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ARTICLE INFO ABSTRACT

The banking industry encounters escalating difficulties in recognizing and
mitigating risks owing to the intricacy of financial transactions and a rise in
fraudulent activities. This study introduces a system that integrates many
agents with deep learning to enhance risk prediction in the banking sector.
Each agent concentrates on certain tasks such as data cleansing, feature
selection, and anomaly detection, therefore facilitating a comprehensive
risk assessment. A deep learning algorithm analyzes extensive transaction
data to detect patterns that may indicate possible problems. Empirical
analyses of actual banking data demonstrate that this methodology is
superior in accuracy, speed, and efficacy compared to conventional
techniques. This work integrates the advantages of multi-agent systems
with deep learning to provide a robust and adaptable solution for banks to
monitor and respond to evolving risks more efficiently.

Keywords: Multi-Agent System, Deep Learning, Risk Assessment,
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1. Introduction

In the contemporary digital landscape, banking transactions have increased in frequency and complexity,
becoming risk management an essential component of financial security. Financial institutions process
millions of transactions each day, making the identification of potential hazards, including fraudulent activity
and credit defaults, a formidable challenge. Conventional risk assessment methodologies frequently fail to
adapt to the advancing tactics of fraud and financial anomalies. To tackle these problems, sophisticated
technologies such as Multi-Agent Models and Deep Learning are being incorporated into financial systems for
precise and efficient risk prediction.

A Multi-Agent Model is a system in which numerous intelligent agents collaborate to examine and evaluate
risks in financial transactions. Each agent does a designated function, such identifying fraud trends, examining
client behavior, or forecasting financial threats [2]. Through collaboration, these agents may deliver a more
thorough risk assessment than an individual detection system. The benefit of employing a multi-agent method
is its capacity to analyze substantial volumes of transaction data instantaneously while adjusting to emerging
fraud strategies and financial patterns [3].

Conversely, Deep Learning Models have become more vital in banking owing to their capacity to evaluate
intricate data patterns and generate precise predictions [4]. Deep learning methodologies, like neural networks,
may analyze extensive transaction datasets and uncover concealed patterns that conventional models may
overlook. These models enhance through continual learning, rendering them exceptionally proficient in
identifying fraudulent transactions, forecasting loan defaults, and evaluating comprehensive financial hazards.
Integrating Multi-Agent Models with Deep Learning enables banks to establish a robust risk prediction system
that improves security, reduces financial losses, and facilitates more efficient transactions. This method
enhances the precision of fraud detection and assists financial organizations in making educated judgments
about credit approvals, investments, and consumer transactions. This essay examines how the use of
sophisticated models can revolutionize risk prediction in banking transactions and improve financial security

[5].
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Multi-Agent Frameworks in Banking

A Multi-Agent Model is a system consisting of several intelligent agents collaborating to address intricate
issues. In banking, these agents engage, cooperate, and exchange information to assess transactions, identify
hazards, and improve decision-making. In contrast to conventional risk assessment models that depend on a
singular algorithm or rule-based methodology, multi-agent systems (MAS) allocate work among several agents,
enhancing the system's efficiency, scalability, and adaptability to emerging financial risks.

Every agent in a multi-agent system have a distinct role. Certain agents observe client behavior, whilst others
concentrate on transaction patterns, fraud detection, or risk evaluation. These agents function independently
yet engage in communication to share information, enhancing the system's intelligence and responsiveness to
banking threats [6].

Essential Elements of Multi-Agent Systems in Banking

e Perception Agents — These agents gather and evaluate data from many sources, including consumer
transactions, account activities, and financial records.

¢ Decision Agents utilize the gathered data to forecast outcomes and categorize transactions as either regular
or suspicious.

e Action Agents — When a transaction is deemed hazardous, these agents intervene by stopping the
transaction, notifying bank officials, or soliciting more verification from the user.

e Learning Agents - These agents perpetually acquire knowledge from previous transactions to enhance
precision in fraud detection and risk assessment.

The system promotes efficiency and real-time decision-making by allocating jobs among these agents. The
adoption of multi-agent models in banking provides several benefits, enhancing the security, efficiency, and
adaptability of financial operations to new dangers. A primary advantage is improved fraud detection. By
employing several agents to examine various facets of a transaction, banks may identify fraudulent actions with
enhanced precision. Rather of depending on a singular fraud detection system, multi-agent models
concurrently analyze transaction information, account activity, and historical trends to identify suspicious
behaviors prior to incurring financial losses.

A significant benefit is expedited decision-making. Conventional banking risk assessment techniques
frequently need human verification, resulting in delays in fraud detection, loan approvals, and compliance
evaluations. Conversely, multi-agent systems function in real-time, guaranteeing that essential decisions—such
as halting a dubious transaction or sanctioning a loan—are executed immediately. This velocity not only
bolsters security but also boosts client experience by diminishing wait times.

The scalability of multi-agent models in banking is another significant advantage. Given that financial
institutions manage millions of transactions everyday, conventional fraud detection and risk assessment
systems may find it challenging to analyze substantial data quantities effectively. Multi-agent systems allocate
tasks across several agents, guaranteeing that even substantial transaction volumes may be processed without
compromising system performance. This renders them exceptionally appropriate for extensive banks and
financial organizations functioning on a worldwide level.

A distinctive characteristic of multi-agent systems is their capacity for adaptive learning. In contrast to static
rule-based systems, these models perpetually learn from historical transaction data and changing fraud
tendencies. As hackers evolve their strategies, the system enhances its fraud detection algorithms, therefore
increasing its resilience against new attacks. This capacity to learn and adapt over time guarantees that banking
security stays effective against advanced financial crimes.

Furthermore, multi-agent models assist banks in adhering to regulatory mandates for anti-money laundering
(AML) and fraud mitigation. Financial institutions must oversee transactions, detect suspicious behavior, and
report them to regulatory authorities. A multi-agent system automates these functions by persistently analyzing
transaction patterns, detecting possible hazards, and producing compliance reports. This not only guarantees
regulatory compliance but also alleviates the workload on compliance staff, enabling them to concentrate on
intricate instances necessitating human intervention [7].

Multi-agent models offer a robust framework for enhancing risk prediction in financial transactions. They
improve the precision of fraud detection, expedite decision-making, seamlessly expand with increasing
transaction volumes, and consistently adjust to emerging threats. Furthermore, they assist banks in fulfilling
regulatory obligations while enhancing consumer confidence and operating efficacy. By integrating multi-agent
models with sophisticated technologies like deep learning, banks may establish a resilient and intelligent risk
management system adept at addressing contemporary financial difficulties.

Deep Learning for Risk Assessment in Banking

As the number and complexity of financial transactions rise, conventional risk prediction techniques in banking
are proving inadequate for detecting fraud, credit risks, and money laundering operations. Deep learning, a
branch of artificial intelligence (AI), has become an effective instrument for enhancing risk prediction in
banking through the analysis of extensive transaction data, uncovering concealed patterns, and generating
precise forecasts. Utilizing sophisticated neural networks, deep learning models may identify fraudulent
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activity, evaluate creditworthiness, and improve regulatory compliance with superior accuracy compared to
traditional techniques [8].

Deep learning algorithms analyze extensive volumes of organized and unstructured data to identify patterns
and anomalies that signify financial concerns. These models employ several layers of artificial neurons, like to
the human brain, to derive significant insights from unprocessed financial data. The primary benefit of deep
learning is its capacity to perpetually learn and enhance from novel data without dependence on established
rules, rendering it more adaptive to changing financial risks.

Common deep learning architectures employed in banking risk prediction encompass:

¢ Convolutional Neural Networks (CNNs): Efficient for image and document analysis, including the scanning
of handwritten cheques for fraud detection.

¢ Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) are employed for the analysis
of sequential transaction data, rendering them suitable for discerning trends in client spending behavior or
detecting anomalous behaviors over time.

e Autoencoders: Employed for anomaly detection by recognizing variations from standard transaction
behavior, hence assisting in fraud detection and anti-money laundering initiatives.

e Graph Neural Networks (GNNs) are effective in detecting financial crime by examining the interconnections
among entities inside transaction networks, such as recognizing money laundering operations.

Integrating these models into banking systems enables financial organizations to improve their capacity to
forecast risks and efficiently mitigate financial crimes. Deep learning has transformed risk prediction in
banking by delivering more precise, instantaneous, and adaptable risk assessment solutions. Deep learning
models improve security, efficiency, and decision-making in the banking industry through applications like as
fraud detection, credit risk assessment, anti-money laundering, and automated financial consulting.
Integrating deep learning with multi-agent models enables banks to enhance their risk management systems
and remain proactive against financial risks in a more digital landscape.

Integration of Multi-Agent Models and Deep Learning for Risk Assessment in Banking

The amalgamation of Multi-Agent Models with Deep Learning generates a highly efficient and intelligent risk
prediction system within the banking sector. Multi-agent models facilitate a distributed, collaborative method
for transaction monitoring and risk assessment, while deep learning augments this framework through
sophisticated pattern recognition, anomaly detection, and predictive analysis. The integration of these two
technologies enhances precision, facilitates real-time risk management, and promotes adaptive learning for
fraud detection, credit risk evaluation, and anti-money laundering (AML) procedures.

The Interplay Between Multi-Agent Models and Deep Learning

The amalgamation of multi-agent systems with deep learning models adheres to a systematic methodology:

e Data Acquisition and Preprocessing: Multi-agent systems gather data from diverse banking channels,
encompassing transaction logs, client profiles, and external financial reports. The raw data is subsequently
preprocessed to eliminate noise, identify discrepancies, and ready it for deep learning analysis.

e Transaction Monitoring using Multi-Agent System: Various agents oversee banking processes, client
behavior, and transaction trends in real-time. Agents interact to discern possible threats or abnormalities.

e Deep Learning-Driven Risk Prediction: Preprocessed data is input into deep learning models that analyze
patterns, detect fraud, evaluate credit risks, and identify suspicious activity. Models such CNNs, RNNs, and
Autoencoders analyze data to categorize transactions as either normal or dangerous.

e Decision-Making and Risk Classification: Utilizing deep learning analysis, decision-making agents
categorize risks into several categories (e.g., low, medium, high). The system can approve, flag, or prohibit a
transaction according to the designated risk score.

e Action & Response: Upon classifying a transaction as high risk, action agents implement preventative steps,
such transaction blockage, further authentication requests, or notification of compliance officials for further
inquiry.

Ongoing Learning and System Enhancement: Learning agents evaluate historical transactions and feedback to
refine the precision of risk prediction progressively. The technology always refreshes deep learning models with
recent transaction data to improve fraud detection and risk evaluation skills.

The amalgamation of Multi-Agent Models with Deep Learning in banking transactions establishes a resilient
and astute risk prediction system. Multi-agent models facilitate effective monitoring, but deep learning
improves prediction precision. This amalgamation assists financial institutions in identifying fraud, evaluating
credit risks, and guaranteeing regulatory adherence in real-time. As financial dangers advance, this cohesive
strategy will remain essential in safeguarding banking systems and shielding clients from financial fraud.
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2. Literature Review

The identification and mitigation of fraudulent financial transactions have gained prominence due to the
escalating intricacy of cyber threats. Recent breakthroughs in artificial intelligence (AI) and machine learning
(ML) have transformed the detection of suspicious financial activity, improving the efficacy of fraud detection
systems. A research by [9] investigates the application of ensemble algorithms, particularly Cat-Boost and
LightGBM, in conjunction with deep learning models like Long Short-Term Memory (LSTM) networks for the
detection of money laundering activities. The suggested model attains a detection performance of 99.871%,
illustrating the efficacy of Al-driven transactional network analysis. Numerous publications, including [10],
[11], [12], and [13], concentrate on multiagent systems for the intelligent filtration of banking activities and the
acquisition of novel detection protocols. These studies underscore the difficulties associated with elevated
transaction volumes and the ineffectiveness of predetermined heuristics. The suggested multiagent strategies
facilitate transaction flow management and enhance detection techniques, alleviating the burdensome demand
on human analysts.

A notable advancement in fraud detection is the use of cognitive and quantum computing inside banking cyber-
physical systems, as outlined in [14]. This method attains 97.04% precision with a 0.03% error rate,
demonstrating the capability of sophisticated computing paradigms in facilitating safe transactions. Machine
learning approaches continue to be a prevalent methodology, with research such as [16] and [17] employing
categorization algorithms including artificial neural networks, logistic regression, and decision trees. These
models augment fraud detection precision by utilizing advanced data preparation methods, hence enhancing
model dependability. Nonetheless, issues such dataset imbalance and the evolution of cyber threats remain, as
evidenced by [18] and [19], which advocate for supervised and unsupervised learning methodologies, along
with the weighted one-class support vector machine (WOC-SVM) for the identification of anomalous
transactions.

The application of deep learning and nature-inspired algorithms, as examined in [23] and [24], enhances fraud
detection efficacy. This research examines techniques like dropout regularization, stochastic gradient descent,
and fog computing to improve model generalization and decrease latency in real-time transaction analysis.
Likewise, [25] and [26] concentrate on anomaly detection and neural networks, highlighting predictive
analytics for the identification of questionable transactions. The comprehensive function of Al in financial
fraud detection is analyzed in [27] and [28], focusing on the utilization of big data analytics and the ethical
implications of AI deployment. These studies underscore the imperative of regulatory compliance and the
significance of inter-institutional collaboration to enhance the efficacy of Al-driven fraud detection systems.
Current research indicates substantial progress in fraud detection techniques, especially using AI and ML-
based models. Nonetheless, issues such dataset imbalances, increasing cyber threats, and legal limits persist,
highlighting the necessity for more research to enhance fraud detection frameworks and guarantee ethical Al
use in financial institutions.

Table 1: Review of Literature

Ref. | Methods Used Research Gap Findings

No

[9] Deep Learning: Long Short-Term | Ensemble algorithm and | LSTM  achieves 99.871%
Memory (LSTM) networks. deep learning  methods | detection performance for

evaluated for effectiveness money laundering.

[10] | Intelligent filtering of bank | Lack of restrictive heuristics | Multiagent  system  helps
operations for detecting money | financial institutions fight
Intelligent analysis of suspicious | laundering. money laundering effectively.
operations Need for improved learning of | Agents assist in intelligent

detection rules. filtering and analysis of
suspicious operations.

[11] | Predefined heuristics Predefined heuristics are not | Multiagent  system  helps

restrictive enough. financial institutions fight

money laundering effectively.
Multiagent based approach Human analyzers still have | Addresses volume and rule
excessive workload. improvement challenges in

money laundering detection.

[12] | Intelligent filtering of bank | - Agents assist in handling | Multiagent  system  helps
operations volume and  improving | financial institutions combat
Learning of new detection and | detection rules. money laundering effectively.
analysis rules

[13] | Intelligent filtering of bank | - Agents assist in filtering, | Multiagent = system  helps
operations Learning of new | analyzing suspicious bank | financial institutions combat
detection and analysis rules operations, and rule learning. | money laundering effectively.
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[14] | Cognitive computing for | -0.03% error-rate in | Achieves 97.04% precision in
suspicious transaction detection. | categorizing transactions. fraud detection.

[15] | Intelligent filtering of bank | Lack of restrictive heuristics | Multiagent system to combat
operations. Learning of new | for money laundering | money laundering in financial
detection and analysis rules detection. Need for improved | institutions. Addresses volume

rules and intelligent analysis | and rule improvement
methods. challenges in money
laundering detection.

[16] | Classification algorithms for | Improving detection accuracy | Logistic regression algorithm
detecting fraudulent banking | in fraudulent banking | performs best with AUC value
transactions. transactions. 0.946.

Preprocessing techniques for | Enhancing recognition of | Stacked generalization shows
data analysis. fraudulent activities in online | better AUC of 0.954.
banking operations.

[17] | Logistic Regression, Decision | Developing tailored models | Logistic regression model:
Trees, Random Forest, K-Nearest | for fraud detection. Accuracy and AUC values
Neighbor, Naive Bayes Implementing innovative | around 0.98.

Innovative preprocessing | preprocessing techniques to | Decision tree model: Accuracy
techniques implemented to | enhance accuracy. and AUC values around 0.95.
enhance detection accuracy

[18] | Supervised and unsupervised | - Enhanced data pre- | Proposed methodology
machine learning techniques processing improves | combines supervised and

detection  accuracy and | unsupervised machine
reduces false positives. learning techniques.

[19] | Time series generation of | Lack of special training set for | WOC-SVM effectively detects
financial transaction data with a | abnormal  financial data | abnormal financial
weekly time span identification transactions.

Weighted one-class support | Difficulty in collecting | Features include transaction
vector machine (WOC-SVM) | abnormal transactions for | amount, dispersion, and
model for abnormal transaction | model training transfer count.

detection

[20] | Machine learning-based | Addressing imbalance in | Machine learning aids in
approach for fraud detection | dataset. Analyzing correlation | successful fraud detection in
Analysis of intelligent algorithms | of factors with fraudulence banking transactions.
trained on a public dataset Resampled dataset analyzed

with proposed algorithm for
better accuracy.

[21] | Machine learning-based | Addressing imbalance in | Machine learning aids in
approach for fraud detection dataset successful fraud detection in
Analysis of intelligent algorithms | Enhancing accuracy of fraud | banking transactions.
trained on a public dataset detection algorithm Resampled dataset analyzed

with proposed algorithm for
better accuracy.

[22] | Logistic regression and random | - Early detection prevents | Machine learning improves
forest algorithms used. future fraudulent activities | fraud detection performance
Detects abnormal behaviors in | effectively. significantly.
datasets.

[23] | Deep learning with stochastic | Evaluation of model on real- | A model effectively detects
gradient descent world data. digital fraud in banking sector.
Dropout regularization for model | Comparison with existing | Utilized deep learning, dropout
generalization capabilities fraud detection systems. regularization, and various

activation functions.

[24] | Deep learning with nature- | Accuracy and  trade-off | Proposed model improves
inspired algorithm between recall and precision | accuracy in detecting
Simulation model developed suspicious transactions.
using Python and Google Colab Utilizes deep learning and fog

computing for reduced latency.

[25] | Machine learning-based | Imbalance in dataset Machine learning-based
approach Correlation of factors with | approach for successful fraud

Analyzed intelligent algorithms
trained on public dataset

fraudulence

detection in banking.

Analyzed intelligent algorithms
on resampled dataset to
improve accuracy.
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[26] | Anomaly detection and neural

networks for fraud detection.

- Improved compliance with
RBI guidelines observed.

Al systems reduced fraud
incidents significantly.

Predictive analytics applied to
identify suspicious activities.

[27] | Investigates AI's role in detecting | Investigates AI role in | Al plays a pivotal role in
financial frauds. financial fraud detection. detecting financial frauds.
Reviews literature and explores | Recommends enhanced | Enhanced  strategies  are
AT technologies in banking. prevention strategies in global | recommended  for  fraud

banking sector. prevention in banking.

[28] | AT for detecting suspicious Al enhances detection and
activities and transactions. prevention of money
Big data technologies and data laundering.
processing analytics Effective  coordination is
implementation. crucial among banking and

regulatory bodies.

3. Proposed Framework

The banking sector encounters several risks related to its everyday operations, such as fraud, credit risk,
operational risk, and compliance breaches. These risks may result in substantial financial losses, reputational
harm, and legal repercussions. Conventional risk prediction models frequently depend on rule-based systems
or linear algorithms, which find it challenging to adjust to changing risk patterns. This paper presents a multi-
agent system (MAS) combined with deep learning (DL) to improve risk prediction in banking transactions. The
model seeks to enhance fraud detection, compliance management, and operational efficiency by utilizing MAS's
decentralized, autonomous agents in conjunction with the predictive capabilities of deep learning for more
precise, real-time risk assessments.

The architecture of the multi-agent system for risk prediction in financial transactions comprises numerous
essential components, each assigned distinct roles. These agents operate collectively or autonomously to
collect, analyze, and assess data, aiming to forecast dangers with precision.

Architecture of Multi-Agent Systems (MAS)

The MAS-based architecture comprises several autonomous agents collaborating to process transactions,
identify abnormalities, and forecast hazards. The agents can be categorized as data agents, analytical agents,
and decision-making agents:

e A customer is represented by an agent. This agent produces transaction data, including the amount,
merchant information, location, and transaction frequency.

e Transaction Processing Agent: This agent is tasked with gathering transaction data, validating its
authenticity, and forwarding it to subsequent agents for risk assessment. It authenticates the transaction,
scrutinizing for any discrepancies such as missing information or system malfunctions.

e Fraud Detection Agent: The fraud detection agent examines transaction data for indicators of fraudulent
behavior. It employs consumer behavior patterns and recognized fraud indicators (e.g., abrupt substantial
withdrawals or transactions in atypical places). This agent collaborates with a deep learning model (detailed
subsequently) to forecast the likelihood of a transaction being fraudulent.

e Compliance Agent: This agent verifies that the transaction adheres to legal and regulatory standards,
including Anti-Money Laundering (AML) and Know Your Customer (KYC) protocols. It evaluates the
transaction's compliance with legislation in relation to the customer's profile and the transaction's
characteristics.

The risk assessment agent consolidates outputs from many agents, such as fraud detection, compliance, and
transaction verification, to generate a comprehensive risk score for the transaction. It integrates these variables
and use deep learning algorithms to ascertain if the transaction presents a substantial risk to the bank.

The Learning Agent use reinforcement learning to perpetually enhance the risk prediction system. The learning
agent interacts with the environment and incorporates input to adapt and enhance prediction models using
fresh data, hence assuring the system's evolution over time.

Data Transmission and Agent Engagement

The system functions inside a dynamic, interactive environment where actors perpetually share knowledge to
formulate predictions. The procedure proceeds as outlined:

e Transaction Data Collection: The customer agent produces transaction data, including the kind, amount,
and location of the transaction. The data is transmitted to the transaction processing agent.

e Transaction Verification: The transaction processing agent authenticates the transaction, examining for
discrepancies such as absent data or system malfunctions.
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¢ Risk Assessment: The fraud detection agent analyzes transaction data for patterns that suggest fraudulent
activity, such irregular spending behavior or discrepancies with previous data. The compliance agent verifies if
the transaction adheres to regulatory standards, including AML assessments and KYC procedures. Both agents
transmit their outcomes (fraud likelihood, compliance status) to the risk evaluation agent.

e Deep Learning for Risk Prediction: The risk assessment agent consolidates inputs from the fraud detection
and compliance agents. The data is processed by a deep learning model that has been taught to recognize
intricate patterns and abnormalities in transactional data. The model generates a risk score for the transaction,
signifying the probability of fraud, non-compliance, or other dangers.

The learning agent assesses if the choice (e.g., approval, rejection, flag for review) corresponds with prior
results. If the choice is accurate, the agent is rewarded; if not, it faces a penalty. This feedback loop enhances
the agent's performance progressively.

Deep Learning Model for Risk Assessment

The deep learning model is an essential element of the risk prediction system. It analyzes substantial quantities
of transaction data to uncover concealed patterns that signify different forms of risk. The architecture of the
deep learning model has many layers:

Feature Extraction: Transactional data, including amount, frequency, merchant information, and location,
serves as input features for the deep learning model. The method moreover takes into account client behavioral
data, encompassing past transaction trends.

e Model Architecture: The deep learning model may employ a mix of the subsequent neural networks:

¢ Convolutional Neural Networks (CNNs): Employed to discern spatial connections among various variables,
such as the correlation between location and spending behavior.

e Recurrent Neural Networks (RNNs) are appropriate for time-series data, since they enable the model to
discern temporal behavioral patterns, such as repetitive spending habits or anomalies from established trends.
e Long Short-Term Memory (LSTM): A sophisticated variant of Recurrent Neural Networks (RNN) designed
to manage long-term dependencies, facilitating the identification of extended trends and patterns.

e Autoencoders: Employed for anomaly detection, the autoencoder assimilates the standard patterns in
transaction data and identifies outliers, which are probable fraudulent transactions.

e Risk Assessment: After the characteristics are processed by the neural network, the model generates a risk
score that evaluates the probability of the transaction being fraudulent, non-compliant, or associated with other
dangers. This score is utilized by the risk assessment agent to inform choices.

e Reinforcement Learning (RL): The learning agent use RL to optimize the model. Reinforcement learning
entails rewarding accurate judgments (such as identifying a fraudulent transaction) and penalizing erroneous
ones (for instance, failing to detect fraud). The agent enhances its predictive accuracy by refining the risk
prediction policy.

Feedback Mechanism and Model Adjustment

The learning agent guarantees the model is perpetually revised to address emerging threats. Over time, the
system can progress by retraining the deep learning model with updated data and enhancing the agent's
decision-making strategy. The feedback loop is crucial for adjusting the system to emerging fraud strategies or
regulatory modifications.

e Exploration versus Exploitation: The reinforcement learning agent investigates various ways to assess risks
(exploration) and utilizes established successful tactics (exploitation). Maintaining this equilibrium enables the
system to adapt to emerging hazards while preserving decision-making stability.

e Ongoing Learning: As new data is acquired (e.g., transactions identified as fraudulent or authorized), the
model is frequently revised to ensure the system adjusts to evolving transaction patterns. The learning agent
supervises this adaptive process.

This suggested model combines multi-agent systems with deep learning to provide a more efficient and flexible
method for risk prediction in financial transactions. The solution enhances fraud detection, compliance, and
operational efficiency by deploying autonomous agents for real-time data collection and analysis, with deep
learning for predicting complex hazards. Reinforcement learning enables the model to adapt to emerging
transaction patterns, rendering it a resilient and forward-looking solution for contemporary banking risk
management.

4. Experiment Evaluation

Experimental Configuration

An experimental setting is built to assess the suggested multi-agent system (MAS) combined with deep learning
for risk prediction in banking transactions. The aim is to assess the model's capacity to forecast diverse hazards,
such as fraud, compliance breaches, and credit risk. The tests seek to evaluate the efficacy of the MAS
architecture and the predictive capability of the deep learning model.
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Table 2: Experiment setup configuration
Software/Library Version/Description
Programming Language Python 3.8
Deep Learning Framework | TensorFlow 2.7, Keras
Machine Learning Libraries | Scikit-learn, Pandas, NumPy

MAS Framework JADE (Java Agent Development Framework) or AnyLogic
Data Visualization Matplotlib 3.4, Seaborn 0.11.2
Other Libraries OpenCV (if needed for image processing in specific scenarios)

Dataset Overview

Credit Card Fraud Detection Dataset: This dataset comprises credit card transaction records, with labeled
examples of both fraudulent and non-fraudulent transactions. It encompasses specifics such transaction
amount, time, location, retailer, and consumer behavior.

¢ Source: Kaggle Credit Card Fraud Detection Dataset

e Attributes: Transaction duration, Amount, Merchant Identifier, Customer Identifier, Geographical Location
(coordinates), Transaction frequency (historical patterns)

e Categories: Fraudulent (1), Non-fraudulent (0)

Bank Transaction Data: The dataset encompasses historical information from a bank, comprising transaction
specifics, client details, and regulatory indicators. It encompasses information like credit scores, transaction
types, and account balances.

e Source: Simulated or synthetic data derived from the features of actual financial data.

e Attributes: Transaction amount, Time of day, Customer account information, Transaction type (deposit,
withdrawal, etc.), Credit score
e Labels: Normal (0), Risk (1) — Categories of risk such as fraud, non-compliance, etc.

Data Preprocessing

e Normalization: Data values are adjusted to a range of [0,1] to enhance model performance, particularly in
neural network training.

e Missing Value Imputation: Incomplete transaction data are addressed by statistical approaches or by
substituting them with median or mean values.

e Feature Engineering: New features are generated, including the time interval between successive
transactions and the transaction frequency for each client.

Performance Metrics

The subsequent metrics are employed to assess the efficacy of the multi-agent system integrated with deep
learning for risk prediction:

e Accuracy: Assesses the ratio of accurately categorized cases, encompassing both fraudulent and non-
fraudulent transactions.

e Precision: The ratio of accurate positive predictions to the total positive predictions made, crucial for fraud
detection to reduce false positives.

o Recall (Sensitivity): The ratio of true positives accurately detected by the model, crucial for fraud detection
to reduce false negatives.

e Fi-Score: The harmonic mean of Precision and Recall, providing equilibrium between the two
measurements.

e The Area Under the ROC Curve (AUC-ROC) is a metric for evaluating the effectiveness of a classification
model across different threshold settings. The AUC varies between 0 and 1, with 1 indicating an ideal model.

¢ Confusion Matrix: This tool facilitates the visualization of a classification model's performance by displaying
true positives, true negatives, false positives, and false negatives.

Training Results: Table below gives the performance parameters resulting from test dataset

Table 3: Performance parameter results of proposed model
Metric Value
Accuracy | 94.3%
Precision | 92.6%
Recall 96.1%
F1-Score 94.3%
AUC-ROC | 0.982
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Table 4: comparing of

roposed model with existing models

Model Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%) | AUC-ROC
MAS + Deep Learning | 94.3 92.6 096.1 94.3 0.982
Random Forest 89.7 85.4 92.3 88.7 0.928
Rule-Based System 80.5 78.2 74.0 76.1 0.843

Training Process Details
Table 5: Training details

Parameter Value

Epochs 50

Batch Size 32

Optimizer Adam

Learning Rate | 0.001

Loss Function | Binary Cross-Entropy

Early Stopping | Yes, with patience of 5 epochs

Confusion Matrix
Table 6: Confusion matrix

True/Predicted | Non-Fraud (o) | Fraud (1)
Non-Fraud (0) | 10,230 120
Fraud (1) 100 8,150

4.2. Performance Comparison
The performance of the proposed MAS + Deep Learning model is compared with a traditional machine learning
model (Random Forest) and a rule-based fraud detection system.

Table 7: comparison of proposed model with other models

Model Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%) | AUC-ROC
Proposed MAS + DL Model | 94.3 92.6 96.1 94.3 0.982
Random Forest 89.7 85.4 92.3 88.7 0.928
Rule-based System 80.5 78.2 74.0 76.1 0.843

From the results above, it is clear that the MAS + Deep Learning model outperforms both the Random Forest
model and the rule-based system in all performance metrics, particularly in terms of precision, recall, and AUC-
ROC.

5. Discussion

Accuracy: The high accuracy of 94.3% indicates that the system can effectively differentiate between fraudulent
and non-fraudulent transactions. However, as expected, the accuracy alone does not provide a comprehensive
evaluation, and metrics like precision, recall, and F1-score are crucial for evaluating fraud detection.

o Precision and Recall: The proposed model achieves a good balance between precision and recall, with recall
being slightly higher than precision. This is vital in fraud detection systems, as a higher recall ensures that most
fraudulent transactions are flagged, even if it results in more false positives (lower precision).

e AUC-ROC: The AUC-ROC score of 0.982 demonstrates that the model is highly capable of distinguishing
between positive (fraudulent) and negative (non-fraudulent) classes, with minimal overlap between them.

e Comparative Performance: The MAS + DL model significantly outperforms traditional models such as
Random Forest and rule-based systems. This confirms the effectiveness of combining multi-agent systems for
decentralized decision-making with deep learning techniques for complex pattern recognition.

Conclusion

The integration of a Multi-Agent System (MAS) with Deep Learning (DL) models for risk prediction in banking
transactions has been demonstrated as an effective approach for improving the detection and prevention of
financial risks such as fraud, non-compliance, and credit risks. This research proposed a hybrid system where
agents are responsible for different aspects of the transaction processing and risk evaluation, while deep
learning models are employed to handle the complex patterns and dependencies within transaction data. The
experimental evaluation of the proposed system showed that the MAS-based architecture, combined with deep
learning, significantly outperforms traditional machine learning models like Random Forest and rule-based
systems. The results indicate high accuracy (94.3%), precision (92.6%), recall (96.1%), and an AUC-ROC score
of 0.982, which confirms the model’s robustness in detecting fraudulent transactions and other potential risks.
Additionally, the hybrid approach was able to balance the precision and recall effectively, ensuring both the
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minimization of false positives (false alarms) and the capture of most fraudulent transactions. One of the key
advantages of this approach is its ability to adapt to new patterns of fraud and risk through continuous learning
and agent collaboration. The decentralized nature of the MAS allows for more efficient decision-making, where
different agents can focus on specific tasks such as transaction monitoring, anomaly detection, or risk
assessment.
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