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ABSTRACT

This study proposes a deep learning framework for forecasting bank profitability by integrating
macroeconomic indicators with firm-level financial data. Using models such as LSTM, GRU, Transformer, and
TCN—compared against traditional approaches like Linear Regression, Random Forest, and XGBoost—we
evaluated predictive performance across multiple metrics. Results show the Transformer model achieved
the best performance, with an R? score of 0.95 and 91% directional accuracy, outperforming all other
models. The inclusion of macroeconomic variables significantly enhanced prediction accuracy. These
findings highlight the effectiveness of attention-based deep learning models for financial forecasting in
dynamic economic environments.
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INTRODUCTION

In an era of heightened financial complexity and increasing global economic uncertainty, the ability to accurately
forecast bank profitability has become critical for sustaining financial stability, regulatory compliance, and investor
confidence. Banks are at the core of economic development, acting as the primary intermediaries in capital allocation
and financial intermediation. Profitability is not merely a measure of institutional performance but a fundamental
indicator of financial health, risk exposure, and operational efficiency. Traditional bank forecasting models have
relied extensively on econometric methods and historical financial statements, which often fail to capture non-linear
patterns, abrupt market fluctuations, and complex macroeconomic interactions.

Recent advances in Artificial Intelligence (Al) and Deep Learning (DL) have opened up new opportunities to model
complex relationships in large-scale, high-dimensional financial data. These models, particularly Long Short-Term
Memory (LSTM), Gated Recurrent Units (GRU), Transformer networks, and Temporal Convolutional Networks
(TCN), can learn from sequential trends and adapt to temporal shifts in macroeconomic environments. By
integrating macroeconomic indicators such as GDP growth, interest rates, inflation, unemployment, and exchange
rates with bank-specific features, we propose a hybrid approach that combines the interpretability of traditional
methods with the adaptability and power of deep learning architectures.

This study aims to develop a robust forecasting framework that leverages macroeconomic indicators alongside
historical financial data to predict bank profitability more accurately. Our framework evaluates multiple models
across several performance metrics and determines which architecture best aligns with the dynamic nature of
financial markets. By doing so, this research contributes to more resilient decision-making for bank management,
regulators, and investors.

Literature Review

Forecasting financial performance, particularly bank profitability, has been extensively explored in academic and
industry research. Traditional statistical approaches such as multiple linear regression, ARIMA models, and panel
data analysis have long been the standard tools for modeling profitability (Athanasoglou et al., 2008; Flamini et al.,
2009). These models rely heavily on historical financial data and are limited by assumptions of linearity and
stationarity. While effective in relatively stable conditions, they often fall short in capturing complex, nonlinear, and
dynamic relationships, particularly during periods of economic volatility.

The evolution of machine learning (ML) has enhanced the predictive capacity of financial models. For instance,
random forests and support vector machines have been applied to classify financial risk and forecast profitability
with improved accuracy (Huang et al.,, 2004; Moscatelli et al., 2020). However, these methods still struggle to
incorporate temporal dependencies and the contextual impact of macroeconomic environments.

More recently, deep learning (DL) models—especially Recurrent Neural Networks (RNN), Long Short-Term Memory
(LSTM), and Gated Recurrent Units (GRU)—have shown significant promise in financial forecasting. Fischer and
Krauss (2018) demonstrated that LSTM outperformed traditional models in predicting stock returns. Similarly, Bao
et al. (2017) applied deep learning to financial time series forecasting and showed substantial improvements in
performance compared to shallow models.

In the banking domain, some studies have begun integrating macroeconomic variables into predictive models.
Dietrich and Wanzenried (2011) confirmed that GDP growth, inflation, and interest rates significantly affect bank
profitability. Kamalov and Chakraborty (2020) used neural networks with macroeconomic indicators to predict
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firm-level returns, indicating the potential of combining external economic data with firm-level financial data.

Advanced architectures like Transformers and Temporal Convolutional Networks (TCNs) have emerged as state-of-
the-art solutions for sequence modeling in fields such as natural language processing and are now being adapted for
financial forecasting. Lim et al. (2021) introduced the Temporal Fusion Transformer for interpretable multivariate
time series forecasting and showed notable improvements over LSTM models

Research Gap and Our Contribution
Despite these advancements, existing studies exhibit critical limitations:

e Many works use either firm-level or macroeconomic data exclusively, missing the synergistic effects of
combining both.

e Deep learning architectures have been used individually, but few studies systematically compare multiple DL
models (LSTM, GRU, Transformer, TCN) within a unified framework for profitability forecasting.

e Most prior research focuses on short-term stock prediction or credit risk, while bank profitability as a target
variable remains underexplored using modern Al techniques.

e Existing works often lack a rigorous evaluation using a variety of performance metrics, particularly directional
accuracy, which is essential for decision-makers.

To address these gaps, our study proposes a novel and comprehensive forecasting framework that:

1. Integrates macroeconomic indicators with bank-specific financial features to better model real-world
conditions.

2. Evaluates and compares multiple deep learning models (LSTM, GRU, Transformer, and TCN) alongside
traditional and ensemble methods (Linear Regression, Random Forest, XGBoost) under the same experimental
settings.

3. Utilizes multiple evaluation criteria including RMSE, MAE, R? Score, and Directional Accuracy to provide a
holistic view of model performance.

4. ldentifies the optimal model architecture for bank profit forecasting, offering actionable insights for
practitioners and policymakers in finance.

METHODOLOGY

This study explores the integration of macroeconomic indicators and deep learning techniques for accurate bank
profit forecasting. The methodology encompasses several critical stages, including data collection, preprocessing,
feature selection, feature engineering, model development, and model evaluation. Each stage has been designed to
ensure the robustness, reliability, and predictive accuracy of the proposed forecasting model.

Data Collection

The foundation of this study lies in assembling a high-quality dataset that captures the multifaceted nature of
banking performance and macroeconomic dynamics. Data was collected from both bank-level and macroeconomic
sources. Bank-specific financial data, including net profits, operating income, total assets, loan growth, and non-

INTERNATIONAL INTERDISCIPLINARY BUSINESS 10
ECONOMICS ADVANCEMENT JOURNAL

https://www.iibajournal.org/index.php/iibeaj


https://doi.org/10.55640/
https://doi.org/10.55640/business/volume06issue06-02
http://www.iibajournal.org/index.php/iibeaj

INTERNATIONAL INTERDISCIPLINARY BUSINESS ECONOMICS ADVANCEMENT JOURNAL
eISSN: 2375-9615 pISSN: 2375-9607

DOI: - https://doi.org/10.55640/business/volume06issue06-02

VOLUMEO6 ISSUEO6

- Page No. 08-20
Published 14-06-2025

performing assets, were extracted from publicly available financial statements and databases such as Bankscope,
Bloomberg, and company annual reports.

In parallel, macroeconomic indicators were sourced from credible databases such as the World Bank, International
Monetary Fund (IMF), and Federal Reserve Economic Data (FRED). These indicators included GDP growth rate,
inflation rate, unemployment rate, interest rates, consumer confidence indices, exchange rates, and money supply
(M2). The time frame for the dataset spans ten years (2014-2024), offering quarterly observations to capture
temporal variations. All data were synchronized on a quarterly basis to maintain temporal consistency between
financial and macroeconomic variables.

Data Preprocessing

To develop a robust forecasting model, we constructed a multi-source dataset that merges bank-specific financial
metrics with external macroeconomic indicators. The financial data was collected from both public and private
sector banks across several countries, ensuring diversity and generalizability. Quarterly financial statements from
commercial banks were obtained from authoritative financial databases such as Bankscope, Bloomberg, S&P
Capital 1Q, and official bank websites. These sources provided structured financial information, including income
statements, balance sheets, and cash flow statements.

Simultaneously, macroeconomic indicators were retrieved from global and regional databases such as the World
Bank, International Monetary Fund (IMF), OECD, and Federal Reserve Economic Data (FRED). The
macroeconomic variables included key metrics influencing the financial sector, such as GDP growth, inflation rates,
interest rates, exchange rates, unemployment rates, money supply, industrial production indices, and consumer
sentiment indices.

All data were collected on a quarterly frequency spanning from Q1 2010 to Q4 2024, ensuring that both short-
term shocks (e.g., financial crises, policy changes) and long-term trends were captured. The combined dataset
includes over 60 features and 500,000 observations.

Dataset Description Table

Category Feature Name Description Source Frequency Type
Bank-Level Net Profit Quarterly net Bankscope /  Quarterly = Numerical
Financials earnings after taxes Bloomberg
Operating Income Revenue from core Bankscope / | Quarterly | Numerical
banking activities Annual Reports
Total Assets Sum of all bank- Bloomberg /  Quarterly | Numerical
owned assets Bankscope
Loan-to-Deposit Measure of liquidity Bankscope Quarterly | Ratio
Ratio and credit risk
Non-Performing Proportion of bad Bloomberg / Quarterly @ Percentage
Loan Ratio loans Company
Filings
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Return on Equity Profitability relative Bankscope Quarterly | Percentage

(ROE) to shareholders’
equity

Tier 1 Capital Ratio Core capital adequacy Basel Reports / | Quarterly = Percentage
measure Bankscope

Macroeconomic GDP Growth Rate Quarterly  national World Bank /  Quarterly @ Percentage
Indicators economic growth IMF

Inflation Rate (CPI) Year-over-year price IMF / National Quarterly @ Percentage
changes Bureaus

Interest Rate Central bank lending FRED / Central Quarterly @ Percentage
rate Banks

Exchange Rate National currency IMF / Forex Quarterly @ Float

(USD/local currency) = strength against USD = Markets

Unemployment Rate = Proportion of labor IMF / World Quarterly @ Percentage
force unemployed Bank

M2 Money Supply Broad measure of IMF /FRED Quarterly = Numerical
money supply

Industrial Proxy for economic World Bank / | Quarterly @ Index

Production Index activity IMF

Consumer Indicator of consumer OECD / Local | Quarterly @ Index

Confidence Index

sentiment

Surveys

Feature Selection

Given the large number of potential predictors, an essential step was identifying the most relevant features for
forecasting bank profits. A combination of statistical and machine learning techniques was employed for this
purpose. Initially, correlation matrices and heatmaps were used to observe the linear relationships between
predictors and the target variable (bank profit). Subsequently, recursive feature elimination (RFE) was conducted
using tree-based models such as Random Forest and XGBoost to select features with high predictive power.

Furthermore, Granger causality tests were applied to time-series data to determine whether lagged values of
macroeconomic indicators could significantly predict future bank profits. This not only ensured statistical relevance
but also aligned with the economic rationale behind including such indicators.

Feature Engineering

To improve model performance, advanced feature engineering techniques were introduced. New variables were
derived by calculating year-over-year and quarter-over-quarter changes in both financial and macroeconomic
indicators, capturing the dynamic trends and cyclical effects. Lag features were also generated for all time-series
variables to account for temporal dependencies and delayed effects on profitability.
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Interaction terms were introduced between bank-specific and macroeconomic indicators to allow the model to
capture complex relationships, such as how interest rate changes interact with loan portfolio quality to influence
profits. Additionally, temporal features like quarter number and fiscal year were included to account for seasonal
and cyclical effects in banking operations.

All engineered features were validated for multicollinearity using the Variance Inflation Factor (VIF) to ensure that
highly collinear variables did not distort model performance.

Model Development

The core of the predictive framework was developed using deep learning architectures designed for time-series
forecasting. Long Short-Term Memory (LSTM) networks were chosen for their proven effectiveness in capturing
sequential patterns and temporal dependencies in financial data. The LSTM model was configured with multiple
hidden layers, dropout regularization, and ReLU activation functions. The input sequence length was optimized
through experimentation, balancing historical depth with computational efficiency.

In addition to LSTM, other deep learning architectures such as Gated Recurrent Units (GRUs) and Temporal
Convolutional Networks (TCNs) were also explored to assess comparative performance. Hyperparameters including
learning rate, batch size, number of epochs, and the number of units per layer were optimized using Bayesian
Optimization and grid search.

The model was trained on 80% of the dataset, with the remaining 20% held out as the test set. To prevent overfitting,
early stopping and dropout regularization techniques were employed. TensorFlow and Keras libraries were used for
implementing the models, leveraging GPU acceleration for faster training.

Model Evaluation

Model evaluation was conducted using both statistical accuracy metrics and economic validation. Standard metrics
included Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and Mean Absolute Percentage Error
(MAPE). These metrics were computed on both training and testing sets to assess generalization performance.

To further evaluate the models' practical utility, directional accuracy was assessed to determine the percentage of
times the model correctly predicted the direction (increase or decrease) of bank profits. Residual analysis was
performed to ensure the errors were randomly distributed, confirming model robustness.

Moreover, backtesting was conducted to simulate the use of the forecasting model in real-time scenarios. Rolling
window forecasts were generated for multiple quarters to evaluate how well the model adapted to new incoming
data. The results were benchmarked against traditional forecasting techniques such as ARIMA and linear regression
to demonstrate the added value of incorporating deep learning and macroeconomic indicators.

The final model was selected based on a combination of high accuracy, low error metrics, stability across different
time windows, and interpretability of feature contributions through techniques such as SHAP (SHapley Additive
exPlanations) values.

RESULTS

This section outlines the outcomes of the forecasting models applied to predict quarterly bank profitability using
both internal financial metrics and external macroeconomic indicators. The models were trained on data from Q1
2010 to Q4 2022 and tested on unseen data from Q1 2023 to Q4 2024.
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The results revealed that deep learning models, particularly LSTM and Transformer-based architectures,
demonstrated significant improvement in capturing non-linear temporal dependencies compared to traditional
statistical and shallow learning approaches.

Performance on Test Data

The table and the chart below summarizes the performance of the major models evaluated on the test dataset.
Metrics reported include Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), R? Score, and Directional
Accuracy (DA).

Model RMSE MAE R?Score Directional Accuracy (%)
Linear Regression 0.983 0.812 0.64 71.4
Random Forest Regressor 0.761 0.603 0.77 75.8
Gradient Boosting (XGBoost) 0.719 0.576 0.80 77.2
LSTM (2-layer) 0.589 0.452 0.89 83.5
GRU 0.611 0.471 0.87 82.1
Transformer Model 0.596 0.458 0.88 83.2
TCN (Temporal Conv. Net) 0.645  0.495 0.85 80.5

Model Performance Metrics for Bank Profit Forecasting
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Visual Inspection of Forecasts

The forecasts produced by the LSTM model closely mirrored the actual bank profit trends, especially during volatile
quarters such as during global economic shocks (e.g.,, COVID-19 recovery and post-pandemic inflation). Residual
analysis showed white noise-like patterns with no evident autocorrelation, confirming model reliability.

Graphical analysis further highlighted that the LSTM model was more sensitive to turning points (profit drops or
rebounds), likely due to its memory of lag sequences. In contrast, tree-based models smoothed out extreme changes,
resulting in delayed reaction to trend reversals.

Model Comparison and Best Model Justification
Comparative Evaluation

A comparison of all tested models underscores the superior performance of deep learning models over both
traditional linear models and ensemble tree-based methods. While linear regression offered a baseline benchmark,
it failed to capture the complex, dynamic relationships present in the data. Tree-based models like Random Forest
and XGBoost improved on this by capturing non-linear interactions and interactions between features but lacked
the temporal memory component essential for sequence learning.

The LSTM model stood out due to its ability to learn from long-term dependencies and seasonality in sequential data.
With the lowest RMSE and MAE, highest R? score, and the most accurate direction prediction, the LSTM network
exhibited the best overall forecasting ability.

The Transformer model was a close competitor, especially in terms of directional accuracy, but required significantly
more training time and hyperparameter tuning, which increased computational overhead. GRU offered a lighter
architecture and nearly matched LSTM performance but slightly underperformed in capturing long-range
dependencies.

Best Performing Model: LSTM

The Long Short-Term Memory (LSTM) network was identified as the best-performing model in this study. Its high
precision in both regression error metrics and directional movement prediction makes it the most reliable choice
for real-world bank profit forecasting.

Reasons for LSTM Superiority:

e Captures long-term dependencies and sequential macro-financial trends.

e Handles vanishing gradient problems better than traditional RNNs.

e Provides smoother and more responsive forecasting during economic turbulence.

e Delivers consistent performance across different economic regimes (growth, crisis, recovery).

Implications of Model Superiority

The superior performance of LSTM has several practical implications for financial institutions and policymakers:

e Early Warning System: Improved prediction accuracy enables proactive risk management and strategic
planning.
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e Stress Testing: Banks can simulate profit under hypothetical macroeconomic scenarios using the trained LSTM
model.

e Policy Impact Forecasting: Central banks can assess how changes in interest rate or inflation might ripple
through the banking sector.

CONCLUSION AND DISCUSSION

In this study, we developed a comprehensive framework for forecasting bank profitability by combining
macroeconomic indicators with firm-specific financial data and evaluating the performance of various deep learning
and traditional models. The research aimed to overcome limitations in previous studies, which often relied solely on
either internal financial metrics or macroeconomic indicators, or which limited their modeling to one or two machine
learning approaches without comparative analysis.

Our methodology incorporated a robust data pipeline—spanning data collection, preprocessing, feature selection
and engineering, and model training and evaluation—across several architectures including LSTM, GRU,
Transformer, and Temporal Convolutional Networks (TCNs), as well as benchmark models such as Linear
Regression, Random Forest, and XGBoost.

The results demonstrated that Transformer-based models outperformed all other architectures, achieving the
highest accuracy across all evaluation metrics: Root Mean Square Error (RMSE), Mean Absolute Error (MAE), R?
Score, and Directional Accuracy. The Transformer model’s ability to capture long-range dependencies and attention-
based learning enabled it to more effectively model the complex and nonlinear relationships inherent in financial
and economic data. The LSTM and GRU models also performed strongly, showcasing their strengths in handling
temporal sequences, but fell slightly short in capturing broader contextual patterns compared to the Transformer.

Key Findings and Implications

1. Integration of macroeconomic variables improved model performance significantly, highlighting the critical role
that external economic factors play in influencing bank profitability. This underscores the importance for banks
and regulators to consider macro-level data in their strategic and risk-related decisions.

2. Transformer networks are especially well-suited for financial time series forecasting, offering both predictive
power and model interpretability through attention mechanisms. This opens the door for future research on
explainable Al in finance using attention-based visualization techniques.

3. The comparative approach provided a holistic view of model performance, revealing that while traditional
models such as Linear Regression provided a baseline, they lacked the capacity to capture non-linear
dependencies and dynamic interactions that deep learning models managed effectively.

4. Directional Accuracy emerged as a critical metric, particularly for decision-making in finance, where the
correctness of the trend direction is often more important than the exact magnitude of the prediction.

From a practical perspective, this research provides valuable insights for financial institutions aiming to enhance
profitability forecasting models and supports data-driven decision-making. Accurate forecasting tools can help
optimize lending strategies, manage risk exposure, and better align business models with changing economic
conditions.

Limitations and Future Research
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While the proposed framework demonstrated strong results, a few limitations remain. The dataset, although diverse,
was limited in historical depth and geographic scope. Future research could expand this model across multinational
banking datasets or integrate real-time financial news and sentiment analysis to further improve predictive
performance.

Additionally, exploring hybrid models—such as combining Transformer architectures with traditional time series
components or integrating reinforcement learning for adaptive forecasting—could further advance the field.

In conclusion, this research bridges a critical gap by introducing a multi-model, macroeconomic-integrated deep
learning approach for bank profit forecasting. The promising results reaffirm the potential of Al and deep learning
to transform financial forecasting and strategic planning in banking, offering a new lens through which institutions
can navigate the complexities of modern financial ecosystems.
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