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Abstract—Credit scoring remains a crucial challenge for financial
institutions, remarkably when rapid, high-volume evaluations are
required. This study presents an Al-driven, real-time credit scoring
system using LightGBM integrated with a high-performance data
pipeline. The system can process up to 9,500 transactions per second
with minimal latency of 8 milliseconds. Addressing the data imbalance
in credit scoring datasets, the model also ensures transparency through
Explainable Al (XAl) techniques, specifically using SHAP values to
interpret the model’s credit risk predictions. Experimental results on
real world financial transaction datasets show that the proposed system
achieves an accuracy of 98.7%, with precision and recall scores
exceeding 94% and 91%, respectively. Compared to baseline models
and other approaches in the literature, our system demonstrates
superior scalability, processing speed, and accuracy. This solution
offers a robust and efficient framework for real-time credit scoring,
ensuring high performance, transparency, and low latency, making it
ideal for modern financial applications.

Index Terms—Federated Learning, Explainable Al, Fraud
Detection, Data Privacy, Imbalanced Datasets, Financial Institutions,
Model  Transparency, Collaborative  Learning,  Customer
Confidentiality, Risk Management

I. INTRODUCTION

In the digital financial services domain, ensuring the
accuracy and fairness of credit scoring models has become
paramount [1]. As financial institutions transition towards
digital platforms, they experience numerous operational
benefits and critical challenges in ensuring fairness and
transparency [2]. Credit scoring, which plays a pivotal role in
assessing the creditworthiness of individuals, is essential not
only to the financial well-being of consumers but also to the
overall stability of the global financial system [3]. Inaccuracies
or biases within these models can have substantial
repercussions, impacting consumers and financial institutions
[4].

As credit scoring becomes increasingly complex, traditional
models often fail to address the evolving challenges of fairness
and bias [5]. New issues such as algorithmic bias and lack of
interpretability complicate the credit evaluation process,
making it more challenging to ensure equitable outcomes [6].
This complexity calls for developing advanced Al-driven credit
scoring models capable of adapting to these modern challenges
[7]. Effective credit scoring requires a blend of sophisticated
data processing frameworks and machine learning (ML)

techniques that can handle vast datasets and provide fairness in
real-time [8].

Machine learning has emerged as an essential tool in
developing accurate and fair credit scoring models, mainly by
processing large volumes of data to identify patterns of
creditworthiness [9]. However, implementing Al-based credit
scoring systems introduces additional complexities [10]. The
presence of imbalanced datasets, where a small percentage of
high-risk borrowers exists within a large pool of low-risk ones,
presents a significant challenge. At the same time, the need for
rapid decision-making demands efficient data processing and
model optimization [11]. As financial institutions continue to
innovate, combining advanced data processing techniques with
Al-driven models offers a promising solution to improving
credit scoring accuracy and fairness.

An efficient credit scoring system requires a robust data
infrastructure  supporting  high-throughput,  low-latency
decision making [12]. Technologies such as Apache Kafka and
Flink, combined with machine learning models, can enable
rapid data ingestion, processing, and analysis, facilitating real-
time scoring decisions [13]. This paper proposes an Al-driven
credit scoring framework that integrates data processing and
ML models to enhance accuracy and fairness, emphasizing
realtime decision-making and transparency.

Moreover, transparency and explainability in Al-driven
credit scoring models are essential [14]. While black-box
models are often effective in predicting creditworthiness, they
lack the transparency required in regulated financial
environments [15]. Ensuring that financial institutions,
regulators, and consumers can trust the decisions made by these
models is vital [16]. Explainable Al (XAl) techniques can be
applied to provide insights into why certain credit decisions
were made, enhancing trust and accountability [17].

This paper outlines a high-throughput data processing
architecture to support Al-driven credit scoring. The proposed
system integrates data stream processing for low-latency
decision making and machine learning models for accurate and
fair credit evaluations. The primary contributions of this work
include:
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1) Develop a stream processing architecture that integrates
real-time credit data with machine learning models to
assess creditworthiness in real-time.

2) Build and optimize ML models for detecting
creditworthiness while addressing data imbalances and
ensuring rapid decision-making.

3) Implement XAl techniques to improve the transparency
and interpretability of credit scoring decisions, enhancing
trust in the system.

4) Demonstrate the real-time credit scoring capabilities of
the system using a web-based application for
visualization and stakeholder interaction.

The remainder of this paper is structured as follows: Section

Il provides a comprehensive literature review of Al driven
credit scoring, focusing on data engineering and machine
learning frameworks. Section Ill describes the proposed
methodology for integrating data processing and machine
learning into the credit scoring system. Section IV discusses the
detailed implementation of the system components. Section V
presents the experimental results and analysis. Finally, Section
VI concludes the paper and provides recommendations for
future work.

Il. LITERATURE REVIEW

The financial sector’s digital transformation has heightened
the demand for fair and transparent credit scoring models [5].
As financial transactions continue to grow in volume, the
complexity of maintaining both accuracy and fairness in credit
assessments has also increased [18]. Cutting-edge technologies,
such as advanced data engineering practices and machine
learning (ML) algorithms, are crucial in addressing these
challenges [19]. These approaches enable continuous
monitoring and evaluation of credit data, ensuring that credit
decisions are accurate but also unbiased and transparent.

A. Real-Time Data Processing in Credit Scoring

Traditional credit scoring systems predominantly relied on
batch processing, where credit data was analyzed post hoc,
leading to delayed decisions [9]. However, this approach fails
to meet the digital era’s need for timely credit assessments.
Modern systems utilizing real-time data processing
frameworks, such as Apache Kafka and Apache Flink, have
become essential for minimizing these delays and ensuring
efficient decision-making [20]. Stream processing technologies
allow for the real-time ingestion and analysis of transaction
data, ensuring that creditworthiness can be evaluated swiftly,
which is particularly important in fast-paced financial
environments [21].

Recent studies have explored integrating machine learning
models with real-time data processing frameworks for
improving credit scoring outcomes. Gulisano et al. [22]
proposed a stream-based architecture that used ML models to
assess credit risk in real-time, demonstrating that low-latency

data processing is critical to delivering prompt and reliable
credit evaluations. However, as the volume of credit-related
data expands, additional research is needed to improve model
performance and scalability.

B. Machine Learning for Credit Scoring

ML algorithms have long been employed in the credit scoring
process, leveraging historical data to identify factors indicative
of creditworthiness [9]. Models such as Random Forest,
Gradient Boosting, and Neural Networks are widely used
because they classify borrowers based on features such as
income, credit history, and payment behavior [23].
Nevertheless, these models often need help dealing with
imbalanced datasets, where the proportion of high-risk
borrowers is significantly smaller than low-risk ones.

To address this, more advanced techniques such as ensemble
methods, including XGBoost and LightGBM, and deep
learning approaches have been applied to credit scoring.
Rahman et al. [24] investigated deep learning models like
LSTMs and CNNs in the context of credit scoring,
demonstrating that these methods can capture intricate patterns
in borrower behavior. While these models exhibit high
accuracy, they can be computationally intensive. They may
pose challenges when deployed in real-time systems, indicating
a need for lightweight yet accurate models suitable for real-time
credit assessments.

C. Addressing Data Imbalance in Credit Scoring

One of the main challenges in developing credit scoring
models is dealing with imbalanced datasets [25]. High-risk
borrowers, critical to accurately predicting credit defaults,
represent a small fraction of the total data, making it difficult
for models to learn these patterns effectively [26]. Techniques
such as the Synthetic Minority Over-sampling Technique
(SMOTE) have balanced the dataset by generating synthetic
samples for the underrepresented class [27]. However, while
SMOTE mitigates imbalance, it may not fully reflect the
complexities of actual high-risk borrower behavior, leading to
the risk of model overfitting [28].

Alternative solutions, such as cost-sensitive learning and
anomaly detection approaches, have been explored to address
this issue in credit scoring [8]. These models prioritize the
identification of high-risk borrowers by applying penalties for
misclassifying such cases, thereby improving model recall.
Nonetheless, most research to date has focused on static
datasets, leaving a gap in the exploration of how data imbalance
can be effectively managed in real-time credit scoring systems.

D. Explainability in Credit Scoring Models

As machine learning models become more sophisticated, the
need for transparency and interpretability has grown, especially
in regulated financial sectors like credit scoring. Complex
models, such as deep neural networks, often operate as black
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boxes, making it difficult for stakeholders to understand the
reasoning behind credit decisions [15]. Explainable Al (XAl)
techniques, such as Shapley Additive Explanations (SHAP) and
Local Interpretable Model-Agnostic Explanations (LIME),
offer tools to help interpret the outputs of these models [29].

While XAl methods have been increasingly applied across
different industries, their use in credit scoring, particularly in
real-time systems, still needs to be improved. Further research
is required to incorporate explainability to maintain the speed
and efficiency of credit assessments. This presents a significant
research gap in developing explainable machine learning
methods that can function effectively in high-throughput, low
latency environments typical of credit scoring systems.

E. Research Gaps and Opportunities

Despite significant progress in Al-driven credit scoring
models, several research gaps must be addressed. First, while
the integration of stream processing frameworks has enhanced
real-time decision-making, more research still needs to be done
on optimizing machine learning models for realtime
environments without sacrificing accuracy. Many current
algorithms, particularly those involving deep learning, are
resource-intensive, limiting their scalability in high-throughput
financial systems where fast, reliable credit scoring is essential.
Second, while SMOTE and anomaly detection have been
employed to mitigate data imbalance, new strategies
specifically designed for streaming data are needed. Current
methods often rely on static, pre-processed datasets, which do
not adequately address the dynamic nature of real-time credit
scoring environments. Developing approaches that adjust to
real-time data imbalances would significantly improve credit
scoring models’ accuracy and fairness.

Lastly, applying XAl in real-time credit scoring systems
presents a promising area for further investigation. Most
existing research has concentrated on post hoc explainability,
where explanations are provided after the credit decision. There
is an opportunity to advance XAl methods to deliver real-time,
interpretable insights into model decisions, ensuring that
transparency and processing speed are maintained.

I11. PROPOSED METHODOLOGY
A. System Framework for Credit Scoring

The proposed Al-driven credit scoring system operates
within a real-time data processing framework. This system
ingests borrower financial data continuously, applies machine
learning models for creditworthiness evaluation, and assigns
credit scores dynamically based on the prediction results.

The data stream is modeled as a function of time, where the
input B;at time t is defined as a feature vector containing the
financial history of the borrower:

By = [b1(t), bo(), ..., by ()] M)

The data is received through a real-time processing pipeline,
with a predictive model Sithat outputs the credit score s;for each
borrower at time t:

. 1
5S¢ = nSf,(B,g) =

1+ e ™ (2)
where a; is the weighted sum of features:

a; =60+ 0;b;(t)
j=1 (3)

Here, 6, represents the bias, and 6; are the weights learned
during the training process.

B. Dynamic Scoring Window

For real-time credit scoring, a sliding window approach is
used to aggregate borrower data over a defined time interval.
Let Tscore represent the window size. The feature vector is
aggregated across this window, and the model continuously
updates its predictions:

Btagg = th:t—Tsmre B, 4)

This approach allows the model to remain adaptive to recent
borrower behavior and recalibrate the credit score predictions
dynamically.

C. Feature Engineering for Dynamic Credit Scoring

Feature engineering in real-time credit scoring is critical for
deriving meaningful insights from the borrower’s financial
data. The feature set B: is transformed through various
operations aimed at enhancing the model’s predictive power.
For example, temporal feature extraction includes:

. Time since last payment for the borrower:

AT, =t

pay current

- tlast mpayment (5)

. Credit usage velocity: Number of credit transactions in a
given window Tscore:

Vp = Zfzt—rscm H(B;) (6)

where H(By) is an indicator function that counts credit
related transactions.

. Deviation in credit amount: The standard deviation of
credit amounts in the window Tscore:

1 t

+ Ocreait (Tscore) =\/

TSCOTE

(Cl - :“credit)z (7)

I=t=Tscore
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where C, represents the transaction amount, and cregit iS
the mean transaction amount over the window.

D. Custom Credit Scoring Model

Let the scoring model S; at time t be a logistic regression
model for simplicity. The model calculates the credit score s;
for each borrower, based on the feature set B:

a 1
C14emae (8)
The credit decision is made by comparing the output s; with a

dynamic threshold A(t), which adjusts based on historical false
predictions and feedback:

St

t
A) = 2o + oot score

TPt Tscore

©)

Here, o is the base threshold, and f is a tuning parameter. The
decision rule is:

Assign high credit risk if s> A(t) (10)

E. Continuous Model Updates

The model parameters are updated in real-time using
Stochastic Gradient Descent (SGD). The loss function
J(¢t,Br,St) at each time step is the logistic loss:

J(#,B1,s) = —stlog(pe) — (1 — splog(1 — py)

where p;= S¢(B) is the predicted score, and s; is the true credit
score. The parameters are updated as follows:

(11)

1= dr— aVI(¢,B,SY) (12)

where o is the learning rate, and the gradient VJ(¢4:,B:,St) is
computed as:

VI(¢t,BuSt) = (pt— S)Bt

F. Anomaly Detection in Credit Scoring

(13)

In addition to supervised learning, an anomaly detection
approach is applied using Isolation Forest (IF). The isolation
score Q(By) is determined based on the path length of the
borrower’s profile in the isolation tree:

Q(By) = 2-Em] (14)

where h(By) is the depth of the borrower’s data in the isolation
tree, and E[h(By)] is the expected depth.

G. Real-Time Explainability with XAl

We utilize SHAP values to explain credit score predictions to
ensure transparency in the model’s decisions. The SHAP value
o; for each feature bjin the model is computed as:

[SIH M|~ |S] = 1)!

)
M]!

>

SCM\{7}

[Se(SU{b;}) — Si(S)]

(15)
These SHAP values are calculated for each transaction and
provide real-time feedback on how individual features
contribute to the credit score prediction.

I. Real-Time Algorithm for Credit Scoring

Algorithm 1: Real-Time Credit Scoring with Dynamic
Threshold Adjustment

Input: Borrower data stream By, Initial model parameters ¢o
Output: Flagged high-risk borrowers with explanations
foreach incoming borrower data B do
/I Step 1: Feature computation and score prediction
Compute features B;from borrower data;
Predict credit score s;= Sy(B:) using the model,;
/I Step 2: Dynamic threshold adjustment
Compare sy with the adaptive threshold A(t); if s
> A(t) then

L Classify Btas high-risk borrower;

/I Step 3: Model update

Update model parameters ¢:using Stochastic
Gradient Descent (SGD);

/I Step 4: Explainability

Compute SHAP values J; to explain the model’s
decision;

return Flagged high-risk borrowers and SHAP

explanations;

IVV. EXPERIMENT SETUP

This section outlines the proposed real-time credit scoring
system’s experimental implementation, described in Algorithm
1. The process consists of several key steps, including data
preprocessing, constructing a real-time machine learning
framework, and incorporating explainability techniques like
SHAP. These steps collectively ensure that the proposed credit
scoring model achieves high accuracy, fast processing, and
transparency in decision-making.

© 2024, ISJEM (All Rights Reserved)

| www.isjem.com

| Page 4



International Scientific Journal of Engineering and Management

ISSN: 2583-6129
DOI: 10.55041/ISJEM02185

< )’Il Volume: 03 Issue: 12 | Dec - 2024
3 Z An International Scholarly || Multidisciplinary || Open Access || Indexing in all major Database & Metadata

> class il
sl & © _?
® 1
..5-— -
S
_15_ —
—20 - e mw m 2 oe O -
—25 — Y i
_30-—- . -
|| 1 T
—-20 -10 0
V3

Figure 1. is plot shows the relationship between variables v1 and V3, with the
distribution of values shown on the top and right marginal axes. The data points
are colored based on the binary class label (Class 0 and Class 1). Most data
points belong to Class 0

The dataset utilized for this experiment is the Global
Financial Transactions Dataset from Kaggle [30], containing
10,000 records representing various aspects of financial
transactions. This dataset tests the effectiveness of credit
scoring algorithms in evaluating borrower risk. Each record
includes attributes such as Transaction ID, Transaction
Amount, Location, and Transaction Type. Figure 1
demonstrates the proportions of different transaction categories
within the dataset.

A. Data Preprocessing

A notable challenge in preparing the dataset for use in the
real-time credit scoring system was the significant imbalance
between classes, as seen in Figure 2. To address this issue, we
applied the Synthetic Minority Over-sampling Technique
(SMOTE) [31], which generates synthetic examples for the
underrepresented class, ensuring a more balanced training set.
This step is crucial in credit scoring, where high-risk borrowers
typically constitute a small portion of the data.

Numerical attributes were imputed using column means for
handling missing data, while categorical attributes were
handled via model-based imputation techniques, ensuring data
consistency. Outliers in numerical columns were detected and
removed using the Interquartile Range (IQR) method, where
any value beyond 1.5 times the IQR from the first or third
quartile was considered an outlier [32]. After preprocessing, a
correlation matrix was created to explore relationships among
the dataset features, as illustrated in Figure 3. The heatmap of
this matrix helps visualize correlations between variables for
feature selection.
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Figure 2.Class Distribution After Balancing — The chart illustrates the
balanced

B. Real-Time Machine Learning Model

The real-time credit
scoring system is based on a LightGBM binary classifier,
optimized using several hyperparameters to ensure both
efficiency and accuracy. The model employs a learning rate of
1n=0.05 and is trained over 500 boosting iterations (n estimators
= 500), with each tree having Feature engineering was key to
the model’s ability to learn effectively from the data.
Continuous variables like income a maximum depth (max depth
= 7) to control the model complexity. To mitigate overfitting,
the min child samples is set to 20, ensuring that each leaf has
sufficient data points, while L2 regularization (AL2 = 0.1)
further prevents the model from fitting noise in the data.
Additionally, LightGBM leverages subsampling techniques
such as feature fraction = 0.8 and bagging fraction = 0.8,
meaning that 80% of features and data are randomly sampled
for each tree, and bagging is performed every 5 iterations
(bagging —freq = 5). The model utilizes gradient-boosted
decision Trees (GBDT) as its boosting strategy, and early
stopping is triggered if the model does not improve after 50
consecutive rounds, ensuring timely and optimal convergence.
These settings allow the system to perform real-time credit
scoring quickly and precisely.
C. Real-Time Explainability using SHAP

Transparency is a critical requirement in financial services,
particularly for credit scoring models. The Shapley Additive
Explanations (SHAP) method was employed to ensure the
interpretability of the model’s predictions. SHAP values assign
importance to each feature in the dataset, explaining its
contribution to the predicted outcome, which is particularly
useful for understanding high-risk credit scores.

This study computed SHAP values for every borrower in
real-time, providing transaction-specific explanations of credit
risk assessments. For instance, if a borrower’s credit risk was
flagged as high due to an unusually high transaction volume or
irregular payment behavior, SHAP would identify which
features influenced the decision the most. This level of
interpretability is essential for ensuring trust in the credit
scoring system, particularly in regulated sectors like finance.

SHAP-based explainability was integrated into the system to
offer real-time explanations for credit decisions. These
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explanations were delivered via a web-based application
developed using Flask, allowing financial institutions to
monitor credit scoring decisions and review flagged cases in
real time [34].
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Figure 3. Heatmap of the Correlation Matrix — This visualization highlights
the

D. System Deployment and Infrastructure

The credit scoring system was implemented using Python
with TensorFlow as the backend for the neural network. Data
processing, training, and real-time scoring functions were built
using a combination of NumPy, Pandas, and scikit-learn. To
ensure real-time performance, the model was deployed using a
Flask-based web application with REST APIs, enabling
seamless interaction between the server and client-side
dashboard.

The deployment infrastructure was designed to handle high
volumes of borrower data with low latency. The web
application supports real-time credit scoring by continuously
processing incoming borrower profiles, applying the trained
model, and delivering risk assessments and SHAP-based
explanations. This allows financial institutions to quickly
evaluate credit risks and make informed decisions, ensuring
transparency and efficiency in the credit evaluation process.

V. RESULTS AND EVALUATION

The outcomes of the proposed system, which integrates Al
driven data pipelines with machine learning models for realtime
credit scoring, validate the effectiveness and scalability of our
approach. This system was developed to handle large volumes
of borrower data while maintaining high accuracy, precision,
and processing speed. In this section, we compare the
performance of our model with a baseline logistic regression
model, evaluating metrics such as transaction throughput,
latency, and model efficiency. Additionally, we analyze the
system’s deployment within a high-throughput environment to

assess its scalability and suitability for real-time credit
evaluations. The model’s effectiveness was measured against a
baseline model, where logistic regression was used due to its
common application in binary classification tasks. However,
compared to our proposed system leveraging the LightGBM
algorithm, the results indicate superior performance in all key
metrics.
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Figure 4. SHAP Summary Plot — This plot explains the impact of each feature
on the model’s predictions, providing transparency in credit scoring decisions.

Figure 5 compares the LightGBM model and the baseline
regarding accuracy. Our LightGBM maodel, integrated into the
real-time data processing pipeline, achieved an accuracy of
98.7%, significantly outperforming the baseline model’s
88.3%. This difference underscores LightGBM’s improved
ability to evaluate creditworthiness with higher precision.
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Figure 5. Accuracy Comparison: Baseline vs. Proposed Model — The
LightGBM model outperforms the logistic regression baseline, achieving
98.7% accuracy compared to 88.3%.

As shown in Figure 6, the precision of the LightGBM model
was 94.2%, compared to the baseline model’s 78.5%. Precision
is critical in credit scoring as it ensures that flagged high-risk
borrowers are indeed those who pose a credit risk, minimizing
false positives that could lead to unnecessary rejections.

mmm Baseline Model
mmm Proposed Model

0.8

0.6

0.4

00 Fl-Score

Precision

Figure 6. Precision Comparison Between Models — The LightGBM model
achieved a precision of 94.2%, significantly higher than the baseline model’s
78.5%.

In addition, Figure 7 presents the rate of transactions
processed per second by both models. The LightGBM model,
integrated with our real-time data pipeline, could process 9,500
transactions per second, compared to the baseline model’s
6,200 transactions per second. This significant improvement in
throughput is attributed to the optimized data engineering
architecture, which supports high-speed data ingestion and real-
time processing. This makes the system highly suitable for
environments such as credit agencies or large financial
institutions that require rapid decision-making.

8- Baseline Model
—e— Proposed Madel i

Prediction Latency (ms)

T v T T
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Number of Transactions

T v v
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Figure 7. Transaction Processing Speed — Comparison of the transaction

Table I outlines a detailed comparison of both models across
key performance metrics such as accuracy, precision, recall,
F1-score, and transaction throughput. The proposed LightGBM
model outperforms the baseline in all areas.

Furthermore, the latency for predictions was considerably
reduced in the proposed system. The LightGBM model,
deployed within our architecture, made predictions in an
average time of 8 milliseconds, whereas the baseline model
required 16 milliseconds. Figure 8 illustrates this comparison.
The reduction in latency is critical in real-time credit scoring,
where rapid decisions are necessary for scenarios like loan
applications and credit risk evaluations.

~@- Baseline Model
—e— Proposed Model

Prediction Latency (ms)
\
\

2500 5000 7500 10000 12500 17500

Number of Transactions

15000

Fig. 8. Latency Comparison Between Models — The LightGBM model exhibits
significantly reduced latency, averaging 8 milliseconds compared to 16
milliseconds for the baseline model.

When compared to existing studies, our results show
significant improvements. Previous work by Johnson et al.
(2024) achieved 96.1% accuracy in credit scoring using random
forests but with higher latency, averaging 22ms. Another study
by Lee et al. (2023) reported an accuracy of 95.8% using neural
networks but with reduced scalability due to computational
complexity. In contrast, our system not only achieves higher
accuracy (98.7%) but also processes a larger volume of
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transactions per second with reduced latency, making it more
suitable for real-time financial systems.
TABLE |
PERFORMANCE METRICS COMPARISON BETWEEN BASELINE AND PROPOSED
LIGHTGBM MODEL

Metric Baseline Model Proposed Model
Accuracy 88.3 98.7
Precision 78.5 94.2
Recall 76.1 91.5
F1-Score 77.2 92.8
Throughput (transactions/sec) 6,200 9,500
Latency (ms) 16ms 8ms

The proposed system’s efficacy is underscored by its
combination of high precision, fast processing, and
explainability. With the ability to process 9,500 transactions per
second and generate credit risk predictions in under 8
milliseconds, the system is designed for large-scale deployment
in financial services such as credit assessment, banking, and
loan approval. The significant improvements over baseline and
existing models confirm the system’s potential as a robust
solution for realtime credit scoring.

V1. CONCLUSION

The proposed system integrates advanced data engineering
with machine learning and has shown remarkable performance
in real-time credit scoring. Achieving 98.7% accuracy, 94.2%
precision, and processing 9,500 transactions per second with
8ms latency, the LightGBM model significantly outperformed
the baseline logistic regression model. The system’s ability to
provide both high accuracy and low latency makes it ideal for
high-volume financial applications. Moreover, integrating
SHAP ensures transparency, enhancing trust in the system’s
credit-scoring decisions. This framework sets a new standard
for efficient, scalable, and explainable Al-driven credit-scoring
solutions in the financial sector.
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