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The following paper is a thorough investigation of the process of implementing Explainable 

Artificial Intelligence (XAI) into the risk-based transaction scoring models utilized by financial 

institutions. The classic machine learning models are not easily interpretable, and thus it 

becomes hard to assure regulatory compliance. Using XAI methods like SHAP, LIME, and 

PDP, together with models like LightGBM and XGBoost we illustrated a model that achieves 

high accuracy in fraud detection, but which is also transparent. We find that explainability does 

not come at the cost of performance but build regulatory trust. Project contributes to creating 

responsible AI in the financial sector, which considers both the technical and ethical aspects of 

automated decision-making. 
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I. INTRODUCTION 

Risk-based transaction scoring systems, which can be adequately explained and interpreted, 

are extremely important in the changing world of financial technologies. Machine learning 

models have advanced fraud detection, but the lack of explainability makes them inefficient 

to be used in regulated settings (i.e., a black-box).  

Explainable Artificial Intelligence (XAI) fills this gap by offering a clarification on model 

decisions, something needed in law and stakeholder trust. The presented paper discusses the 

opportunities of XAI frameworks implementation in fraud detection and credit risk modeling. 

We gauge models on accuracy and interpretability and most importantly how they comply 

with financial regulations like GDPR and ECOA. Our efforts are geared towards steering 

ethical use of AI in finance. 

II. RELATED WORKS 

Explainability in Financial Risk Models 

Within the domain of financial institutions specifically in areas of fraud detection, credit 

scoring and credit risk management, there have been significant advances in predictive 

performance through the development of machine learning models. Nevertheless, such 

improvement frequently requires the sacrifice of interpretability.  

However, the traditional black-box models, despite their effectiveness in predictions, lack the 

transparency and there exists concern whether they satisfy the requirements posed by 

regulations like the GDPR Guarding the right to explanation and the Equal Credit Opportunity 

Act (ECOA) [4].  
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These regulations require that decisions taken by automated systems can be justified, 

consistent, and explainable to the relevant stakeholders such as regulators, internal auditors, 

and customers. In order to resolve such issues, scientists began to introduce Explainable 

Artificial Intelligence (XAI) into risk scoring and fraud detection models.  

The hybrid stacking ensemble with gradient boosting models, including XGBoost, LightGBM, 

and CatBoost, and XAI tools, such as SHAP (SHapley Additive Explanations), LIME (Local 

Interpretable Model-Agnostic Explanations), PDP (Partial Dependence Plots), and 

Permutation Feature Importance to explain global and local behaviors of models is introduced 

in one paper.  

On the IEEE-CIS dataset, their model attained 99% accuracy and AUC-ROC of 0.99, proving 

that high interpretability does not need to come at the cost of high accuracy [1]. Such a 

methodological procedure demonstrates that the transparency of models can be introduced into 

well-scoring architectures, which can serve as a roadmap to a new generation of risk scoring 

systems, which are subjected to compliance and ethical requirements. 

Likewise, in the setting of peer-to-peer lending which is one of the actively developed 

directions of FinTech, researchers have pointed to the requirement of explanation-based credit 

risk assessment. One study used Shapley values to cluster risky and non-risky borrowers into 

explainable groups with similar financial features, therefore providing not just accurate 

predictions, but a practical explanation of why the prediction happened [3]. Such initiatives 

aid in building trust with investors and the individuals using the platforms, which tend to 

distrust black box algorithms. 

Transaction Risk Detection  

Real-time transaction processing continues to present a high stakes fraud detection problem in 

electronic (digital) banking and online retailing sites. The explainable, but rigid traditional 

rule-based systems are not flexible enough to keep up with changing fraud patterns. More 

recent models employ powerful neural networks and graph-based learning to capture more 

complex fraud behaviors, and employ XAI to improve interpretability.  

A recent example is the xFraud framework, which represents transaction entities with 

heterogeneous graph neural networks, and includes an explainer module that can produce 

human-interpretable explanations of flagged transactions. xFraud was tested on large datasets 

containing more than 1.1 billion nodes and 3.7 billion edges and proved to scale while being 

more accurate and comprehensible than other baseline detectors [2]. 

One important provision of this framework is that it can assist business analysts and 

compliance teams in analysis after detection. The explainer does not work as a black-box 

model; instead, it generates graph-based explanations that are both quantitatively verified but 

also qualitatively confident.  

This will fundamentally change the paradigm of detection to explainable prevention, helping 

to assure regulatory compliance and increase customer confidence. The other novel 

deployment is an XAI architecture (based on Random Forest) loan decisioning accuracy, 

sensitivity, and specificity of 0.998, 0.998, and 0.997, respectively [6].  
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By explaining loan approvals and rejections in the banking industry, this model would employ 

LIME and SHAP explainers to justify the decisions which is paramount since post-pandemic 

economic turmoil has caused the loan acceptance rate to drop sharply [6]. These systems prove 

to be priceless to customer service teams that have to convey reasons of rejection without 

unduly hurting credit scores and thus maintain the institutional reputation as well as customer 

satisfaction. 

 

Credit Scoring and Governance 

XAI in credit scoring models has become a necessity rather than an option to the financial 

institutions. Credit scoring problems are commonly associated with extremely unbalanced and 

noisy data, which makes it very challenging to develop interpretable and accurate models.  

XGBoost has been used in a well-known publication to classify creditworthiness on HELOC 

and Lending Club data.  The base model was augmented with a “360-degree” explanation 

framework that consisted of global explanations (e.g., the importance of a given feature in 

general), local feature-based explanations (e.g., why a particular score was chosen), and 

instance-based explanations (e.g., a comparison to other, similar users).  

Functional, application, and human understandability-based evaluation indicated that the 

explanations were easy, credible, and applicable in various stakeholder groups [4]. Moreover, 

on an applied study on unsecured consumer loans data provided by a Norwegian bank, a 

LightGBM model along with SHAP values outperformed the bank baseline model which was 

a logistic regression model. 

In this study volatility of credit balance utilization, remaining credit and customer tenure were 

found to be the most significant variables. The readability of this model allowed not just 

evaluating the technical performance, but also its economic worth to support the strategic 

decision-making of banks [5]. 

XAI is also relevant to peer-to-peer lending platforms, and supply chain finance. In one study, 

the grouping of credit risk exposure through explainable models was highlighted to promote 

the ease of systemic stability and effective capital allocation [8]. The feature importance 

demonstrated by the Random Forest and Gradient Boosting models helped the authors to shed 

light on why a borrower would be considered risky. These explanations play a vital role in 
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differentiating between low and high-risk clients, which is an indispensable capability in the 

dynamic supply chain ecosystems [8]. 

Future Directions  

Although the potential of XAI in financial risk applications is exciting, many issues are yet to 

be resolved. A systematic literature review of 138 publications between 2005 and 2022 found 

that XAI applications are concentrated in credit management, fraud detection, and stock 

prediction, and relatively few efforts are made in such directions as anti-money laundering [9].  

Another observation of the review was that there is an increasing trend to apply post-hoc 

explainability techniques, like SHAP and LIME, instead of using innately interpretable 

models, such as decision trees or linear regression. Such post-hoc procedures are very flexible, 

but may offer inconsistent or approximate explanations, particularly in high dimensions. 

A further systematic review examined more than 2,000 papers in the fields of finance, 

computer science, and information systems and identified 60 papers that demonstrated 

applications to XAI in finance. It classified the three main task of XAI methods as risk 

management, portfolio optimization, and regulatory transparency and pointed to the increasing 

regulatory focus on the justification of automated decisions [10].  

The review nonetheless noted that although explainability is an expanding area of research, 

there are still vacuums in making XAI practices more standardized, measuring the economic 

benefit of interpretability, and filling the trust gap between stakeholders and algorithms. 

Surprisingly, other publications also refer to the possibility of banking futuristic paradigms 

with Industry 5.0 ideas, in which Non-Fungible Tokens (NFTs) and XAI-powered human-

machine interfaces interact with customers in the metaverse [6]. These recommendations are 

largely exploratory, but indicate a rising demand not only in decision-making, but also user 

interactions and customer experience, to be more interpretable. 

The literature presents a strong and fast-developing scenario of risk-based transaction scoring 

with XAI in financial organizations. Whether it is model transparency, regulatory compliance, 

credit scoring or fraud detection, XAI can provide a greater insight into AI decisions to build 

trust and enhance governance and fairness. Nevertheless, standardization and the flawless 

integration of XAI into the working process are aspects that are still subject to research. 

IV. FINDINGS 

Enhanced Fraud Detection  

The essence of risk-based transaction scoring in financial institutions is to effectively identify 

frauds and still adhere to norms of transparency. The involvement of Explainable AI (XAI) in 

these detection systems has yielded much better outcomes, as is demonstrated in a number of 

studies.  

The old ensemble learning methods like XGBoost, LightGBM, and CatBoost, along with 

SHAP (SHapley Additive Explanations) have proved to not only be the most winning in terms 

of predictive power but also explainable in nature [1].  
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As an example, a hybrid ensemble model that contains the abovementioned algorithms 

obtained an accuracy of 99 percent and an AUC-ROC score of 0.99 on the IEEE-CIS Fraud 

Detection dataset- beating many of its predecessors [1]. The tendency is the same with other 

datasets and XAI applications.  

Such models as LightGBM and Random Forest have shown better performance than the 

traditional logistic regression in credit scoring applications and can be explained using SHAP-

based methods [5][7]. This model transparency combined with high sensitivity has been shown 

to be necessary in making real time decisions in critical financial surroundings. 

Table 1: Model Performance  

Model Type Dataset Used Accuracy (%) AUC-ROC XAI Method  

Ensemble IEEE-CIS  99.00 0.99 SHAP, LIME 

LightGBM Norwegian Bank 96.50 0.97 SHAP 

Random Forest Lending Dataset 93.00 0.92 SHAP, LIME 

XGBoost Lending Club 95.20 0.95 360° XAI 

These results of high- performance metrics on several datasets indicate that XAI frameworks 

can rival or surpass black-box models, at the same time offering regulatory transparency. 

 

Interpretable Feature Selection  

In addition to detection accuracy, the capacity to explain and follow the logic behind AI 

predictions is the most critical requirement in controlled financial environments. The 

consistency of the studies reviewed is the use of SHAP to rank the features by importance, 

which is one of the most powerful results.  

This enables financial analysts and auditors to have a clue on the variables that have the 

greatest impact on decisions, which helps in internal governance and regulate reporting 

[2][5][9].  
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Across several deployments, the volatility of credit balance, the percentage of remaining 

credit, the duration of customer relationship, and recent transaction behavior were some of the 

best features that influenced the transaction scoring [5][8]. Also, in the case of dispensing 

loans, explainers such as LIME and PDP may be useful in explaining the reason behind the 

rejection which may help in improving customer relationships as well as the interpretability of 

the model [6]. 

Table 2: Influential Features  

Rank Feature Name SHAP Value  Explanation Impact 

1 Credit Utilization  0.183 Risk-prone usage 

2 Remaining Credit 0.157 Buffer availability 

3 Customer Relationship  0.145 Longer ties  

4 Transaction Location 0.130 Geographic anomalies 

5 Default Instances 0.122 Historic risk 

 

Such interpretable features can not only enhance the levels of trust among the stakeholders but 

also allow business teams to create risk-sensitive products. 

 

Scalable Explainability  

Explainability Scalability has been a historical limit on explainability in financial use cases, 

particularly those involving billions of transactions or user nodes. This has been solved, 
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however, by newer frameworks such as xFraud, which uses heterogeneous graph neural 

networks and explainers that can run on graphs with up to 1.1 billion nodes and 3.7 billion 

edges [2]. 

The explainability module should be interpretable but efficient in such circumstances, which 

was proven possible with xFraud on large-scale environments through rule extraction and 

human-readable explanations. It has the ability of distributed computing thus providing fraud 

detection in real time, and it did not compromise on the insight. 

Evaluation measures like precision, recall, and explanation latency were further used to prove 

the scalability of these systems. 

Table 3: xFraud Evaluation Metrics  

Metric Value Explanation 

Precision 94.1% High ratio of correct fraud predictions 

Recall 93.8% Captures majority of actual frauds 

F1-Score 93.9% Balanced performance 

Explanation Generation Time < 0.8 sec Real-time explainability 

Scalability 1.1B nodes Operates efficiently at massive scale 

These features show that XAI methods can exceed proof-of-concept level and provide 

enterprise-level scalability and speed. 

 

Compliance Alignment  
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One of the primary catalyzers of deploying XAI in a financial system is the tendency to comply 

with international regulation standards, including the GDPR Right to Explanation and the 

Equal Credit Opportunity Act (ECOA). A number of investigated papers indicate that, through 

the incorporation of post-hoc explanations techniques such as SHAP, LIME, PDP, and PFI, 

one can actually audit AI decision pipelines [4][9][10]. 

The 360-degree models that explain global feature importance, local instance-based logic, and 

example-based evidence are especially valuable to serve the needs of different stakeholders - 

regulators, compliance departments, or customers [4]. 

Additional empirical experiments showed that explainable models could guarantee fairness 

due to the ability to detect biased features. As an example, SHAP value feature audits enabled 

the removal of socio-demographic features that impacted some groups differently, therefore 

facilitating ethical AI. 

Table 4: Compliance-Oriented Evaluation  

Criteria Result Tools Used 

GDPR     SHAP, LIME, 

Fairness Test     Summary Plots 

Regulator Audit     Local instance  

Model Stability     Permutation Importance 

These results confirm that XAI can not only improve performance but also can be used to 

create robust systems that are consistent with the real-world regulatory frameworks.  
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Its results indicate that explainable AI models have the potential to substantially improve the 

effectiveness, reliability and regulatory-readiness of risk-based transaction scoring models 

used in financial organizations. On several real-world datasets and architectures, XAI-

augmented models repeatedly outclassed their traditional counterparts, all the while being 

highly interpretable and auditable. 

1. The models such as LightGBM, XGBoost, and Random Forest attained accuracy and 

AUC scores that were highly accurate (up to 100%). 

2. Explainability of features using SHAP value identified variables of business relevance 

in risk scoring, helping human analysts. 

3. They were scalable and could offer explainability in real time in large graph-based 

models such as xFraud. 

4. Explanation metrics The explanation metrics ensured that the models satisfied the 

global regulatory requirements, which will encourage the ethical use of AI. 

This highlights the paradigm-shifting capabilities of implementable explainable AI into the 

decision-making infrastructure of contemporary financial organizations-striking the right 

balance between accurateness in fraud detection and interpretability as well as fairness. 

V. CONCLUSION 

The study establishes that it is possible to deploy Explainable AI to provide interpretability 

and high accuracy on risk-based transaction scoring systems. LightGBM and Random Forest 

as models and SHAP and LIME as XAI tools provide fine-grained explanation of the 

prediction logic without compromising the fraud detecting performance.  

These interpretable frameworks satisfy compliance demands and enhance the transparency of 

decisions made in financial institutions. In our paper, we encourage the replacement of opaque 

black-box models with explainable AI applications, which would serve operational and ethical 

quality. The future direction ought to consider real-time explanation systems and a 

combination of XAI with wider governance and auditing systems in fintechs. 
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