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This study intends to predict Return on Assets (ROA) and assess the significance of several key dependent
variables, including Profit per Outlet, Profit per Employee, Natural Logarithm of Assets (In(assets)), and Loan to Deposits
Ratio. In this respect, decision tree regression is employed as the major analytical tool. Within the scope of quarterly data
sourced from some leading Albanian banks, such as American Bank of Investments, Banka Kombétare Tregtare, Credins
Bank, Fibank, Intesa Sanpaolo Bank, ProCredit Bank, Raiffeisen Bank, Tirana Bank, and Union Bank, data spanning from
January 2016 to December 2022 were taken and used in this analysis. Data collection was done through the website of the
Albanian Association of Banks. The following section presents all the relevant information on the selected model, mean
squared error (MSE) for training data at 0.5988 and for test data at 0.8912, mean absolute error (MAE) of 0.4764 for the
training data and 0.6257 for the test data, and R-squared (R?) at 0.7706 for training data and 0.4244 for test data. All the
findings clearly show that decision tree regression is very effective in the prediction of ROA and also helps in elucidating the
relative importance of the selected dependent variables within the context of Albanian banking institutions.

Albanian banks; feature importance; machine learning; return on assets.
C87; E44; G21; G28.

The financial health of the banking sector is an important sign of economic progress; it reflects not only the health
of financial systems but also more general global economic trends. As concerns on predicting profitability rise for
investors, central banks, and other stakeholders over time, since banks come to be regarded as the platform for
more capital allocation and growth, predicting bank profitability has become a matter of great concern among all
stakeholders. While revenue generation and risk management are central to profitability, the array of
macroeconomic conditions, regulatory policies, and innovative technological advancements among others all
carry their own subtleties. An important profitability statement is the forecasting of bank profitability that may help
in strategic decision-making, investment evaluation, regulatory oversight, and policy formulation. If one examines
the banking landscape and even beyond with technological innovations and regulatory changes, forecasting
profitability becomes quite important to navigate uncertainties and seize opportunities. The originality of this
research lies in the fact that it applied these innovative decision tree methodologies to the Albanian banking
sector, which is relatively unexplored in the literature.
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This research makes a more detailed contribution to the literature with respect to targeted statistical
methods in analyzing bank profitability through the application of decision tree analysis in discovering intricate
patterns and relationships that might have been overlooked by conventional methods applied earlier in previous
studies. Of importance to this work, therefore, is the fact that if successful, it will help both policymakers and
banks to obtain more accurate and actionable insights for making informed decisions aimed at improving
profitability and sustainability in one of the world's most dynamic financial environments.

Bank profitability has been a subject of extensive scholarly interest, with many researchers focusing on the
different aspects of this complicated issue. The present study uses a cross-sectional framework, combining the
Operational Model and the MLR techniques, to create a flexible, well-specified regression model able to predict
and explain bank profitability at high accuracy. Numerous studies have made efforts towards deriving the
determinants of bank profitability, using various methods and frameworks.

Based on the results of Elamir (2020), the investment decision-making issue is solved through prediction
models with machine learning methods such as linear regression, regression tree, pruned regression tree,
conditional inference tree, and cubist regression. The study was conducted on eight MENA countries for the
analysis of sixty-three banks, comprising 630 observations of data. The dataset was divided into training (2008-
2017) and testing (2018) sets for model development and validation, respectively. Evaluation metrics used for
model assessment are Root Mean Square Error, R-squared, and Mean Absolute Error. It is noted that out of the
many models tested, the best one was the cubist regression one and it outperformed all others with a tremendous
margin. This cubist regression has attained a 96% R-squared for training data, providing very good predictive
performance compared to other models. It is interesting that total assets, bank book value, and total liability have
emerged as the major determinants of the earnings per share, therefore pointing the way for bank managers to
strengthen financial market stability. The research thus highlights the need for the application of multiple
techniques to face multidimensional data, leaving a scope for future research involving further use of financial and
non-financial data sources.

Wei et al. (2021) did research work on the prediction of various features for the measurement of
performance in commercial banks with boosting regression trees. It is different from the previous studies focusing
on singular characteristics and involved a more comprehensive view by exploring multidimensional attributes.
They introduced an adaptively reduced step size gradient boosting regression tree algorithm well-suited for the
bank data and performed better than existing classification methods, like BIRCH. Data from 30 provinces in China
was used to conduct a hierarchical cluster analysis, which identified four distinct groups of banks. Particularly,
they found that NPLR has a relatively higher coefficient than many other performance evaluation items, indicating
that NPLR itself has a better ability of discriminating between good and poor performance.

Atiku and Obagbuwa's (2021) takes an informative look at the performance contribution in the competitive
banking industry. They are interested in strategic human resource management by aligning organization’s goals
with HR strategies. They employed machine learning algorithms to predict bank performance using data collected
from 305 respondents via survey-based quantitative data. The results showed how skills, attitude, and behavior of
employees are important for better organizational performance, with accuracies between 74% and 81% when
using machine learning models. Employee attitude ranked supreme above other factors. Therefore, the research
shows that it is essential to focus on improving employee attitudes if one is to enhance performance within
Nigeria’s banking sector.

The Hamzeh F. Assous (2022) study tried to study the ratio in traditional and Islamic banks' efficiency in
Saudi Arabia. Using data from 2014 to 2018, from 11 Saudi banks, including 4 Islamic ones, which are annual
financial reports, research focuses on the different financial ratios regarding profitability, management practices,
assets, loans, and capital adequacy. In the beginning, the relationships between these financial measures and
the efficiency of the banks are assessed by means of regression analysis. Then, machine learning prediction
models like Support Vector Machine (SVM), CHAID, linear regression, and neural networks are used, where
feature selection techniques are applied. The study establishes that profitability, liquidity, and managerial
practices significantly affect the efficiency of both types of banks. The CHAID model was hence identified as the
best prediction model, and capital adequacy ratios, specifically CAR total and CAR tier 1, emerge as the most
important predictors of cost efficiency. The results can be significant for academia, investors, and policymakers
because they enable the development of early warning systems to anticipate financial distress scenarios.

Nguyen Minh Tuan's (2022) puts forward that the critical role played by financial deposits is most important
in the course of global health crises and economic downturns. Banks still wonder how to differentiate their
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customers, and some even go so far as to undergo a significant transformation in order to attract and retain
customers while others try to hold onto existing clientele. This calls for a more innovative approach rather than
just enthusiasm. In responding to this challenge, it requires more than just the use of basic tools; it needs
advanced tools like deep neural network models. By using these approaches, Nguyen will reveal a new
methodology through the models like LSTM, GRU, BILSTM, BiGRU, and SimpleRNN to extend analysis of
customer descriptions. Many prior research efforts have indeed concentrated more on the direction of algorithmic
models, although Nguyen's research only praises the contribution of deep machine learning. The outcomes
present GRU as attaining the highest accuracy of 90.08% at the 50th epoch, closely following BILSTM with
90.05%. These results are worth for banks to validate the fit of customers towards deposit products within a
highly competitive financial sector, with the aim of making wise choices.

According to the study by Hong Hanh Le and Jean-Laurent Viviani (2018), in order to predict the failure of
banks, both traditional statistical methods and machine learning techniques were compared. In analyzing the
results, they used data of around 3000 US banks for a time frame of five years. Within the provided period, they
noted that out of 3000, 1438 banks failed while 1562 survived. Among key aspects such as the quality of loans
and profitability, 31 financial ratios were introduced using methods such as discriminant analysis, logistic
regression, artificial neural networks, support vector machines, and k-nearest neighbors. The results indicated
that artificial neural networks and k-nearest neighbors had the most accuracy in predicting bank failures.

In their work, Appiahene et al. (2020) used Data Envelopment Analysis (DEA) with three machine learning
models in assessing and forecasting the efficiency of bank branches in Ghana. To this end, they analyzed the
efficiency of 444 bank branches at both deposit and investment stages using the criteria for the model application.
Efficient or inefficient classification of these banks was based on an 80% cutoff point. Three machine learning
algorithms were then used to predict efficiency; 70% of the bank branches were randomly selected for model
training and validation. The decision tree (DT) model, specifically using the C5.0 algorithm, performed
exceptionally, with the potential for practical application within Ghanaian banking. However, it stresses the need
for further improvement in deposit collection and investment efficiency. Appiahene et al. suggest in their work that
the best way to measure the efficiency of a bank is not simply by using the overall performance metric but by
using a comprehensive approach. The study also concludes that among the existing models, decision tree model
stands out as the most effective predictive tool. Future studies may need to explore other variables and
algorithms to further improve the accuracy in prediction.

Grzeta et al. (2023) investigate the effects of the Basel Il regulatory framework, which operates at a global
level and is incorporated into the law of all member states of the European Union, on bank efficiency and
profitability. Their study has particularly tried to answer the following question: How is the performance of banks
affected by the introduction of Basel Il and Basel 1l1? Bank performance variables that have been checked in this
research relating to bank performance are bank size and bank-specific and macroeconomic factors. The two-step
empirical approach was based on an analysis of data collected for 433 European commercial banks for the period
from 2006 to 2015. In the first step, the relative efficiency is estimated by applying the non-parametric data
envelopment analysis. In the second step, it applies the generalized method of moments in order to examine the
impact of various bank-specific variables, along with regulatory changes and macroeconomic variables, upon
bank performance in terms of both profitability and efficiency measures. The findings indicate that the effect of
regulation is very significantly related to bank size. For large and medium banks, the increased effect of new
regulation increases efficiency and profitability. Not so with the smallest banks, as added administrative and
regulatory challenges bring down their performance. Well, the findings indicate that big banks easily adapted to
the changing environment brought about by regulation, while for the smaller ones, such added pressure from the
new framework was unbearable. Therefore, it is postulated in this study that a one-size-fits-all approach to
regulation is not ideal and thus proposes a differentiated regulatory framework in pursuit of a level playing field
and systemic risk mitigation.

Prenaj et al. (2024) set up a research study that evaluated the various drivers of commercial banking
profitability for Western Balkans countries during the period 2010-2020. They took the return on assets and the
return on equity as the primary indicators of bank performance, and these were further evaluated in terms of their
determinants: non-performing loans, the number of banks, growth in real GDP, the unemployment rate, and
consumer price inflation. Their output showed that real GDP growth, the rate of unemployment, and inflation had
positive impacts on the performance of banks, whereas non-performing loans and the number of banks had
negative effects. The banking system in Kosovo also had an outstanding ROE performance, almost three times
higher than the regional average, with the highest percentage of unemployment. Further, Montenegro was weak
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at the beginning but showed year-by-year ROE improvements. The findings of this research study have very
important implications for the policy framers and regulators, especially in the Kosovo case.

Abu Khalaf and Awad (2024) assess how the liquidity risk impacts the profitability of banks in the Middle
East and North Africa region. Utilizing data compiled using Refinitiv Eikon for the 11-year period from 2012 to
2022, this research paper takes the dependent variable to be Return on Equity and the independent variable to
be liquidity risk, with controls for bank size, loan quality, inflation, GDP, income diversification, operational
efficiency, capital adequacy, and growth, in the context of 71 banks in MENA. In this case, the investigation is
conducted using OLS and panel regression estimates, both fixed and random effects, to assess the impact of
liquidity risk on the banks' profitability. As the results demonstrated, the bank size, the operational efficiency, and
the extent of non-performing loans all negatively affect the level of profitability, indicating that possibly larger
banks have higher operating costs and hence reduced levels of profitability, for the MENA region. On the other
hand, liquidity risk, capital adequacy, income diversification, and growth positively influence ROE, thus providing
support to the risk-reward theory that banks with better growth opportunities, higher capital adequacy, diversified
income sources, and higher liquidity risk experience greater profitability. The GMM is used to confirm the
robustness of these results.

The panel data regression model developed for Jigeer and Koroleva (2023) research contains variables
that measured and compared various internal and external factors affecting the commercial banks' profitability in
China's cities. The study pinpoints 16 listed city commercial banks, and these employ unbalanced data in the
period between 2008 and 2020. Use various panel data estimation methodologies like fixed effects, random
effects, and comparing them with pooled OLS to find the best-fitted model via statistical hypothesis testing. The
results of the study, in this respect, indicated that the said factors- bank size, capital adequacy, credit quality, and
operational efficiency- and external factors, in the form of provincial GDP, and inflation, significantly impact
profitability, while liquidity does not. The current study contributes to the existing literature on the identification of
key determinants of the situation related to Chinese bank profitability in the creation of practical insights for
banking management, regulators, as well as municipal and state authorities.

In their study, Dogan and Yildiz (2023) tried to find both internal and external factors which affect banks'
profitability in Turkey. The data was derived from 23 public, private, and foreign banks from 2007 to 2020 for the
analysis. ROE and ROA indicators are applied for profitability measures, and Dynamic GMM and Fixed Effect
Model methods used in trying to enhance model reliability. The results show a positive and significant relationship
between inflation and GDP growth rates with both ROA and ROE. In addition, the GMM results depict a positive
relationship of ROA and ROE with their respective 1-year and 2-year lags that evidence consistency in profitability
in the Turkish banking sector.

O’Connell (2022) examined the impact of bank-specific, industry-specific, and macroeconomic factors on
the profitability of the UK banks using an extended analysis period and pioneering econometric methods. This
paper emphasizes that good capital ratios along with increased shares of short-term liquid assets determine bank
profitability. It is, in addition, revealed that banks with efficient funding strategies and increased labor productivity
tend to perform profitably - while operating expenses negatively influence it slightly. They could not establish any
economies of scale or did any evidence back structure conduct performance (SCP) hypothesis. This implies that,
all matters being constant, concentration does not influence profitability. Macroeconomic variables such as pair,
also are essential variables, that add up to bank performance. The study suggests that macro-UK banks thrive
well in a high interest environment together with high loan growth; though of late, the UK economy has been
shaky because of Brexit and COVID-19, which has seen reduced rates of loan growth. Moreover, the recent
growth in the economy of the UK and rising expectations for interest rates might eventually increase the
profitability risks of the banks.

Amaral (2024) examined the profitability of Portuguese and Spanish banks for the period 2014 - 2019,
which has remained low despite partial recovery in recent years. The research assesses the factors impacting
bank profitability by using two econometric models with return on assets and return on equity as dependent
variables, and seven independent variables: size, loans, credit risk, and solvency. The findings of the study
established that credit risk had the most negative impact on profitability in both banking systems, while solvency
positively influenced profitability in the Portuguese banking sector. Moreover, operating efficiency has a negative
effect on profitability in Portuguese banks, hence revealing the influence of internal factors on bank performance.
Although the study offers valuable insights for bank decision-makers and regulators, it puts forward a self-
constraining view with respect to limitations owing to small sample size and the relatively short period of time in
the analysis. Further studies should expand samples and periods of analysis and further test additional financial
and non-financial indicators that affect bank profitability.
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By using a sample of 125 local Italian banks for the period 2006-2018, Cocozza and Curcio (2024)
investigated drivers of net interest margin and interest rate risk exposure. They stress two different sub-periods,
2006-2011 and 2012-2018, underlining in particular the impact of unconventional monetary policies by the ECB.
In this regard, the study finds that net interest margin increases with the intensity of maturity transformation-
particularly from 2012 to 2018-and with exposure to interest rate risk. Although several studies have analyzed the
effect of interest rate risk on net interest income, this paper innovates by considering explicitly three sources of
this risk: loan and deposit activities, securities portfolios, and derivatives positions. Correspondingly, their
estimations indicate that maturity transformation enhances the interest rate risk, in particular during the latter
period. More importantly, while ECB funding initially tended to increase interest rate risk exposure between 2006
and 2011, afterwards it decreased the interest rate risk exposure, suggesting that the long-term refinancing
operations by the ECB improved funding stability and the capability of banks to manage interest rate shocks, in
contrast to deposits held at the ECB.

This study will utilize quarterly data from Albanian banks including American Bank of Investments, Banka
Kombétare Tregtare, Credins Bank, Fibank, Intesa Sanpaolo Bank, ProCredit Bank, Raiffeisen Bank, Tirana
Bank, and Union Bank. The dataset spans from January 2016 to December 2022, comprising a total of 252 data
points. The data were obtained from the official website of the Albanian Association of Banks.

The dependent variable being analyzed is Return on Assets (ROA), which is a financial metric used to
evaluate a bank's efficiency in generating profits from its assets. The independent variables being considered in
the study are:

1. Profit per Outlet: This variable represents the profitability of each branch or outlet operated by the
bank. It measures the amount of profit generated by each outlet individually, providing insight into the
performance of different operational units.

2. Profit per Employee: This variable denotes the profitability of the bank per employee. It assesses
the efficiency of human resource utilization in generating profits and can indicate the productivity of the workforce.

3. Natural Logarithm of Assets (In(assets)): This variable involves taking the natural logarithm of the
total assets of the bank. Transforming the assets in this way can help in dealing with the potential skewness or
variability in asset sizes across different banks, making comparisons more meaningful.

4, Loan to Deposits Ratio: This variable represents the ratio of loans held by the bank to its total
deposits. It is a measure of the bank's liquidity risk and its reliance on borrowed funds compared to deposits. A
higher ratio typically indicates higher risk but also potentially higher returns.

These independent variables are being examined to understand their relationship with the dependent
variable, ROA. The study aims to determine how variations in Profit per Outlet, Profit per Employee, In(assets),
and Loan to Deposits Ratio affect the bank's Return on Assets. By analyzing these relationships, we can gain
insights into the factors influencing the financial performance and efficiency of the bank.

As a model in this study we will use decision tree regression which is a machine learning algorithm used
for regression tasks, where the goal is to predict a continuous target variable. The process of building a decision
tree regression model involves recursively partitioning the feature space into regions (represented by the leaf
nodes) using decision rules based on feature thresholds. The predicted value at each leaf node is calculated as
an aggregation of the target variable values of the data points falling into that region. The algorithm aims to
minimize a chosen splitting criterion (MSE) at each step. Below is a breakdown of the components and
mathematical formulas involved in decision tree regression:

1. Splitting Criterion: Let Q(X,y) represent the splitting criterion function, where X is the feature matrix
and y is the target variable vector. For example, Mean Squared Error (MSE) can be represented as:

1" 2
Q=2 > (59)
1=
where n is the number of data points, y; is the actual target value, and ¥, is the predicted target value.
2. Decision Rule: At each node, the decision rule is based on selecting a feature j and a threshold

value t that minimizes the splitting criterion:

N Nri
Q(X,y)- % Q(Xleft’Y|eﬁ)' Tght Q (Xright’yright)]

where Neq and Ny are the number of data points sent to the left and right child nodes after the split,
respectively.

j,t=arg min;
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3. Leaf Node Prediction: The predicted value at each leaf node is the mean (or median) of the target
variable values of the data points assigned to that leaf node.

R 1
yleaf_ Nleaf Zieleaf yi

where N, is the number of data points in the leaf node.

4, Model Prediction: To make a prediction for a new data point x, the algorithm traverses the tree from
the root node down to a leaf node based on the feature values of x. The predicted value for regression is then the
value associated with the leaf node reached.

3. Research Results

In this section, we will explore the descriptive statistics of the variables: Loan/deposits (%), In(assets), Profit per
Employee, and Profit per Outlet. This analysis will include measures such as the mean, standard deviation,
minimum, 25th percentile, median (50th percentile), 75th percentile, and maximum values, which will be
presented in Table 1 to provide a comprehensive understanding of the data distribution and central tendencies.

Table 1. Descriptive Statistics

index Loan/deposits(%)  In(assets) Profit per Employee Profit per Outlet
458928,45 6667054,21

862348,66 15069761,89
-3206685,08 -71188408,80

108718,03 1681646,55
458449,99 7252827,55
880625,89 13916463,57
5502258,34 81311150,97

Source: Author's calculations

The findings suggest that, on average, the loan-to-deposits ratio stands at 51.26%, with a standard
deviation of 20.12%. The natural logarithm of assets averages at 25.34, with a narrow standard deviation of 0.92.
Profit per employee is reported at an average of $458,928.45, but with a considerable standard deviation of
$862,348.66, indicating significant variability across institutions. Profit per outlet follows a similar pattern, with an
average of $6,667,054.21 and a substantial standard deviation of $15,069,761.89. The distribution of data shows
wide ranges, from negative profits to high positive values, indicating diverse performance levels within the
sample. The median values provide a more robust measure of central tendency, showing a loan-to-deposits ratio
of 49.29%, In(assets) of 25.24, profit per employee of $458,449.99, and profit per outlet of $7,252,827.55. These
statistics illustrate the dispersion and central tendencies of key financial indicators in the dataset, offering insights
into the financial performance and operational efficiency of the institutions surveyed.

The histograms depicted in Figure 1 illustrate the distribution of independent variables within the dataset.
Each histogram encapsulates the frequency distribution of a distinct variable, showcasing the range and spread
of values it encompasses. These visual representations provide valuable insights into the underlying data
patterns and characteristics, aiding in understanding the variability and tendencies within the variables.

Figure 1. Histograms of independent variables
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In Table 2, the decision tree regression model demonstrates moderate predictive performance, as
indicated by the evaluation metrics. The Mean Squared Error (MSE) measures the average squared difference
between the actual and predicted values, showcasing a value of 0.5988 for the training data and 0.8912 for the
test data. Additionally, the Mean Absolute Error (MAE) presents a similar trend, with values of 0.4764 and 0.6257
for training and test data, respectively. These metrics provide insight into the magnitude of errors in the model's
predictions, with lower values indicating better accuracy. The R-squared (R?) coefficient, representing the
proportion of the variance in the dependent variable that is predictable from the independent variables, suggests
a reasonably good fit for the training data (0.7706), while the test data shows a lower but still significant R? value
of 0.4244. This indicates that the model explains approximately 77.06% of the variance in the training data and
42.44% in the test data, respectively, implying that a substantial portion of the variance is captured by the model.
Overall, while the model performs relatively well in explaining the variability in the data, caution should be
exercised to ensure it generalizes effectively to unseen data.

Table 2. Evaluation Metrics

Mean Squared Error (MSE) for Training Data ‘ 0.5988
Mean Squared Error (MSE) for Test Data ‘ 0.8912
Mean Absolute Error (MAE) for Training Data ‘ 0.4764

Mean Absolute Error (MAE) for Test Data 0.6257
R-squared (R?) for Training Data 0.7706
R-squared (R?) for Test Data 0.4244

Source: Author's calculations

In Figure 2, we present the feature importance analysis of the model, illustrating the significance of various
input features.

Figure 2. Feature importance
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In analyzing the datas, four key features were assessed, each assigned an importance score indicating its
significance in the evaluation. The first feature, measuring the ratio of loans to deposits, held a minimal
importance score of 0.0196, suggesting it had a relatively minor impact on the overall assessment. Conversely,
the second feature, the natural logarithm of assets, possessed a significantly higher importance score of 0.1968,
indicating its greater relevance in the analysis. The third feature, profit per employee, stood out with a substantial
importance score of 0.7637, implying its significant influence on the evaluation metrics. Lastly, the fourth feature,
profit per outlet, had a relatively low importance score of 0.0199, suggesting it contributed minimally to the overall
assessment compared to the other features. These importance scores provide insights into the relative
significance of each feature in the financial analysis.

Meanwhile, Figure 3 showcases the decision tree visualization, offering insights into the decision-making
process of the model.
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Figure 3. Decision tree visualization
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In the figure provided below, we present the predictions made for the test data set. Through rigorous
analysis and the utilization of advanced predictive models, we have endeavored to anticipate the outcomes of the
test data with precision and accuracy. Each data point in the figure corresponds to a prediction generated by our
model, based on the patterns and trends identified in the training data. Our objective is to assess the performance
of the model in extrapolating from known data to predict the behavior of unseen data points. By comparing these
predictions to the actual outcomes of the test data, we aim to evaluate the efficacy and reliability of our predictive
methodologies. This figure serves as a visual representation of our predictive insights and offers valuable insights
into the performance of our model in real-world scenarios.

Figure 4. Decision tree predictions
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In conclusion, this study utilizes decision tree regression to predict Return on Assets (ROA) and assesses the
significance of key dependent variables within the Albanian banking sector. Utilizing quarterly data from January
2016 to December 2022 sourced from prominent Albanian banks, the analysis encompasses a total of 252 data
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points. The results demonstrate promising predictive accuracy, as evidenced by Mean Squared Error (MSE) and
Mean Absolute Error (MAE) values, along with R-squared (R?) coefficients. The R-squared (R?) for the training
data is 0.7706, indicating a strong fit of the model to the training data. For the test data, the R-squared (R?) is
0.4244, suggesting that the model performs reasonably well on unseen data, though with a lower level of
explanatory power compared to the training data.

Notably, decision tree regression proves effective in elucidating the relative importance of variables such
as Profit per Outlet, Profit per Employee, Natural Logarithm of Assets (In(assets)), and Loan to Deposits Ratio in
determining ROA. In analyzing the datas, four key features were assessed, each assigned an importance score
indicating its significance in the evaluation. The first feature, measuring the ratio of loans to deposits, held a
minimal importance score of 0.0196, suggesting it had a relatively minor impact on the overall assessment.
Conversely, the second feature, the natural logarithm of assets, possessed a significantly higher importance
score of 0.1968, indicating its greater relevance in the analysis. The third feature, profit per employee, stood out
with a substantial importance score of 0.7637, implying its significant influence on the evaluation metrics. Lastly,
the fourth feature, profit per outlet, had a relatively low importance score of 0.0199, suggesting it contributed
minimally to the overall assessment compared to the other features.

These findings are of paramount importance to bank shareholders, providing insights that can inform
strategic decision-making and optimize returns on investment. Moreover, this study suggests that future research
should consider incorporating additional dependent variables to further enhance the predictive power and
explanatory capability of models in assessing banking performance. Such endeavors hold the potential to deepen
our understanding of the multifaceted factors influencing ROA and contribute to more comprehensive risk
management and value creation strategies within the banking industry.
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