
 
 

 

© 2024 IJSRET 
1 
 

 

International Journal of Scientific Research & Engineering Trends                                                                                                         
Volume 10, Issue 2, Mar-Apr-2024, ISSN (Online): 2395-566X 

 

 
AI-Powered Financial Insight Engine for Credit Scoring 

and Spend Behavior Understanding 
Ganesh Racha 

Cary, North Carolina, 27513, rachaganesh555@gmail.com

 
Abstract- Financial technology is advancing rapidly, especially now since standard credit scoring methods are becoming obsolete. 

With scoring methods being archaic and out of touch, countless valuable behavioral data are not captured. In this study, the 

author discusses how possible behavioral data can be found in financial and transaction data using an AI-powered financial 

insight engine. It aims to change the predict and prescriptive analytics to enhance the better credit decision processes, beyond 

the usual finance means. Rather than referring to historical financial data and comparing it, behavioral data that is not ordinary 

are looked into particularly in expenditure. The result is a changing credit score that is indicative of the dynamic character of 

credit management. The use of advanced machine learning methods like Random Forest, Neural Networks and Gradient 

Boosting are remarkable in evaluating the above standard behavioral data and relationships, which are usually deemed to be 

irrelevant. The experimental results show that these models compared with other traditional methods like Logistic Regression 

are more accurate, precise and has better recall and score f1. In addition, the analysis of spending behavior has been integrated 

to introduce common financial user behavioral patterns and improve risk assessment and measurement of financial stability. An 

improved system demo is integrated that use cases widely for companies and banks. To similar how the companies were formed 

with tech such as Netflix, Samsung, Google and Uber changing the algorithm of credit check by enhancing AI algorithms along 

with blockchain records based validation, are used to analyse paticipants in this open eco-system. 

 

Keywords- Artificial Intelligence, Machine Learning, Credit Scoring, Financial Analytics, Spend Behavior Analysis, Random 

Forest, Gradient Boosting, Neural Networks, FinTech, Predictive Modeling. 

I. INTRODUCTION 

 
The fast development of digital financial systems and fintech 

solutions has greatly changed how financial institutions 

evaluate creditworthiness and user behavior analysis [1]. The 

classic credit scoring systems are mostly based on systematized 

financial information like earnings level, credit history, and 

repayment history [2]. Although these models have been 

effective to a given degree, they fail to reflect the dynamism of 

user spending behavior, and real-time financial activities [3]. 

Consequently, there is increasing pressure to have smart 

systems that can offer more financial information than the 

traditional systems [4]. Modern financial analytics has become 

one of the most potent tools due to Artificial Intelligence (AI) 

and Machine Learning (ML), which allow processing large, 

heterogeneous, and real-time data [5]. The financial systems 

can use these technologies to examine the past as well as 

behavioral trends like the frequency of transactions, the 

expenditure behavior, and lifestyle signals [6]. Through such 

multidimensional data, AI-based systems are likely to produce 

more precise and dynamic credit score models, which enhances 

the risk assessment and decision-making [7]. 

 

The idea of a financial insight engine has received some 

coverage in recent years, in which sophisticated algorithms are 

applied to user financial data in order to derive meaningful 

insights [8]. As opposed to conventional models, these systems 

combine behavioral analytics with predictive modeling to 

comprehend user spending patterns and financial stability [9]. 

This strategy will increase the possibility of detecting possible 

risks, anomalies, and making personal financial 

recommendations. In addition, additional sources of data are 

also included to overcome the drawbacks of traditional credit 

systems especially with people having little or no formal credit 

record [10]. More so, the adoption of one of the new 

technologies like blockchain improves the dependability and 

openness of financial systems [11]. Secure, immutable, and 

decentralized storage of data provided by blockchain is 

essential in the preservation of integrity of financial 

transactions and user records [12].  

It can be used together with AI to form a robust ecosystem, 

which will help to make financial decisions secure, transparent, 

and intelligent [13]. Regardless of these developments, there 

are still a number of issues such as data heterogeneity, the 
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 interpretability of the model, decision-making bias, and the 

requirement to be adaptable in real-time [14]. Current systems 

do not always have the capability of integrating credit scoring 

with more detailed spend behavior analysis within a single 

framework. [15] Hence, the necessity to create a combined AI-

based financial insight engine that can fill this gap is high. The 

usage of AI in credit scoring is shown in Figure 1. 

 

 
 

Fig 1: AI in Credit Scoring 

 

The conventional credit scoring system lacks the capacity to 

determine the real financial performance of an individual since 

it uses a lot of stagnant and organized financial information 

[16]. These systems fail to reflect the dynamic behavioral 

characteristics like spending patterns, frequency of transactions 

or real time financial transactions, which are essential in precise 

risk evaluation [17]. Therefore, they tend to deliver partial or 

inaccurate credit ratings. Moreover, the current machine 

learning-based credit scoring algorithms have a number of 

issues, such as data imbalance, decision-making bias, lack of 

transparency and the inability to deal with heterogeneous 

sources of data [18]. Most models only concern the accuracy of 

prediction and not behavioral implications, and hence there is a 

disconnect between credit scoring and a real-world analysis of 

financial behavior [19]. Moreover, some people who have a low 

or no credit history are not included in the conventional 

systems, which decreases financial inclusion [20]. 

 

The assembly of financing insight engines tools and the 

combination of predictive modelling and behavioural analytics 

to peel back the curtain of the financial well-being of every and 

every user. It goes to the point of proposing that blockchain 

technology should be used to keep data that is transparent and 

secure. Nonetheless, an objective description of the reality 

shows a detached picture that the information is presented in 

different forms and forms. Models function like 'black boxes', 

biases arise, and there is no shared framework to maintain 

systemic order. We describe our answer to these challenges as 

an AI-powered engine that integrates credit scoring and 

spending analytics into a single scalable solution. We present 

the AI-Powered Financial Insight Engine, a state-of-the-art 

machine learning engine that integrates both financial and 

behavioral data. Our goal is to enhance predictive accuracy, 

improve transparency and provide lenders with a 

comprehensive view of a user's financial behavior, thereby 

allowing them to make more informed and reliable credit 

decisions. 

Research Objectives 

 

The main objectives of this research are 

 To create an AI-driven financial insight engine, which 

combines credit score and spend behavior analysis. 

 To make credit risk prediction more accurate based on 

more sophisticated machine learning models, including 

Random Forest, Gradient Boosting, and Neural Networks. 

 To be able to examine both organized financial information 

and disorganized behavioral information in a single 

paradigm. 

 To enhance the risk assessment process by detecting the 

concealed trends and deviations in user financial usage. 

 To compare the results of advanced ML models with the 

traditional approach such as Logistic Regression. 

 To deliver dynamic real-time credit ratings as opposed to 

fixed ratings. 

 To achieve greater financial inclusion through the ability 

to assess credit with limited credit history users. 

 To make the proposed system scalable, flexible, and 

efficient, in use in a real-world financial application. 

 To enable the financial institutions to make better decisions 

using complete financial knowledge. 

 

II. LITERATURE SURVEY 
 

Predicting a user's creditworthiness using past data is known as 

Automated Credit Scoring (ACS). It entails looking at 

comparable data and making predictions about how the data is 

associated with specific credit values. A large number of 

models have been created to tackle ACS, which has recently 

been treated as a machine learning issue. Feature irregularities, 

class imbalance, and concept drift are all machine learning 

problems that affect ACS credit scoring. These problems arise 

from non-uniform statistical distributions of records between 

classes, empty features in many records, and changing 

statistical characteristics of certain classes and features over 

time. Taking into account the little amount of data available for 

credit scoring, R. Alasbahi et al. [1] suggest edtackling this 

problem by employing the Transfer Learning with Lag (TLL) 

method. This approach is built on integrated shallow neural 

networks, which allow for the transfer of information when the 

number of active characteristics varies. Lags in knowledge 

transmission are adaptive, meaning they alter in duration in 

response to feedback about performance changes.  

 

While most people think of banks and credit unions when they 

hear the term "credit system," the reality is that it affects many 

people in nations like the United States, especially those who 
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 have a history of bad credit. To be more precise, a credit score 

computation (CSC) measures an individual's credit worthiness 

or risk and is utilized by various entities to aid in decision-

making processes (such as approving insurance policy 

purchases or premium amounts), including banks and financial 

institutions. Despite the possibility for the leakage of user 

private information (e.g., registration, hobbies, credit, 

relationships, and inquiry), privacy protection of CSC is mostly 

ignored, even if there are several CSC models offered in the 

literature to enable various application scenarios. Criminals can 

exploit this data for identity theft and fraudulent charges on 

credit cards, among other terrible things. Therefore, C. Lin et 

al. [2] provided a formal description of a privacy-preserving 

CSC system and its security criteria after analyzing the privacy 

strength of current CSC models. 

 

The field of online banking has recently seen a surge in interest 

in studying credit scoring models that use deep learning. 

Nevertheless, the majority of the current research relies on 

models of deep neural networks, whose structure is challenging 

to develop. A lack of attention to the effect of class imbalance 

issues on credit scoring performance is another limitation of the 

existing literature. Y. Zhong et al. [3] provided a novel deep 

learning credit rating model that uses resampling and deep 

forest (DF) techniques to address this shortcoming. To begin, 

in order to construct responsive models, the author merged DF 

with five different resampling techniques: random under-

sampling (RUS), synthetic minority over-sampling technique 

(SMOTE), tomek linkages, and SMOTE+ Tomek.  

 

Loan applications can be either granted or refused based on 

financial credit score. Due to the lack of data for rejected 

samples, we are subject to missing-not-at-random selection 

bias as we can only see default/non-default labels for accepted 

samples. Unreliable machine learning models are bound to 

emerge from training on such biased data. Both theoretical and 

empirical research in this work analyzed by Q. Liu  et al. [4] 

showed a strong correlation between the default/non-default 

and rejection/approval categorization tasks. Therefore, 

rejection and approval can aid in the learning of default and 

non-default. Since this is the first time anyone has suggested 

using Multi-Task Learning (MTL) to model biased credit score 

data, the author proceeded accordingly. This proposed Reject-

aware Multi-Task Network (RMT-Net) is unique in that it uses 

a gating network based on rejection probability to learn the task 

weights that regulate the information sharing between the 

default and non-default tasks, as well as the rejection and 

approval tasks. RMT-Net takes use of the fact that the 

default/non-default task has to learn more from the 

rejection/approval task as the rejection probability increases.  

 

A major worry in today's environment where wireless 

communications are essential for transmitting large amounts of 

data without interference is the increasing likelihood of 

financial fraud. Specifically designed for processing data from 

financial transactions in real-time, the ResNeXt-embedded 

Gated Recurrent Unit (GRU) model (RXT) is an innovative AI 

technique. The growing danger of financial fraud, which 

endangers both consumers and financial institutions, inspired 

us to develop a methodical AI strategy to combating this issue. 

Starting with AI data intake and preprocessing, A. A. Almazroi 

et al. [5] used the SMOTE to reduce data imbalance. Feature 

engineering improves the model's discriminative skills, while 

feature extraction employs an AI ensemble strategy that 

combines ResNet (EARN) and autoencoders to uncover 

significant data patterns.  

 

Ensembles of classifers prove to be very effective methods for 

credit scoring. Everyone knows that, as the Decision trees 

(DTs) do well in an ensemble because they encourage diversity, 

which is critical for a successful ensemble scheme. Ensembles 

of DTs were found useful in several domains, one of them is 

credit scoring. Some research indicates that an Ensemble of 

Credal Decision Trees (CDTs)—DTs incorporating inaccurate 

probabilistic models—improves performance in credit rating. 

An important hyperparameter affects CDT's performance. 

Different models might be produced by varying the 

hyperparameter values, as was demonstrated. So, instead of 

setting one hyperparameter value in each CDT, it is possible to 

improve the variety of ensemble schemes by randomly picking 

their values. S. Moral-García et al. [6] demonstrated that 

improving credit scoring outcomes may be achieved by 

enhancing the variety of CDT ensembles by adjusting the value 

of the hyperparameter in each base classifier.  

 

Machine learning's efficacy in determining a borrower's 

creditworthiness has been established for quite some time. But 

some worry that biased results might emerge from using 

automated decision-making methods that unfairly penalize 

certain groups or people. D. Moldovan et al. [7] aimed to tackle 

this issue by analyzing 12 prominent bias mitigation 

approaches. It does this by comparing their performance across 

5 distinct fairness measures, checking for correctness, and 

finalizing a profit forecast for financial organizations. Our 

research has shown the obstacles to obtaining justice while 

keeping accuracy and profitability intact, and we have also 

highlighted the best and worst ways to overcome these 

obstacles.  

A new financial business called online microlending specializes 

on small loans that do not require collateral. In addition to 

increased interest rates, it gives borrowers more funding 

options and processes their requests faster. A key duty for 

platforms that offer these services is to thoroughly assess the 

risk of each loan in order to reduce the possibility of financial 

loss. On the other hand, there is a subset of borrowers known 

as fraud-agents who illegally benefit from encouraging other 

borrowers to cheat; in other words, they assist high-risk 
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 borrowers in avoiding the risk evaluation by fabricating false 

credentials.  

 

The presence of fraud-agents causes lending platforms to lose 

a lot of money and endangers their risk management systems. 

Here, for the first time, is a solution to the problem of online 

microlending fraud that makes use of machine learning 

proposed by Y. Wu et al. [8]. For almost a decade, this issue has 

persisted, and the main obstacle is still not clear: how to build 

useful features from borrowers' various activity logs, phone 

books, loan histories, and other behavior logs. To begin solving 

this issue, we compared the hostile actions of fraud-agents to 

those of regular borrowers and benign-agents by conducting an 

empirical research on more than 600,000 borrowers. The 

limitations of the traditional models are presented in Table 1. 

 

Table 1: Limitations of Traditional Models 

Author(s) Algorithm / 

Technique Used 

Model Working Dataset Used Evaluation 

Metrics 

Limitations 

R. Alasbahi 

et al. [1] 

Online Transfer 

Learning + 

Extreme Learning 

Machine (ELM) 

Uses transfer learning 

with ELM for adaptive 

credit scoring across 

changing data 

distributions 

Real-world credit 

datasets 

(financial 

records) 

Accuracy, AUC, 

processing time 

Sensitive to data drift 

and requires 

continuous updates 

C. Lin et al. 

[2] 

Zero-Knowledge 

Proof (ZKP) based 

system 

Privacy-preserving credit 

scoring using non-

interactive ZKP without 

revealing sensitive user 

data 

Simulated 

financial datasets 

Privacy level, 

computation cost, 

verification time 

High computational 

overhead, complex 

implementation 

Y. Zhong et 

al. [3] 

Deep Forest + 

Resampling 

Combines deep forest 

model with resampling 

to handle imbalanced 

credit datasets 

Financial credit 

datasets 

Accuracy, recall, 

F1-score 

Increased training 

time and complexity 

Q. Liu et al. 

[4] 

RMT-Net (Multi-

task deep 

learning) 

Handles missing-not-at-

random data using 

reject-aware multi-task 

neural networks 

Real-world 

financial datasets 

AUC, accuracy, 

robustness 

Complex architecture 

and high 

computational cost 

A. A. 

Almazroi et 

al. [5] 

Machine Learning-

based Fraud 

Detection 

Uses multiple ML 

classifiers to detect 

fraudulent online 

payment transactions 

Online payment 

transaction 

dataset 

Accuracy, 

precision, recall, 

F1-score 

Limited 

generalization across 

different fraud 

patterns 

S. Moral-

García et al. 

[6] 

Ensemble 

Learning 

(Diversity-based 

classifiers) 

Improves credit scoring 

by increasing diversity 

among ensemble 

classifiers 

Credit scoring 

datasets 

Accuracy, 

diversity 

measures, AUC 

Increased model 

complexity and 

computational cost 

D. 

Moldovan 

et al. [7] 

Fairness-aware 

Decision 

Algorithms 

Focuses on fairness in 

credit scoring using 

algorithmic decision-

making techniques 

Financial 

datasets 

Fairness metrics, 

accuracy, bias 

reduction 

Trade-off between 

fairness and 

predictive 

performance 

Y. Wu et al. 

[8] 

Fraud-Agent 

Detection Model 

Detects fraudulent 

agents in microfinance 

systems using large-

scale empirical analysis 

Large-scale 

microfinance 

dataset 

Detection rate, 

false positive rate, 

scalability 

Requires large 

datasets and high 

computational 

resources 

 

 

III. PROPOSED METHODOLOGY 

 

The proposed AI-Powered Financial Insight Engine of Credit 

Scoring and Spend Behavior Understanding is intended to 

combine financial data, behavioral analytics, and machine 

learning and package them into a single framework. This 

system works with structured and unstructured financial 

information, such as transaction history, income trends and user 
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 spending actions to produce precise credit scores and 

behavioral information. The methodology is divided into data 

collection, data preprocessing, feature extraction, model 

training and prediction. 

 

The first step is collecting user finances such as transaction 

history, account summary and signals of behavior. Such 

information can include measures such as transaction 

frequency, average spend, category spend and repayment 

history. As Raw Data may not be consistent with missing values 

and noises a pre-processing like Normalization, outlier 

removals and imputation is applied to maintain quality and 

consistency of the data. 

 

𝑋𝑛𝑜𝑟𝑚 =
𝑋 − 𝜇

𝜎
 

 

where Xrepresents the original feature, μis the mean, and σis 

the standard deviation. 

Generation of features entails labeling of data with basic 

characteristics. As an example to explain the financial habits of 

a user: the variable features could be the amount of money that 

a user lags behind in terms of spending or whether the user is a 

saver (spends money daily or monthly). Not only do we extract 

user attributes, but they are also full of human sentiment and 

are visually intuitive. This feature engineering process fits the 

philosophy of the company to offer systematic solutions. These 

attributes are useful to study consumer spending in its origin 

and optimize the predictive accuracy.. 

𝑆𝑎𝑣𝑖𝑛𝑔𝑠 𝑅𝑎𝑡𝑖𝑜 =
𝐼𝑛𝑐𝑜𝑚𝑒 − 𝐸𝑥𝑝𝑒𝑛𝑑𝑖𝑡𝑢𝑟𝑒

𝐼𝑛𝑐𝑜𝑚𝑒
 

𝑆𝑝𝑒𝑛𝑑𝑖𝑛𝑔 𝑉𝑎𝑟𝑖𝑎𝑛𝑐𝑒 =
1

𝑛
∑(

𝑛

𝑖=1

𝑥𝑖 − 𝑥̄)2 

 

Random Forest, Gradient Boosting, and Logistic Regression 

are supervised methods used in predictive modeling to 

ascertain the users into various categories of credit risks. These 

techniques improve the validity of forecasts through learning 

based on historical data such that the model can determine the 

probability of new users being unreliable in repayment or non-

creditworthy. 

𝑃(𝑦 = 1 ∣ 𝑋) =
1

1 + 𝑒−(𝛽0+𝛽1𝑋1+⋯+𝛽𝑛𝑋𝑛)
 

 

where 𝑃(𝑦 = 1 ∣ 𝑋)represents the probability of a user being 

creditworthy. 

 

Ensemble methods make use of more than one model to reduce 

variance and bias, thus improving the performance of a model. 

The credit score obtained is a combination of the predictions of 

the different models that have been combined with a weighting 

factor based on their performance. 

𝐹𝑖𝑛𝑎𝑙 𝑆𝑐𝑜𝑟𝑒 = ∑ 𝑤𝑖

𝑘

𝑖=1

⋅ 𝑓𝑖(𝑋) 

 

where w_irepresents the weight of model i, and f_i (X)is the 

prediction from model i. 

In addition to credit scoring, the system has a behavioral 

analysis module that evaluates the spending behavior of the 

users in the long run. Clustering techniques are used to classify 

users sharing financial behavior and time-series analysis to 

identify high risk patterns, unusual spending patterns, and 

financial instability. 

𝐷(𝑥, 𝑦) = √∑(

𝑛

𝑖=1

𝑥𝑖 − 𝑦𝑖)2 

 

where D(x,y)is the Euclidean distance used for clustering 

similar users. 

 

Lastly, the system provides a detailed financial insight report 

containing credit score, risk level and behavioral insights. This 

combined strategy will provide superior decision-making as 

financial information will be combined with behavioral 

insights. 

 

 Algorithm: AI-Powered Financial Insight Engine 

Input: 

 User financial dataset D(transactions, income, 

spending)  

Output: 

 Credit Score CS 

 Risk Level RL 

 Spending Behavior Insights SBI 

 

Steps: 

 Start  

 Load dataset D 

 Perform data preprocessing  

 Handle missing values  

 Normalize data  

 Remove outliers  

 Extract features  

• Compute spending patterns  

• Calculate savings ratio  

• Generate behavioral features  

 Initialize machine learning models  

 Train models using training data  

 For each user uin dataset D: 

a. Input user features 



 
 

 

© 2024 IJSRET 
6 
 

 

International Journal of Scientific Research & Engineering Trends                                                                                                         
Volume 10, Issue 2, Mar-Apr-2024, ISSN (Online): 2395-566X 

 

 b. Predict credit score using trained model 

c. Analyze spending behavior 

d. Assign risk level based on score 

e. Store results  

 Aggregate model outputs (if ensemble used)  

 Generate final financial insight report  

 Stop  

 

IV. RESULTS AND DISCUSSIONS 
 

The engine of AI-based financial insight was built based on 

several different machine learning models, such as Logistic 

Regression (LR), Random Forest (RF), Gradient Boosting 

(GB), and Neural Networks (NN). This training was based on 

randomly generated data to better mirror realistic financial and 

behavioral trends. The results highlight the effectiveness of 

sophisticated machine learning methods in enhancing risk 

assessment and understanding client characteristics. 

 

Figure 2 shows the comparison of the model accuracy. It is 

observed that RF and GB ensemble models are better than the 

traditional Logistic Regression. The performance of Neural 

Networks competitively also emerges due to the ability of the 

network to represent nonlinear relationships which are 

nonlinear in financial data. It means that more sophisticated 

models are more appropriate in credit scoring operations with 

various and high-dimensional data. 

  

 
Fig 2: Model Accuracy Comparison 

As shown in the precision analysis in Figure 3, the creditworthy 

users can be identified correctly by models. Compared to other 

models, Neural Networks are more precise and this means that 

they do not give false positives when classifying. Random 

Forest is also a stable performer since it is effective in 

addressing structured data and behavioural data. Logistic 

Regression proves to be not as accurate, with respect to 

linearity. 

  

 
Fig 3:  Model Precision Comparison 

 

Figure 4 depicts the recall performance of these models which 

is a measure of the capability to recognize all the pertinent 

instances, especially high-risk users. Neural Networks and 

Random Forest have higher values of recall, which means that 

they are effective to identify potential defaulters. Gradient 

Boosting has moderate performance, whereas Logistic 

Regression has low performance because of the poor modeling 

ability of complex trends. 

 
Fig 4:  Model Recall Comparison 

The F1 score, the balancing of precision and recall, is found in 

figure 5. Neural Networks have the largest F1 score, then the 

next is the Random Forest, so it is possible to assume that the 

models have stable predictive performance. Other models used 

in the evaluation are Gradient Boosting and Logistic 

Regression. 
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Fig 5: Model F1 Score Comparison 

 

The system also captures information on user expenditure with 

time, and Figure 6 shows an example time-series trend of 

spending patterns. The conclusion is that user financial controls 

are not consistent as seen in the differences in expenses. Such 

behavioral information plays an important role in enhancing 

financial stability information and credit rating systems by 

adding dynamic aspects to the already existing static financial 

information. 

  

 
Fig 6:  User Spending Behavior Trend 

Through our study, we have shown that a combination of 

machine learning and behavioral analytics can make credit 

scoring systems much more effective. More complex models 

such as deep learning methods and ensemble models such as 

random forests are more effective than the traditional models 

due to their ability to detect more complex patterns in the 

financial and behavioral data. The introduction of experiences 

of real spending behavior brings in a new dimension of 

knowledge, which is practically helpful, not just theoretically 

advantageous. 

 

V. CONCLUSION 
 

The suggested AI-driven Financial Insight Engine does not just 

optimize the performance of the conventional credit scoring, it 

actually improves the performance levels. It uses quantitative 

data in conjunction with spending patterns to offer customized 

credit ratings to individual profiles. The experimental analysis 

demonstrates clearly that advanced models such as neural 

networks and random forests are better than traditional models 

such as logistic regression in all metrics such as accuracy, 

precision, recall and F1 score. These sophisticated models are 

superior in handling the dynamics of the real-life financial 

situations, revealing complex and even unanticipated data 

interrelationships absent in simple models.  

 

Furthermore, the spending behavior can be better analyzed to 

provide better information on risk assessment and informed 

decision-making. It is no longer reasonable to stick to old-

fashioned credit scoring systems when there are live and 

alternative data that can be accessed easily and which is much 

more efficient. The behavioral understanding of the system 

quickly detects dangerous patterns, something which older 

systems fail to accomplish. This framework is more of a re-

conceptualization and not an upgrade. The suggested model 

will enable access to fair credit to a greater number of people, 

as well as make the decision-making processes more intelligent 

and transparent. The results are a solid case to abandon the 

rigid, outdated credit systems. AI-based analytics do not only 

enhance performance but also bring a new wave of innovation 

in the financial services sector.  

 

REFERENCES 
 

1. R. Alasbahi and X. Zheng, "An Online Transfer Learning 

Framework With Extreme Learning Machine for 

Automated Credit Scoring," in IEEE Access, vol. 10, pp. 

46697-46716, 2022, doi: 

10.1109/ACCESS.2022.3171569. 

2. C. Lin, M. Luo, X. Huang, K. -K. R. Choo and D. He, "An 

Efficient Privacy-Preserving Credit Score System Based 

on Noninteractive Zero-Knowledge Proof," in IEEE 

Systems Journal, vol. 16, no. 1, pp. 1592-1601, March 

2022, doi: 10.1109/JSYST.2020.3045076. 

3. Y. Zhong and H. Wang, "Internet Financial Credit Scoring 

Models Based on Deep Forest and Resampling Methods," 

in IEEE Access, vol. 11, pp. 8689-8700, 2023, doi: 

10.1109/ACCESS.2023.3239889. 

4. Q. Liu et al., "RMT-Net: Reject-Aware Multi-Task 

Network for Modeling Missing-Not-At-Random Data in 



 
 

 

© 2024 IJSRET 
8 
 

 

International Journal of Scientific Research & Engineering Trends                                                                                                         
Volume 10, Issue 2, Mar-Apr-2024, ISSN (Online): 2395-566X 

 

 Financial Credit Scoring," in IEEE Transactions on 

Knowledge and Data Engineering, vol. 35, no. 7, pp. 7427-

7439, 1 July 2023, doi: 10.1109/TKDE.2022.3179025. 

5. A. Almazroi and N. Ayub, "Online Payment Fraud 

Detection Model Using Machine Learning Techniques," in 

IEEE Access, vol. 11, pp. 137188-137203, 2023, doi: 

10.1109/ACCESS.2023.3339226. 

6. S. Moral-García and J. Abellán, "Improving the Results in 

Credit Scoring by Increasing Diversity in Ensembles of 

Classifiers," in IEEE Access, vol. 11, pp. 58451-58461, 

2023, doi: 10.1109/ACCESS.2023.3284137. 

7. D. Moldovan, "Algorithmic Decision Making Methods for 

Fair Credit Scoring," in IEEE Access, vol. 11, pp. 59729-

59743, 2023, doi: 10.1109/ACCESS.2023.3286018. 

8. Y. Wu et al., "Fraud-Agents Detection in Online 

Microfinance: A Large-Scale Empirical Study," in IEEE 

Transactions on Dependable and Secure Computing, vol. 

20, no. 2, pp. 1169-1185, 1 March-April 2023, doi: 

10.1109/TDSC.2022.3151132. 

9. Anshari, Muhammad, Mia Fithriyah, Petr Polak, and 

Abdur Razzaq. 2021. Islamic FinTech and artificial 

intelligence (AI) for assessing credit-worthiness. Journal 

of Islamic Financial Studies 7: 210–25.  

10. Awan, Muhammad Saeed, Muhammad Zahid, and 

Muhammad Sabir. 2023. Islamic Microfinance: A Shariah-

Compliant Tool for Poverty Alleviation and Social 

Welfare. Al-ISRA 2: 44–66.  

11. Bello, Oluwabusayo Adijat. 2023. Machine learning 

algorithms for credit risk assessment: An economic and 

financial analysis. International Journal of Management 

10: 109–33.  

12. Bhatore, Siddharth, Lalit Mohan, and Y. Raghu Reddy. 

2020. Machine learning techniques for credit risk 

evaluation: A systematic literature review. Journal of 

Banking and Financial Technology 4: 111–38.  

13. Chong, Felicia Hui Ling. 2021. Enhancing trust through 

digital Islamic finance and blockchain technology. 

Qualitative Research in Financial Markets 13: 328–41.  

14. Djolev, Daniel, Milena Lazarova, and Ognyan Nakov. 

2023. Blockchain based trusted distributed machine 

learning for credit scoring. Paper presented at 2023 

International Scientific Conference on Computer Science 

(COMSCI), Sozopol, Bulgaria, September 18–20; New 

York: IEEE, pp. 1–5.  

15. Hassan, M. Kabir, Mustafa Raza Rabbani, Mamunur 

Rashid, and Irwan Trinugroho. 2022. Islamic fintech, 

Blockchain and crowdfunding: Current landscape and path 

forward. In FinTech in Islamic Financial Institutions. 

Cham: Springer, pp. 307–40.  

16. Javaid, Mohd, Abid Haleem, Ravi Pratap Singh, Rajiv 

Suman, and Shahbaz Khan. 2022. A review of Blockchain 

Technology applications for financial services. 

BenchCouncil Transactions 2: 100073.  

17. Katterbauer, Klemens, and Philippe Moschetta. 2022. A 

deep learning approach to risk management modelling for 

Islamic microfinance. European Journal of Islamic 

Finance 9: 35–43.  

18. Kotb, Mariam Ossama. 2023. Credit scoring using 

machine learning algorithms and blockchain technology. 

International Journal of Financial Innovation 15: 78–95.  

19. Mohd Haridan, Nurfarahin, Ahmad Fahmi Sheikh Hassan, 

Sabarina Mohammed Shah, and Hasri Mustafa. 2023. 

Financial innovation in Islamic banks. Journal of Islamic 

Accounting and Business Research 14: 911–30.  

20. Mukit, Mohammad Mushfiqul Haque, Aishath Muneeza, 

and Andrea Paltrinieri. 2021. Contributions of Professor 

M. Kabir Hassan to the Islamic Finance Literature. Journal 

Ekonomi Malaysia 55: 49–76.  

21. Owusu-Agyei, Samuel, Godwin Okafor, Aruoriwo Marian 

Chijoke-Mgbame, Paschal Ohalehi, and Fakhrul Hasan. 

2020. Internet Adoption and Financial development in 

Sub-Saharan Africa. Technology Forecasting and Social 

Change 161: 120293.  

22. Petropoulos, Anastasios, Vasilis Siakoulis, Evangelos 

Stavroulakis, and Nikolaos E. Vlachogiannakis. 2020. 

Predicting bank insolvencies using machine learning 

techniques. International Journal of Forecasting 36: 1092–

113.  

23. Sadok, Hicham, Fadi Sakka, and Mohammed El Hadi El 

Maknouzi. 2022. Artificial intelligence and bank credit 

analysis: A review. Cogent Economics & Finance 10: 

2023262.  

24. Wanke, Peter, M. Kabir Hassan, Md Abul Kalam Azad, Md 

Azizur Rahman, and Naznin Akther. 2022. Distributed 

verification in Islamic microfinance institutions. Financial 

Innovation 8: 80.  

25. Zanke, Pankaj. 2023. Machine Learning Approaches for 

Credit Risk Assessment in Banking and Insurance. Internet 

of Things and Edge Computing Journal 3: 29–47. 


