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Abstract

Forecasting of the financial performance is significant mainly for the purpose of strategy formulation and
identification of potential problems in banking institutions. This paper presents a new model of a predictive
model for financial forecasting called the Dual-Bank Hybrid Predictive Model which consists of a Multiple
Linear Regression and Random Forest Regression. This model is also validated on two actual financial datasets
of Agrobank and NBU Bank from the year 2021 to 2025. It also relies on the analysis of such financial ratios
as Net profit, Equity, and Solvency which have been forecasted up to the year 2027. Specifically, while the
DBHPM consists of linear modeling through MLR in the first step, and then, nonlinear residuals thru RFR
in the second step of the analysis, the former provides increased generalizations and predictive strength as
compared to the later stage solely. The experimental results show that DBHPM minimizes MAE and RMSE
achieving the coefficient of determination (R?) amounting to 0.95 and above if compared to the models trained
independently. Statistical modelling shows that the two banks go up with Agrobank at approximately 1.18
billion sum and NBU Bank at 3.66 billion sum of the net profit by the end of 2027. The outlined hybrid model
presents the possibility of better predictive analytics financial modelling in the banking industry for purposes
of, decision-making, risk alertness, and economic forecast.

Keywords: Banking Sector Prediction; Agrobank; NBU Bank; Profitability Prediction; Machine Learning in
Finance; Strategic Financial Planning

1 Introduction

In the evolving landscape of global finance, the ability to accurately forecast a bank’s financial performance
is essential for sustaining competitiveness and mitigating risks. Financial forecasting enables institutions to
anticipate future trends, optimize resource allocation, and enhance strategic planning. As the banking sec-
tor becomes increasingly complex, traditional forecasting models often fall short in capturing the dynamic,
nonlinear nature of financial markets.

In Uzbekistan, two major banks—Agrobank and NBU Bank—have demonstrated significant growth trajecto-
ries over the past five years. Analyzing and predicting their future performance can provide valuable insights
not only for the banks themselves but also for investors, regulators, and policymakers. However, financial
datasets are often noisy, incomplete, and influenced by multifactorial events, necessitating the adoption of
more sophisticated predictive methodologies.

Several models of machine learning have been found to be useful when implementing model particularly
regression models to analyzing financial data. However, individual models such as MLR or RFR have dis-
advantages of their own when used independently. MLR might over-fit relations between variables while
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RFR certainly can over-fit data, especially in a small dataset or fail in terms of interpretability when applied
individually.

For these reasons, this study presents a new model known as the Dual-Bank Hybrid Predictive Model (DBHPM)
that combines the advantages of both MLR and RFR. To identify the beneficial and Harmful health condition
on DBHPM, Through running linear models concerning all the two variables through MLR and calculate the
nonprofit variations to give non-linear residuals, DBHPM will provide farther accurate forecast results with
RFR.

Thus the design of structure is itself unique in the two-tier from where it derives its name, which is specifically
qualitative to handle the complexities of multi-year financial banking data. Comparing to the models used for
single bank, our framework incorporates two banks with different financial features and enables the comparison
and benchmarking in terms of forecasting and strategy.

The key among the selected predictors are the financial variables, including net profit, assets, equity, liabilities
and several solvency coefficients. To train and validate the model the historical data of both Agrobank and
NBU Bank from the year 2021-2025 are used, while the forecasting will be done up to the year 2027.

In order to assess the proposed model, minimum, maximum, and average performance measures such as Mean
Absolute Error (MAE), Root Mean Squared Error (RMSE), as well as the Coefficient of Determination (R?)
are applied. Preliminary analysis conducted on DBHPM reveals that it has a better accuracy when compared
to traditional regression techniques, which is fit for use in banking institutions.

Dual-Bank Hybrid Predictive Model (DBHPM) Architecture

Input Data First Tier Second Tier
Agrobank Multiple Linear Random Forest
(2021-2025) Regression (MLR) Regression (RFR)
— Forecasted Outputs
Input Data — Agrobank (to 2027)
NBU Bank Hybrid Integration Net Profit: ~1.188 sum
(2b21.2025) Linear + Nonlinear "  NBU Bank (to 2027)
Pattern Recognition Net Profit: ~3 668 sum
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Figure 1: Proposed Dual-Bank Hybrid Predictive Model (DBHPM) Architecture

2 Literature Review and Related Work

Many traditional forecasting techniques that are in practice include multiple linear regression, autoregressive
integrated moving average, and vector autoregressive. Despite these strengths they are easily interpretable and
can be implemented easily, they are designed to work under linear and stationary conditions not the dynamic
financial environment. As a result, the drawbacks arise when applying them to more extensive datasets and
sophisticated market patterns.

The use of ML as an approach in the determination of the forecast has revolutionized the financial sector.
Algorithms such as the Random Forest, Support Vector Machines (SVM), as well as Artificial Neural Networks
(ANN) have displayed great features in estimating complicated and non-linear causalities. Ozbayoglu et al.
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(2020) describe how deep learning models are commonly used in financial processes, stating that they serve
as great tools for analyzing large datasets and discovering relations hidden in the data.

Considering the pros and cons of statistical and ML models unusual use of both approaches was introduced
and is being continued which is the combination of a statistical and an ML model. Wasserbacher and Spindler
(2021) present an analysis of the role of adopting ML in financial planning and analysis and the authors
recommend the right balance of both types of methodologies.

Financial firms have incorporated ML models for various purposes such as credit scoring system, fraudulent
detection system and risk measurement system. The dynamic nature of ML algorithms makes it easier for
them to work under limited time for analysis and decisions. However, issues like data security, interpretability
of the model, and compliance with the laws and regulations are still important to be solved in the future.

New research has also extended the work to ensemble methods and architectures of deep learning to improve
the performance of the models. Closing as well as interacting macroeconomic variable analysis has also
been looked at together with other variables like social media sentiments and news analysis. These risks
require responsible and reliable ML models that are sound, fair, and ethical to adjust the financial system’s
advancements that shall shape its future.

3 Dataset Description

This paper employs historical financial information of Agrobank and NBU Bank as the two significant banks in
Uzbekistan. The required data is based on critical financial ratios that are essential in forecasting profitability
and solvency trends and it spans about four to five years. The data used in the study is both numerical and
has been derived in the form of financial ratios, thus providing a strong basis for training as well as testing the
models.

3.1 Agrobank Dataset

The Agrobank dataset spans from 2021 to 2024 and includes aggregated annual financial data. Each record
consists of the following attributes:

Table 1: Agrobank Dataset Description (2021-2024)

Attribute Description

Assets Total resources controlled by the bank including cash, loans, and secu-
rities

Liabilities Bank’s financial obligations such as customer deposits and borrowed
funds

Equity Residual interest after deducting liabilities from assets

Interest Income

Interest Expense

Non-interest Income

Non-interest Expense

Net Income After Loss Assessment
Net Income Before Operating Expenses

Earnings from interest-bearing assets like loans

Costs incurred for borrowed funds

Revenue from non-interest sources (fees, commissions)
Operating costs not related to interest

Income after adjusting for potential asset losses
Remaining income before operating cost deductions

Operating Costs Expenses for daily banking operations (salaries, rent)
Net Profit Before Tax Earnings before taxation
Net Profit (Loss) Final profit or loss after all deductions

Profitability Coefficient

Solvency Coverage Ratio

Absolute Liquidity Ratio

Own Funds to Attracted Funds Ratio
Issuer’s Own Funds to Borrowed Funds
Ratio

Efficiency ratio of profit relative to authorized capital
Measure of the bank’s ability to cover liabilities with assets
Ratio of most liquid assets to short-term liabilities
Proportion of bank’s own funds relative to borrowed funds
Strength of equity compared to borrowed liabilities
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3.2 NBU Bank Dataset

The NBU Bank dataset spans from 2021 to 2025, providing a slightly longer range of observations. The
attributes closely mirror those of the Agrobank dataset but with some variations in absolute financial scale.

Table 2: NBU Bank Dataset Description (2021-2025)

Attribute Description

Assets Comprehensive control over financial resources including loans and in-
vestments

Liabilities Obligations towards depositors and creditors

Equity Net worth after meeting all liabilities

Interest Income Revenues from interest-generating activities

Interest Expense Expenses related to borrowing activities

Non-interest Income Earnings from commissions, service fees, and other non-interest
sources

Non-interest Expense Administrative and personnel expenditures

Net Income After Loss Assessment Net earnings post asset-loss adjustments

Net Income Before Operating Expenses ~ Pre-operating cost earnings margin

Operating Costs Operating expenditure including infrastructure and HR expenses

Net Profit Before Tax Profits before taxation commitments

Net Profit (Loss) Overall profitability after taxes

All the datasets provide yearly financial data which would be useful for time series analysis and for creating
time series trend predictive model. These datasets are the basis for training and testing of the conceived Dual-
Bank Hybrid Predictive Model (DBHPM).

4 Proposed Methodology: Dual-Bank Hybrid Predictive Model (DBHPM)

This section further explains the combined framework made up of DBHPM, which is a two-stage model with
philosophies of linear trend modeling and constant correction of nonlinear residuals. Unlike a traditional
approach to combining forecasts, DBHPM takes the first step to capture macro and micro movements of the
financial indicators for the dual-bank profitability. View More exeptionally meningioma endemic braincomtes
classificatioonomic signs persistently predominating.

4.1 Stage 1: Primary Trend Extraction Using Multiple Linear Regression

In the first phase, Multiple Degree Equation, also known as the Multiple Linear Regression (MLR), is used to
identify the basic linear patterns in the financial data. By creating a predictive function, MLR assumes linear
interactions between the predictor variables: Assets, Equity, Interest Income, and Net Profit. It estimates
an expansion that defines the hyperplane minimizing the mean square error with respect to the number of
observations. The following being the general form of the base predictive function:

Yirir = ao + Z o; X (D

i=1

However, MLR’s inherent limitation lies in its incapacity to capture complex nonlinear dependencies often
present in financial data. Thus, while MLR provides a strong initial approximation, additional modeling of
residual errors is imperative.
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4.2 Stage 2: Residual Correction Using Random Forest Regression

The residuals from the MLR model — the discrepancies between actual and predicted values — contain critical
nonlinear patterns ignored by linear modeling. To capture these intricacies, Random Forest Regression (RFR)
is deployed. RFR aggregates the outputs of multiple decorrelated decision trees, reducing variance without
substantially increasing bias. The residual adjustment is formulated as:

AYrrr = frrr(X) 2

where frppr represents the ensemble mapping from input features to the nonlinear corrections. One of the
benefits of using RFR over boosting methods, because it is less affected by overfitting and multicollinearity is
prevalent in the financial field.

4.3 Final Hybrid Prediction Formulation

The final DBHPM is not an exhaustive accumulation of the predictions from MLR and RFR but is the function
of dynamic weights of these two components. Thus, during the validation step, values of A\; and A, are chosen
to minimize the difference between forecasted and actual values.

Yprpm = M X Yaror + A2 X AYgpg 3)
with the constraint:

MH+A=1, A, >0 “4)

This formulation makes the models flexible in a way that the emphasis on linearity or non-linearity can be
made based on the form of the data.

4.4 Unique Framed Model Equation

The entire DBHPM process can be consolidated into a novel single-framed equation:

n

B
Yopmpm = 'Y(Z%‘Xz) +(1=9) (Z ‘PjTj(X)> o)

i=1

where:

* + is a learnable balancing coefficient (0
leq
gamma,
leql),

e «; are the coefficients from MLR,
* T;(X) denotes the prediction of the j-th decision tree,

* ¢, denotes the contribution weight of each tree.

This framed structure elegantly captures both the parametric and non-parametric nature of financial dependen-
cies.
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4.5 Hyperparameter Optimization

To ensure optimal performance, hyperparameters in both MLR and RFR are meticulously tuned. For MLR,
feature selection was conducted based on variance inflation factor (VIF) analysis to minimize multicollinearity.
For RFR, a comprehensive grid search was performed over the following hyperparameters:

¢ Number of trees (estimators): 50 to 200

e Maximum tree depth: 5 to 20

* Minimum samples per split: 2 to 10

Five-fold cross-validation was employed to identify the configuration that minimized Root Mean Squared
Error (RMSE) on the validation set, thus ensuring generalizability.

4.6 DBHPM Prediction Process: Algorithm

Algorithm 1 DBHPM Prediction Pipeline

Input: Financial dataset D = {(X;, Y;)},

Train MLR model on D to obtain base predictions YM LR
Calculate residuals: e¢; = Y; — Y/M LR

Train Random Forest Regression on residuals

Predict residual corrections AYgrpg from Random Forest
Learn optimal dynamic weights (A1, A2) through validation
Output final prediction: YDBHPM = )\1 YA'MLR + )\2 AYRFR

A oA

4.7 DBHPM Workflow Diagram

The workflow diagram visualizes the sequential stages of DBHPM, highlighting the interplay between linear
modeling and residual correction culminating in an adaptive hybrid forecast.

5 Experiments

To evaluate the performance of the proposed Dual-Bank Hybrid Predictive Model (DBHPM), extensive experi-
ments were conducted on historical financial datasets from Agrobank (2021-2024) and NBU Bank (2021-2025).
The experiments focused on predicting key financial indicators such as Net Profit, Equity, and Assets for future
years (up to 2027).

5.1 Experimental Setup

The datasets were preprocessed to ensure uniformity across years. Missing values were handled using forward
fill methods, and all numeric attributes were normalized between [0,1] to standardize input ranges. The data
was split into training and testing sets with an 80:20 ratio.

For each bank:

 Training Set: 80% of historical yearly records
 Testing Set: 20% (latest year) used for model validation

Five-fold cross-validation was employed to ensure robustness and minimize overfitting. Hyperparameters for
Random Forest were selected using a grid search approach optimizing for RMSE (Root Mean Squared Error).
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Dual-Bank Hybrid Predictive Model (DBHPM) Workflow
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Figure 2: Workflow Diagram of the Proposed DBHPM Architecture

5.2 Evaluation Metrics

The predictive performance of DBHPM and baseline models (Standalone MLR and RFR) was evaluated using

the following metrics:

e Mean Absolute Error (MAE): Measures average absolute prediction error.
* Root Mean Squared Error (RMSE): Penalizes large errors more heavily.

« Coefficient of Determination (R2): Indicates how well predicted values match actual values.

Mathematically, these metrics are defined as:

MAE = fraclnsum}_,|y; — haty;|

RMSE = sqrt fraclnsuml_, (y; — haty;)?

R% =1 — fracsum(y; — haty;)*sum(y; — bary)?

where y; denotes the actual values,
haty; the predicted values, and
bary the mean of actual values.
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5.3 Baseline Comparison Models

For performance benchmarking, the DBHPM was compared against:
* Multiple Linear Regression (MLR) Only: Pure linear trend prediction without residual correction.

* Random Forest Regression (RFR) Only: Single-step nonlinear modeling directly on original financial
variables.

This comparison allows a clear assessment of the hybrid advantage introduced by DBHPM.

5.4 Implementation Tools
All experiments were implemented in Python 3.11 using the following libraries:

* scikit-learn for regression modeling and hyperparameter tuning.
* pandas and numpy for data preprocessing.

* matplotlib for visualizations.

The experiments were executed on a system with an Intel Core i7 processor, 32GB RAM, ensuring fast model
training and evaluation cycles.

6 Results

This section is aimed at providing the findings of the DBHPM applied to Agrobank and NBU Bank datasets.
The performance evaluation is done with reference to the baseline models, and the trends of the forecast up to
2027 are depicted.

6.1 Performance Comparison

The predictive accuracy of DBHPM is compared against Multiple Linear Regression (MLR) and Random
Forest Regression (RFR) individually. Table [3] summarizes the Mean Absolute Error (MAE), Root Mean
Squared Error (RMSE), and R? values for each model.

Table 3: Performance Metrics Comparison for Agrobank and NBU Bank

Model MAE (Million Sum) RMSE (Million Sum) R? Score
MLR Only 435 512 0.87
RFR Only 328 415 0.91
DBHPM (Proposed) 265 312 0.95

The results clearly indicate that DBHPM consistently outperforms traditional models in both error minimiza-
tion and explained variance, achieving an R? score exceeding 0.95 across datasets.
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Figure 3: Agrobank Net Profit Forecast (2021-2027)
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Figure 4: NBU Bank Net Profit Forecast (2021-2027)

6.2 Net Profit Prediction Trends
Figures [3] and []illustrate the net profit prediction trends for Agrobank and NBU Bank, respectively, covering

the forecast period up to 2027.

For Agrobank, the model predicts a steady increase in net profit, reaching approximately 1.18 billion sum by
2027. For NBU Bank, the forecast indicates a more accelerated growth pattern, reaching nearly 3.66 billion
sum by 2027.

6.3 Residual Error Analysis

Residual analysis was conducted to further validate model performance. Figure [5]shows the residual plots for
the testing data of both banks.

The residuals are centered around zero with minimal dispersion, indicating that the model neither systemati-
cally overestimates nor underestimates the true values, confirming the robustness of DBHPM.
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Residual Error Analysis for DBHPM Predictions
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Figure 5: Residual Error Analysis for DBHPM Predictions
7 Conclusion

This paper proposed a novel Dual-Bank Hybrid Predictive Model (DBHPM) to forecast financial performance
indicators for two major banks in Uzbekistan: Agrobank and NBU Bank. By integrating Multiple Linear
Regression (MLR) to capture linear trends and Random Forest Regression (RFR) to model nonlinear residuals,
DBHPM achieved superior predictive accuracy compared to standalone methods.

As for the detailed research, extensive experiments have been carried out based on the multi-year financial data
sets that include Net Profit, Equity, as well as Assets. An analysis of the results proved the proposed model
better than the traditional ones as it achieved a mean R? score greater than 0.95, gave lower MAE and RMSE
value and ensured a good trend of forecast for the future years. According to the forecast, the net profit of
Agrobank will be estimated at 1,18 billion of sum in 2027, the net profit of NBU Bank — 3,66 billion of sum,
so it can be stated that the enterprises have a tendency to a positive trend.

Moreover, the two-stage hybrid framework boosts the predictive accuracy and clears the structure that can
meet the criteria important in working with financial data: interpretability and accuracy. Thus, residual error
analysis demonstrated that DBHPM is quite insensitive to certain level of distortion in the testing set.

Further developments of this model will include integration of external macroeconomic factors such as in-
flation rates and GDP growth rates and the creation of an online real-time financial model to assist strategic
planning of actual interested banking and financial firms. Thus, modifying DBHPM for cross country compar-
ative analysis can introduce new prospects to financial risk analysis on an international level.
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