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ABSTRACT

The assessment of bank financial performance is crucial for ensuring the
stability of the banking sector. With advancements in technology, especially
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deep learning (DL), there is increasing potential to improve the accuracy of
risk prediction and financial performance evaluation in banks. However,
challenges related to data imbalance and model complexity require more
efficient approaches. This study aims to examine the application of DL in
assessing bank financial performance, with a focus on credit risk, fraud
detection, and bankruptcy prediction. A Systematic Literature Review (SLR)
was conducted using the Kitchenham approach, analyzing 697 relevant
articles to address nine research questions regarding the application of DL in
the banking sector. This study contributes by providing insights into effective
DL models that enhance financial performance and risk prediction in banks,
while also offering recommendations for the development of more transparent
models. The results indicate that models such as Long Short-Term Memory
(LSTM) and Convolutional Neural Networks (CNN) perform well in handling
large financial data. Additionally, hybrid models that combine DL with
traditional models demonstrate higher accuracy in bankruptcy prediction and
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fraud detection.
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1. Introduction
The banking industry is vital to the global economy, and accurate financial performance assessment is
essential. Advances in artificial intelligence and deep learning have enhanced predictive accuracy and
improved risk management. Deep learning techniques, such as Long Short-Term Memory (LSTM)
networks, Convolutional Neural Networks (CNNs), and hybrid models, have demonstrated promising
results in areas such as credit risk assessment, fraud detection, and bankruptcy prediction [1][2][3].
These methods have shown a remarkable ability to handle large-scale, high-dimensional datasets,
enabling better prediction and classification of default risk, financial fraud, and other critical
performance indicators. Despite these advancements, the application of deep learning models in
banking remains a topic of growing interest, with many studies focusing on enhancing model
transparency [4] and addressing challenges such as data imbalance.

Several gaps remain unaddressed in the current body of research. Many deep learning (DL)
models used in banking are treated as "black boxes," raising concerns about transparency,
interpretability, and regulatory compliance. Furthermore, issues such as data imbalance, overfitting,
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and lack of domain-specific model customization continue to challenge the practical deployment of DL
models in real-world financial institutions. Given these challenges, there is a need for a comprehensive
synthesis of existing studies to map the evolution, effectiveness, and limitations of deep learning
applications in banking. While several previous reviews have explored Al in finance [5], few have
conducted a systematic and targeted review focusing specifically on deep learning for credit risk, fraud
detection, and bankruptcy prediction—three core components of banking performance evaluation.

This study aims to systematically review the application of deep learning models in banking
performance assessment, specifically focusing on credit risk, fraud detection, and bankruptcy
prediction. Using a Systematic Literature Review (SLR) employing the Kitchenham method[6], this
research synthesizes findings from 798 articles to explore key trends and challenges in this field. The
nine research questions identified in this review guide the analysis of how deep learning models can be
leveraged to enhance financial performance assessment in banking. The novelty of this study lies in its
integrative framework, which combines technical perspectives (e.g., algorithmic effectiveness) with
practical considerations (e.g., transparency and applicability in financial systems). The findings are
expected to contribute both theoretically and practically by guiding researchers, developers, and
banking practitioners toward more effective, explainable, and robust application of deep learning in
financial performance evaluation.

2. Materials and Methods

This study employs the Systematic Literature Review (SLR) method using the Kitchenham approach,
which follows a rigorous framework consisting of literature search strategies, study selection,
classification and quality assessment, data extraction, and data synthesis [6].

2.1. Selection of Studies

The review process began with a comprehensive search of reputable databases, including Scopus, and
IEEE Xplore. The search targeted peer-reviewed journal articles published between 2018 and 2024. The
inclusion criteria were as follows: (1) studies published within the 2018-2024 period,, (2) focused on the
banking sector, (3) applied deep learning methods, and (4) involved empirical research using real-world
data and evaluation metrics. The search used the keywords "deep learning" and "bank", resulting in 798
articles,. From this pool. studies were classified into four scopes of banking such as "credit risk
prediction” [7], "bankruptcy prediction” [8], "fraud detection” [9], and "financial performance” [10].
Across these four domains of banking, nine types of research were identified, as illustrated in in the
inclusion diagram (Fig.1).

“Deep learning” and “Bank”: 798 Article

[credit risk prediction:143] [financial performance:755] [ bankruptcy prediction:35 ] [ fraud detection:174]

Fig. 1. Inclusion diagram

The subsequent selection step is the exclusion process, based on the following criteria: absence of
empirical evaluation, publication not indexed in reputable databases, focus on non-financial sectors,
and studies that are duplicates or preprints. Asillustrated in Fig. 1, applying these four exclusion criteria
resulted in nine selected topics, which are presented in the exclusion diagram in Fig. 2.
2.2. Data Extraction
From the selected articles, data were extracted based on the following elements: (1) Study information:
Authors, year of publication, and title. (2) Objective: The main purpose of the study, particularly the
problem being addressed, such as credit risk prediction, fraud detection, or bankruptcy forecasting. (3)
Deep Learning Models Used: Specific deep learning methods employed (e.g., LSTM, CNN, GAN, etc.).
(4) Datasets: Information about the datasets used in the studies, including data sources, types (e.g.,
financial datasets, credit card transaction data, etc.), and the number of samples. (5) Evaluation Metrics:
Performance metrics such as accuracy, precision, recall, F1-score, and G-mean. (6) Contributions: The
key contributions of each study in terms of enhancing model performance, addressing challenges, or
proposing novel solutions, as summarized in Table 1.
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“Deep Learning for Credit Scoring” there are a number of articles 83

----- “Deep Learning for Credit Default Risk” there are a number of articles 60

credit risk
prediction

performance

prediction

fraud detection

Fig. 2. Exclusion Diagram

Table 1. Contribution Table

No  Author Research Title DL Dataset RQ  Evaluation Key Results  Contribution
and Year Model Metrics
1 Kang et A CWGAN-GP- CWGAN Consu RQ  Accuracy, Improved Introduction
al. (2022)  based multi-task -GP mer 1 AUC, F1- credit scoring  of CWGAN-
learning model credit Score accuracy for  GP for
for consumer data imbalanced imbalanced
credit scoring datasets class handling
in credit
scoring
697  Stevenso  The value of text BERT 60,000 RQ  AUC, Brier Text alone Demonstrates
netal. for small (Bidirecti  textual 9 Score surprisingly BERT’s
(2021) business default  onal loan effective for robustness for
prediction: A Encoder  assess predicting automating
Deep Learning Represen ments default; mSME
approach tations from a combining lending
from lender with process and
Transfor traditional improving
mers) data yieldsno loan
improvement assessment
strategies

2.3. Quality Assessment and Data Synthesis

The quality of included studies was assessed based on the Kitchenham checklist guidelines, which
include the following questions:
(Q1) Is the aim of the study clearly stated?
(Q2) Is the methodology described in sufficient detail?
(Q3) Is the data source appropriate and clearly described?
(Q4) Are the evaluation metrics appropriate and adequately applied?
(Q5) Are the results clearly presented and logically interpreted?

(Q6) Does the study discuss its limitations and potential biases?

(Q7) Does the study make a clear contribution to research or practice?
The assessment was conducted using a scale of 0 (no), 0.5 (partial), and 1 (yes/good). The total score was
used to classify the quality of the articles as acceptable (very good and good), less acceptable (fair), or
excluded (poor) from the synthesis, as shown Table 2.
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Table 2. Quality Assessment Table

Total Percentage Quality

Article Q1 02 Q3 04 Q5 Q6 Q7
No Score
1 Sue et al., 2022 1 1 1 1 1 05 1 65/7 929% Very good
696 Wang et al., 2023 1 0.5 1 1 0.5 0.5 1 55/7 78.6% Good
697 Stevenson et al. (2021) 0.5 0.5 0.5 0.5 0.5 0 0.5 3/7 42.9% Poor

The formulas for calculating the Total Score, Percentage, and Quality columns in the "Quality
Assessment" table, as presented, are as follows:

Total Score=Y.7_, Qi 1)
Percentage=(w) x100% (2

The categorization of Quality based on the Percentage is as follows: (1) 85% —100% = Very Good; (2) 70
90— 84.9%= Good; (3) 50 %~ 69.9%= Fair, (4) <50%= Poor.

2.4. Research Questions (RQ) and Analysis

Nine specific research questions were formulated to guide the review process. These questions focused
on the following areas:

RQL1. How effective are deep learning models in predicting credit risk in banks?

RQ2. What challenges are associated with applying deep learning to fraud detection in financial
institutions?

RQ3. Which deep learning models have shown the best performance in bankruptcy prediction?

RQ4. How do data quality and availability impact the accuracy of deep learning models in financial
applications?

RQ5. What are the limitations of current deep learning models used in the banking sector?

RQ6. How do hybrid deep learning models compare to traditional methods in financial risk prediction?
RQ7. What are the key evaluation metrics used to assess deep learning models in banking performance?
RQ8. How do deep learning techniques address the issue of data imbalance in credit risk prediction?
RQ9. What future trends are emerging in the use of deep learning for banking performance assessment?
3. Result And Discussion

Each of the research questions is explored by analyzing relevant articles and summarizing their
findings. A comparative analysis is conducted to evaluate the strengths and weaknesses of various deep
learning models and their applications in the banking sector. as described below.

RQ1. How effective are deep learning models in predicting credit risk in banks?:

Utilization of More Advanced Deep Learning Models

Deep learning models such as Deep Neural Networks (DNNSs), Convolutional Neural Networks
(CNNs), and Long Short-Term Memory (LSTM) are employed to handle more complex and larger
datasets that traditional models, such as logistic regression or decision trees, struggle to process
effectively. These models are capable of learning deeper and more intricate patterns from the data,
providing more accurate credit score assessments, particularly when dealing with large datasets that
contain diverse features [11][12][13].

Enhanced Predictions with More Complex Data

Deep learning facilitates the processing of more complex data, including unstructured data (e.g., text or
social media data), alongside structured financial data, enabling a more comprehensive customer
evaluation. For example, multi-input deep learning models can integrate financial data with external
relevant information to provide more accurate credit scoring predictions [14][15][16].

Improvements in Overfitting and Generalization

When combined with regularization techniques such as dropout and early stopping, Deep Learning can
effectively reduce overfitting, which is a common issue in simpler models. These techniques allow the
model to generalize better to unseen data, thereby improving its ability to predict credit scores
accurately [17][18].
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Enhanced Feature Engineering

Deep learning also enables automatic feature engineering, allowing models to discover and extract
relevant features from input data without manual intervention. This is particularly advantageous in
credit scoring, as the model can identify hidden factors that influence creditworthiness that may not be
easily detected by humans or traditional models [19].

Hybrid Models

Several studies propose the use of hybrid models that combine deep learning with traditional or other
machine learning algorithms, such as Random Forest or Support Vector Machines, to achieve improved
accuracy. These hybrid models leverage the strengths of both approaches—deep learning for handling
complex data structures and machine learning for providing better interpretability [20)].

Advancements in Model Evaluation

In evaluating model performance, metrics such as Accuracy, Area Under the Curve (AUC), Fl-score,
and Receiver Operating Characteristic (ROC) Curve are commonly used to demonstrate improvements
in predictive accuracy. Studies have shown that deep learning models achieve higher AUC values
compared to traditional models, indicating their superior ability to distinguish between creditworthy
and non-creditworthy clients [21].

RQ2. What challenges are associated with applying deep learning to fraud detection in financial
institutions?:

Based on a review of recent literature, several key challenges have been identified in the application of
deep learning (DL) for fraud detection in the financial sector:

Data Quality and Availability

Deep learning models require large volumes of high-quality, labeled data. However, in the context of
fraud detection, data is often fragmented across institutions and subject to privacy and regulatory
constraints. Labeling fraud-related data also demands domain expertise and is time-consuming, which
limits the availability of clean, labeled datasets [22].

Class Imbalance

Fraudulent transactions typically represent a very small proportion of all financial transactions,
resulting in highly imbalanced datasets. This imbalance leads to biased models that are less sensitive to
fraudulent activity. Techniques such as SMOTE (Synthetic Minority Oversampling Technique) and
hybrid oversampling-undersampling approaches have been proposed to address this issue [23].

High Computational Cost

Deep Learning architectures used for fraud detection—such as CNNs, RNNs, or LSTMs—are often
computationally intensive. Their training and deployment require significant computing resources (e.g.,
GPUs or cloud-based infrastructure), which may be a barrier for smaller institutions [24].

Lack of Interpretability and Explainability

One of the primary criticisms of Deep Learning in fraud detection is its "black-box" nature. Financial
institutions and regulators demand transparency and interpretability, which deep learning models
often lack. Recent efforts in Explainable Artificial Intelligence (XAI) aim to bridge this gap [25].
Adversarial Attacks

Deep learning models are vulnerable to adversarial attacks, in which small, deliberate perturbations in
the input data can mislead the model. Techniques such as evasion attacks and data poisoning can
compromise the model’s robustness and significantly degrade its detection performance [26].

Concept Drift and Evolving Fraud Strategies

Fraudulent behavior constantly evolves, resulting in a phenomenon known as concept drift, in which
the statistical properties of the data change over time. Static DL models may struggle to adapt to these
changes, reducing their long-term effectiveness. Techniques such as online learning and continual
model updates are necessary to mitigate this issue [27].

Limited Access to Labeled Data and Privacy Constraints

Supervised deep learning depends on labeled data, however, fraud cases are both rare and sensitive.
Regulatory frameworks such as GDPR further restrict the sharing and centralization of financial data.
Emerging approaches such as federated learning and unsupervised methods are being explored to
address these challenges without compromising data privacy [28].
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RQ3. Which deep learning models have shown the best performance in bankruptcy prediction?:
Long Short-Term Memory (LSTM)

LSTM models are widely recognized for their ability to process sequential and time-series data, making
them highly suitable for predicting financial distress and bankruptcy. Studies have demonstrated that
LSTM models outperform traditional machine learning algorithms in modeling long-term
dependencies in financial ratios and indicators [29].

Bidirectional LSTM (BiLSTM)

BiLSTM networks further enhance prediction by analyzing financial data in both forward and backward
directions. This bidirectional architecture has been shown to improve accuracy in bankruptcy prediction
compared to unidirectional models [30].

Hybrid Deep Learning Models

Hybrid models that combine LSTM or GRU with optimization algorithms (e.g., Genetic Algorithm,
Particle Swarm Optimization) or with traditional models like Random Forest have also been reported
to improve predictive performance. For example, WSODL-BPFCA (White Shark Optimizer with Deep
Learning) has achieved accuracy above 97% in predicting bankruptcy risk [31]

Deep Neural Networks (DNNs)

DNNss have shown strong performance in modeling complex nonlinear relationships between financial
variables and bankruptcy outcomes. DNNs are especially effective when trained on large datasets that
include both structured and unstructured features [1].

RQ4. How do data quality and availability impact the accuracy of deep learning models in financial
applications?

Impact of Incomplete or Noisy Data

The accuracy of deep learning models in financial tasks is highly dependent on the quality of input data.
Incomplete, noisy, or inconsistent financial datasets can lead to poor model generalization and reduced
prediction accuracy [32].

Limited Availability of Labeled Financial Data

Supervised deep learning models require large volumes of labeled data for effective training. In the
financial sector, such data is often confidential or scarce, especially for events like fraud or bankruptcy,
which are relatively rare. This hinders model development and reduces accuracy [33].

Bias in Historical Financial Data

Models trained on historical data may inherit existing biases—such as systemic bias in loan approvals
or discrimination in financial access—which can skew predictions and perpetuate unfair outcomes if
not corrected [34].

Challenges in Integrating Unstructured Data

While Deep Learning models can leverage unstructured data (e.g., text, images), preprocessing such
data (e.g., financial documents, news sentiment) requires significant effort. Poor preprocessing can
degrade performance despite the richness of the data [35].

Regulatory and Privacy Constraints

Regulatory frameworks (e.g., GDPR, financial secrecy laws) limit data availability and sharing, reducing
access to comprehensive datasets necessary for robust model training. This often leads to fragmented
or siloed data, which hampers accuracy [36].

RQ5. What are the limitations of current deep learning models used in the banking sector?

Lack of Interpretability (Black Box Problem)

Deep Learning models, particularly deep neural networks, often lack transparency and interpretability.
This “black-box” nature makes it difficult for financial institutions and regulators to understand how
predictions are made, which is problematic in risk-sensitive environments like banking [37].

High Data Requirements

These models require large volumes of high-quality, labeled data for effective training. However, in the
banking sector, data related to fraud, defaults, or ESG risk events is often rare, imbalanced, or
confidential, thereby limiting model performance [38].
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Ovwerfitting and Limited Generalization

Deep Learning models can overfit the training data, especially in financial domains characterized by
high volatility and noise. This reduces their ability to generalize to unseen cases, which is risky when
deployed in real-world banking applications [39].

Computational Complexity and Cost

Training Deep Learning models demands substantial computational power, time, and resources, which
can be a significant barrier for small- to mid-sized banks.

Regulatory and Ethical Concerns

Due to limited explainability and the potential for bias in training data, there are growing regulatory
and ethical concerns regarding the deployment of DL models in credit scoring, fraud detection, and
customer profiling.

RQ6. How do hybrid deep learning models compare to traditional methods in financial risk
prediction?

Integration of Deep Learning with Traditional Statistical Models

Hybrid models that combine deep learning (e.g., LSTM or CNN) with traditional statistical methods
such as ARIMA or logistic regression have demonstrated improved prediction accuracy in financial risk
assessments. While traditional models offer greater interpretability, deep learning enhances the model’s
ability to capture complex, nonlinear patterns.

DL and Machine Learning Ensembles

Some studies propose combining deep learning with ensemble methods such as XGBoost, Random
Forest, or Support Vector Machines (SVM). These hybrid models leverage the feature learning
capabilities of DL and the interpretability or robustness of classical ML, resulting in improved precision
and generalization.

Enhanced Feature Selection and Dimensionality Reduction

Hybrid models often use traditional statistical techniques for preprocessing and dimensionality
reduction (e.g.,, PCA), followed by deep learning for prediction. This combination improves model
efficiency and reduces computational burden, especially in high-dimensional financial datasets
Accuracy Comparison with Traditional Models

Empirical evidence indicates that hybrid DL models consistently outperform traditional models, such
as logistic regression, linear discriminant analysis (LDA), or ARIMA in financial risk prediction tasks,
including bankruptcy prediction, credit scoring, and fraud detection. The improvements are
particularly significant in terms of AUC, recall, and F1-score metrics.

Challenges of Hybrid Models

Despite better performance, hybrid models also pose challenges such as increased model complexity,
higher computational requirements, and reduced transparency compared to purely statistical
approaches.

RQ7. What are the key evaluation metrics used to assess deep learning models in banking
performance?.

In assessing the performance of Deep Learning models in banking applications, such as credit scoring,
fraud detection, bankruptcy prediction, and stock price forecasting, several key evaluation metrics are
commonly used:

Accuracy, Precision, Recall, and F1-Score

These are widely used in classification problems, such as in fraud detection and credit risk prediction.
Accuracy measures the proportion of correct predictions; Precision indicates the proportion of true
positives among predicted positives; Recall (Sensitivity) captures the ability to find all relevant positive
cases; F1-Score provides a harmonic mean of precision and recall.

Studies such as [40] demonstrate that DL models, e.g. LSTM and CNN, achieved F1-scores above 90%
in fraud detection tasks.

Mean Absolute Error (MAE) and Root Mean Square Error (RMSE)

These are typically used in regression tasks, such as stock price or exchange rate forecasting.

MAE quantifies the average magnitude of prediction errors; RMSE gives higher weight to larger errors,
making it more sensitive to outliers. For example, LSTM models achieved an RMSE of 0.023 in FOREX
prediction [41], significantly outperforming ARIMA and SVM models.
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Area Under the Curve — Receiver Operating Characteristic (AUC-ROC)

AUC-ROC is used in binary classification tasks (e.g., loan approval or rejection).

Higher AUC values indicate better model discrimination capability.

Shi et al. (2022) reported that CNN-LSTM hybrids achieved an AUC of 0.96 in bank loan classification.

Sharpe Ratio and R-Squared

In portfolio and stock return prediction, performance is often assessed using financial metrics.

Sharpe Ratio evaluates the risk-adjusted return of the predictive model.

R? (Coefficient of Determination) indicates how well the model explains the variance in the data. It
applied these metrics in DL-based stock price forecasting with R? reaching 0.87[42].

Confusion Matrix and Log Loss

Confusion Matrix and Log Loss are used for more detailed performance analysis and error distribution,
especially in unbalanced datasets.

RQ8. How do deep learning techniques address the issue of data imbalance in credit risk prediction?
In credit risk prediction, class imbalance is a common challenge, as the number of defaulters (positive
class) is usually much smaller than non-defaulters (negative class). Deep learning models have
incorporated several strategies to address this issue:

Use of Weighted Loss Functions

Many Deep Learning models apply weighted cross-entropy or focal loss to penalize misclassification of
minority classes more heavily. This approach allows the model to learn better representations of the
rare (risky) class, improving recall for defaulters.

Oversampling the Minority Class

Techniques such as SMOTE (Synthetic Minority Over-sampling Technique) and ADASYN are
commonly applied in preprocessing steps to balance datasets before training DL models such as CNN
or LSTM. This synthetic oversampling allows models to receive more representative samples of high-
risk customers.

One study compared models trained with and without oversampling and found that those using
SMOTE achieved a 7-10% increase in F1-score for the minority class [43].

Ensemble Deep Learning Models

Combining multiple DL models (e.g., ensemble of LSTM and CNN) can help mitigate bias toward the
majority class. These ensemble models often aggregate predictions using voting or averaging schemes,
which give more attention to the minority class.

Data Augmentation for Financial Features

Some models create synthetic financial behavior patterns using Generative Adversarial Networks
(GANSs) to enrich training data for the minority class. This approach improves the model's exposure to
edge cases related to default behavior.

Dropout and Regularization

Regularization techniques like Dropout are also used to avoid overfitting to the majority class and to
improve generalization, especially important in the context of imbalanced dataset.

RQY. What future trends are emerging in the use of Deep Learning for banking performance
assessment?:

Use of Complex and Hybrid Models

Recent studies increasingly utilize hybrid or multi-stage models to enhance prediction performance. For
instance, the XGBoost model is used to transform credit features into a high-dimensional feature matrix,
which is then processed using graph-based neural networks (forgeNet) to mine the relationships
between these features. In this way, Deep Learning can capture more complex patterns in credit data
that conventional models often miss.

Use of Graph and Attention Techniques

Graph Attention Networks (GAT) are employed to predict loan default risks, allowing the system to
understand non-linear and high-level relationships between borrowers. GAT helps the model identify
more complex patterns between historical credit data, borrowers' financial profiles, and transaction
histories, leading to improved predictive accuracy for default.
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Model Optimization with Imbalanced Data
In many cases, the data used has an imbalanced distribution. DL can address this issue by using cost-
adjustment algorithms or SMOTE (Synthetic Minority Over-sampling Technique) to place more focus
on the minority class (default). This techniques enhance the model’s sensitivity in detecting potential
default risks even when the data is sparse.
Efficient Feature Extraction and Data Preprocessing
Transfer Light Gradient Boosting Machine (TrLightGBM), which combines transfer learning and feature
engineering, addresses data imbalance issues while providing deeper insights into the factors
influencing default prediction. With efficient data processing, the model can learn more effectively and
make more accurate predictions.
Utilization of Deep Reinforcement Learning (DRL) Models
DRL can be used to predict default risk in a more adaptive manner. By formulating this as a Markov
Decision Process (MDP), the model can prioritize high-risk borrowers for default. DRL allows the model
to learn from previous decisions and optimize predictions based on potential financial losses.
Model Interpretability and Explanations
Most DL models used for loan default prediction, as demonstrated in studies with Explainable AI (XAI),
provide transparency in decision-making processes. By leveraging SHAP (Shapley Additive
Explanations), the model can provide insights into which features have the greatest influence on default
predictions. This level of interpretability is crucial for banks and financial institutions to communicate
risks to decision-makers and mitigate losses with more precise strategies.
Combination of Various Types of Data (Multiview Data)
In some studies, particularly those employing Multi-view GCN, DL combines various types of data,
including loan information, credit history, and borrowers' personal information. This approach allows
the model to account for more aspects of borrower behavior, providing a more comprehensive view
and improving the accuracy of default predictions.
Ovwerall Benefits of Deep Learning in Default Prediction
Overall, the use of deep learning in predicting bank loan defaults provides significant advantages in
terms of accuracy, proactivity, and the ability to identify patterns that conventional models often
overlook. With the ability to process large, complex data, these models enable banks to respond to
potential default risks more quickly and efficiently, thereby reducing financial losses caused by troubled
loans.
4. Conclusion
This research has systematically explored the role of Deep Learning in enhancing banking performance
assessment across nine thematic research questions. The findings underscore that deep learning
models—particularly LSTM, CNN, and hybrid architectures-significantly outperform traditional
methods in tasks such as credit scoring, bankruptcy prediction, fraud detection, and financial ratio
analysis. These models offer superior predictive accuracy, especially when combined with unstructured
data sources like sentiment and ESG reports. Furthermore, deep learning techniques demonstrate a
strong capacity to handle data quality issues and class imbalance, which are common challenges in
financial datasets. Despite these advantages, notable limitations persist, particularly regarding model
interpretability, limited integration of ESG dimensions, and the dependency on high-quality data
inputs. Emerging trends, including the adoption of graph neural networks, explainable Al, and
multimodal learning, signal a shift toward more transparent, adaptive, and comprehensive analytical
frameworks in banking. Overall, deep learning is not only transforming predictive modeling in the
financial sector but also enabling more informed and proactive decision-making. However, further
research is necessary to address ethical, regulatory, and technical challenges, ensuring the responsible
and sustainable adoption of Deep Learning in banking applications.

Based on the gaps and trends identified in the review, future research in this domain should focus
on: (1) Explainable AI (XAI) and Model Interpretability: Developing frameworks that make DL
predictions in banking more transparent and explainable for decision-makers and regulators; (2) ESG
and Sustainable Finance Modeling: Integrating environmental, social, and governance (ESG) indicators
more comprehensively with DL to assess long-term financial sustainability and risk; (3) Graph-Based
and Attention Mechanisms: Expanding the use of Graph Neural Networks (GNNs), GATs, and
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attention-based models to capture complex interdependencies in customer and transaction networks;
(4) Data Privacy and Ethics in Financial Al: Addressing privacy, fairness, and ethical implications of DL
applications in personalized banking and credit evaluation; (5) Benchmarking and Standardization:
Establishing standardized benchmarks, datasets, and evaluation protocols to improve reproducibility
and cross-study comparison; (6) Real-time and Federated Learning Models: Exploring DL models that
can learn from decentralized data sources (e.g., federated learning) and deliver insights in real-time
without compromising data privacy.
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