations obtained based on the results of the
study.

Reliable information allows creating forecasts and
assessing their reality using available expert knowledge
and giving a subjective assessment of the forecasts.

In general, the forecast indicates that the current eco-
nomic situation will continue, and no apparent improve-
ment and growth of the economy are expected. However,
these are the results of models that perform in a bounded
environment, creating a forecast based on the data pro-
vided, and it is possible to insert limited data compared
to all those data flows that occur in the real physical
world.

Therefore, such a forecast is of value for formal op-
erations, where quantitative expression of phenomena
and processes are required. The authors did not receive
accurate plans for the efficient operation of production
systems - a specific enterprise. However, we researched
the methodology and algorithm to obtain and process
data to create high-quality plans and long-term forecasts
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of effective development of different levels and different
business scales.

The neural network algorithm's efficiency has not
been fully disclosed, as no economic-mathematical
model has been created that would include all the data
from the existing set of databases. Perhaps it would pro-
vide a better forecast and be much closer to objective re-
ality; such a model could be worthy of new research and
could be useful for further study.

In the digital economy, this acquires additional op-
portunities through the branching of neural networks,
creating their sites, and so on. The site provides infor-
mation for the community, raising potential consumers'
educational level, which is especially important and sig-
nificant in the Coronavirus pandemic context [13].

The lack of information, or its inaccuracy, can be cor-
rected by contacting specialized statistical agencies,
most of the data they will have available and will not re-
quire additional surveys, but such services are paid and
will directly affect the final profitability of the enterprise.
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