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METHODS OF DATA MINING USING MACHINE LEARNING

Abstract. Relevance. In the context of the continuous growth of information volumes across various fields of the
economy, science, and technology, the problem of effective processing and analysis of large-scale data has become increas-
ingly urgent. Traditional analytical methods are no longer capable of providing fast and accurate extraction of useful
knowledge and patterns from massive information flows. The response to this challenge lies in the methods of data mining,
which are based on modern machine learning technologies. These methods enable the automatic discovery of hidden pat-
terns, the generation of accurate predictions, and the support of data-driven decision-making in real time. Given the rapid
development of digitalization, artificial intelligence, and the need for prompt decision-making in a competitive environ-
ment, the relevance of developing and improving data mining methods is growing steadily. The object of research is pro-
cess of data mining using machine learning methods, namely the set of algorithms, models, tools, and approaches that en-
sure the detection of hidden patterns, anomalies, and structures in large volumes of heterogeneous information. Purpose of
the article. This study explores contemporary approaches to intelligent data analysis based on machine learning techniques
and assesses their effectiveness across a range of application domains. The article aims to provide a structured overview of
state-of-the-art algorithms and to evaluate their respective advantages and limitations in processing large-scale and high-
dimensional datasets. Research results. A systematic analysis of key data mining methods based on machine learning al-
gorithms was carried out. It was found that the most effective approaches for processing large and heterogeneous datasets
include classification, clustering, regression analysis, and dimensionality reduction techniques. Deep neural networks
demonstrated effectiveness when applied to unstructured data such as text, images, and time series. The study revealed that
the appropriate choice of algorithm depends not only on the data type but also on the specific nature of the task. A compar-
ative assessment of tools showed that the Python ecosystem offers the greatest flexibility, while AutoML platforms simpli-
fy model deployment for users with limited programming experience. The research also included a review of recent publi-
cations that confirm the practical value of machine learning in real-world use cases. Overall, the findings indicate that ma-
chine learning is a driving force behind the evolution of data mining methods, enabling accurate, scalable, and adaptive da-
ta processing in the context of modern digital transformation. Conclusions. Machine learning has significantly expanded
the capabilities of intelligent data analysis by enabling the automatic detection of patterns, forecasting, and decision-
making based on large volumes of information. The study demonstrates the effectiveness of various algorithms in tasks
such as classification, clustering, regression, and deep learning. Python-based tools and cloud platforms have been identi-
fied as the most convenient environments for implementing analytical models. A promising direction lies in the develop-
ment of explainable Al and hybrid approaches that combine algorithmic precision with domain-specific expertise.

Keywords: intelligent data analysis, machine learning, classification, clustering, regression, deep learning, neural net-

works, analytical tools, Data Mining, CRISP-DM, AutoML, Big Data, Python.

Introduction

Intelligent data analysis (Data Mining) [1] is a sig-
nificant area within modern information technologies,
aimed at the automated extraction of meaningful pat-
terns, knowledge, and deep insights from large volumes
of both structured and unstructured data. In today’s
world, data is generated at an unprecedented rate — from
online platforms and social networks to financial trans-
actions, medical records, and industrial sensors. In this
context of information overload, traditional analytical
methods are losing their effectiveness and are increas-
ingly being replaced by intelligent approaches.

Machine learning plays a central role as the driv-
ing force behind intelligent data analysis. Its ability to
autonomously detect patterns, adapt to new data, and
improve performance without human intervention
makes these techniques exceptionally powerful analyti-
cal tools. The primary tasks addressed through machine
learning include classification, regression, clustering,
anomaly detection, forecasting, and dimensionality re-
duction.

Historically, data mining emerged in the 1990s
from the convergence of statistics, artificial intelligence,
and database systems. With the rapid advancement of
computational capabilities and the exponential growth

of digital data, the need for more complex, self-learning
algorithms has become apparent. Machine learning has
evolved from simple models into advanced deep neural
networks capable of performing multi-level information
processing with high accuracy.

Unlike traditional statistical methods, which are
oriented toward hypothesis testing and formal modeling,
machine learning can work with large-scale datasets
without the need for predefined assumptions. It can
identify patterns within chaotic, heterogeneous, and
high-dimensional data — a crucial feature in the era of
Big Data. Moreover, intelligent data analysis based on
machine learning is inherently interdisciplinary, inte-
grating knowledge from computer science, statistics,
mathematics, linguistics, medicine, economics, psy-
chology, and the social sciences. This synergy enables
the development of new analytical techniques that are
applicable across a broad range of domains, including
manufacturing management, logistics, energy, bioin-
formatics, environmental monitoring, and digital hu-
manities.

The objective of this article is to investigate the
key methods of intelligent data analysis based on ma-
chine learning, to examine relevant algorithms, tools,
and technologies, and to explore practical application
scenarios. The article also discusses the benefits, limita-
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tions, and prospects of employing machine learning in
data analytics tasks.

Review of Recent Studies and Publication. In
recent years, the topic of intelligent data analysis using
machine learning has become highly relevant, as evi-
denced by the growing number of specialized reviews
and systematic studies across various fields. This sec-
tion highlights the most influential publications in fi-
nance, education, healthcare, and multimedia, as well as
methodological papers focused on imbalanced data pro-
cessing and open science initiatives.

A significant contribution in this area is presented
in [2], a comprehensive review on fraud detection
methods based on data mining and machine learning
techniques. The paper covers multiple applied domains,
such as banking, insurance, telecommunications, and e-
commerce. The authors emphasize that traditional fraud
detection algorithms, despite their past effectiveness, are
increasingly incapable of addressing the challenges
posed by today’s high-speed and dynamic environ-
ments. The review proposes a generalized classification
of approaches, including both classical techniques and
modern ensemble or hybrid architectures that combine
multiple models to improve accuracy when working
with imbalanced datasets. Special attention is paid to
model interpretability, which is critical in financial sec-
tors where decision-making must be transparent and
accountable. In this context, the researchers highlight
the role of explainable Al as a direction capable of inte-
grating the computational power of modern algorithms
with the need for human oversight and auditing. The
paper also stresses the growing importance of adaptive
and context-aware models capable of operating with
limited, fragmented, or unreliable data in the era of in-
creasingly complex fraud schemes.

Another influential work is the updated systematic
review [3], focused on the use of machine learning in
education. The authors trace the evolution of Education-
al Data Mining and Learning Analytics over the past
decade, analyzing both the growth in publication met-
rics and the methodological maturity of the field. The
paper presents educational analytics as an emerging
scientific discipline that integrates pedagogy, artificial
intelligence, psychology, sociology, and statistics. It
explores the technological pipeline for knowledge dis-
covery in educational data — from data collection and
preprocessing to interpretation and practical implemen-
tation. Numerous examples are provided, including the
use of classification models for learning outcome pre-
diction, learning style analysis, and recommendation
systems in MOOCs. The paper also examines the appli-
cation of deep learning to identify behavioral patterns
among students.

Emphasis is placed on ethical challenges such as
data privacy, model transparency, and adherence to the
principles of open science. The authors argue that edu-
cation demands a more delicate approach to analytics
than commercial or financial systems, as misguided
modeling could distort learners' trajectories. They rec-
ommend practices such as preregistration, open dataset
publication, and replication studies to foster an ethically
responsible research environment.

The study in [4] explores the application of ma-
chine learning to financial anomaly detection, a domain
crucial for maintaining market order and protecting in-
vestor interests. Through comparative analysis, the pa-
per evaluates the performance of traditional statistical
methods and modern machine learning algorithms in
identifying anomalies. It covers supervised, unsuper-
vised, and deep learning methods, assessing their ability
to handle high-dimensional financial data and detect
complex fraud patterns. Ensemble models are found to
offer a strong balance between detection accuracy and
interpretability. However, challenges remain, particular-
ly regarding class imbalance and model generalization.
The study proposes hybrid approaches that combine
domain knowledge with data-driven analysis and em-
phasizes the potential of explainable Al to enhance
transparency and trust in automated financial anomaly
detection systems. The results significantly expand the
understanding of machine learning in financial analytics
and suggest promising directions for improving anoma-
ly detection efficiency and reliability.

A notable interdisciplinary example is a study ded-
icated to the use of machine learning in cardiology. The
publication [5] presents an extensive meta-analysis of
over forty studies focused on automated prediction of
coronary artery disease using clinical and demographic
data. Ensemble algorithms — combining logistic regres-
sion, decision trees, gradient boosting, and neural net-
works — emerge as the most effective models. The study
emphasizes evaluation using medically relevant metrics
such as sensitivity, specificity, and accuracy, highlight-
ing the importance of not only statistical performance
but also the applicability of models within medical sys-
tems, where false positives or negatives can have seri-
ous consequences. The authors draw attention to the
limitations of publicly available medical datasets and
recommend local model validation across demographic
groups. Interpretable algorithms and hybrid systems that
integrate medical expertise with the flexibility of ma-
chine learning are proposed as future directions.

In [6], the role of data mining methods -
particularly text mining — in digital forensics is exam-
ined. The authors emphasize the growing complexity of
digital sources and devices involved in investigations,
which renders manual analysis ineffective. Machine
learning models and pattern recognition algorithms are
shown to be essential for uncovering hidden digital evi-
dence that traditional methods might overlook. The pa-
per demonstrates that text analysis techniques, as a sub-
set of data mining, are critical to improving the preci-
sion and efficiency of digital forensic workflows. The
review outlines the main data mining-based approaches
to digital forensics and highlights their potential to ad-
dress the challenges associated with modern data vol-
ume and complexity.

Across all reviewed studies, a common trend is ob-
served: the shift from traditional statistical techniques to
more flexible, interpretable, scalable, and adaptive ma-
chine learning solutions. At the same time, researchers
stress the necessity of an interdisciplinary approach that
combines algorithmic rigor with ethical, legal, and do-
main-specific considerations. Collectively, these publi-
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cations offer a comprehensive view of the current state
of data mining research, showcasing both theoretical
advances and practical achievements, while outlining
the promising avenues for future development.

The purpose of this work is to investigate mod-
ern intelligent data analysis methods based on machine
learning and examine their application across various
domains to uncover hidden patterns, anomalies, and key
insights in large, complex datasets. Special emphasis is
placed on comparing traditional statistical approaches
with machine learning algorithms, analyzing the ad-
vantages and limitations of current models, and identify-
ing future trends such as explainable Al, hybrid model-
ing, and ethical considerations. The article also aims to
consolidate findings from recent literature to present a
coherent picture of machine learning as a pivotal tool in
contemporary data analysis.

Main part

Today, data mining is regarded not merely as a
component of information technologies, but as a multi-
disciplinary field that integrates computer science, statis-
tics, linguistics, sociology, medicine, and economics. The
application of intelligent data analysis has become a stra-
tegic tool for decision-making, process optimization, risk
identification, and forecasting in a wide array of domains
— from industry and finance to healthcare and cybersecu-
rity. Data mining encompasses a set of tasks aimed at
uncovering hidden patterns, knowledge, and models in
large volumes of information. These tasks are conven-
tionally divided into descriptive and predictive categories.
The primary types of analytical operations within data
mining include classification, regression, clustering, asso-
ciation rule mining, anomaly detection, dimensionality
reduction, and sequence analysis. These tasks are often
interrelated and frequently combined in real-world ana-
Iytical projects. For instance, clustering or dimensionality
reduction may precede classification, while anomaly de-
tection may be integrated with a predictive model.

The process of intelligent data analysis involves
more than just applying individual algorithms; it repre-
sents a full multi-stage cycle that encompasses all stages
of working with data — from acquisition to the interpre-
tation of results and the implementation of knowledge in
practical activities. This process is commonly modeled
as a knowledge discovery lifecycle or structured accord-
ing to the CRISP-DM framework [7], which has be-
come an industry standard for analytical projects. The
first stage is domain understanding, during which the
objectives of the analysis are defined, research questions
are formulated, and business or strategic requirements
are identified. This stage is critically important because
it establishes the context for analysis and sets the suc-
cess criteria for the models.

The second stage involves data collection and un-
derstanding. It includes identifying information sources,
aggregating data, verifying quality, and conducting ini-
tial assessments. Often, this stage reveals that the avail-
able data is incomplete, noisy, or heterogeneous, requir-
ing further processing. The third stage — data prepara-
tion — covers data cleaning, normalization, encoding of
categorical variables, handling of missing values, fea-

ture engineering, and dimensionality reduction. This is
the stage where data is transformed into a format suita-
ble for applying machine learning algorithms.

At the next, modeling stage, appropriate algo-
rithms are selected, hyperparameters are tuned, and
models are created and trained. Depending on the objec-
tives, these may include classifiers, regression models,
clustering algorithms, or anomaly detection techniques.
Common practices at this stage include data partitioning
into training and test sets, cross-validation, and various
performance evaluation techniques.

Subsequently, model evaluation takes place, dur-
ing which the modeling results are analyzed in terms of
accuracy, completeness, stability, interpretability, and
relevance to the original objectives. Both general met-
rics (e.g., accuracy, F1-score, ROC-AUC) and special-
ized ones tailored to the specific domain may be used.

The final stage involves the deployment and inter-
pretation of knowledge, where the obtained results are
adapted for practical use: they are integrated into busi-
ness processes, decision-making systems, or visualized
for further analysis. At this stage, explainable artificial
intelligence plays a key role, enabling model behavior
to be made understandable to experts without deep
technical backgrounds.

In an era of exponential data growth, deep learning
gains particular importance as it enables the extraction
of complex, abstract representations from unstructured
information, making it indispensable in computer vi-
sion, natural language processing, audio analysis, and
big data analytics in finance, medicine, industry, and
cybersecurity. One of the most significant achievements
of deep learning is the development of convolutional
neural networks (CNNs), which are highly effective for
visual data. These networks can automatically extract
features from images at various levels of abstraction —
from edges and textures to complex objects. Their ap-
plication in medical imaging, MRI scan analysis, and
radiograph diagnostics ensures high accuracy in identi-
fying pathologies, often surpassing or augmenting ex-
pert performance. In industry, CNN models are used for
real-time quality control, defect detection, and monitor-
ing of production processes.

Fig. 1 illustrates a comparison of popular machine
learning algorithms across three key criteria: accuracy,
speed, and interpretability. The diagram reflects how ef-
fectively each approach meets the basic demands placed
on analytical models in real-world conditions. The analy-
sis includes five models: decision tree, random forest, k-
nearest neighbors, support vector machine, and neural
network. For each, the performance is visualized on a
scale from zero to one, enabling a visual assessment of
the strengths and weaknesses of each algorithm. Neural
networks provide the highest accuracy but face signifi-
cant limitations in interpretability and speed. Conversely,
decision trees demonstrate the most transparent structure,
making them convenient for explaining results while
maintaining acceptable performance. Random forests
show high accuracy but lower transparency. K-nearest
neighbors and SVMs offer relatively balanced results,
though each has its limitations in terms of computational
complexity or the explainability of predictions.
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Fig. 1. Comparative Analysis of Machine Learning Methods

In tasks where the sequence of data is critical — such
as in text analysis, time series processing, or tracking user
actions — recurrent neural networks (RNNSs) are widely
applied. They enable the retention of information from
previous states, allowing for contextual event processing.
Modifications such as LSTM and GRU have overcome
classic RNN limitations like gradient vanishing, paving
the way for long-term forecasting models, for instance, in
financial analytics or consumer behavior prediction.

Another important component of deep learning is
autoencoders, used for dimensionality reduction, anomaly
detection, data generation, and pretraining of other mod-
els. Thanks to their ability to reveal hidden structures in
large datasets, autoencoders are actively used in noise
filtering, data reconstruction, and the creation of com-
pressed vector representations for further analysis.

Among the most innovative and complex technolo-
gies are generative adversarial networks (GANS), consist-
ing of two components — a generator and a discriminator
— that learn by competing. These models can generate
new, realistic images, texts, or other data types, opening
new possibilities in information synthesis, privacy protec-
tion, data augmentation, and handling rare cases. Despite
their computational intensity, GANs are actively used in
fields that require the generation of new but statistically
reliable examples.

The effective implementation of data mining meth-
ods is impossible without the appropriate toolkit — both
software and hardware. In the current environment of
growing data volumes, rising demands for model perfor-
mance and accuracy, and the need to integrate analytics
into real systems, universal, flexible, and scalable plat-
forms are of particular importance. These platforms not
only provide access to a wide range of machine learning
algorithms but also support the full analytics lifecycle —
from data collection and processing to result visualization
and model deployment in production environments.

Among the most popular programming languages
for implementing data mining solutions, Python leads. Its
popularity stems from its simple syntax and the availabil-
ity of powerful libraries covering the full range of tasks —
from preprocessing to complex modeling. For example,
the Scikit-learn library offers implementations of classic

machine learning algorithms such as regression, classifi-
cation, clustering, dimensionality reduction, and ensem-
ble models. It is user-friendly for education and research
projects while being stable enough for production use.
TensorFlow and PyTorch libraries are used for building
neural networks and implementing deep learning. The
former is more oriented toward industrial solutions, offer-
ing wide scalability and GPU optimization, while the
latter is valued for its flexibility, transparency of internal
processes, and ease of use in academic research.

The R programming language occupies a separate
niche, popular especially among statisticians and re-
searchers. It has a rich set of packages for data pro-
cessing, analysis, and visualization, such as caret, ran-
dom Forest, €1071, and nnet, which enable the imple-
mentation of machine learning methods in an intuitive
manner. Due to its high statistical accuracy and graph-
ical capabilities, R is frequently used in scientific re-
search, bioinformatics, and social analytics.

In cases where data volumes exceed local compu-
ting capacity or rapid scalability is required, cloud plat-
forms become especially relevant. Amazon Web Ser-
vices, Microsoft Azure, and Google Cloud Platform offer
comprehensive services for storing, processing, and ana-
lyzing big data, as well as ready-to-use environments for
training and deploying Al models. These platforms ena-
ble the creation of end-to-end solutions with data stream
integration, automated model training (AutoML), built-in
security tools, and support for distributed computing.
This opens the door to scalable and reliable analytics sys-
tems accessible even to small and medium-sized organi-
zations without the need for costly infrastructure.

Interactive analytics environments such as Jupyter
Notebook, Google Colab, and RStudio also gain par-
ticular significance. They allow integration of code,
visualization, and explanatory text in a single interface,
which is extremely convenient for research, report prep-
aration, and education. Using such environments pro-
motes transparency of the analytical process, ensures
experiment reproducibility, and supports collaborative
work on projects.

Fig. 2 presents a comparative analysis of the most
widely used software tools and platforms employed for
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implementing machine learning methods in data mining
tasks. The evaluation covers key characteristics such as
performance in classification, clustering, regression, and
deep learning tasks, capacity to handle large datasets,
level of model interpretability, visualization capabilities,

and accessibility for cloud deployment. The table enables
comparison of tools such as Scikit-learn, TensorFlow,
PyTorch, R, Jupyter Notebook, as well as cloud services
offered by AWS, Azure, and Google Cloud, in the con-
text of their suitability for specific analytical objectives.

Tool / Platform Classification Clustering Regression _
Python (Scikit-learn) very good good very good basic [via Keras)
Python (TensorFlow) good limited good very good
Python (PyTorch) good limited good very good
R (caret, randomForest) very good good very good weak
Jupyter Notebook / Colab depends on libraries depends depends good (via integration)
AWS / Azure / GCP (AutoML) very good good very good good
Google Cloud BigQuery ML good weak good weak

. . Data

Tool [ Platform Big Data Handling Visualization Cloud Support
Python (Scikit-learn) limited high high possible via API
Python (TensorFlow) good medium limited fully supported
Python (PyTorch) average medium basic fully supported
R (caret, randomForest) limited high very high partially via RStudio Cloud
Jupyter Notebook / Colab limited high very high fully supported (in Colab)
AWS [ Azure / GCP (AutoML) very good high high native support
Google Cloud BigQuery ML very good limited basic fully

Fig. 2. Comparative Analysis of Development Software

In conclusion, machine learning serves as a power-
ful instrument for data mining, capable of effectively
uncovering patterns, forecasting events, and supporting
decision-making across various domains. With the ad-
vancement of algorithms, tools, and computational plat-
forms, the ability to analyze large-scale and complex
datasets has significantly expanded. The integration of
classical approaches with modern deep learning models,
the use of cloud-based solutions, and the incorporation
of explainable Al provide a foundation for further en-
hancement of analytical systems and the extension of
their practical applications.

Conclusions

As a result of the conducted research, a compre-
hensive analysis was performed on fundamental ap-
proaches and modern practices in data mining based on
machine learning methods. It was established that tradi-
tional statistical techniques lack the scalability, adapta-
bility, and precision required to handle the growing vol-
ume, velocity, and complexity of data characteristic of
the digital era. Consequently, machine learning — serv-
ing as a core subset of artificial intelligence — has be-
come the foundation for building contemporary analyti-
cal systems.

The study examined the core concepts of data min-
ing, including classification, clustering, regression anal-
ysis, and dimensionality reduction. It was demonstrated
how algorithms such as decision trees, k-NN methods,
neural networks, Bayesian classifiers, and ensemble
models enable adaptive processing of heterogeneous
and high-dimensional datasets. Particular attention was
paid to deep learning, which opens new possibilities for

the automatic processing of complex structured and
unstructured data (images, text, signals, etc.) and has
proven highly effective in solving tasks related to visual
recognition, time series forecasting, and generative
modeling.

An essential component of the research involved
reviewing tools and platforms that enable practical im-
plementation of these methods. It was determined that
the Python ecosystem, complemented by libraries such
as TensorFlow, PyTorch, and Scikit-learn, provides the
flexibility and scalability required for the full model
development lifecycle — from data preprocessing to
cloud deployment. Other environments, such as R and
AutoML platforms on AWS, Azure, and Google Cloud,
facilitate rapid development and effective model testing,
particularly for users without deep programming exper-
tise.

The analyzed publications and real-world case
studies confirm that machine learning is successfully
integrated across a wide range of domains: medicine,
finance, cybersecurity, education, forensics, and indus-
try. However, the findings also highlight persistent chal-
lenges, such as the interpretability of complex models,
class imbalance, overfitting risks, and the ethical han-
dling of personal data.

In conclusion, machine learning not only broadens
the scope of data mining but also shapes a new para-
digm of analytics — flexible, adaptive, and capable of
self-improvement. Future research in this field should
focus on integrating explainable Al, domain-aware hy-
brid systems, and automated model design tools, mak-
ing data mining even more accessible and reliable for
real-world applications.
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MeToau iHTeIeKTYaJbHOTO aHAJI3Y JaHHX 3 BUKOPHCTAHHSIM MAIIHHHOTO HABYAHHS
. O. [Isuenxo, M. B. Ilpokonuuk, B. M. Posenuak, A. B. ®dponos

AHoTamisi. AKTyaabHicTh. B ymMoBax nocriitHoro 30ibIneHHs 00csriB iHQopMalii B pi3HHX raixy3sX eKOHOMIKH, HAYKH
Ta TeXHiKH, TOCTPO TocTae mpobdieMa eeKTUBHOT 0OPOOKHU Ta aHali3y BEJIMKUX MACHBIB JaHUX. TpaIuliiHi METOH aHAITUKN
BXKE€ HE 3/1aTHI 3a0e3MeYNTH LMIBUIKE i TOYHE BHIIyYEHHS KOPHUCHUX 3HaHb Ta 3aKOHOMIPHOCTEH 3 BeMM4e3HHMX iHpopMauiitHux
MOTOKIB. BimoBiyio Ha 11eil BUKJIMK CTAIOTh METO/N 1HTEIEKTYaJIbHOI'O aHaIli3y AaHHX, SIKi 0a3yIOThCS Ha Cy4acCHUX TEXHOJIOTi-
SIX MallIMHHOrO HaB4YaHHA. L{i MeToqu 103BOJISIOTH ABTOMAaTUYHO BHUSIBIISITU MPUXOBaHI 3aKOHOMIPHOCTI, ()OPMYBaTH TOYHI MPO-
THO3M Ta MpUiiMaTy OOIPyHTOBAHI PIlIEHHS B peajJbHOMY 4aci. BpaxoByrouu cTpiMKHil pO3BUTOK LU(POBI3aLlii, ITyYHOrO iHTe-
JIEKTY 1 HEOOXiJJHICTh HMIBUIKOI'0 HPUUHSTTS PillieHb Y KOHKYPEHTHOMY CEPEIOBHIL, aKTyalbHICTh PO3POOKHU Ta YIOCKOHAICHHS
METO/IiB IHTEJIEKTYaJbHOT0 aHali3y JaHHX 3pOCTa€ 3 KOKHUM AHeM. O0'€KT MOCTIIKEeHHS . TPOIIEC 1HTEICKTYaIbHOTO aHATI3y
JIAHMX 13 3aCTOCYBaHHSIM METOJIB MAIIMHHOTO HABYAHHS, & CaMe CYKYIHICTh aJll'OPUTMIB, MOJENIEH, IHCTPYMEHTIB Ta ITiIXOIiB,
sIKi 3a0e3Me4y0Th BHSBICHHS IPUXOBAHUX 3aKOHOMIPHOCTEH, aHOMAJIil Ta CTPYKTYp y BEJIHMKUX 0oOcsrax pisHOpiHOI iHpopma-
uii. MeTa cTaTTi: TOCIIDKEHHS MiIXOIB JI0 iHTEIEKTYalbHOrO aHali3y JaHUX i3 BAKOPHCTAHHAM METO/IB MAIIMHHOTO HaBYaH-
Hsl, & TAKOXK BUSIBIICHHSI iX €(peKTUBHOCTI B Pi3HHUX raiy3sx 3acrocyBaHHs. CTaTTs CIpsSMOBaHA HA CHCTEMAaTH3al[il0 CYy4acHUX
aJrOPUTMIB, aHaTI3 1X MMepeBar i HeJOMIKiB Y KOHTEKCTi 00pOOKH BEIMKHX Ta BUCOKOBHMIPHUX JaHUX Pe3yabTaTH M0CTiIKeH-
HA. 3/IHCHEHO CHCTEMATHYHHI aHANI3 KJIFOYOBHUX METOJIB iHTEIEKTYaJIbHOIO aHAMI3y JaHHX, IKi 0a3ylOThCA Ha aaropuTMax
MAIIIMHHOTO HaBYaHHs. By10 BCTaHOBIIEHO, 110 HAHOLIBII €(h)EKTHUBHUMH ITiAXO0JaMHU 0 0OPOOKH BEIHMKHX 1 PI3HOPIAHUX 0OCSTIB
JMAHUX € METoAM Kiacudikarii, KiacTepu3allii, perpeciiHoro aHamisy Ta 3MeHIICHHS po3MipHOCTi. OcobimBoi eheKTHBHOCTI
JIOCATAI0Th TJIHOOKI HEHPOHHI Mepexi IpH poOOTi 3 HECTPYKTYPOBAHMMH JaHHMHU, TAKMMU SIK TEKCT, 300paskeHHS Ta 4acoBi psi-
1. BuseieHo, mo o0rpyHTOBaHHIA BUOIp allrOPUTMY 3aJI€XKHTh HE JIMIIIE BiJ THITY JaHHX, a i BiJ 3amaui. [IopiBHANBHUM aHATI3
IHCTPYMEHTIB TI0Ka3aB, 10 ekocuctema Python mpomnoHye HaiOLIbIIy THYYKicThb, TOAl sk AutoML-mmardopMu crporryorh
BIIPOBADKCHHS MOJICICH /I KOPUCTYBaviB 0e3 TIIHOOKHX 3HAHb MPOrpaMyBaHHs. TakoX IMPOBEICHO OIVIA CYY4aCHHX ITyOriKa-
i, SIKi MATBEpAXKYIOTh MPAKTHYHY [IHHICTH MAIIUHHOTO HABYAHHS B PealibHUX Kekcax. 3araaoM JOCIiIKEeHHs 3aCBIYHIO, [IO
MAIlIMHHE HABYaHHS € KJIIOYOBUM PYIIieM eBooLii MetoaiB Data Mining, J03BOJIsI04HM 3/1HCHIOBAaTH TOYHY, MaciTaboBaHy Ta
azanTUBHY 00pOOKY MaHMX B yMOBax cydacHoi 1udpoBoi Tpancdopmariii. BucHoBKku. MalliiHHe HABYaHHS 3HAYHO PO3IIHPHIIO
MOXKJIMBOCTI IHTENIEKTYaJbHOTO aHaJi3y JaHUX, 3a0e3Medyloud aBTOMAaTHYHE BHUSBJICHHS 3aKOHOMiPHOCTEH, MPOrHO3YBAHHS Ta
MPUIHATTS PIllleHh HA OCHOBI BeJHMKUX 00csriB iH(popmalii. Y poboTi moka3zaHo epeKTHUBHICTh Pi3HUX AITOPHTMIB Y 3aqadax
knacudikalii, kKiactepusaiii, perpecii Ta rmubokoro HaB4aHHs. [HCTpyMeHTH Ha ocHOBI Python Ta xmapHi mmardopmu BU3HaHI
HAM3PYYHIMIMME TS peartizanii aHamiTHIHUX Mozeneil. [lepcreKTHBHUM HanpsiIMOM € pO3BUTOK TosicHioBanbHoro 1111 Ta ribpu-
JIHUX TTiIXO/iB, 10 MOEAHYIOTh AITOPUTMIYHY TOUHICTH 3 TAITy3€BOI0 EKCIIEPTHU30I0.

KuawuoBi cioBa: iHTeIeKTyalbHUN aHAI3 JaHUX, MAIIMHHE HaBYaHHA, Kiacupikais, KiIacTepu3allis, perpecis, Tiu-
O0Ke HaBYaHHsI, HEHPOHHI MepesKi, IHCTpyMeHTH aHamiTiKH, Data Mining, CRISP-DM, AutoML, Benuki qaui, Python.
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