International Journal of Engineering and Techniques - Volume 9 Issue 2,
April - 2023

Explainable Machine Learning for Credit Risk
Assessment: A Comparative Study of Interpretable
Approaches in Consumer Lending

Viswatej Seela
Graduate Researcher, The University of Texas at Austin, USA
viswatej1l998@gmail.com

Abstract

Credit risk assessment in consumer lending has moved beyond traditional scorecards,
but lenders still need models that can be explained in adverse action notices and reviewed
in fair lending examinations. This study compares three practical approaches to credit
risk scoring on a public dataset of 48,000 loan applications: logistic regression, gradient
boosted trees with SHAP explanations, and an inherently interpretable model, the Explain-
able Boosting Machine. The comparison focuses on three issues that matter in production
settings: predictive performance, explanation quality, and operational overhead. The re-
sults show that the Explainable Boosting Machine reaches an AUC of 0.782, close to the
best-performing gradient boosted model at 0.791, while producing explanations that are
more stable and easier to map to regulatory reason codes. The findings suggest that the
small loss in predictive power may be acceptable when explanation quality and auditabil-
ity carry equal weight in model selection.

Keywords: credit risk, explainable Al, interpretable machine learning, fair lending, con-
sumer lending, SHAP

1 Introduction

Consumer lending decisions in the United States are governed by a regulatory framework that
requires lenders to provide specific reasons when a credit application is denied or offered less
favorable terms. The Equal Credit Opportunity Act (ECOA) and its implementing regulation
(Regulation B) mandate that adverse action notices include the principal reasons for the deci-
sion (CFPB, 2022). The Fair Credit Reporting Act (FCRA) imposes similar requirements when
decisions are based on information from consumer reporting agencies.

These requirements create a practical tension with the adoption of complex machine learn-
ing models. Gradient boosted tree ensembles and neural networks can achieve superior default
prediction accuracy compared to traditional logistic regression scorecards (Gunnarsson et al.,
2021). However, their decision logic is not directly inspectable, making it difficult to generate
the specific, actionable reason codes that adverse action notices require.

The industry has responded in two ways. First, post-hoc explanation methods such as SHAP
(SHapley Additive exPlanations) (Lundberg and Lee, 2017) and LIME (Ribeiro et al., 2016)
have been applied to black-box credit models to generate feature-level attributions. Second,
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a class of inherently interpretable models, including Explainable Boosting Machines (EBMs)
(Nori et al., 2019), rule lists, and generalized additive models, has been developed to provide
transparency without giving up most of the predictive gain.

The comparison in this paper centers on explanation quality: whether a model’s explana-
tions are reliable, consistent, and usable in a regulatory setting.

2 Related Work

The application of machine learning to credit scoring has a long history. Baesens et al. (2003)
provided an early benchmark comparing classifiers on credit datasets. More recently, Gun-
narsson et al. (2021) demonstrated that deep learning models can match or exceed gradient
boosted trees on default prediction, though adoption in production lending remains limited due
to interpretability concerns.

On the explainability front, Lundberg and Lee (2017) introduced SHAP values based on
Shapley values from cooperative game theory, providing a unified framework for feature at-
tribution. Chen et al. (2023) critically examined the use of SHAP for regulatory-grade credit
explanations, identifying issues with instability and actionability. Nori et al. (2019) introduced
the InterpretML framework, including Explainable Boosting Machines that achieve near-black-
box accuracy while maintaining full interpretability through additive structure.

Hall et al. (2022) provided guidelines for responsible Al in lending, emphasizing that model
explanations must be tested for fidelity (do they accurately reflect the model’s reasoning?),
consistency (do similar applicants receive similar explanations?), and compliance-readiness
(can the explanations be directly mapped to adverse action reason codes?).

3 Methodology

3.1 Dataset

We use a publicly available consumer lending dataset from Lending Club, containing 48,000
loan applications from 2018-2020 after preprocessing. The binary target variable indicates
whether the borrower defaulted within 24 months. Features include:

* Credit history: FICO score range, number of delinquencies, credit utilization ratio,
length of credit history, number of inquiries

+ Financial profile: annual income, debt-to-income ratio, employment length

* Loan characteristics: loan amount, interest rate, loan purpose, term

Protected attributes (race, gender, age) were excluded from the feature set, consistent with
ECOA requirements. The default rate in the dataset is 18.4%, and we used stratified 70/15/15
train/validation/test splits.

3.2 Models Evaluated

Logistic Regression (LR): Standard L2-regularized logistic regression with manually engi-
neered feature interactions and weight-of-evidence (WoE) binning, representative of traditional
scorecard methodology.
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Figure 1: Predictive comparison across logistic regression, XGBoost, and EBM.

XGBoost + SHAP: XGBoost gradient boosted trees (Chen and Guestrin, 2016) with 500
trees, max depth 6, learning rate 0.05, tuned on the validation set. Post-hoc explanations gen-
erated using TreeSHAP.

Explainable Boosting Machine (EBM): A generalized additive model with automatic in-
teraction detection from the InterpretML library (Nori et al., 2019), using default hyperparam-
eters with 10 interaction terms.

Figure 1 summarizes the predictive comparison across the three model families.

3.3 Evaluation Dimensions

Predictive performance: AUC-ROC and Kolmogorov-Smirnov (KS) statistic on the test set.
Explanation quality: We evaluate three properties:

1. Fidelity: For post-hoc methods, the correlation between SHAP-attributed feature impor-
tance rankings and actual model sensitivity (measured by permutation importance).

2. Consistency: The percentage of applicant pairs with similar profiles (cosine similarity >
0.95) that receive the same top-3 explanation features.

3. Compliance-readiness: Whether the top contributing features can be directly mapped to
standard adverse action reason codes (assessed by a compliance professional reviewing
200 random explanations).

Operational metrics: Inference latency (per-prediction) and explanation generation la-
tency.

4 Results

4.1 Predictive Performance

Table 1 presents the predictive performance comparison.

XGBoost achieves the highest AUC, as expected, but EBM narrows the gap to just 0.009
(1.2% relative). Both substantially outperform logistic regression, confirming the predictive
benefit of non-linear modeling even within an interpretable framework.
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Table 1: Credit risk model performance comparison.

Model AUC-ROC KS Stat.
Logistic Regression 0.741 0.362
XGBoost 0.791 0.421
EBM 0.782 0.408

4.2 Explanation Quality

Table 2 summarizes the explanation quality metrics.

Table 2: Explanation quality comparison across models.

Model Fidelity Consist. Compliant
LR (coefficients) 100% 98% 94%
XGBoost + SHAP 87% 81% 72%
EBM (native) 100% 96% 91%

Logistic regression provides perfect fidelity by definition (its explanations are the model)
and high consistency, but its lower predictive power limits its practical value. XGBoost + SHAP
shows concerning gaps: SHAP-derived feature rankings disagree with permutation importance
for 13% of predictions, and explanation consistency drops to 81% for similar applicants. Most
critically, only 72% of SHAP-based explanations were judged compliance-ready by the re-
viewing officer, primarily because SHAP sometimes highlights interaction effects or feature
combinations that do not map cleanly to standard reason codes.

EBM achieves perfect fidelity (its additive structure means the shape functions directly
show each feature’s contribution), high consistency (96%), and 91% compliance-readiness.
The 9% non-compliant cases involved interaction terms whose interpretation required com-
pound reason codes. Figure 2 illustrates the relative importance of the most stable explanatory
factors used in the credit-risk review.

4.3 Operational Metrics

Inference latency was comparable across all models (under 5Sms per prediction). However,
SHAP explanation generation for XGBoost added 12ms per prediction on average, while EBM
explanations are generated during inference at zero additional cost. For high-volume lending
platforms processing thousands of applications per hour, this difference is operationally rele-
vant.

5 Discussion

5.1 Regulatory Implications

The results point to a practical weakness in the “black-box + post-hoc explanation” approach
to credit modeling. While SHAP values are mathematically well-founded, their use in regula-
tory explanations creates two problems. First, SHAP explanations for tree ensembles can be
sensitive to correlated features, producing different top-feature attributions for nearly identical
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Figure 2: Illustrative feature-importance summary for credit risk review.

applicants. That inconsistency is difficult to defend in a fair lending examination. Second, reg-
ulators expect adverse action reasons to be meaningful to consumers. Stating that a denial was
influenced by a complex interaction between credit utilization and inquiry count is less useful
than citing high credit utilization directly.

Inherently interpretable models like EBMs sidestep these issues by providing explanations
that are faithful by construction. The small predictive accuracy cost (1.2% relative AUC de-
crease versus XGBoost) appears well justified when weighed against the explanation quality
improvements and reduced regulatory risk.

5.2 Limitations

Our study uses a single lending dataset and a single compliance reviewer for the compliance-
readiness assessment. Credit risk dynamics vary across products (mortgages, auto loans, credit
cards) and economic cycles, and our findings should be validated across these contexts. Ad-
ditionally, we did not evaluate fairness metrics (disparate impact, equalized odds) across pro-
tected groups, which represents an important complementary analysis for any production credit
model.

6 Conclusion

This comparison shows that inherently interpretable models deserve serious consideration in
regulated lending. In this dataset, the Explainable Boosting Machine stayed close to XG-
Boost in predictive accuracy while providing explanations that were more stable and easier
to align with compliance requirements. For lenders operating under close regulatory scrutiny,
that trade-off may be preferable to the small accuracy gain from a less transparent model. Fu-
ture work should add fairness testing and examine how these results hold up across products
and credit cycles.
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