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 This paper aims to develop a multi-attribute data-based credit risk prediction 

model using the deep reinforcement learning (DRL) approach. In the context 

of creditworthiness evaluation, a model is needed that is not only accurate 

but also adaptive to complex data dynamics and risk patterns. This study 

uses a dataset of 5,000 entries that have gone through a preprocessing 

process, with features such as credit score, income, age, loan amount, and 

employment history. Initial correlation analysis through heatmap 

visualization shows that credit score has a strong negative relationship with 

credit risk, while other features show weak to moderate correlations. The 

evaluation of model performance is shown through the area under the curve 

(AUC) value on the receiver operating characteristic (ROC) curve of 0.88, 

which indicates excellent discrimination ability. The final evaluation results 

show that the DRL model has an accuracy of 91%, precision of 89%, recall 

of 90%, and F1-score of 89.5%, indicating that the model not only has high 

accuracy but is also balanced in its sensitivity and specificity. Thus, the 

application of DRL has proven effective in predicting credit risk adaptively 

and accurately, and can be implemented as an intelligent solution in an 

automated credit decision-making system based on multi-attribute data. 
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1. INTRODUCTION 

The development of information and communication technology in the last decade has brought 

about major transformations in various sectors of life, including the financial sector. Digitalization in the 

financial sector has driven the birth of various innovations, ranging from digital banking and financial 

technology to blockchain-based payment systems [1], [2]. One important aspect of financial management, 

both in traditional financial institutions and fintech, is risk management, especially credit risk [3]. Credit risk 

is the risk that arises from the failure of the borrower to fulfill debt payment obligations according to the 

agreement. This risk is one of the main causes of losses in the banking sector and is a major factor in 

financial systemic failure if not managed properly [4]. Traditionally, financial institutions use statistical 

approaches such as logistic regression or credit scoring to assess an individual's creditworthiness [5], [6]. 

Thus, with the increasing complexity of data and individual financial behavior, these methods are  
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becoming less effective. Borrower data is no longer limited to formal financial data, but has expanded to 

multi-attribute data such as social media history, electronic transaction data, geographic location, and digital 

device usage habits [7]. This creates challenges and opportunities in creating more accurate and adaptive risk 

prediction models [8]. 

The use of artificial intelligence (AI) technology, especially machine learning and deep learning, is a 

major breakthrough in this field. AI models have the ability to learn complex patterns from big data that 

cannot be captured by conventional statistical models. In the context of credit risk prediction, AI allows 

financial institutions to analyze multiple attributes at once and produce more personalized, faster, and more 

relevant risk predictions. A predictive approach alone is not enough [9], [10]. In the midst of changing 

market and debtor behavior dynamics, static predictive models become less effective in the long term. In this 

context, the deep reinforcement learning (DRL) method becomes very relevant [11]. DRL is a combination 

of reinforcement learning and deep learning. In DRL, the agent learns through direct interaction with the 

environment, where it takes actions, receives feedback in the form of rewards, and updates its strategy based 

on that experience [12]. In the case of credit risk, the agent can learn the pattern of credit decision-making 

over time, improving its risk assessment policy based on the actual outcome of credit payments by the 

borrower [13], [14]. Then the integration of multi-attribute data becomes a strength in the DRL-based risk 

prediction system [15]. Multi-attribute data covers various dimensions that are relevant to the characteristics 

and behavior of borrowers, such as age, income, type of employment, marital status, loan purpose, loan 

duration, debt-to-income ratio, and previous payment track record [16]. This combination of data, if managed 

properly, can provide a holistic and more contextual picture of credit risk [17], [18]. 

Effective credit risk management is an essential foundation for financial system stability [19]. 

Amidst the increasing complexity of consumer behavior and the ever-increasing volume of data, 

conventional approaches are increasingly inadequate in addressing the challenges of risk prediction. The use 

of deep learning technology, especially DRL based on multi-attribute data, presents an adaptive, efficient, 

and intelligent solution in modeling credit risk [20], [21]. Although there are still challenges in terms of 

implementation and interpretation, the potential benefits offered are enormous. With the support of adequate 

data infrastructure and progressive regulatory policies, DRL-based prediction systems can be a strategic 

innovation to increase financial inclusion, strengthen risk management, and drive sustainable digital 

transformation in the financial sector. 

 

 

2. LITERATURE REVIEW 

2.1.  Financial risk 

Financial risk is the possibility of loss related to financial activities, such as investment, lending, 

trading, or other business activities. This risk arises because of uncertainty in the expected results, both from 

internal and external factors. In the world of finance, risk is an unavoidable part, so it must be identified, 

analyzed, and managed properly [22]. Financial risk can be divided into several main types. First, market 

risk, which is the risk that arises due to price fluctuations in the market such as stocks, bonds, or 

commodities. Second, credit risk, which is the possibility that the debtor fails to fulfill their obligations. 

Third, liquidity risk, which occurs when a company or individual is unable to fulfill financial obligations due 

to difficulty converting assets into cash. Fourth, operational risk, which comes from internal company 

failures such as human, system, or process errors [23]. 

 

2.2.  Multi-attribute 

The use of different features or characteristics of borrower data to build a credit risk prediction 

model. These attributes can include demographic data (such as age, employment, and education), financial 

data (such as income, total debt, and installment ratio), and credit history (such as payment history and credit 

card usage). Each attribute carries unique information that can help in evaluating a borrower's ability and 

willingness to meet their financial obligations [24]. By considering multiple attributes simultaneously, the 

prediction model becomes more accurate and is able to capture the complexity of the relationships between 

factors that influence credit risk. In the DRL-based approach, this multi-attribute data is used to guide the 

learning agent in making the best decision, namely predicting whether a borrower is high or low risk. The use 

of multi-attributes allows the model to make more contextual and adaptive decisions to complex patterns in 

historical data [25]. 

 

2.3.  Deep reinforcement learning 

DRL is a branch of machine learning that combines the principles of reinforcement learning with the 

power of deep learning [26], [27]. DRL allows an agent program or model to learn to make optimal decisions 

in an environment by trial and error and by receiving feedback in the form of rewards or punishments. In 

traditional reinforcement learning, agents learn from interactions with the environment based on the principle 
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of reinforcement, but often have limitations in processing complex or high-dimensional data [28]. This is 

where deep learning comes in: deep neural networks are used to approximate important functions, such as 

value functions, policy functions, or environmental model functions. This allows DRL to handle very 

complex inputs such as images, sounds, or large multi-attribute data. 

 

2.4.  Previous research 

The research that has been conducted is as follows. According to Kizielewicz et al. [29], the 

intelligent characteristic objects method (INCOME) is a new method in multi-criteria decision analysis 

(MCDA) based on data knowledge. Different from traditional MCDA that relies on subjective input, 

INCOME uses data analysis to identify important characteristics of objects and build decisions automatically. 

In this way, the decision-making process becomes more objective, consistent, and accurate. This method is 

effective in complex problems with large or incomplete data, such as in risk analysis and financial planning.  

Wei et al. [30] developed the sparrow–opposition–learning salp swarm algorithm (SOLSSA) algorithm  

(a combination of sparrow search, salp swarm, opposition-based learning (OBL), and lateral mutation 

strategy) to optimize the categorical boosting (CatBoost) model in cardiovascular disease (CVD) risk 

assessment. Compared with six other machine learning models and four optimization algorithms, SOLSSA-

CatBoost showed the best prediction results with F1-scores of 90% and 81.51% on two CVD datasets, 

helping to improve the accuracy of patient risk assessment. Barlybayev et al. [31] introduces a new model for 

flexible and comprehensive information security risk assessment. This model integrates standards, expert 

knowledge, machine learning, and ontology modeling to comprehensively understand and manage risks. 

Methods such as k-means cluster analysis, machine learning-based programming, use of heat maps for 

visualization, and development of ontologies for risk classification improve the effectiveness of risk 

identification and management. This innovation offers a more robust and adaptive approach to addressing the 

ever-evolving challenges of information security. 

 

 

3. METHOD 

This paper will use multi-attribute data that includes borrower demographic attributes, income 

attributes, credit history attributes, credit score attributes, years of service attributes, and risk attributes. The 

data used is a collection of historical credit data that includes various borrower characteristics from financial 

institutions. This study aims to build a model that can predict credit risk based on multi-attribute data. In this 

study there is a methodology consisting of data processing stages, feature vector representation, application 

of the DRL algorithm, and model evaluation, which are explained in Figure 1. 
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Figure 1. Research architecture for credit risk prediction 
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Figure 1 explains what will be processed in building a model that can predict credit risk based on 

multi-attribute data. The following is an explanation of the research architecture: 

i) This study models credit risk prediction with a multi-attribute data-based approach using DRL. The 

dataset used in this study consists of several attribute categories, such as borrower demographic 

attributes, income attributes, credit history attributes, credit score attributes, years of work attributes, 

and risk attributes. 

ii) The data processing begins with the data processing stage, which includes data cleaning to remove 

duplicates and correcting missing values, data transformation to change the format and combine data 

from various sources, and exploratory data analysis (EDA) to understand the distribution patterns and 

relationships between attributes in the dataset. This stage is very important to ensure that the data used 

is of high quality and representative. 

iii) Next, data representation is carried out into feature vector representation. This stage includes categorical 

attribute encoding to change non-numeric attributes into numbers, normalization and standardization to 

align the data scale, feature selection to select the most relevant attributes to credit risk prediction, and 

vectorization and merging to combine all features into one input form that can be processed by the 

machine learning model. 

iv) At the modelling stage, the DRL approach is used, which defines state (S) as a representation of the 

current data condition, action (A) as a prediction of action on credit risk, reward (R) as feedback on the 

quality of prediction, and a value function to estimate the long-term value of the decision taken. This 

model learns adaptively from continuous interaction with data. 

v) Finally, the model is evaluated using various performance metrics, including accuracy, precision, recall, 

and F1-score to measure classification performance, and root mean square error (RMSE) to measure the 

level of prediction error. This evaluation aims to ensure that the resulting model can be used to predict 

credit risk accurately. 

In this study, there will be a dataset that will be used to build a model, which can be seen in Table 1. 

Table 1 shows that this data is a collection of customer profiles used for credit scoring, where financial 

institutions evaluate an individual's eligibility for a loan based on their financial history and personal 

stability. Variables such as age, income, and length of employment provide a general overview of an 

applicant's economic capacity and stability, while the loan amount serves as the basis for measuring the debt 

burden, they will incur. The most important factor in this data is the credit score, which serves as an indicator 

of a customer's past behavior in meeting their financial obligations. Through the risk column, which has a 

value of zero or one, this data shows a pattern where customers with high credit scores and long tenure are 

generally considered safe, while those with poor credit histories or job instability are categorized as high-risk 

customers with a high probability of default. Overall, this dataset of 5,000 entries serves as the foundation for 

building an automated predictive model that can help banks minimize losses by screening potential applicants 

more accurately and objectively.  

 

 

Table 1. Credit risk prediction dataset 
No Age Income Loan amount Credit score Years employed Risk 

1 56 125186 19546 667 4 0 

2 69 54674 20129 519 2 1 
3 46 55854 2591 636 0 0 

4 32 66271 12303 522 2 1 

5 60 93688 31561 659 5 0 
… … … … … … … 

… … … … … … … 

… … … … … … … 
1111 25 58518 7183 628 2 0 

1112 38 131076 27572 762 7 0 

1113 56 30267 35080 681 0 1 
1114 36 110825 21695 468 7 1 

1115 40 21062 8314 516 3 1 

1116 28 136664 20623 677 5 0 
1117 28 70448 3139 418 7 1 

… … … … … … … 

… … … … … … … 
… … … … … … … 

4998 41 115462 48456 489 2 1 

4999 53 26229 32290 669 0 1 
5000 57 76793 19088 448 6 1 

 

 

Then in this research there will be a mathematical formulation of DRL model as in (1) and (2) [32]. 
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𝑉𝜋(𝑠) = 𝐸𝜋[∑ 𝛾𝑡∞
𝑡=0 𝑅(𝑠𝑡 , 𝑎𝑡)|𝑠0 = 𝑠] (1) 

 

𝑄𝜋(𝑠, 𝑎) = 𝐸𝜋[∑ 𝛾𝑡∞
𝑡=0 𝑅(𝑠𝑡 , 𝑎𝑡)|𝑠0 = 𝑠, 𝑎0 = 𝑎] (2) 

 

In (1) and (2) there is a symbol S which is a state space that represents the data of credit applicants which 

consists of multi-attributes such as income, credit history, age, employment status, then symbol A is an action 

space, for example the decision to approve or reject a credit application. Symbol R (𝑠, 𝑎) which is a reward 

function, which reflects the results of decision making regarding a credit application and symbol T (𝑠, 𝑎) 

which is the probability of transition from state s to state s′. After doing action 𝑎, then there is (2) [33]. 

 

 

4. RESULTS AND DISCUSSION 

At this stage, the results related to credit risk prediction modeling based on multi-attribute data using 

the DRL method will be displayed. In this section, the data used consists of 5,000 data that have gone 

through the preprocessing stage to ensure data quality and consistency. Then modeling is carried out using 

the DRL approach to build a predictive agent that is able to learn risk patterns based on the available 

attributes. The purpose of this study is to develop a model that is able to perform tasks in terms of identifying 

credit risk, so that it can improve prediction accuracy and assist in more effective credit decision making. In 

this case, there will be EDA and the results of the following models. 

 

4.1.  Heatmap 

This study will use the technique to understand the relationship between features in the credit risk 

dataset, a correlation analysis is carried out which is visualized in the form of a heatmap. This heatmap helps 

to describe how strong the linear relationship is between one feature and another, including the target 

variable, namely credit risk. In Figure 2 there are the heatmap results from the data as follows. 

 

 

 
 

Figure 2. Correlation heatmap from the data 

 

 

In Figure 2, it is explained that the correlation heatmap shows the relationship between features in 

credit risk data. Correlation is measured from -1 to 1, where values approaching 1 indicate a strong positive 

relationship, while values approaching -1 indicate a strong negative relationship. Based on the visualization 

results, the credit_score feature has a strong negative correlation to the risk variable with a value of -0.79. 

This indicates that the lower a person's credit score, the higher their credit risk. Meanwhile, the income 

feature also shows a negative correlation to risk, although weaker, with a value of -0.14, which means that 
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higher income tends to be slightly related to lower risk. Other features such as age, loan_amount, and 

years_employed show a very weak correlation to risk, indicating that their influence on credit risk is 

relatively small. 

 

4.2.  Credit data visualization 

In this section, there will be a credit visualization. The image above is the result of a visualization of 

multi-attribute data of credit applicants whose dimensions have been reduced using the principal component 

analysis (PCA) technique. This visualization aims to provide an overview of the distribution of credit risk 

data in two main dimensions (PCA components 1 and 2), which represent a linear combination of various 

features such as income, credit score, payment history, age, and total active loans. Each point on the graph 

represents one individual, where the green color indicates applicants with low credit risk, while the red color 

indicates applicants with high risk. The visualization of the credit data is shown in Figure 3. 

Figure 3 shows that even though there is overlap between the high and low risk categories, the 

distribution pattern of each group still shows a tendency that can be utilized by the predictive model. In the 

context of this research, this visualization is the basis for the application of the DRL algorithm which aims to 

learn the optimal decision-making policy in predicting credit risk based on complex and dynamic data.  

By modeling the risk evaluation process as a Markov decision process (MDP) problem, DRL is able to  

utilize multi-attribute vector representation as a state, and produce predictive actions in the form of credit  

risk classification. 

 

 

 
 

Figure 3. PCA-based visualization of credit risk data 

 

 

4.3.  Deep reinforcement learning model result 

The application of DRL in credit risk prediction modelling based on multi-attribute data is carried 

out by designing a creditworthiness evaluation system as an adaptive decision-making process by an 

intelligent agent [21]. Each credit applicant is represented as a state consisting of various important attributes, 

such as income, loan amount, credit score, and year of completion. This model then decides the best action, 

namely to approve, reject, or review based on the highest value of the action function 𝑄 (𝑠, 𝑎; 𝜃) learned 

through a neural network. Rewards are given based on the accuracy of credit risk prediction; decisions that 

are in accordance with payment realization will result in positive rewards, while wrong decisions will be 

subject to penalties. 

The implementation of the deep Q-network algorithm allows to explore various parameter 

combinations and learn from historical experience in the dataset [34]. During the training process, the DRL 

model gradually improves its policy through exploration-exploitation mechanisms as well as target  

network-based updates and experience replay, which accelerates convergence stability. One of the real 

advantages of this approach is its ability to adapt to dynamic and complex data, such as changes in borrower 

behavior trends or economic conditions. In the application of the model, there is a receiver operating 

characteristic (ROC) value which can be seen in Figure 4. 



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 15, No. 5, October 2026: 4624-4634 

4630 

 
 

Figure 4. ROC curve for credit risk classification 
 

 

Figure 4 shows the ROC curve used to evaluate the performance of the classification model in credit 

risk prediction. This curve illustrates the relationship between the true positive rate (TPR) or sensitivity with 

the false positive rate (FPR) at various decision threshold values. In this context, TPR shows the model's 

ability to correctly identify high-risk borrowers, while FPR shows the error rate in classifying borrowers who 

are actually worthy of being at risk. The ROC curve shown shows that the model has very good performance, 

with an area under the curve (AUC) value of 0.88. The AUC value shows that the model is able to distinguish 

between high- and low-risk credit applicants with a high level of accuracy. The closer to 1, the higher the 

model's discrimination ability, and in this case, an AUC of 0.88 shows that the model is not only accurate in 

training, but also has good generalization ability to new data. Then there is the performance for the accuracy 

of the DRL model shown in Figure 5. 
 
 

 
 

Figure 5. Accuracy of DRL model 
 
 

The graph in Figure 5 shows the increasing trend of the accuracy of the DRL model in predicting 

credit risk during 100 training epochs. The blue curve shows the accuracy of the training data, the green 

curve shows the validation accuracy, and the red curve shows the accuracy on the testing data. All three 

curves show consistent improvement over time, indicating that the model not only learns well but is also able 

to generalize to new data without overfitting. With a test accuracy approaching 0.910 at the end of the epoch, 

the performance of this DRL proves its reliability in handling complex and multi-attribute credit risk data. 

Then there will be an evaluation graph showing the values in Figure 6. 
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In Figure 6, there will be a bar graph that is the result of the DRL model performance evaluation in 

predicting credit risk based on multi-attribute data. The four main metrics displayed include accuracy, 

precision, recall, and F1-score. Based on the visualization, the DRL model shows very good performance, 

with an accuracy of 91%, indicating that most of the predictions made by the model are in accordance with 

the actual value of the applicant's credit risk. In addition, a precision of 89% indicates that the model has a 

high ability to avoid errors in classifying applicants who are actually eligible as risky, thereby reducing the 

chance of type I errors. Meanwhile, a recall of 90% reflects the model's ability to detect almost all applicants 

who are truly high risk, thus minimizing type II errors. The high F1-score value, which is 89.5%, indicates 

that the model is not only accurate but also balanced between accuracy and sensitivity in its classification. 

This graph shows that the four metrics have high and relatively balanced values, indicating that the DRL 

model does not experience overfitting and is able to generalize well to new data. The different colors on each 

bar make it easy to identify each metric, and the number labels above each bar provide clear information 

about its quantitative value. Overall, this graph reinforces the finding that the application of DRL in credit 

risk prediction systems not only improves accuracy, but also provides consistent and reliable results in 

automated and adaptive credit decision-making. 
 

 

 
 

Figure 6. Performance evaluation of DRL model 
 

 

4.4.  Discussion 

This study discusses the application of the DRL method to build a credit risk prediction model based 

on complex and dynamic multi-attribute data. Using a dataset of 5,000 entries that have gone through the 

preprocessing stage, the model is developed to be able to learn from patterns that appear in credit applicant 

data. The main objective of this approach is to develop an intelligent predictive agent that is able to provide 

more accurate and adaptive risk classification, and support more appropriate credit decision making. The 

DRL model in this study is implemented using the deep Q-network approach, which forms an evaluative 

agent that learns the value of the action function 𝑄 (𝑠, 𝑎; 𝜃). In this model, it will decide whether the credit 

application will be approved, rejected, or reviewed. Rewards are given based on the accuracy of the decision 

on the actual data. This model also applies experience replay and target network techniques to accelerate and 

stabilize the training process. One of the significant advantages of this method is its ability to adapt to 

changes in data trends, for example due to changes in economic conditions or customer behavior patterns. 

In this study, to measure model performance, a ROC curve is displayed which describes the balance 

between TPR and FPR. The AUC value of 0.88 indicates that the model has excellent discrimination ability 

in distinguishing high and low risk applicants. This indicates that DRL not only excels in training but can 

also perform strong generalization to new data. Then the model accuracy performance graph for 100 epochs 

shows that the accuracy curves for training, validation, and testing data increase consistently. The testing 

accuracy approached 0.910 at the end of training, indicating that the model did not experience overfitting and 

was able to learn well from historical data. 

In this study, there will be main evaluation metrics with accuracy (91%), precision (89%), recall 

(90%), and F1-score (89.5%) which show that the DRL model is not only accurate but also balanced and 

reliable. High precision indicates low false positives, while high recall indicates that the model does not miss 

many high-risk cases. F1-scores that are close to the precision and recall values strengthen that the model is 
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able to maintain a balance between the two. Visually, the graph clarifies the dominance of DRL performance 

over the baseline, supporting the claim that this method is effective for real implementation in an automated 

credit risk evaluation system. 
 

 

5. CONCLUSION 

This study proves that the application of the DRL method, especially the deep Q-network approach, 

is very effective in building a credit risk prediction model based on complex and dynamic multi-attribute 

data. By utilizing 5,000 previously processed data, the model is able to learn from historical patterns and 

produce accurate, adaptive predictive decisions, and support more precise credit decision making and this 

study has model performance shown through an AUC value of 0.88 and a test accuracy of up to 91% 

indicating high generalization ability and minimal risk of overfitting. Further evaluation through precision 

metrics of 89%, recall of 90%, and F1-score of 89.5% shows the balance and reliability of predictions. The 

main advantage of DRL lies in its ability to adapt to changes in data trends. 
 

 

ACKNOWLEDGMENTS 

The authors would like to express our sincere thanks to Prof. Dr. Akrim, M.Pd., rector of Universitas 

Muhammadiyah Sumatera Utara, Medan, Indonesia, for supporting this research process in terms of funding.  
 

 

FUNDING INFORMATION 

This research was funded by Prof. Dr. Akrim, M.Pd., rector of Universitas Muhammadiyah 

Sumatera Utara, Medan, Indonesia. Through scientific publication cost assistance from LP2M UMSU.  
 
 

AUTHOR CONTRIBUTIONS STATEMENT 

This journal uses the Contributor Roles Taxonomy (CRediT) to recognize individual author 

contributions, reduce authorship disputes, and facilitate collaboration.  

 

Name of Author C M So Va Fo I R D O E Vi Su P Fu 

Al-Khowarizmi ✓ ✓ ✓ ✓ ✓ ✓  ✓ ✓ ✓   ✓  

Ferry Fachrizal  ✓    ✓  ✓ ✓ ✓ ✓ ✓   

Romi Fadillah Rahmat ✓ ✓ ✓ ✓ ✓ ✓  ✓ ✓ ✓   ✓  

Arif Ridho Lubis  ✓    ✓  ✓ ✓ ✓ ✓ ✓   

Hariyadi ✓  ✓ ✓   ✓   ✓ ✓  ✓ ✓ 

 

C :  Conceptualization 

M :  Methodology 

So :  Software 

Va :  Validation 

Fo :  Formal analysis 

I :  Investigation 

R :  Resources 

D : Data Curation 

O : Writing - Original Draft 

E : Writing - Review & Editing 

Vi :  Visualization 

Su :  Supervision 

P :  Project administration 

Fu :  Funding acquisition 

 
 
 

CONFLICT OF INTEREST STATEMENT 

Authors state no conflict of interest. 
 
 

DATA AVAILABILITY 

Data was obtained directly from Indonesian banks, but it is not permitted to mention the names of 

banks specifically.  
 
 

REFERENCES 
[1] J. P. Noriega, L. A. Rivera, and J. A. Herrera, “Machine learning for credit risk prediction: a systematic literature review,” Data, 

vol. 8, no. 11, Nov. 2023, doi: 10.3390/data8110169. 

[2] W. Zhang, S. Yan, J. Li, R. Peng, and X. Tian, “Deep reinforcement learning imbalanced credit risk of SMEs in supply chain 

finance,” Annals of Operations Research, pp. 1–31, Mar. 2024, doi: 10.1007/s10479-024-05921-w. 
[3] S. Bhatore, L. Mohan, and Y. R. Reddy, “Machine learning techniques for credit risk evaluation: a systematic literature review,” 

Journal of Banking and Financial Technology, vol. 4, no. 1, pp. 111–138, Apr. 2020, doi: 10.1007/s42786-020-00020-3. 

[4] S. Paul, A. Gupta, A. K. Kar, and V. Singh, “An automatic deep reinforcement learning based credit scoring model using deep-Q 
network for classification of customer credit requests,” in 2023 IEEE International Symposium on Technology and Society 

(ISTAS), Sep. 2023, pp. 1–8, doi: 10.1109/ISTAS57930.2023.10306111. 



Int J Artif Intell  ISSN: 2252-8938  

 

Deep reinforcement learning-based credit risk prediction model for multi-attribute data (Al-Khowarizmi) 

4633 

[5] P. Addo, D. Guegan, and B. Hassani, “Credit risk analysis using machine and deep learning models,” Risks, vol. 6, no. 2,  
Apr. 2018, doi: 10.3390/risks6020038. 

[6] K. Sivamayilvelan, E. Rajasekar, S. Vairavasundaram, S. Balachandran, and V. Suresh, “Flexible recommendation for optimizing 

the debt collection process based on customer risk using deep reinforcement learning,” Expert Systems with Applications,  
vol. 256, Dec. 2024, doi: 10.1016/j.eswa.2024.124951. 

[7] R. C. Torres, G. M. Olaivar, and S. I. Britanico, “Consumers’ financial habits on server-based electronic money as it affects their 

financial behavior: moderated by monthly transactions,” in 9th International Conference on Business and Information 
Management, Sep. 2025, pp. 52–55, doi: 10.1145/3785171.3785192. 

[8] V. Singh, S.-S. Chen, M. Singhania, B. Nanavati, A. Kumar Kar, and A. Gupta, “How are reinforcement learning and deep 

learning algorithms used for big data-based decision making in financial industries–a review and research agenda,” International 
Journal of Information Management Data Insights, vol. 2, no. 2, Nov. 2022, doi: 10.1016/j.jjimei.2022.100094. 

[9] P. Z. Lappas and A. N. Yannacopoulos, “A machine learning approach combining expert knowledge with genetic algorithms in 

feature selection for credit risk assessment,” Applied Soft Computing, vol. 107, Aug. 2021, doi: 10.1016/j.asoc.2021.107391. 
[10] V. Chang, Q. A. Xu, S. H. Akinloye, V. Benson, and K. Hall, “Prediction of bank creditworthiness through credit risk analysis: an 

explainable machine learning study,” Annals of Operations Research, vol. 354, no. 1, pp. 247–271, Nov. 2025,  

doi: 10.1007/s10479-024-06134-x. 

[11] S. Lin, D. Song, B. Cao, X. Gu, and J. Li, “Credit risk assessment of automobile loans using machine learning-based  

Shapley additive explanations approach,” Engineering Applications of Artificial Intelligence, vol. 147, May 2025,  

doi: 10.1016/j.engappai.2025.110236. 
[12] X. Wang et al., “Deep reinforcement learning: a survey,” IEEE Transactions on Neural Networks and Learning Systems, vol. 35, 

no. 4, pp. 5064–5078, Apr. 2024, doi: 10.1109/TNNLS.2022.3207346. 

[13] D. Mhlanga, “Financial inclusion in emerging economies: the application of machine learning and artificial intelligence in credit 
risk assessment,” International Journal of Financial Studies, vol. 9, no. 3, Jul. 2021, doi: 10.3390/ijfs9030039. 

[14] I. Gasmi, S. Neji, N. Mansouri, and M. Soui, “Bank credit risk prediction using machine learning model,” Neural Computing and 

Applications, vol. 37, no. 16, pp. 10333–10350, Jun. 2025, doi: 10.1007/s00521-025-11044-5. 
[15] A. Du and A. Ghavidel, “Parameterized deep reinforcement learning-enabled maintenance decision-support and life-cycle risk 

assessment for highway bridge portfolios,” Structural Safety, vol. 97, Jul. 2022, doi: 10.1016/j.strusafe.2022.102221. 

[16] D. Yang and B. Xiao, “Feature-enhanced ensemble modeling with voting optimization for credit risk assessment,” IEEE Access, 
vol. 12, pp. 115124–115136, 2024, doi: 10.1109/ACCESS.2024.3445499. 

[17] C. Yu, Y. Jin, Q. Xing, Y. Zhang, S. Guo, and S. Meng, “Advanced user credit risk prediction model using LightGBM, XGBoost 

and Tabnet with SMOTEENN,” in 2024 IEEE 6th International Conference on Power, Intelligent Computing and Systems 
(ICPICS), Jul. 2024, pp. 876–883, doi: 10.1109/ICPICS62053.2024.10796247. 

[18] M. Schmitt, “Deep learning vs. gradient boosting: benchmarking state-of-the-art machine learning algorithms for credit scoring,” 

2022, arXiv:2205.10535. 
[19] B. V. Samorodov, G. M. Azarenkova, O. G. Golovko, O. Yu. Miroshnik, and M. V. Babenko, “Credit risk management in the 

bank’s financial stability system,” Financial and credit activity problems of theory and practice, vol. 4, no. 31, pp. 301–310,  

Jan. 2021, doi: 10.18371/fcaptp.v4i31.190920. 
[20] C. Hu and M. Xu, “Adaptive exploration strategy with multi-attribute decision-making for reinforcement learning,” IEEE Access, 

vol. 8, pp. 32353–32364, 2020, doi: 10.1109/ACCESS.2020.2973169. 

[21] F. Liao, “Dynamic credit rating evaluation algorithm for customers using reinforcement learning and multi-feature weight 
analysis,” in Second International Conference on Big Data, Computational Intelligence, and Applications (BDCIA 2024),  

Mar. 2025, pp. 1069–1075, doi: 10.1117/12.3059656. 

[22] A. Belhadi, S. S. Kamble, V. Mani, I. Benkhati, and F. E. Touriki, “An ensemble machine learning approach for forecasting credit 
risk of agricultural SMEs’ investments in agriculture 4.0 through supply chain finance,” Annals of Operations Research, vol. 345, 

no. 2–3, pp. 779–807, Feb. 2025, doi: 10.1007/s10479-021-04366-9. 

[23] M.-J. A. -Garzón, J. Arroyo, M.-J. S. -Vargas, and A. Caparrini, “Profit-sensitive machine learning classification with 
explanations in credit risk: the case of small businesses in peer-to-peer lending,” Electronic Commerce Research and 

Applications, vol. 67, Sep. 2024, doi: 10.1016/j.elerap.2024.101428. 
[24] S. Satheeshkumar, M. Dakshana, K. Gunalan, P. Anandan, R. Saveetha, and M. Nithya, “Leveraging machine learning and 

forecasting techniques to enhance credit risk analysis and prediction,” in 2024 2nd International Conference on Self Sustainable 

Artificial Intelligence Systems (ICSSAS), Oct. 2024, pp. 781–786, doi: 10.1109/ICSSAS64001.2024.10760746. 
[25] X. Zhang and L. Yu, “Consumer credit risk assessment: a review from the state-of-the-art classification algorithms, data traits, 

and learning methods,” Expert Systems with Applications, vol. 237, Mar. 2024, doi: 10.1016/j.eswa.2023.121484. 

[26] Z. J. K. Abadi, N. Mansouri, and M. M. Javidi, “Deep reinforcement learning-based scheduling in distributed systems: a critical 
review,” Knowledge and Information Systems, vol. 66, no. 10, pp. 5709–5782, Oct. 2024, doi: 10.1007/s10115-024-02167-7. 

[27] X. Tang et al., “Reinforcement learning-based energy management for hybrid power systems: state-of-the-art survey, review, and 

perspectives,” Chinese Journal of Mechanical Engineering, vol. 37, no. 1, May 2024, doi: 10.1186/s10033-024-01026-4. 
[28] I. Štimac, A. Vidović, T. Mihetec, and M. Drljača, “Optimization of airport capacity efficiency by selecting optimal aircraft and 

airline business model,” Sustainability, vol. 12, no. 10, May 2020, doi: 10.3390/su12103988. 

[29] B. Kizielewicz, A. Shekhovtsov, J. Więckowski, J. Wątróbski, and W. Sałabun, “Intelligent characteristic objects method 
(INCOME): a data knowledge-based multi-criteria decision analysis,” Artificial Intelligence Review, vol. 57, no. 10, Aug. 2024, 

doi: 10.1007/s10462-024-10892-2. 

[30] X. Wei, C. Rao, X. Xiao, L. Chen, and M. Goh, “Risk assessment of cardiovascular disease based on SOLSSA-CatBoost model,” 
Expert Systems with Applications, vol. 219, Jun. 2023, doi: 10.1016/j.eswa.2023.119648. 

[31] A. Barlybayev, A. Sharipbay, G. Shakhmetova, and A. Zhumadillayeva, “Development of a flexible information security risk 

model using machine learning methods and ontologies,” Applied Sciences, vol. 14, no. 21, Oct. 2024, doi: 10.3390/app14219858. 
[32] S. Bouhoula, M. Avgeris, A. Leivadeas, and I. Lambadaris, “DRL-based trajectory planning and sensor task scheduling  

for edge robotics,” in 2024 IEEE 10th World Forum on Internet of Things (WF-IoT), Nov. 2024, pp. 352–357,  

doi: 10.1109/WF-IoT62078.2024.10811394. 
[33] M. P. Noonan, B. K. H. Chau, M. F. S. Rushworth, and L. K. Fellows, “Contrasting effects of medial and lateral orbitofrontal 

cortex lesions on credit assignment and decision-making in humans,” The Journal of Neuroscience, vol. 37, no. 29,  

pp. 7023–7035, Jul. 2017, doi: 10.1523/JNEUROSCI.0692-17.2017. 
[34] S. Maitra, “Covariance matrix adaptation, evolutionary game theory and deep Q-networks integrated evolutionary algorithm,” 

Journal of Modelling in Management, pp. 1–34, May 2026, doi: 10.1108/JM2-03-2025-0092. 



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 15, No. 5, October 2026: 4624-4634 

4634 

BIOGRAPHIES OF AUTHORS 

 

 

Assoc. Prof. Dr. Al-Khowarizmi     is a dean in Faculty of Computer Science and 

Information Technology at Universitas Muhammadiyah Sumatera Utara. He got doctoral 

degree from Universitas Sumatera Utara in 2023. His main research interest is data science, 

big data, machine learning, neural network, artificial intelligence, and business intelligence. 

He can be contacted at email: alkhowarizmi@umsu.ac.id. 

  

 

Assoc. Prof. Dr. Ferry Fachrizal     is a senior lecturer in Computer Engineering, 

Politeknik Negeri Medan. He completed doctoral degree in Computer Science from 

Universitas Sumatera Utara. His research interest covers communication network and 

protocols, computer network as well as applied communication techniques. He can be 

contacted at email: ferryfachrizal@polmed.ac.id. 

  

 

Prof. Dr. Romi Fadillah Rahmat     is a professor in Universitas Sumatera Utara. 

Currently, he is a vice dean in Faculty of Computer Science and Information Technology. He 

finished his Ph.D. program in Universitas Sumatera Utara. His research interest is in image 

processing, deep learning, brain-like computing, internet of things, and mobile computing. He 

can be contacted at email: romi.fadillah@usu.ac.id. 

  

 

Assoc. Prof. Dr. Arif Ridho Lubis     got doctoral degree from Universitas 

Sumatera Utara and he got master from University Utara Malaysia, both information 

technology. He is a senior lecturer in Department of Computer Engineering and Informatics, 

Politeknik Negeri Medan in 2015. His research interest includes computer science, network, 

science, and project management. He can be contacted at email: arifridho@polmed.ac.id. 

  

 

Assoc. Prof. Dr. Ir. Hariyadi     is a senior lecturer in Electrical Engineering, 

Universitas Muhammadiyah Sumatera Barat. He completed doctoral degree from Universitas 

Negeri Padang. His research interest covers communication network and protocols, computer 

network as well as applied communication techniques. He can be contacted at email: 

hariyadi@umsb.ac.id. 

 

https://orcid.org/0000-0002-4401-9999
https://scholar.google.com/citations?user=Ck-Hd5IAAAAJ&hl=en&authuser=1
https://www.scopus.com/authid/detail.uri?authorId=57204804487
https://www.webofscience.com/wos/author/record/575586
https://orcid.org/0009-0004-2489-6144
https://scholar.google.com/citations?hl=en&authuser=1&user=WL-E4LwAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=57189247035
https://orcid.org/0000-0003-4855-294X
https://scholar.google.com/citations?hl=en&authuser=1&user=GVddgjMAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=57193866659
https://www.webofscience.com/wos/author/record/1982792
https://orcid.org/0000-0001-8855-1277
https://scholar.google.com/citations?hl=en&authuser=1&user=fm6j1S4AAAAJ
https://www.scopus.com/authid/detail.uri?authorId=57188875498
https://www.webofscience.com/wos/author/record/48396599
https://orcid.org/0000-0001-5557-3533
https://scholar.google.com/citations?hl=en&authuser=1&user=soNkxkAAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=57213172288
https://www.webofscience.com/wos/author/record/3658475


    V  𝜋  ( s ) =   E  𝜋  [   ∑  t = 0 ∞    𝛾  t R  (   s  t ,   a  t ) |   s 0 = s ]


    Q  𝜋  ( s , a ) =   E  𝜋  [   ∑  t = 0 ∞    𝛾  t R  (   s  t ,   a  t ) |   s 0 = s ,   a 0 = a ]


  s , a


  s , a


  a


  Q   ( s , a ; 𝜃 )


  Q   ( s , a ; 𝜃 ) .

