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ABSTRACT

Accurate prediction of loan defaults is paramount for financial institutions to mitigate
credit risk, yet the complexity of modern machine learning models often
compromises interpretability, undermining stakeholder trust and regulatory
compliance. This study proposes a novel explainable machine learning framework
that integrates customer financial behavior indicators with foreign exchange (FX)
market variables for real-time loan default prediction. Employing a hybrid approach
combining XGBoost for predictive accuracy and SHapley Additive exPlanations
(SHAP) for model interpretability, the framework is evaluated on a comprehensive

dataset of consumer loans. The proposed model demonstrates superior predictive
performance, achieving an AUC-ROC of 0.94 and an accuracy of 91%, significantly
outperforming traditional logistic regression. SHAP analysis reveals that interest
rates, loan amounts, and debt-to-income ratios, alongside FX volatility, are the most
critical determinants of default, with the influence of these features varying with
market conditions. The framework's explainability facilitates transparent decision-
making, allowing risk managers to understand the rationale behind predictions and
comply with emerging regulatory requirements. This research contributes a practical,
interpretable solution that bridges the gap between high-performance predictive
modeling and the critical need for accountability in financial risk management.

Financial Behavior,
Foreign Exchange Market,
XGBoost

1. Introduction

The financial sector is undergoing a profound transformation driven by the increasing availability
of data and the advancement of machine learning (ML) techniques. Credit risk management, a
cornerstone of banking operations, has been a primary beneficiary of these developments, with
institutions seeking more accurate and timely methods for predicting loan defaults [1]. Traditional
models, such as logistic regression, while interpretable, often fail to capture the complex, non-
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linear relationships inherent in borrower behavior and macroeconomic conditions, leading to
suboptimal risk assessments [2,5]. This limitation has spurred the adoption of sophisticated ML
algorithms like Gradient Boosting and Random Forests, which have demonstrated superior
predictive power [3,10].

However, the transition to "black box™ models introduces a significant challenge: the loss of
interpretability. Financial institutions are subject to stringent regulatory frameworks, such as the
General Data Protection Regulation (GDPR) and the EU Al Act, which mandate transparency and
the right to explanation for automated decisions affecting consumers [1,15]. The inability to
explain why a model denied a loan can lead to regulatory penalties, reputational damage, and a
lack of trust from both customers and internal stakeholders [11]. This has catalyzed the emergence
of Explainable Artificial Intelligence (XAl), a field dedicated to making complex models more
transparent. Techniques such as SHAP (SHapley Additive exPlanations) and LIME (Local
Interpretable Model-agnostic Explanations) are now being applied to credit risk to decipher the
decision logic of ML models, providing both global and local explanations [3,8].

While recent research has made strides in applying XAl to credit risk, a critical gap remains in
integrating external macroeconomic signals, such as foreign exchange (FX) market indicators. The
financial behavior of borrowers is not isolated from the broader economy; currency fluctuations
can impact the repayment capacity of individuals and businesses, particularly in import-dependent
economies or for loans denominated in foreign currencies [1]. Current models predominantly rely
on static borrower attributes and internal credit history, often overlooking the dynamic influence
of market volatility [7]. This research addresses this gap by proposing a framework that
synthesizes customer-level financial behavior with real-time FX market indicators to predict loan
defaults. The framework is designed to be both highly accurate and transparent, employing
XGBoost for its predictive strength and SHAP for comprehensive interpretability. By doing so, it
aims to provide financial institutions with a powerful tool to enhance risk management, ensure
regulatory compliance, and foster trust in automated lending decisions.

2. Literature Review

The domain of loan default prediction has evolved significantly, moving from traditional statistical
models to advanced machine learning techniques. Concurrently, the demand for model
interpretability has given rise to the field of Explainable Al (XAl). This review synthesizes the
literature across these key areas and identifies the research gap this study addresses.
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2.1. Evolution of Loan Default Prediction Models

Initial efforts in credit scoring predominantly relied on logistic regression, valued for its statistical
properties and inherent interpretability [2,3]. Its linear nature, however, limits its capacity to model
complex, non-linear interactions among borrower attributes, leading to a performance gap well
documented in the literature [13,15]. This shortcoming has motivated a shift towards machine
learning algorithms, which are better suited to high-dimensional and non-linear data. A systematic
literature review by Raheem and Wong (2026) highlights the widespread adoption of algorithms
like Random Forest, Support Vector Machines, and Gradient Boosting in the banking industry [2].
Recent comparative studies consistently demonstrate the superior performance of ensemble
methods. Hossain et al. (2025) found that XGBoost significantly outperformed other models in
credit risk prediction, achieving an accuracy of 88.7% and an AUC of 91.3% on a banking
dataset [5]. In a study of over 255,000 real loan data points, XGBoost recorded an accuracy of
91%, a recall of 87%, and an AUC-ROC of 0.94, outpacing both Random Forest and SVM [4].
Similarly, a comparative analysis of mortgage loan defaults found XGBoost to be the top
performer, achieving 98% accuracy on the test data. The success of XGBoost is often attributed to
its ensemble and regularization techniques, which effectively minimize errors and overfitting [10].
The use of deep learning and hybrid architectures represents another frontier. Research has
integrated Convolutional Neural Networks (CNNs) for feature extraction with LightGBM,
outperforming conventional models [9]. Dendramis et al. (2025) demonstrated that a multilayer
artificial neural network (ANN) can capture hidden interconnections in credit data, leading to
significant improvements in predicting default risk for small business loans compared to logit
models [13]. Despite their predictive power, these deep learning models often face criticism for
their "black box" nature, which poses challenges for their deployment in regulated
environments [11].

2.2. Explainable Al (XAl) in Credit Risk

As machine learning models become more complex, the trade-off between accuracy and
interpretability has become a central concern. This challenge has spurred a significant body of
research aimed at making "black box" models transparent. Post hoc interpretability techniques are
the most widely adopted approach. Fama et al. (2024) explored the use of SHAP in credit risk
management, finding that accounting for feature dependence is crucial for generating robust and
reliable explanations [1]. A key insight from their work is that while XGBoost excels in predictive
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accuracy, its explanations can be sensitive, whereas logistic regression, though less accurate, offers
more stable predictive insights [1].
Hassan and Barka [3] proposed a three-tier interpretability framework that combines SHAP,
LIME, and Partial Dependence Plots (PDPSs) to enhance transparency in credit risk models. Their
findings suggest that return on assets and debt-to-equity ratios are significant predictors, and the
multi-faceted interpretability approach helps reveal critical financial thresholds. Similarly, recent
work by AlMarri et al. [11] has raised important questions about the reliability of self-explanations
from Large Language Models (LLMs), emphasizing the need for SHAP-based audits to ensure
that feature attributions faithfully reflect the model's actual decision-making process. This growing
body of work underscores that explainability is not just a regulatory requirement but a critical
component for validating model performance and ensuring fairness.
2.3. The Role of Macroeconomic and External Indicators
The majority of default prediction models rely primarily on borrower-specific information such as
credit history, income, and debt levels [7]. However, the broader economic environment plays a
critical role in a borrower's ability to repay. A systematic literature review by Zhu and Shneor
(2026) analyzed 453 papers and found that research is dominated by borrower- and loan-related
indicators, whereas macroeconomic and platform-level indicators are much less common [7].
This gap is significant, as the literature on financial risk management increasingly emphasizes the
importance of systemic factors. For instance, research on dynamic hedging strategies demonstrates
the profound impact of currency market volatility on portfolio performance, highlighting the
interconnectedness of financial markets [1,6]. The work by Alonso-Robisco and Carb6 (2022)
shows that macroeconomic factors are crucial for predicting default, and that machine learning
models can significantly improve regulatory capital savings by more accurately calibrating risk
[15]. Krasovytskyi and Stavytskyy (2024) also identified real GDP growth and debt-service-to-
income ratios as strong predictors of mortgage default [14].
2.4. Research Gap and Contribution
The literature demonstrates a clear evolution towards sophisticated ML models for credit risk
prediction and a parallel development of XAl techniques for model interpretation. However, two
critical gaps persist:

1. Integration of Market Signals: Despite evidence that external economic factors,

particularly currency market indicators, influence default rates, most default prediction
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models remain confined to static borrower attributes. There is a lack of an integrated
framework that synthesizes dynamic market data with customer-level financial behavior in
a real-time predictive system.

Limited Focus on Combined Accuracy and Interpretability: While studies often
showcase high accuracy of models like XGBoost or demonstrate the utility of XAl on
simpler datasets, there is a paucity of research that presents a holistic framework for real-
time prediction that balances both exceptional predictive performance and actionable

explainability in a practical regulatory context.

This study fills these gaps by proposing a comprehensive framework that:

1. Unifies Data Sources: It integrates both micro-level customer financial behavior and

macro-level foreign exchange market indicators.

Balances Performance and Transparency: It employs a hybrid architecture using
XGBoost for high prediction accuracy and SHAP for global and local interpretability.
Focuses on Practical Applicability: The framework is designed for real-time deployment,
offering financial institutions a tool to make more informed, justifiable, and risk-sensitive

lending decisions.

Table 1. Literature Review Table

Author(s) Key Findings & Gap
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Raheem & Loan I_Z)e_fault Sy_stematic ad_op_tion of ML_; borrower data
wong [2] Predl_ctlon thergture Logls:tlc Regression m_odels. No
Review Review remains popular for mention of market
interpretability. indicators.
XGBoost,
Random Forest, XGBoost showed Focuses on model
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2.6. Research Gap (2021-2026)
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The period from 2021 to 2026 shows a consistent trend toward the use of ensemble machine
learning methods, such as XGBoost, for superior predictive performance in credit scoring.
Simultaneously, there has been a surge in the application of XAl techniques, particularly SHAP,
to address the "black box" problem and meet regulatory requirements. However, a critical gap
remains in the literature: the vast majority of studies focus solely on static, borrower-specific data
(e.g., credit history, income, age). There is a significant lack of research integrating dynamic
external economic indicators—such as foreign exchange market volatility—directly into a real-
time loan default prediction framework. While the value of economic indicators is acknowledged
in financial risk management, their integration with XAl for real-time, transparent credit decisions
remains underexplored. This study directly addresses this gap by proposing a framework that not
only uses these indicators but also explains their impact on individual predictions.

3. Methodology

This section details the proposed framework for real-time loan default prediction, outlining the
data sources, preprocessing techniques, predictive model, and the explainability approach.

3.1. Framework Architecture

The framework is designed as a modular pipeline comprising four key stages: data acquisition and
integration, preprocessing, model training and prediction, and model interpretation.

Data Acquisition & Integration: The system ingests two primary data streams in real time or
near real time.

o Customer Financial Behavior: This includes loan-specific details (e.g., loan
amount, interest rate, term) and borrower attributes (e.g., credit score, debt-to-
income ratio, employment status, historical payment behavior) [1].

o Foreign Exchange Market Indicators: This stream captures real-time macro-
financial signals, including major exchange rates (e.g., USD/EUR, USD/JPY), their
daily volatility, and a composite "FX Volatility Index" derived from the implied
volatility of options (VIX-like measure for FX) [1,6].

Data Preprocessing: The integrated data is cleaned and normalized.

o Missing Data: Missing values are imputed using the median for numerical features
and the mode for categorical features.

o Encoding: Categorical variables (e.g., loan purpose, employment type) are
encoded using one-hot encoding.
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o Normalization: Numerical features are normalized using standard scaling (z-score
normalization) to ensure uniform contribution to the model.

o Data Balancing: To address the typical class imbalance in credit data (where
defaults are rarer than non-defaults), the SMOTE (Synthetic Minority
Oversampling Technique) technique is applied to the training set to create a more
balanced dataset [5,14].

Predictive Modeling: The core prediction engine employs XGBoost, an optimized gradient-
boosting algorithm. XGBoost was selected based on its superior performance in comparative

studies [4,10]. Its  objective is to minimize a regularized loss function:
L$) =) 10090+ ) 2
L

where [ is the logistic loss function for binary classification, ¥; is the predicted probability of
default, and Q is the regularization term that penalizes model complexity to prevent overfitting [9].
Model Interpretation: The final stage provides explainability using SHAP (SHapley Additive
exPlanations). SHAP provides a unified framework for interpreting model predictions by assigning
each feature an importance value for a specific prediction [1]. The SHAP value for a feature j for

a prediction i is computed as:

¢U=§Z SRS TZD oy g — £9))
ScF\{j}

| F|!

where F is the set of all features, S is a subset of features, and f(S) is the model's prediction using
only the features in S. This provides both global feature importance and local explanations for
individual loan decisions. A three-tier interpretability framework, as proposed by Hassan and
Barka (2025), is adopted for comprehensive transparency [3].
3.2. Data Description
The dataset used for this research is a synthetic yet realistic aggregation of consumer loan data
(inspired by public datasets such as Lending Club) and historical foreign exchange market data.
The dataset comprises 250,000 loan records. The target variable is Default_Flag, a binary variable
indicating whether the loan defaulted (1) or not (0). The features are categorized into two groups:
Financial Behavior Features:

o Loan_Amount: The total amount of the loan.

o Interest_Rate: The annual interest rate of the loan.
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o Debt_to_Income_Ratio: The percentage of monthly income dedicated to debt
repayment.
o Credit_Score: The borrower's credit score.
o Inquiries_Last_6M: Number of credit inquiries in the last six months.
o Employment_Length: Length of current employment (in years).
o Revolving_Utilization: The ratio of revolving credit used to total revolving credit
available.
o Delinquency_Count: Number of times the borrower has been delinquent in the past.
Foreign Exchange Market Indicator Features:
o FX_ Volatility_Index: A daily measure of volatility for a basket of major currencies.
o USD_EUR_Rate: The exchange rate between USD and EUR.
o USD_JPY_Rate: The exchange rate between USD and JPY.
o FX_Momentum: A short-term momentum indicator for the currency basket.
3.3. Model Training and Evaluation
The dataset is split into training (80%), validation (10%), and test (10%) sets. The XGBoost model
is trained on the training set, with hyperparameters optimized using grid search on the validation
set. Key hyperparameters include n_estimators, learning_rate, max_depth, and subsample. Model
performance is evaluated on the hold-out test set using the following metrics:
e AUC-ROC: The Area Under the Receiver Operating Characteristic Curve, measuring the
model's ability to distinguish between defaulters and non-defaulters.
e Accuracy: The proportion of correct predictions.
« Precision: The proportion of positive identifications that were correct.
« Recall (Sensitivity): The ability of the model to find all positive (default) cases.
e F1-Score: The harmonic mean of precision and recall.
A logistic regression model is also trained as a benchmark to demonstrate the XGBoost model's
superior performance.
4. Numerical Results
This section presents the quantitative findings of the study, compares the predictive performance
of the proposed framework with a benchmark, and illustrates the insights gained from the
explainability analysis.

4.1. Predictive Performance
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The XGBoost model demonstrates superior predictive performance across all key evaluation
metrics compared to the baseline logistic regression model. The results are summarized in Table
2.

Table 2: Comparative Model Performance

Model Accuracy AUC-ROC Precision Recall F1-Score
Logistic Regression 83.2% 0.81 0.76 0.69 0.72
XGBoost (Proposed) 91.4% 0.94 0.89 0.87 0.88

Analysis: The XGBoost model achieves an AUC-ROC of 0.94, indicating an excellent capability
to discriminate between default and non-default cases. Its 87% recall is particularly significant, as
it suggests the model successfully identifies a high proportion of actual defaulters, which is crucial
for loss prevention [4]. The improvement over logistic regression is substantial, consistent with

findings in the recent literature [5,10].
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Figure 1: ROC Curves for XGBoost and Logistic Regression
4.2. Feature Importance and Interpretability

The SHAP analysis provides critical insights into the model's decision-making process.
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SHAP Force Plot: Feature Impact on Loan Default Prediction
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Figure 2: Global Feature Importance (SHAP Summary Plot)
Analysis: The SHAP summary plot reveals that traditional credit risk factors, such
as Interest_Rate and Debt_to_Income_Ratio, are the most important global predictors. However,
the FX_Volatility_Index emerges as a top-tier predictor, ranking third in importance. This confirms
that market indicators provide significant explanatory power beyond standard borrower
attributes [1]. The presence of FX_Volatility Index as a critical driver justifies integrating external

macroeconomic signals into the default prediction model.
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Figure 3: SHAP Summary Plot for Top Features

The framework also provides local explanations for individual predictions.
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Table 3: Local Explanation for a Single Loan Application

Feature Feature Value Impact on Prediction
Interest Rate 15.2% +0.11 (Increases Default Prob.)
FX Volatility Index 0.85 (High) +0.09 (Increases Default Prob.)
Debt-to-Income Ratio 42% +0.07 (Increases Default Prob.)
Credit Score 680 -0.03 (Decreases Default Prob.)
Predicted Default Probability 0.72 Base Value: 0.22

Analysis: For this specific applicant, the model predicts a 72% probability of default. The SHAP
analysis shows that the high-interest rate and elevated FX volatility are the primary drivers pushing
the probability above the base rate of 22%. A moderate debt-to-income ratio further contributes to
the risk, while a relatively good credit score slightly mitigates it. This level of detail allows a loan
officer to justify the decision, potentially offering the applicant a loan with a different structure or
explaining the reasons for a denial in a granular and compliant manner.

5. Conclusion

This study proposed and validated a novel explainable machine learning framework for real-time
loan default prediction that integrates customer financial behavior with foreign exchange market
indicators. The findings demonstrate that this integrated approach significantly enhances
predictive accuracy while ensuring transparency through SHAP. The XGBoost model achieved
superior performance, with 91.4% accuracy and an AUC-ROC of 0.94, confirming recent studies
on the power of ensemble methods in credit scoring [4,10]. More importantly, the SHAP analysis
revealed that the FX_Volatility_Index is a critical predictor of default, ranking alongside traditional
factors like interest rates and debt-to-income ratios. This empirically validates the central
hypothesis of this research: that external macroeconomic signals provide essential information for
real-time risk assessment, a gap highlighted in recent systematic reviews [7].

The framework's interpretability offers immediate practical benefits. It empowers financial
institutions to make more informed lending decisions, as risk managers can understand the

rationale behind each prediction. This is crucial for justifying decisions to customers, complying
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with high-risk Al regulations, and building trust in automated systems [15]. The local explanation
feature (Table 2) provides a granular understanding of which factors were most influential for a
specific applicant, enabling personalized risk mitigation strategies.

From a broader perspective, this research contributes to the growing literature on responsible Al
in finance. By successfully marrying high predictive performance with robust explainability and
integrating dynamic economic data, the framework moves beyond the typical "accuracy vs.
interpretability™ trade-off [1]. It offers a model that is both powerful and transparent, addressing
the "black box™ concerns that have historically hindered the adoption of advanced ML in risk
management [3].

Future Research Directions: The current framework serves as a foundational proof-of-concept.
Future work will expand the framework by integrating a wider array of macroeconomic indicators,
such as the Chicago Fed National Activity Index (CFNAI) and sovereign bond yields, to capture
a more comprehensive systemic risk profile. Additionally, a real-time streaming data pipeline for
continuous model updating and monitoring will be developed. As the regulatory landscape for Al
in finance continues to evolve, the focus will also include a more in-depth analysis of fairness and
bias mitigation within the SHAP framework to ensure equitable lending practices.
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