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Fundamentals of Intellectual Data Analysis Using and Its Capabilities in the Knowledge Economy

In the modern economy, knowledge has become a key factor in creating value, which increases the demand for and significance of methods for its production.
Given the multiple increase in the volume of data containing useful but hidden information and the emergence of digital technologies that allow for processing
this data to extract the information, one of the most important methods for acquiring knowledge has become intellectual data analysis (IDA). The aim of the
research is to explain the fundamentals, capabilities, and characteristics of applying IDA in the knowledge economy, as well as to provide an overall assessment
of its results. The necessity of IDA for acquiring knowledge has been substantiated, its essence has been clarified, and the fundamentals of its implementation
have been summarized, including typical tasks that it addresses. Considering that modern approaches to IDA are based on the use of digital technologies, the
main elements of the relevant infrastructure and IDA tools have been systematized, and their impact on effectiveness has been substantiated. Considering the
purpose of IDA, a comprehensive evaluation of its results in terms of knowledge acquisition has been conducted, emphasizing its inherent limitations and role
in this process. Practical applications of IDA have been identified, demonstrating its expanding role in the knowledge economy. The rise of the data economy,
which is evolving and developing its own distinct characteristics, has been observed. The process through which data creates value and the fundamentals of
understanding their usefulness have been explained. The gradual «enrichment» of data to unlock its usefulness through IDA has been demonstrated. In conclu-
sion, general recommendations for the development of IDA within the knowledge economy, where it has become integral, have been formulated.

Keywords: knowledge economy, data, knowledge, intellectual data analysis (IDA), typical tasks, digital infrastructure and tools, results of IDA, data economy,
usefulness of data.
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Monskoe M. B., XaniH I. I, Lieeyerko I. ., binosyberko B. C., HazopaHcekuii M. A.
OCHOBU 3aCMOCY8AHHA MA MOX(AUBOCMI iHMeeKMyanbHO20 aHANI3Y AAHUX 8 eKOHOMIYi 3HAHb

Y cy4acHili eKOHOMIYi 3HAHHS CMAAU KAY0BUM (PAKMOPOM CMBOPEHHSA 8apMOCMI, Wio 36inbWye 3anum | nidsuwjye saxausicme cnocobis ix supobHULMea.
3saaroyu Ha bazamopazose 36inbweHHs 06cs2y OaHUX, SKi Hecymb y cobi KOPUCHY, ane MPUX08aHY iHGopmayito ma nossy yugposux mexHonoeit, AKi 0o-
380/1910Mb iX 06p06ATIMU, W06 UtO iHGOPMAYi0 OMPUMAmMU, 0OHUM i3 HalBAXAUBIWUX CMOCO6IB OMPUMAHHSA 3HOHb CMAG IHMeNeKMyanbHUl aHaNI3 0aHUX
(IA1). Memoto docnidxceHHs € po3’scHeHHs ocHos, Moxcausocmeli ma ocobausocmeli 3acmocysanHs 1ALl 8 eKOHOMIYi 3HAHb, @ MAKOX. 3020/6HA OYiHKA
lio20 pe3ynbmamis. O6rpyHMosaHo HeobxiOHicmb IAL 019 OMPUMAHHS 3HAHb, YMOYHeHo [io2o CymHicmb ma y3a2abHeHO 0CHOBU 30iliCHeHHS, 30Kpema
munogi 3a80aHHS, AKi UpiWyMbCA. Bpaxosytoyu, wo cy4acHi nioxodu 0o IAL 6asyromeca Ha 8UKOPUCMAHHI YUPosuUX mexHOnoeill, cucmemMamu3o8aHo
OCHOBHI enemeHmu 8i0nosioHoi iHgpacmpykmypu ma iHcmpymeHmig IAL], 06rpyHmosaHo ix enaus Ha (i020 epekmugHiCMb. Bpaxosyioyu NpusHa4eHHs
IAZ], 30ilicHeHo 302an1bHy OyiHKY (020 pe3ynbmamis 3 MOYKU 30py Mi3HAHHSA, WO 00380/UN0 MOKA3AMU MPUPOOHY Mexcy ma posb y ybomy npoyeci. Bu-
3HQYeHO HAMPAMU NPAKMUYH020 8uKopucmaHHA 1AL, wo 0o8o0UMb po3wupeHHs [i020 poni 8 eKOHOMIYi 3HaHb. Bid3Ha4eHo MoAsy «eKOHOMIKU OaHUXY,
AKa 36inbWwyemsca ma Habysae 8nacHOI cneyuiku. Po3’aCHEHO, AKUM YUHOM 3 0QHUX BUHUKAE UiHHICMb MA OCHOBU PO3yMiHHS iX KopucHocmi. loKa3aHo
nocmynogicme «36a2a4eHHA» 0aHUX 0414 8UBINbHEHHSA ix KopucHocmi 8 X00i IAL. Y nidcymKy chopmynb08aHO 3a2abHi pekomeHOauii wjodo possumky 1AL
8 EKOHOMIli 3HAHb, YACMUHOIO AKOI 8iH cmas.

Kntouosi cnoea: ekoHomika 3HaHb, 0aHI, 3HAHHS, iHMenekmyansHull aHaniz daHux (IAZ), munosi 3a80aHHS, YuGposa iHhpacmpykmypa ma iHcmpymeHmu,
pe3synsmamu IAZ], «eKOHOMIKa OGHUX», KOPUCHICMb OGHUX.
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objective reasons (such as the complexity of consumer
needs, increased regulatory requirements, heightened
competition, the emergence of innovations, etc.), the
demand for knowledge is continuously increasing,

odern economy, due to a number of its fea-
tures, is called a «knowledge economy» (an
«economy based on knowledge») because
its general characteristic is the increasing importance
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of knowledge and knowledge capital, including human
capital, in creating added value on one hand, and on
the other hand, it serves as a foundation for creating an
eco-knowledge structure of the economy that includes
technologies, organizational models, and management
decisions. This entire structure is tied to the generation
and utilization of new knowledge to develop economic
activities (business). As a result, along with a number of
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along with the importance of its sources and methods
of production. In the economy, in addition to scientific
and technological developments, there is an increasing
need for knowledge about consumers, competitors,
various economic systems, communities, and society
and its functioning. Acquiring this knowledge has its
own specifics and is often linked to processing exten-
sive arrays of diverse data.
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ne of the most important ways to acquire

new knowledge in contemporary conditions

is through intellectual data analysis (IDA).
On one hand, the development of the economy, the
complexity of technological systems, and the advent of
computer networks, sensors, measuring instruments,
and so forth have led to a substantial increase in the
volume of data, which collectively contains necessary
and useful but hidden information. On the other hand,
computer technology and digital technologies have
emerged, enabling the collection, accumulation, and
storage of this data. By applying relevant mathemati-
cal methods, they allow for its analytical processing to
extract the useful information.

Observing the exponential growth of data vol-
ume in the economy and the expansion of data-related
activities across all its sectors, it is no exaggeration to
speak of a «data revolution» today [1-3]. However, it
should be emphasized that, without IDA, obtaining
meaningful information from this growing volume of
data is impossible, especially considering its diversity.
At the same time, it should be noted that IDA creates
the conditions for revealing the value of data as a re-
source for acquiring knowledge, ensuring the effective-
ness of data handling, and fostering the development
of a data economy (or data-driven economy) [4].

At the same time, despite the widespread use of
IDA in business and science, the understanding of its
principles and purposes in the knowledge economy
remains quite fragmented. Therefore, a more holistic
view of the problems being addressed with its help, as
well as the features, trends, and challenges of apply-
ing IDA in the economy, is required. It is important to
develop a correct understanding of the capabilities and
inherent limitations of IDA, along with a more com-
prehensive view of its results from the perspective of
knowledge acquisition. This will help address distort-
ed perceptions of IDA as merely a tool for obtaining
knowledge, particularly from a business perspective,
and improve its overall effectiveness.

For several decades, the concept of the knowl-
edge economy has been used to describe a range of
structural changes in the economy associated with the
development of science and technology, intensive in-
novation, expansion of high-tech production, increas-
ing importance of intellectual labor, and changes re-
lated to computing technology and networks, among
other factors. As a result, new development trends
emerged, and the economy gained qualitatively differ-
ent characteristics, making the generation and utili-
zation of knowledge crucial [5]. Digital technologies,
which emerged from computer technology and net-
works, ushered humanity into a new era by transform-
ing the «order of knowledge» — the conditions and
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methods of its production, transfer, and utilization —
across all spheres of economic activity [6]. One of the
most important features of the economy has become
the expanded ability to operate with data [1], which si-
multaneously has become a more significant source of
value [7]. The acquisition of knowledge based on data
and, accordingly, the creation of new value is associ-
ated with the application of IDA [8].

The growth of data volume in the «digital world»
has led to the emergence of enormous datasets, known
as Big Data, which has created a demand for special-
ized digital technologies to work with these datasets,
including analytical processing, on a new level [2; 9].
Big Data technologies have become an integral part
of modern technological trends and have given rise
to new production, logistics, energy, communication,
and other systems [3; 10]. This includes the applica-
tion of IDA to obtain the knowledge necessary for the
normal operation and management of these systems,
as well as the development of innovations that become
increasingly data-driven [4; 10]. The challenge of us-
ing large volumes of accumulated data and extracting
knowledge from it affects all sectors of the economy.
However, this requires a proper understanding of IDA
and its capabilities, which has led to the emergence of
a new scientific branch — Data Science [11; 12]. The
challenge of using large volumes of accumulated data
and extracting knowledge from it affects all sectors of
the economy. However, this requires a proper under-
standing of IDA and its capabilities, which has led to
the emergence of a new scientific branch — Data Sci-
ence [13].

quickly recognized the potential of IDA, espe-

cially in the digital sector, and have extensively
developed relevant activities that are now becom-
ing routine. Many applications and variations of IDA
have emerged, such as Data Analysis (Data Analyt-
ics), Data Intelligence, Business Analysis (Business
Analytics), Business Intelligence [14; 15]. IDA has also
found extensive application across various fields of sci-
entific research, significantly altering existing research
methodologies. Given the growing scale of data work
in science, digital technologies have led to the emer-
gence of a new research paradigm — e-science — which
is increasingly data-driven and incorporates IDA as an
integral component [3; 14]. Undoubtedly, the extent
and outcomes of IDA application vary between busi-
ness and science due to their differing goals and needs.
In business, tasks are generally practical, fast-paced,
and geared toward obtaining actionable, preliminary
insights (though exceptions can occur), often leading
to more superficial results. Conversely, science seeks

Businesses operating at the edge of efficiency
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in-depth exploration within specific fields to uncover
fundamental truths. Consequently, while IDA is essen-
tial in scientific research, it represents only the initial
stage of a more profound investigation [3; 11; 14; 15].
However, a common factor for both business and science
is the increasing scale of IDA application, driven by the
development and use of digital infrastructure and tools,
which have become essential elements of analytical work
[16;17]..

lthough the review is far from exhaustive, it

demonstrates the importance of consider-

ing IDA as a component of the knowledge
economy. It also highlights the need for a systematic
approach to understanding its essence, methodology,
purpose, and economic effectiveness. It is critically im-
portant not only to grasp the significance, capabilities,
and advantages of using IDA but also to understand its
inherent limitations to apply it effectively in practice
for knowledge acquisition. This will help address the
contentious situations, especially in business, associ-
ated with inflated and irrelevant expectations of IDA,
which are often the cause of complaints. Such issues
cannot be resolved merely by increasing the volume of
data analyzed or by boosting the computational power
used for analysis; they require methodological clarifi-
cations.

The aim of the research is to clarify the funda-
mentals, capabilities, and specificities of applying IDA in
the modern knowledge economy, and to provide a com-
prehensive assessment of its results.

In general terms, IDA refers to the field of data
analysis based on the use of specialized mathematical
methods for processing relatively large sets of diverse
data. The aim is to uncover previously unknown hid-
den patterns (relationships, trends, etc.) that are in-
terpretable and useful for practical application and/or
further study to gain new insights. It is worth noting
that IDA is employed when it is impossible to identify
these patterns in large data sets using traditional ana-
lytical approaches, including statistical methods. Typi-
cally, the starting information for applying IDA is an
experimental data table that records the results of ob-
servations of objects. The data sets in question are either
an object-property table (OPT), where similar objects
are characterized by specific attributes (properties) with
corresponding parameter values, or a so-called training
sample (TS) (dataset), which is essentially a verified OPT
where the set of objects is pre-divided into specific class-
es. A large number of attributes (properties) allows for
more comprehensive and detailed characterization of
objects using diverse data. The similar objects that rep-
resent a specific domain knowledge and are analyzed
can vary widely (e. g., specific consumers, companies,
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products, countries, advertising channels, periods,
etc.), and are of interest for the development of eco-
nomic activity (business). The methods used in IDA
to find patterns are broadly referred to as Data Mining
(DM), within which Machine Learning methods are
increasingly distinguished. However, this distinction is
not necessary for the purposes of this article.

Considering the potential of using IDA to study
various objects and solve diverse structural and ana-
lytical tasks across virtually all sectors and areas of the
economy, the research will be based on a systematic
approach. The methodology of this research lies at the
intersection of mathematics, statistics, computer sci-
ence, control theory, economics, and business, and it
may also extend to other fields of science and practice
where IDA can be applied. In addition to employing
general scientific methods of cognition (generaliza-
tion, systematization, abstraction, induction and de-
duction, analysis and synthesis, analogy, comparison,
formalization, modeling, classification, categoriza-
tion), special analysis methods (logical, structural,
functional), the descriptive research method, and in-
terpretative methodology were also applied. The con-
ceptual and guiding principles of this article are based
on the concepts of the knowledge economy, the data
economy, and, to some extent, the digital economy. In
this regard, the features of the development of the In-
ternet, electronic business and commerce, and several
current technological trends have been taken into ac-
count. To describe the trends and assess the results of
using IDA in the economy, the principles of modern
economic theory, business administration, economic
analysis, and decision-making theory have been used
as the foundation.

he main issue in economy is making manage-

ment decisions that must be well-grounded

and lead to optimal outcomes. The basis for
decision-making is relevant information, which, in this
article, is understood in the broad sense defined by W.
Shannon [18] as «...anything that reduces uncertainty
about the outcome of a particular event». In economy,
depending on the level of understanding and justifica-
tion of a decision, information can be conventionally
categorized into three types:

1 - «knowledge», which means information that is
supported by observations (evidence), verified through
practice, provides a comprehensive understanding of
the nature of a particular phenomenon, and the causal
relationships involved. This type of information is the
most objective and reliable, thus enabling well-founded
decisions;

2 — «assumption», which means information that
is partially validated, does not provide a complete un-
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derstanding of the phenomenon, and is less reliable. It
allows for making assumptions about solving problems
and making decisions;

3 - «opinion», which means information that is
the least reliable, based on limited knowledge about the
phenomenon and intuition, with a predominance of
subjective views.

(speculations, prejudices) of varying completeness,

which are used to construct corresponding justifi-
cations and make decisions on this basis. Drawing clear
boundaries between these types of information can
often be challenging. However, this approach provides
means to differentiate information based on its level of
reliability, which impacts the quality of decisions made
(Fig. 1). Transitioning from «opinion» to «assump-
tion,» and then to «knowledge», involves qualitative
leaps in understanding the subject area.

It allows for forming assessments and judgments

Reliability Quality of decisions made

A

________ R e T et >
I "Opinion" | L"Assumption" | :_"Knowledge"_!

Fig. 1. The conventional link between the types of
information distinguished by their level of reliability
and the quality of decisions made

Thus, the quality of decisions improves as the re-
liability of information increases, moving from opin-
ion through assumptions to knowledge, which is un-
derstood here as reliable information on which well-
founded decisions can be based. This includes devel-
oping strategies, creating innovations, and establishing
various competitive advantages. The enhancement of
information reliability is directly related to data pro-
cessing, the volume and diversity of which continue to
expand. Even considering the significant volume and
multidimensionality of data, it alone provides limited
insight into specific situations. Any general analysis
has substantial limitations (due to the size of datasets,
memory distortions, difficulties in understanding and
interpreting relationships between attributes, over-
lapping facts, and more). For decision-making, what
is needed is not just the data itself but reliable infor-
mation derived from it, which reveals the «black box»
and reduces uncertainty. At the same time, the volume
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of the information obtained should be manageable
enough to be processed, understood, and utilized ef-
fectively, which is a key factor for success. Therefore,
the multidimensionality of experimental data and the
inherent limitations of human analysis in identifying
and extracting complex patterns necessitate the use
of IDA, which is focused on transforming data into
highly reliable information and drives the ongoing
development of such systems. Moreover, IDA enables
rapid data processing, which is crucial as the speed of
obtaining necessary information often becomes a criti-
cal factor. Therefore, the ability to handle the increasing
volume of data and effectively use it for insights and de-
cision-making — through IDA — becomes an essential
strategic competence for modern companies, regard-
less of the industry they operate in.

The application of IDA begins when a prepared
dataset is available. Data represents human experience,
perceptions of the surrounding reality, and the cogni-
tion (assessment) of its objects. It is formed based on
observations, experiments, measurements, the func-
tioning of information or technical systems, etc. Data
can be collected by people or automatically using com-
puter technology, sensors, measuring tools, and so on.
Data is evaluated based on various criteria, including
formalized appearance, structure, object attribute char-
acteristics, interpretability, suitability for processing,
and volume (in terms of the number of features and/or
objects). Data can be of different types, such as numeri-
cal, categorical, ordinal, interval, and temporal. The con-
tent and quality of a specific dataset should be assessed
in relation to the problem being addressed and its po-
tential to produce satisfactory results. Nonetheless, this
aspect often remains a weak point in data collection and
analysis procedures. In some cases, the quality of data-
sets can be assessed using specialized mathematical ap-
proaches. The need for specific type (types) of data, as
well as its structure, is determined by the specifics of the
subject area (objects) being studied, the problem being
addressed, and the suitability of the chosen indicators
for the task.

of «compression» that allows for handling

larger volumes by summarizing all the experi-
ence gained from practical activities. Knowledge refers
to stable patterns within a subject area (relationships,
generalizations, patterns, trends) that create new
meaning, provide understanding of phenomena, and
enable specialists to make effective decisions and act
within a given context. Knowledge gained from data
through the application of IDA methods in economy
is empirical. It reflects specific relationships between
objects and the data that characterize them, as well as

I nowledge based on data can be seen as a form

185

EKOHOMIKA HOOPMALIHHI TEXHOAOTIT B EKOHOMILI



EKOHOMIKA HOOPMALUIHHI TEXHOAOTT B EKOHOMIL

general patterns and trends within a particular field. In
practice, probabilistic knowledge most often prevails,
especially in the economy and social sphere. Based on
this knowledge, technologies and organizational mod-
els are created, and social and technical processes are
predicted and regulated.

Foundations of IDA. Thus, due to the limitations of
statistical methods in the analysis of multidimensional
datasets, especially heterogeneous ones, a number of
specialized mathematical methods (Data Mining, DM)
emerged in the second half of the 20™ century. These
methods enable the analysis of such datasets and have
formed the foundation of modern IDA. Its purpose is to
effectively analyze complex and large datasets that de-
scribe a domain knowledge to identify patterns within
them. Given the nature of the data undergoing analytical
processing, these patterns will henceforth be referred to
as empirical regularities (ER).

The widespread application of Data Analytics in

the economy is demonstrated by the emergence

of new terms that emphasize its practical focus,
such as: Data Analysis, Data Analytics, Data Intelligence,
Big Data Analytics, Business Analysis, Business Analyt-
ics, Business Intelligence. In practice, this has led to the
progressive development of a specific categorization,
such as: Business Analysis (which essentially represents
a broader understanding of IDA applied within the busi-
ness sector, with relevant context and interpretation of
results), Business Intelligence (which is more focused on

studying the past, including descriptive and diagnostic
analytics), and Business Analytics (which is more orient-
ed towards understanding causes and justifying future
actions, including predictive and prescriptive analytics).

Without IDA, which relies on computer technol-
ogy, humans are unable to identify and establish patterns
within large datasets. In addition to significantly expand-
ing the computational capabilities for mathematically
processing big datasets, specialized digital technologies
enable tasks that are nearly impossible or impractical to
perform manually. For instance, creating a 3D visualiza-
tion of a large dataset to assess its quality, which aids in
understanding the feasibility of solving the problem and
formulating an analytical hypothesis. Digital technolo-
gies, which form the basis for specialized infrastructure
and tools, create fundamentally new methods of IDA
and, accordingly, new practical approaches to its organi-
zation and implementation.

Typical tasks addressed within the framework of
IDA are presented in Table 1. The source of information
for further analysis is a table of empirical data (OPT or
TS), the formation of which often falls outside the com-
petence of IDA specialist (Data Scientist, Data Ana-
lyst).

The choice of IDA methods in practice depends
on the task and the nature of the data, and is a separate
issue beyond the scope of this article. The main stages
of IDA are: 1) collecting, structuring, and preliminary
preparing of data; 2) constructing the feature space,
including selecting the indicators that are most impor-

Table 1

Main typical tasks addressed within the framework of IDA

Task

General description

Clustering

Grouping objects based on similarity into relatively homogeneous groups (clusters) without
predefined categories (known data structure); data is presented in the form of an OPT;

Classification

Determining the category or class to which a new object belongs based on a verified training
dataset (TS);

Regression analysis

Predicting a continuous numerical value based on the analysis of relationships between
variables; assessing the relationships between a dependent variable and one or more
independent variables;

Dimensionality re-
duction

Transforming a dataset to reduce the number of variables by obtaining the principal ones
for data compression, visualization, novelty detection, etc., while preserving important
information;

Detection of asso-
ciations

Searching for relationships between different variables in big datasets; identifying consistent
combinations of attributes in specific objects, represented as rules;

Anomaly

detection

Detecting rare, anomalous data or unusual patterns that deviate from the overall trend in the
dataset, which may indicate errors or significant events;

Time series analysis

Analyzing data sequences to identify patterns over time, enabling the evaluation of past values
and the forecasting of future values in the series;

Forecasting

Predicting future events or values in time series or other data sequences based on the analysis
of historical data.

Source: compiled by the authors.
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tant for describing the objects and solving the given
task, constructing OPT or TS based on this, and veri-
fying the latter; 3) preprocessing the dataset (clean-
ing, filling in missing values, standardizing delimiters,
checking for outliers, etc.); 4) defining the aim and for-
mulating the working hypothesis of the research (for
some tasks, data quality assessment may be conducted
to confirm the suitability of using a specific dataset);
5) selecting the appropriate method (algorithm, met-
rics) for analysis based on the specifics of the data and
the task, performing the analytical processing of the
dataset, and validating the results for their alignment
with the initial hypotheses, interpretability, and use-
fulness; 6) interpreting the results, that is, explaining
the meaning and significance of the identified empiri-
cal regularities (ER) in the context of the task being
addressed; 7) practical application of the results (in the
form of: justifying management decisions, adjusting
existing approaches, modifying software algorithms,
etc.). In many areas of the economy, business, and
scientific research, IDA is applied systematically, so
the stages presented are repeated cyclically, leading
to additional features (such as adjusting the obtained
models based on continuous evaluations, retraining
algorithms, etc.).

oing through all stages of IDA is associated

with a large number of methodological issues,

the scope and significance of which can vary
significantly across different types of domain knowl-
edge, including in the fields of economics and business.
For our purposes, we will define the following main
groups of issues: 1) problems related to constructing
the feature space (complexity of the subject area, low
level of understanding of the objects, completeness of
their description, relationships between features, de-
pendence on context, etc.); 2) data-related problems
(complexity of diversity, suboptimal volume, rate of
change, lack of understanding of data value, etc.); 3)
problem formulation issues (lack of understanding of
the context, interdisciplinarity, unclear understanding
of the goals of solving the task, etc.); 4) problems relat-
ed to obtaining empirical regularities (selection of the
type of function, procedural and algorithmic issues,
assessing the reliability of the obtained solution, etc.);
5) problems related to understanding and interpreting
results (assessing results, lack of sufficient knowledge
about the domain, etc.); 6) issues related to the practi-
cal application of results (transitioning from interpre-
tation to implementation, understanding the limits of
applicability of results, etc.).

Digital Infrastructure and Tools for IDA. As
mentioned earlier, conducting IDA today is virtually
inconceivable without the use of computer technology
and specialized technologies. This requires examining
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the digital infrastructure used to prepare data for IDA
and to deploy specialized software tools, which has
effectively established a new approach to data-driven
knowledge creation. IDA infrastructure includes spe-
cialized digital technologies, systems, and services that
support data collection, transmission, storage, and
provide computational power for their analytical pro-
cessing. The range of elements in IDA infrastructure
is quite extensive, with many being part of the funda-
mental data handling layer, meaning they are applica-
ble beyond just IDA. Moreover, it is often challenging
to draw a clear boundary between different categories
of these technologies, systems, and services due to
overlapping functionalities. IDA tools include compu-
tational software programs, specialized applications,
and software libraries that automate operations such
as preprocessing, preliminary calculations, and visual-
ization, as well as direct data analysis, validation, and
visualization of results. Tbl. 2 presents the main types
of elements in IDA digital infrastructure and tools.

The IDA infrastructure provides new opportuni-
ties for data operations and collaboration among spe-
cialists, and serves as the foundation for managing, au-
tomating processes (streams), and deploying analytical
tools. As data volumes increase and IDA is performed
in real-time, the significance of infrastructure as both
a prerequisite for its execution and a factor in its effec-
tiveness becomes increasingly critical.

Regarding IDA tools, they incorporate human-
developed methods and algorithms that facilitate or
replace routine computational tasks, as well as per-
form certain cognitive operations that were previously
unique to humans. That is, the areas of computer ap-
plications are undergoing a sort of evolution: from
basic calculations to network interactions, and now to
a new stage focused on supporting human cognitive
processes, which is just beginning.

t this stage, humans are still the only ones ca-

pable of formulating analysis tasks, choosing

the most suitable processing methods, assess-
ing the results, and interpreting them. Therefore, IDA
tools, for the most part, cannot yet fully replace hu-
mans. In practice, a human-machine technology for
data analysis is in use. With the expansion of IDA appli-
cations, there is a trend towards developing IDA tools
not only for specialists (Data Scientists, Data Analysts)
but also increasingly for professionals in various subject
areas who have a better understanding of the task and
its context but lack deep training in mathematics and
computer science. Therefore, new digital tools expand
the range of specialists who can utilize IDA, particular-
ly when implemented as web-based systems and cloud
services. These tools offer wider access and democra-
tize the field, making it more widespread rather than
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Table 2

Main types of elements in IDA digital infrastructure and tools

Infrastructure

Tools

- various types of Database Management Systems,
including relational, graph, document-oriented,
column-oriented, hybrid, key-value, etc., as well
as specialized analytical warehouses and services
(Apache Pinot, Apache Druid, Amazon Redshift,
BigQuery, Snowflake, Greenplum, Apache Spark,
Microsoft SQL Server and Microsoft Analysis
Services);

- cloud services, including specialized services for data
processing (Amazon Web Services, Google Cloud
Platform, Microsoft Azure);

- systems for real-time data processing that provide
infrastructure for data transmission, storage, and
stream processing (Apache Flink, Apache Spark
Streaming, Apache Kafka, Apache Kudu);

- systems for managing data streams (Apache Airflow,
Dataform, Alteryx Analytics);

- specialized services for data analysis (Databricks,
Azure Data Factory, Azure Machine Learning, Azure
Databricks, Azure HDInsight, Amazon EMR, Google
Cloud Dataproc);

- service infrastructure for Al developers (Amazon
SageMaker, Azure Machine Learning, MLflow,
wandb.ai)

special programming languages and computational
environments (R, MATLAB, Julia, Scala, including libraries
such as MLIib, Breeze, Smile), and Python (libraries

such as Numpy, Pandas, Scikit-learn, Scipy, Xgboost,
Matplotlib, Keras, Pytorch, Tensorflow, and Theano);

application software packages for working with
spreadsheets (Microsoft Excel, Google Sheets);

software applications (SPSS, Minitab, Stata, Statgraphics,
JMP) and environments/platforms for data analysis
(Weka, Orange, RapidMiner, KNIME);

software for data and analysis result visualization
(Microsoft Power BI, Tableau, QlickView, Qlik Sense,
Amplitude, Google Looker Studio, Luxms Bl, Redash, BeX
Analyzer, SAP BusinessObjects, IBM Cognos Analytics).

web platforms with IDA tools (such as Tableau Online,
ScienceHunter, Mode Analytics, Plotly Chart Studio), as
well as online tools developed within comprehensive
cloud systems (such as Amazon QuickSight, Amazon
Athena, Amazon Redshift, Amazon SageMaker, Google
Cloud Dataprep, Google Cloud Al Platform, Azure
Synapse Analytics, Azure Machine Learning, and Azure
Data Factory)

Source: compiled by the authors.

confined to a narrow group of experts. Additionally, it
is important to highlight tools within the category of
Large Language Model, such as ChatGPT. Advanced
versions of these tools feature new computational data
analysis functions, including those provided by plugins
like Wolfram.

IDA results. In general, the application of IDA
aligns with the universal scheme of cognition: from
«living contemplation» (real experience) to abstraction,
and then from abstraction to praxis. Indeed, «living
contemplation» can be associated with data collection
and the construction of OPT (or TS), obtaining ab-
straction with discovering EP or hypotheses and their
validation, and applying these validated models cor-
responds to praxis. At the same time, it is essential to
understand the results of IDA as outcomes of empirical
knowledge, despite the numerous mathematical con-
structs involved.

Typically, the application of IDA results in: group-
ing of objects, a decision function, a model that distin-
guishes objects of different classes, etc., which essen-
tially constitutes an inductive inference. All of these
represent ER as generalizations, abstractions, relation-
ships within the data, patterns, and trends in the stud-
ied domain knowledge. These patterns, transitioning
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from implicit to explicit, serve as preliminary general-
izations of facts, descriptions of the overall structure,
and initial understandings of the state of the domain
knowledge, addressing questions such as «What?»,
«How?», «Who?», «What is happening?», and «What
is the situation?»

The obtained empirical regularities allow us to
identify what is important, replacing guesses
with well-informed insights and providing a
certain awareness and conviction, believability-weight-
ed on data. Most often, this provides a retrospective
view but allows for making informed assumptions
whose reliability is higher than mere opinion. More-
over, with proper interpretation and justification, this
can be considered empirical knowledge. This allows
for determining subsequent actions, such as formulat-
ing hypotheses, creating methodologies, instructions,
rules, making assessments, and forecasts. These EP can
serve as a foundation for uncovering deeper insights.
However, it only provides a preliminary level of cog-
nition (understanding). This represents the limitation
of IDA application from an epistemological perspec-
tive. Often, such empirical knowledge (assumptions) is
sufficient for current practical activities in business to
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make operational management decisions («Data-to-
Decision») that do not require a deep understanding
of the essence of phenomena and processes or causal
relationships. For example, this includes situational
consumer segmentation in the market, targeted adver-
tising, product price forecasting, and similar activities,
which enable the realization of short-term economic
gains. However, this is insufficient for developing stra-
tegic decisions in large companies, and even more so at
the national economic level. Therefore, understanding
the studied domain knowledge in economics, achieving
a deep understanding of the nature of phenomena and
processes, and obtaining reliable knowledge cannot rely
solely on the acquired EP. It requires further establish-
ment and justification of causal relationships to address
questions such as: «Why?», «<How does this happen?»,
and «Why does this happen in this way?» And this
marks a transition from the empirical level of cognition
to a deeper understanding, reaching a theoretical level
where the ability to forecast and make long-term, more
complex decisions is enhanced, embodying the «Data-
to-Insight-to-Decision» approach. Such knowledge is
essential for making strategic decisions in economics
and business, as well as in scientific research, where
empirical methods of cognition precede theoretical de-
velopments.

hus, it is essential to properly understand and

apply IDA, considering its inherent limitation —

EP - and its role within the broader process

of cognition. Automatic generation of these patterns
(based on digital technologies) significantly aids in un-
derstanding reality, as provided by IDA. These empiri-
cal regularities serve as crucial supplementary material
for formulating research hypotheses or abstractions,
which are then validated to explain causal relationships.
This is both the primary limitation of IDA in the pro-
cess of cognition and the main opportunity it creates.
Based on this, it can be concluded that IDA simplifies
human cognitive activity, enabling the processing and
analysis of large datasets, especially multidimensional
ones. Given the essential role of humans in task formu-
lation, interpretation, and implementation of results,
the application of IDA requires collaboration between
domain knowledge experts and IDA specialists (Data
Scientists, Data Analysts), which can be quite challeng-
ing in terms of organization and communication. This
is another reason for developing IDA tools specifically
for domain knowledge experts who do not require ad-
vanced training in mathematics and computer science.
IDA is becoming an essential component of cog-
nition, both in business and other practical activities, as
well as in science. Summarizing various aspects of IDA’s
impact on cognition, it is important to note the follow-
ing: 1) IDA offers fundamentally new and broader capa-
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bilities for processing empirical data and, consequently,
for cognitive activities based on this data. In this regard,
IDA both simulates and partially replaces human cog-
nitive data processing; 2) IDA enhances human natural
abilities in analysis, evaluation, hypothesis formula-
tion, model creation, and ultimately, deeper under-
standing of phenomena. It also stimulates analytical,
critical, abstract, and evaluative thinking in individu-
als; 3) IDA supports active human interaction with
the world through data, enhancing intellectual work
in describing objects using data, conducting measure-
ments, and performing quantitative and qualitative
assessments, among other activities; 4) IDA elevates
the evidential method of cognition to a new level, in-
corporating both its advantages and limitations, and
facilitates the emergence of new forms of cognitive
activities (types of analytics); 5) IDA, with its exten-
sive range of applications, promotes interdisciplinary
research by integrating knowledge from mathematics,
statistics, Computational science, management, and
various types of domain knowledge such as econom-
ics, sociology, and psychology. It can be said that the
use of IDA promotes the development of a new cog-
nitive framework and transforms human intellect. For
instance, digital tools facilitate the automation of rou-
tine computational tasks, enabling a stronger focus on
intellectual and analytical activities.

It is also important to mention a specific class
of data mining models: neural networks. Their use in
some cases vields satisfactory data processing results,
but they often contribute little to understanding, as
they do not bridge the gap between obtained EP and
the explanation of causal relationships. Therefore,
their level is limited to «primitive» recognition (classi-
fication). Replacing human oversight in the cognition
process with artificial intelligence, at least for now,
does not seem feasible.

The applications of IDA. The scope of practical
applications for IDA, along with Big Data technolo-
gies, is rapidly expanding. De facto, it has become an
integral part of research in economics and various sci-
entific fields, and is widely used by businesses for man-
agerial decision-making, operational intelligence, and
process automation in areas such as marketing, logis-
tics, finance, security, production, and management.
Thl. 3 illustrates examples of how IDA solves business
analytics tasks [3; 4; 10; 12; 13; 19-24].

he examples of tasks solved using IDA demon-
strate both the broad range of its applications
and its potential for use in various industries
and for addressing diverse problems. In recent years,
beyond e-commerce, the application of IDA has
rapidly expanded in industrial and agricultural pro-
duction management, logistics processes, various
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Table 3
Examples of practical applications of IDA for key types of DM tasks

Typical DM tasks Examples of practical applications

Consumer grouping (social media users, service users, etc.), competing companies, territories
(markets), company promotions, etc.; grouping products by seasonality, demand, and other
characteristics for inventory optimization; creating catalogs; and assessing and selecting job
candidates

Clustering

Classification of consumers (users) by loyalty level, potential demand growth or decline; credit
scoring; classification of fraudulent transactions, borrowers, agricultural lands, incoming docu-
ments (spam detection), etc.; identification of fake accounts; forecasting equipment failures;
evaluating product quality and detecting defects

Classification

Forecasting macroeconomic indicators, asset values, prices and demand for goods (services),
energy consumption, consumer behavior, etc.; evaluating factors influencing sales; optimizing
production processes by assessing productivity and product quality factors; researching factors
affecting environmental pollution levels

Regression Analysis

Analyzing consumer’s shopping baskets to identify combinations of products frequently pur-
chased together for recommendations and inventory optimization; discovering relationships
between different topics or user behavior patterns in online services for content management
and ad targeting; detecting suspicious transaction patterns during fraud detection; identifying
failure relationships for managing maintenance processes

Association Rule
Mining (Association
Rules)

Detecting fraud in financial transactions; identifying malfunctions and failures in production
equipment; analyzing network traffic to detect network attacks or abnormal behavior; medical
diagnostics to identify rare diseases

Anomaly Detection

Forecasting prices of goods (services) and demand (sales volume), identifying seasonal fluctua-
tions for production planning, marketing strategies, and inventory management; predicting
stock prices, currency exchange rates, energy consumption, traffic flows, internet traffic, user
activity, etc., to enhance management effectiveness; justifying potential material and product
needs to optimize supply chains; analyzing equipment performance for maintenance planning;

Time Series Analysis

EKOHOMIKA HOOPMALUIHHI TEXHOAOTT B EKOHOMIL

monitoring healthcare services to identify trends

Source: compiled by the authors based on [3; 4; 10; 12; 13; 19-24].

service industries, and supply chains. This has inte-
grated IDA into contemporary trends associated with
Industry 4.0 and digital transformations, encompass-
ing the intelligentization of web systems, equipment,
and various devices. In this case, IDA is used in com-
puter programs that manage systems, enabling them to
collect and process data and apply the information to
make decisions. A vivid example of digitization and in-
telligentization is healthcare, where IDA are used both
for managing healthcare facilities and for diagnosing
diseases, as well as for developing tools (technologies)
for their treatment.

I of the above expands the scope and role of

IDA in the economy. The ability to process big

volumes of data is becoming one of the most
significant challenges faced by most enterprises across
any industry. Key prerequisites for this are the increas-
ing number of specialists and the emergence of IDA
digital technologies that facilitate data handling. At
the same time, in practice, low effectiveness of IDA is
often observed. In many cases, this is related to a mis-
understanding of its purpose and inherent limitations,
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which leads to inflated expectations and irrelevant
task formulations, ineffective management of IDA
processes, and a low level of communication between
IDA specialists and domain knowledge experts.

Data economy. Given the growing importance of
data as a management factor and source of value, along
with the expanding fields and applications of IDA,
there is increasing discussion about the emergence
of the data economy as a sector expanding within the
context of digitization. Data economy can be under-
stood in various ways, including: 1) an area where data
accumulation and utilization processes take place, in-
cluding specialized technologies, tools, services, and
more; in other words, an entire industry is emerging
that integrates various participants, with its level of
organization continuously advancing; 2) activities fo-
cused on creating value through the collection and
analytical processing of data, which requires viewing
data as a resource for gaining knowledge, an economic
factor, and an independent commodity. This gives rise
to a new branch of the knowledge economy, aimed at
studying the processes of generating, distributing, and
utilizing data as a resource for gaining knowledge to
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create value, as well as assessing and enhancing the ef-
fectiveness of these activities.

he data economy encompasses a comprehen-

sive system of markets, including technologies,

IDA tools, specialists, data analysis services,
ancillary services, data as a resource, and the out-
comes of data processing. The data market, which is
fundamental, is rapidly evolving due to the expanding
application of digital technologies and acquiring new
characteristics related to:

+ the specificity of demand (from businesses,
media, political parties, etc.) and supply (from
Big Tech, Internet media, trading platforms,
governments, universities, the public, etc.);
data can be generated continuously or accu-
mulated (prepared) gradually;

+ the sectors and industries served, which shape
market segmentation;

+ the methods of data monetization, including
the sale of access to data, «raw» data, struc-
tured datasets, and processed data results; as
well as using data and the results of its pro-
cessing to enhance products, management,
and other areas;

+ the mechanisms of market operation, based on
specialized agreements, digital infrastructure,
technologies, standards, services, and more;

+ the localization, related to data generation and
its value; some data may be of general inter-
est from a knowledge perspective, valuable for
global, national, or local markets, and for spe-
cific industry markets at various levels;

+ institutional conditions, primarily shaped
by national and international legislation
concerning data protection and human rights,
as well as within industry-specific markets
(e.g., regulatory systems for financial services),
which are related to security standards.

There is a broad range of current issues related
to the operation and development of the data market,
primarily concerning confidentiality, personal data
protection, ethical use of data, data ownership poli-
cies, academic policies regarding the use of data accu-
mulated in scientific research, and methods of data ac-
quisition, such as through space technologies, among
other aspects. Overall, national data markets remain
quite fragmented due to significant differences in gov-
ernment regulatory systems, the particular value of
data, and the specific ways in which different entities
own and use data. In the coming years, the data mar-
ket is expected to continue evolving, with increased
institutionalization of many processes and relation-
ships, especially at the international level. Professional
communities, including those operating on digital
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platforms, and IT businesses advancing technical so-
lutions for data exchange, are beginning to play a sig-
nificant consolidating role in the data economy.

One of the most important challenges for the de-
velopment of the data economy is understanding how
value is derived from data and assessing its benefits. In
the context of business, the ultimate outcomes of ap-
plying IDA results are: increased labor productivity;
improved management quality; optimized business
processes; reduced costs, and savings in resources and
time; enhanced competitiveness of the enterprise; and
increased efficiency of its economic activities. There
may be specific cases where IDA contributes to the
search for new ideas and the development of innova-
tions, for example, by studying consumer behavior or
comparing competing products, through the knowl-
edge gained. Creating additional value from data makes
it a standalone resource, enhancing economic effects
from different points of view. IDA plays a direct role in
revealing the value of data as a resource and increasing
its level of monetization.

The usefulness of data is assessed based on the
economic impact of its use, which significantly de-
pends on the objectives of the data owner or the en-
tity using it, as well as the methods of monetization.
In many cases, especially in business, the effectiveness
of using data is often correlated with the cost of ac-
quiring it. In addition, the usefulness of data is often
evaluated not only from an economic perspective but
also by assessing social impacts, such as in the fields of
healthcare or public safety.

he usefulness of data is not necessarily depen-

dent on the labor invested in its collection and

preparation. At the same time, there are cases
where creating certain datasets requires extensive in-
tellectual effort from highly skilled experts with specif-
ic knowledge and experience. However, even in these
cases, the labor involved is not the primary source
of data usefulness. It depends more on: first, the use-
fulness of the information contained within the data,
which can vary significantly depending on the evalua-
tion approach; at the same time, it is important to con-
sider the subject, its problems, goals, and tasks, as well
as the context of external conditions and the specific
focus of the data processing results; second, the useful-
ness of EP and the knowledge gained from processing a
specific dataset; at the same time, it is essential to con-
sider the specific context in which knowledge is applied.
For instance, in business, the emphasis is on assessing
the commercial or economic effects derived from solv-
ing practical problems. In contrast, in science, the sig-
nificance of knowledge is evaluated based on its role
in advancing scientific discoveries or inventions, with
only the potential economic impact considered.
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volume, reflected in the number of objects and/or

features, as well as its quality with respect to solving
a specific task (a typical IDA problem) and the quality
of dataset preparation, including accurate classification.
Specialized tools are available for various IDA tasks
that enable the preliminary assessment of data quality
before main mathematical processing. For example, 3D
visualization can aid in clustering and evaluating the
informativeness of TS and their specific features (rel-
evant tools are available on the ScienceHunter portal //
https://www.sciencehunter.net). This approach signifi-
cantly enhances the effectiveness of IDA, particularly
when applied systematically. In general, IDA needs to
develop approaches for assessing the usefulness and
quality of data for solving specific tasks.

In many cases, the usefulness of data depends on its

If the data is considered useful and accepted for
processing, its «enrichment» happens progressively
through preparation and phased transformation dur-
ing IDA, evolving from «raw» data into a final, TS
(Tbl. 4). This is important to understand, particularly
from the perspective of data monetization, as it can
take place at different stages of data processing de-
pending on the circumstances.

CONCLUSIONS

At the current stage, countries are focusing their
economic development on building a knowledge econ-
omy, which is centered on generating and utilizing
new knowledge. One of the most important methods
for obtaining new knowledge today is IDA (Intelligent

Table 4
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Step-by-step «enrichment» of data to unlock its usefulness as it progresses through staged
transformations during IDA

Data state Level of usefulness

Collected «raw» data require structuring and a preliminary analysis to determine their suitability
for processing. The usefulness of data can only be estimated probabilistically, based on the
understanding of the task and the perceived information that may be embedded in the data. At
this stage, it is not possible to assess the quality of data for IDA

1. Unstructured
data

Obtaining a structured dataset is the first level of its «<enrichment» and requires some
preparation, which can be partially automated. The dataset acquires a formalized structure and
can be evaluated in terms of describing the domain knowledge (objects) for creating a feature
description (OPT or TS) and subsequent processing, making such data more useful. However, the
usefulness of the data can only be assessed superficially in terms of processing capabilities, as
there is no evaluation of its quality for solving IDA tasks

2. Structured data

A feature description prepared by experts, and based on this, OPT (or TS) represents the next
level of data «enrichment», as it is verified and ready for further processing; thus, the value

of such data as a resource increases. The presence of OPT (or TS) allows for a preliminary
assessment of its quality for solving specific IDA tasks, which serves as a key argument
supporting its usefulness. A prepared dataset of verified data, especially when its high quality is
confirmed, is a fundamental prerequisite for effective IDA, thus having greater value, provided
the level of preparation (including expert input and verification) is taken into account

3. Prepared OPT
orTS

The empirical regularities identified as a result of IDA, considering the problem being solved,
represent the practical usefulness of the data, as they are prerequisites for addressing specific
issues or generating new knowledge. The usefulness of the results increases following a
thorough validation of their relevance, which also confirms the quality of OPT (or TS). Generated
EP can have independent commercial value for businesses due to their direct use or sale to
interested parties. Naturally, the extent and nature of the economic impact from utilizing IDA
results will vary depending on the field, whether business or science

4. ldentified ER

Deriving the identified patterns into true knowledge, which ensures a deep understanding of
processes, is primarily undertaken in science and, in some cases, in business. Well-grounded
causal relationships offer the greatest usefulness (often alongside the data from which they are
derived) because they provide the most extensive opportunities in the economy. At the same
time, assessing the effects of applying the acquired knowledge is challenging due to its broad
scope and diverse applications, including non-commercial ones. This assessment can be carried
out when the acquired knowledge or solutions derived from it are directly monetized

5. Interpretation of
the identified EP

Source: compiled by the authors.
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Data Analysis), which aims to effectively analyze large,
multidimensional datasets describing a specific domain
knowledge to uncover previously hidden patterns. Us-
ing specialized IDA methods, several key tasks are ad-
dressed, including clustering, classification, regression
analysis, dimensionality reduction, and association
detection, among others. Modern IDA approaches are
based on the application of specialized digital tech-
nologies, which can be divided into IDA infrastruc-
ture and tools. These technologies automate relevant
operations at all stages and significantly enhance ef-
fectiveness. IDA application generally aligns with the
universal scheme of cognition. At the same time, it is
crucial to interpret IDA results correctly, acknowl-
edging its inherent limitation: the generation of EP.
On the other hand, the automatic generation of such
patterns through digital technologies provides signifi-
cant support in the process of cognition, as EP serves
as supplementary material for further elucidating
causal relationships. IDA is a highly versatile method
for knowledge acquisition, leading to a rapid expansion
in its practical applications, particularly in conjunc-
tion with Big Data technologies. Considering this, the
data economy emerges, encompassing various sectors,
processes, and activities related to the accumulation
and utilization of data. The data economy is a system
of markets with its own distinct characteristics and de-
velopment challenges. One of the most critical issues
is understanding how value is derived from data. To
address this, it is necessary to consider the usefulness
of the data, which is determined by the value of the in-
formation contained within it and the usefulness of the
knowledge (EP) generated through IDA, as well as the
outcomes (effects) of applying IDA results in practice.
During IDA, data usefulness is progressively unlocked
through the staged transformation from unstructured
data to the generation and interpretation of empirical
regularities. The propositions formulated in this article
contribute to the contemporary scientific discourse on
the application of IDA within the knowledge economy
and provide general recommendations for advancing
IDA in the following areas: digital infrastructure and
IDA tools, legal conditions, data collaboration models,
specialist training, enhancing data openness, and ensur-
ing IDA accessibility. These areas are intended to be the
focus of future research. |
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