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The article examines the application of machine learning methods for forecasting the
profitability of certain banking products. The importance of introducing intelligent
algorithms in the banking sector is emphasized, which is due to the need to improve the
accuracy of financial forecasts, minimize risks and improve strategic management. The
relevance of using machine learning in the context of growing competition in the banking
sector, tightening regulatory requirements, and the need to strengthen the financial stability
of banking institutions is substantiated. It is shown that traditional econometric models
have a limited ability to account for nonlinear dependencies, which limits their
effectiveness in a rapidly changing economic environment. The study examines the main
determinants of the profitability of banking products, including interest margin, operating
expenses, credit risk, macroeconomic factors, and regulatory constraints. It explores the
use of machine learning to build adaptive predictive models that can identify hidden
patterns in financial data and provide more accurate estimates of the future profitability
of banking products. The efficiency of key algorithms, including linear and logistic
regression, decision trees, ensemble methods and neural networks, is analyzed. It is
shown that neural networks have the highest level of predictive accuracy, but their
implementation requires significant computational resources. The study proves that the
introduction of machine learning in predicting the profitability of banking products
helps to improve the accuracy of financial estimates, reduce risks and improve the
strategic planning of banking institutions.
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Introduction and problem statement

Predicting the profitability of individual bank
products is one of the key tasks in modern financial
management, as it directly affects strategic planning,
optimization of the loan portfolio, and the efficient
use of capital. In this regard, there is a growing need

One of the most promising tools in this context is
machine learning methods, which open new
opportunities for processing large volumes of data,
constructing complex models, and identifying hidden
patterns in financial information.

Traditional approaches to forecasting the

for innovative approaches that enable highly accurate
assessments of future financial outcomes, considering
the multifactorial nature of banking operations and
the dynamic changes in the economic environment.
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profitability of banking products widely utilize
econometric methods; however, they are often limited
in their ability to account for nonlinear dependencies
and the variability of external factors. The use of
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machine learning algorithms helps to overcome these
limitations, improving forecast accuracy through
adaptive analysis of historical data and rapid trend
detection. In particular, deep learning methods,
ensemble modeling, and regression analysis with neural
networks demonstrate a high level of predictive
accuracy, providing banks with significant competitive
advantages.

The relevance of this research is driven by
increasing competition in the banking sector, the
tightening of regulatory requirements, and the need
to enhance the financial stability of banking institutions.
In the current environment of economic instability
and financial market volatility, effective forecasting of
the profitability of individual banking products has
become a crucial element of risk management and
strategic decision-making. The application of machine
learning not only improves the quality of forecasts
but also minimizes risks associated with the
underestimation or overestimation of financial
outcomes for specific banking instruments.

The issue of utilizing machine learning for
optimizing banking operations is gradually gaining
attention among domestic researchers. In particular,
the study by Pavliuchenko D.M. [1] explores the
implementation of these technologies in the banking
sector. The author highlights that the integration of
Al and machine learning can facilitate the identification
of financial risks, improve financial forecasting, and
automate the analysis of accounting and financial data.

The article by Chornovol A.O., Honcharuk Ya.M.,
Khelemenyka Ye.I., and Kysylytsia S.O. [2] examines
the potential of Al in enhancing forecast accuracy,
detecting fraudulent schemes, and optimizing the
management of credit and insurance risks. Additionally,
Yakovlev A.A. and Yatsenko R.M. [3] investigate the
application of machine learning models for assessing
the financial stability of banks.

Thus, the analysis of scientific sources indicates
the growing role of artificial intelligence and machine
learning in the banking sector, particularly in the
context of financial forecasting, risk management, and
financial stability assessment. These studies emphasize
the necessity of implementing modern technologies
to enhance the efficiency and reliability of banking
services.

The purpose of the article

The objective of this study is to justify the
feasibility of using machine learning in forecasting
the profitability of banking products and to identify
optimal approaches for constructing effective predictive
models. A key aspect of this research is the analysis
of the accuracy of various machine learning methods,
comparison of their predictive capabilities, and the

development of recommendations for their practical
application in banking operations.

The theoretical and practical significance of the
study is to improve the methodological framework for
financial forecasting, which will contribute to
enhancing the efficiency of financial planning and
ensuring the stable development of banking institutions.

Presentation of the main material

The profitability of banking products is a key
indicator of the financial efficiency of banking
operations and determines the stability and
competitiveness of a financial institution in a dynamic
economic environment. It reflects the bank’s ability
to generate financial returns from its products and
services while considering income levels, costs, risks,
and market conditions. The economic nature of
banking product profitability is based on a combination
of revenue generation, the cost of financial operations,
and regulatory influence, which collectively shape a
bank’s profit strategy.

The primary determinants of banking product
profitability include net interest margin, operational
costs, credit risk levels, macroeconomic factors,
competitive pressure, regulatory changes, and financial
market dynamics. The net interest margin represents
the difference between income from lending and the
cost of acquiring financial resources, serving as the
primary source of profit for most banks. Operational
costs, which encompass administrative, technological,
and marketing expenses, directly impact financial
performance and require efficient management to
minimize their effect on overall profitability.

The level of credit risk directly influences the
formation of provisions for potential losses, which, in
turn, reduces the bank’s net profit. Additionally,
macroeconomic factors, such as inflation rate, central
bank policy rates, exchange rate fluctuations, and overall
business activity, are significant determinants of banking
sector financial performance. Market conditions and
regulatory changes in the banking sector also play a
critical role in shaping the profitability of banking
products, as they define acceptable risk thresholds and
establish capitalization and liquidity requirements [4].

Traditional methods for forecasting the
profitability of banking products rely on econometric
models, statistical techniques, and financial analysis.
The primary approaches include trend analysis,
regression modeling, time series analysis, and factor
analysis. However, classical forecasting methods exhibit
several substantial limitations, including the inability
to account for complex interactions among financial
variables, a lack of adaptability to rapid market
fluctuations, and limited capacity for processing large
volumes of data.

Specifics of predicting the profitability of individual bank products based on machine learning
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A fundamental challenge of traditional approaches
is their reliance on linear models, which do not always
adequately capture real-world financial processes, given
the multifactorial and highly volatile nature of banking
activities. Furthermore, classical methods often overlook
nonlinear effects driven by behavioral market factors,
leading to inaccurate predictions, particularly during
economic crises or periods of financial instability.

One of the key drawbacks of traditional models
is their limited ability to update predictive estimates
in real time. Given the constantly evolving
macroeconomic and regulatory landscape, the banking
sector requires more adaptive approaches to analysis
and forecasting. In this regard, machine learning
techniques have gained significant relevance, as they
enable the identification of intricate patterns and
interdependencies among variables, thereby improving
the accuracy of profitability predictions for banking
products [5].

Machine learning has emerged as a highly
effective tool for financial forecasting in the banking
sector, leveraging algorithms capable of autonomously
detecting trends in large datasets and dynamically
refining models in response to market fluctuations.

Financial forecasting through machine learning
incorporates various methodologies, including linear
and logistic regression, decision trees, neural networks,
random forests, and gradient boosting algorithms.
While linear and logistic regression serve as
fundamental techniques for quantifying the impact of
individual factors on financial outcomes, decision trees
and ensemble methods facilitate the analysis of
complex, multidimensional relationships.

Neural networks stand out as particularly powerful
machine learning models, adept at capturing nonlinear
dependencies and uncovering hidden trends in financial
data. The advancement of deep learning, which utilizes
multi-layered neural network architectures, further
enhances predictive accuracy by allowing models to
adapt to the ever-changing economic environment
with greater precision.

The integration of machine learning into the
banking sector offers vast opportunities for enhancing
the accuracy of financial forecasting, mitigating risks,
and improving the management of banking product
profitability. As a result, it has become one of the key
tools in financial analytics in the 21st century.

Machine learning methods have become an
integral part of modern financial analysis and
forecasting, providing more precise and flexible models
for assessing the profitability of banking products.
The selection of a specific algorithm depends on the
complexity of the task, the structure of the input data,
and the required forecasting accuracy. The primary

categories of machine learning methods used in
financial forecasting include linear models, tree-based
algorithms, ensemble methods, and neural networks.

Linear models, such as multiple linear regression
and logistic regression, serve as fundamental tools for
evaluating relationships between financial variables and
predicting profitability. These methods are particularly
effective when there is a linear correlation between
predictors and the target variable. However, their
accuracy diminishes when modeling complex
nonlinear processes, making them less suitable for
capturing intricate financial dependencies.

Tree-based algorithms, including Classification
and Regression Trees (CART), are capable of capturing
complex relationships between variables. These models
provide interpretability in decision-making, making
them useful for financial applications. However, they
are prone to overfitting, which can reduce the model’s
generalization ability, particularly when dealing with
highly variable financial data.

Ensemble methods, such as Random Forest and
Gradient Boosting, significantly enhance forecasting
accuracy by aggregating the outputs of multiple
individual models to produce an optimal prediction.
These techniques exhibit high efficiency in financial
analysis, particularly when handling a large number
of input variables. By combining multiple weak
learners, ensemble methods mitigate the risk of
overfitting while improving the robustness and precision
of financial models [6].

Neural networks, including Multilayer
Perceptrons (MLP) and Deep Neural Networks
(DNNs), excel in modeling complex nonlinear
dependencies. These models are particularly effective
when dealing with high-dimensional data with
significant noise. However, their application requires
substantial computational resources and a sufficiently
large volume of training data to achieve reliable
predictions [7].

Thus, the selection of the most suitable machine
learning method for predicting the profitability of
banking products depends on the specific nature of
the problem, the availability of historical data, and
the required accuracy of predictive estimates.

The quality of forecasting is directly influenced
by the correct formation of the data sample and its
preprocessing. The process of preparing data for
machine learning involves collection, cleaning,
normalization, and transformation to enhance model
accuracy and ensure the reliability of predictions.

For forecasting the profitability of banking
products, both internal and external data sources are
utilized:

— internal data includes the bank’s financial
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indicators, customer transaction history, credit ratings,
deposit program conditions, and investment portfolio
details;

— external data consists of macroeconomic
indicators, market trends, regulatory changes, and
geopolitical factors that may impact the bank’s
financial stability.

Before applying machine learning algorithms,
data undergoes a cleaning process, which involves
removing missing or incorrect values and normalizing
variables to ensure the correctness of the modeling
process. Another crucial step is feature engineering,
which involves creating new predictive variables based
on existing data to enhance forecasting accuracy and
improve model performance.

An optimal data split involves dividing the dataset
into training, validation, and test sets, ensuring that
the model generalizes well and mitigating the risk of
overfitting. The use of cross-validation is a crucial
component of the model training process, as it helps
assess the stability of predictions and fine-tune model
parameters to enhance performance.

Regression models, particularly multiple linear
regression and logistic regression, serve as fundamental
methods for financial forecasting. These models help
quantify the impact of individual profitability
determinants on overall financial outcomes. However,
their effectiveness is limited when it comes to capturing
complex nonlinear dependencies [8].

Neural networks have demonstrated high
efficiency in financial analysis, enabling the
construction of adaptive models for banking product
profitability forecasting. In particular, Multilayer
Perceptrons (MLP), Recurrent Neural Networks
(RNNSs), and Convolutional Neural Networks (CNNs)
represent promising directions in financial prediction
[9-10]. These methods allow for the analysis of
temporal patterns and dynamic trends in financial
data, making them particularly useful for time-series
forecasting.

Ensemble methods, such as Random Forest and
Gradient Boosting, enhance prediction robustness by
combining the outputs of multiple weaker models.
Random Forest leverages randomized variable selection
to construct independent decision trees, while Gradient
Boosting sequentially corrects the errors of previous
models, progressively improving forecasting accuracy.

The effectiveness of machine learning models is
assessed based on key forecasting metrics, the most
commonly used of which include mean squared error
(MSE), mean absolute error (MAE), the coefficient
of determination (RI), and logarithmic loss (Log Loss).
To enhance the accuracy of predictions, it is essential
to test models on real financial data from banks and

evaluate their adaptability to changes in market
conditions. The use of regularization techniques, such
as Lasso and Ridge regression, helps prevent overfitting
and improves model robustness against variations in
the dataset [14].

Thus, the application of machine learning
methods in forecasting the profitability of banking
products significantly improves prediction accuracy,
which is a critical component of strategic management
in banking operations.

Within the empirical study, three primary
categories of banking products that hold strategic
importance for a bank’s profitability have been selected:

— credit products;

— deposit programs;

— investment instruments.

Credit products represent one of the key revenue
streams for banks, as they generate interest income
and directly impact credit risk levels. The profitability
analysis of credit products considers various parameters,
including:

— average interest rate;

— level of non-performing loans (NPLs);

— dynamics of loan issuance volumes;

— regulatory constraints.

These factors determine the risk-adjusted
profitability of credit operations and influence the
overall financial stability of the banking institution.

Deposit programs form the funding base of the
banking system and determine the cost of attracted
capital. Key factors influencing the profitability of deposit
products include: trends in deposit interest rates; structure
of the deposit portfolio; bank liquidity levels.

These factors play a crucial role in forecasting
the profitability of deposit programs, as they directly
affect the availability of financial resources and the
overall cost of capital for lending and investment
activities.

Investment instruments, such as government bonds,
corporate securities, and interbank market operations,
are essential components of a bank’s financial strategy.
The profitability of these instruments is analyzed based
on: market volatility; yield levels; regulatory requirements
for banking investments (Table 1)

The effectiveness of investment decisions is
critical for maintaining financial stability, optimizing
capital allocation, and ensuring compliance with
prudential banking regulations.

To enhance the accuracy of banking product
profitability forecasting, we recommend leveraging
machine learning techniques that have proven to be
highly effective in financial analysis. These include
multiple linear regression, random forests, gradient
boosting, and neural networks.

Specifics of predicting the profitability of individual bank products based on machine learning
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Table 1
Characteristics of Banking Products for Forecasting
Banking Product Source of Income Key Risks Key Profitability Factors
L Credit risk, liquidity, Interest rate, default rate, loan volume
o0ans Interest Income g
macroeconomic changes
Deposits The dif_ference between the _Liquidity, changes in Size of the deposit portfolio, structure of
borrowing and placement rate | interest rate policy borrowed funds
Investments Income from bonds, shares Market volatility, currency Return on _assets risk level, changesin
and other assets risk, regulatory restrictions | the securities market

Source: generalized by the author according to [7-8, 12-13].

Model training should be based on real financial
data from banks, spanning the last five years, and
should incorporate macroeconomic indicators, interest

rate dynamics, banking transaction volumes, and
regulatory requirements (Table 2).

Table 2

Structure of Financial Data for Model Training

Variable

Description

Unit of Measurement

Average Interest Rate

Interest Rate on Loans and Deposits

%

L oan Issuance Volume

Total Volume of Credit Operations

Million UAH (min UAH)

Default Rate

Share of Non-Performing Loans (NPLS)

%

Bond Yield

Average Yield of Government and Corporate Bonds

%

Overall Liquidity Level

Share of Liquid Assetsin Total Balance

%

Gross Domestic Product (GDP)

Overall Level of Economic Development

Billion UAH (bin UAH)

Source: compiled by the author

To assess the effectiveness of profitability
forecasting, the following metrics can be used: Mean
Squared Error (MSE), Mean Absolute Error (MAE),
and the coefficient of determination (RI). Based on
generalized observations, it is evident that neural
networks provide the highest prediction accuracy,
as they most effectively capture nonlinear
relationships between variables. Random forests and
gradient boosting also demonstrate high efficiency,

whereas linear regression has limited predictive
capability due to the complexity of financial
processes [13].

Macroeconomic conditions and government
regulation play a crucial role in shaping the profitability
of banking products. The analysis incorporates the
impact of central bank interest rate fluctuations,
inflation levels, changes in tax legislation, and foreign
exchange market dynamics (Table 3).

Table 3

Impact Level of Macroeconomic Factors on the Forecasted Profitability of Banking Products

Factor Impact on Loans Impact on Deposits | Impact on Investments
Central Bank Interest Rate High Medium High
Inflation High Low Medium
Exchange Rate Medium High High
Regulatory Requirements High High Medium

Source: compiled by the author

The findings of this study confirm that the
implementation of machine learning significantly
enhances the accuracy of banking product profitability
forecasting, contributing to effective financial risk

management and strategic planning in banking
operations.

Profitability modeling in the banking sector
requires adapting machine learning methods to the
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specific characteristics of financial markets, which are
characterized by high volatility, strict regulatory
requirements, and complex multifactor dependencies.
This necessitates specialized approaches to predictive
model development.

One of the key areas for improvement is the
selection of optimal predictors. The application of
correlation analysis and feature selection techniques,
such as LASSO regression or the SHAP algorithm,
enables the identification of the most influential
variables affecting banking product profitability.

Another critical aspect is adjusting for seasonality
and cyclicality in banking processes. For instance,
loan demand may fluctuate based on macroeconomic
cycles, changes in interest rates, or regulatory
constraints. The use of Recurrent Neural Networks
(RNNs) and deep learning methods such as Long
Short-Term Memory (LSTM) allows for a more
effective prediction of these patterns [13].

In addition, the application of data augmentation
techniques and adaptive learning (Transfer Learning)
enhances the resilience of models to financial market
fluctuations, which is particularly crucial during periods
of economic instability.

Ensemble machine learning methods have
proven to be among the most effective approaches for
improving forecasting accuracy in financial analysis.
The use of algorithms such as Random Forest,
Gradient Boosting (XGBoost, Light GBM, CatBoost),
and model stacking (Stacking) allows for the
combination of different algorithms’ strengths while
mitigating their weaknesses. Hybrid models, which
integrate multiple machine learning techniques, further
improve prediction accuracy. For example, combining
neural networks with gradient boosting can create a
balance between model flexibility and interpretability.

For the effective implementation of machine
learning in the banking sector, several practical
considerations must be taken into account to ensure
the seamless integration of analytical tools into financial
operations. One of the key aspects is the adoption of
modern analytical platforms, particularly cloud-based
solutions such as AWS, Azure, or Google Cloud,
which facilitate automated computations and enable
secure storage of large datasets.

Another crucial factor is the regular updating of
models, ensuring that they are continuously trained
on up-to-date financial data while accounting for
macroeconomic shifts and customer behavior patterns.
This allows machine learning algorithms to remain
highly adaptive in dynamic market conditions,
improving their predictive reliability and effectiveness.

Since complex machine learning models require
significant computational resources, it is crucial to

implement optimization techniques, such as distributed
computing and hyperparameter tuning, to reduce
computational costs and improve model performance.
Another critical aspect is the adoption of Explainable
Al (XAI), which ensures the transparency of predictive
models, an essential factor for financial regulation
and banking supervision. Compliance with
explainability requirements is key to ensuring the
proper use of algorithms under regulatory oversight.

Beyond technical considerations, special attention
should be given to the training of banking analysts,
who must be proficient in machine learning
fundamentals, financial data processing techniques,
and the effective use of analytical tools in daily banking
operations [3-4].

Despite the significant advantages of machine
learning in the banking sector, its application is
associated with several risks that may impact forecast
accuracy, operational efficiency, and regulatory
compliance.

One of the most critical risks is overfitting, where
a model exhibits high accuracy on training data but
fails to generalize well to new real-world observations,
potentially leading to erroneous financial forecasts.
Another major concern is regulatory non-compliance,
as the use of so-called «black-box models», where
decision-making processes are difficult to interpret,
may contradict financial regulators’ requirements for
model explainability and transparency in forecasting.

Another critical challenge is ensuring
cybersecurity and data protection, as the use of
confidential financial information in machine learning
processes requires strict adherence to security standards
and access control measures. Additionally, high
computational costs remain a significant concern, as
complex algorithms demand substantial computational
resources for training, potentially increasing operational
expenses for banks.

Moreover, the stability of models in crisis
situations must be carefully considered. During periods
of financial instability, the accuracy of machine
learning algorithms may significantly decline due to
changing macroeconomic conditions, necessitating the
implementation of adaptive mechanisms for adjusting
forecasts [14].

Thus, the integration of machine learning into
banking analytics requires a comprehensive approach
that includes:

— technical optimization of models;

— regulatory compliance assurance;

— enhancing transparency in predictive
algorithms;

— reducing operational costs;

— implementing risk mitigation measures related

Specifics of predicting the profitability of individual bank products based on machine learning
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to Al adoption in the financial sector.

Table 4 presents an evaluation of the key risks
associated with machine learning applications in the
banking sector.

Thus, the optimization of machine learning
models and the implementation of appropriate risk
control mechanisms are essential components for the
effective utilization of technology in the banking sector.

Table 4

Risk Analysis of Machine Learning Implementation in Banks

Risk Type Description Mitigation Strategies
Overfitting The model fits the training data too precisely | Use cross-validation, regularization techniques (Lasso,
but performs poorly on test data Ridge), and ensemble learning.

Regulatory Lack of explainability in predictions may Implement Explainable Al (XAl), use interpretable

Constraints contradict supervisory requirements models, and comply with financial regulations
Cybersecurity Risk of dataleaks and attacks on the model Apply encryption, access control, and secure cloud

infrastructure
. . . Optimize model complexity, use distributed computing,
High Costs Computational resources can be expensive and employ cloud-based solutions

Source: compiled by the author

Conclusions

The findings of this study confirm that machine
learning methods are an effective tool for forecasting
the profitability of banking products. The theoretical
analysis of forecasting methodologies highlighted the
limitations of traditional econometric models, which
often fail to account for nonlinear dependencies and
dynamic market fluctuations. The study substantiates
the advantages of modern machine learning algorithms,
particularly gradient boosting, random forests, and
neural networks, which provide higher predictive
accuracy compared to classical methods.

The study further establishes that the effectiveness
of profitability forecasting largely depends on data
quality, the selection of relevant variables, and model
adaptation to macroeconomic conditions. The
modeling results confirm that ensemble methods and
hybrid models effectively mitigate the weaknesses of
individual algorithms, enhancing prediction accuracy.
Additionally, incorporating macroeconomic and
regulatory factors is crucial for avoiding significant
forecasting errors in long-term financial assessments.

The future development of profitability forecasting
models in banking lies in the implementation of deep
neural networks, adaptive learning techniques, and

the integration of predictive analytics into financial
information systems. One of the key areas for further
research is the development of interpretable artificial
intelligence models (Explainable Al, XAlI), which will
enable the combination of high predictive accuracy
with regulatory transparency requirements. Another
promising direction is the advancement of online
learning techniques, which will allow predictive models
to dynamically adjust to real-time market fluctuations.

The practical significance of the obtained results
lies in their potential application for optimizing banking
financial strategies, improving risk management
efficiency, and enhancing decision-making processes
related to pricing and structuring banking products.
The adoption of machine learning models will
contribute to minimizing credit risk, optimizing
liquidity management, and strengthening banks’
competitive positions in the financial market.

The results of this research can be utilized by
banking institutions, financial analysts, and regulatory
authorities to enhance predictive analytics and develop
strategic approaches for the sustainable growth of the
banking sector in response to rapid economic changes.
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OCOBJINBOCTI ITPOTHO3YBAHHA
MMPUBYTKOBOCTI OKPEMUX IPOAYKTIB BAHKY
HA OCHOBI MAHIMHHOI'O HABYAHHA

Cmpeavuenko Inna, Cmoeniii /[mumpo,
Cmpeavuenko Anamoaiii

Y cmammi pozeasnymo 3acmocysanns memoodie MauluH-
HO20 HABYAHHS 05 NPOCHO3YBAHHS NPUOYMK0BOCMI OKPeMUx 0aH-
Kiscokux npodykmis. Iliokpecieno eajxcaugicmos 8npo8ad’CeHHs
iHmeneKmyanbHux aneopummie y O0aAHKIBCbKOMY CeKmopi, ujo 3y-
MOBACHO HeO0OXIOHIicmI0 NiOGUUWEHHS MOYHOCMI (QIHAHCOB8UX
NPOCHO3I8, MIHIMI3aUYii pusuKie ma NOKPAWEHHs CMpameiyHo20
ynpaeéninua. OOIPYHMOBAHO AKMYAAbHICMb GUKODUCMAHHSA Md-
WUHHO2O0 HABYAHHS 8 YMOBAX 3POCMAHHA KOHKYPeHUii 6 OaHKi-
BCLKOMY CeKMOpi, NOCUNCHHS PeyAsimOPHUX UMOe ma HeooXio-
Hocmi 3MiyHeHHs (hiHanco8oi cmilikocmi OAHKIBCOKUX YCMAHOG.
Ilokaszano, wo mpaduyitini ekoHoMempu4Hi Modesi Maromeo
o0MmediceHy 30amHicmb 8paxoey8amu HeAiHIUHI 3a1elNCHOCMI, W0
obmedxncye ix egpexmueHicmov y w8UOKO3IMIHHOMY €KOHOMIYHOMY
cepedosuuyi. Y docaidncenni npoananizoeano 0CHOGHi demepmi-
Haumu npubymKoeocmi OAHKIBCbKUX NPOOYKMIE, 30Kpema npo-
YEHMHY Mapicy, onepayitni eumpamu, KpeOumuui pusuk,
MAKpPOEKOHOMIMHI pakmopu ma pecyaimopHi 00MedceHHs.
Y Hvomy docaidwcyemocs 6uKopucmants MAuWUHHOS0 HABUAHHS
o0ns nobyoosu adanmueHux NpPOSHO3HUX Modeneli, AKi MONCYMb
BUABASMU NPUXOBAHI 3AKOHOMIPHOCIMI Y (DiHAHCO8UX OaHUX [ Ha0a-
eamu Oinbul MOYHI OYIHKU MAUOYMHbOI npudymrKoeocmi 0aHKieC,-
Kux npodykmis. Ilpoananizoeano egekmugHicms KAOY08UX
aneopummie, 8KAUAIOMU NIHILHY ma A02iCMU4Hy peepecito, depe-
6a piwienv, ancambnesi memoodu ma HelponHi mepexci. Ilokaza-
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HO, W0 HeUpOHHI Mepedci Malomv HAUGUWUL PIGeHb MOYHOCMI
NpocHO3Y8aHHs, ane iX peanizauis nompedye 3HAYHUX OOHUCIO-
sanvHux pecypcie. Jlocaioncenns 00600umo, wWo 6NPOBAONCEHHS
MAUWUHHO20 HABHYAHHA 6 NPOCHO3Y8AHHA NPUOYMKOBOCMI
OaHKIBCOKUX NPOOYKMI6 CNPUSE NIOBUUEHHIO MOYHOCMI (DiHAH-
COBUX OUIHOK, 3HUICEHHIO DU3UKIE mda NOKPAWeHHIO cmpameeid-
HO20 NAGHYBAHHA OAHKIBCOKUX YCMAHO8.

KniouoBi ciaoBa: mporHo3dyBaHHsS NMpUOYTKOBOCTI,
0aHKiBCbKi MPOAYKTH, MAllIMHHE HAaBYaHHS, IUTYYHUI iHTEIEKT,
HEHpPOHHI Mepexi, rpadieHTHUI OYCTUMHT, (hiHAHCOBI PU3UKMU,
aganTUBHI MOJEI.
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The article examines the application of machine learning
methods for forecasting the profitability of certain banking products.
The importance of introducing intelligent algorithms in the banking
sector is emphasized, which is due to the need to improve the
accuracy of financial forecasts, minimize risks and improve strategic
management. The relevance of using machine learning in the context
of growing competition in the banking sector, tightening regulatory
requirements, and the need to strengthen the financial stability of
banking institutions is substantiated. It is shown that traditional
econometric models have a limited ability to account for nonlinear
dependencies, which limits their effectiveness in a rapidly changing
economic environment. The study examines the main determinants
of the profitability of banking products, including interest margin,
operating expenses, credit risk, macroeconomic factors, and
regulatory constraints. It explores the use of machine learning to
build adaptive predictive models that can identify hidden patterns
in financial data and provide more accurate estimates of the future
profitability of banking products. The efficiency of key algorithms,
including linear and logistic regression, decision trees, ensemble
methods and neural networks, is analyzed. It is shown that neural
networks have the highest level of predictive accuracy, but their
implementation requires significant computational resources. The
study proves that the introduction of machine learning in predicting
the profitability of banking products helps to improve the accuracy
of financial estimates, reduce risks and improve the strategic
planning of banking institutions.

Keywords: profitability forecasting, banking products,
machine learning, artificial intelligence, neural networks,
gradient boosting, financial risks, adaptive models.
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