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Abstract

This study develops a fairness-calibrated credit-scoring method that combines counterfactual
perturbation with group-wise regularization. Using 3.1 million credit files with demographic
annotations, the model evaluates whether score outputs remain stable when protected attributes are
perturbed in a causal graph. A fairness-adjusted gradient-boosting model is then trained with
penalties on group-level prediction disparities. The final model reduces demographic disparity in
predicted default probability from 0.112 to 0.034 while maintaining an ROC-AUC of 0.89.
Counterfactual-stability checks show that 94.6% of predictions remain invariant after perturbation.
This demonstrates that fairness calibration can be achieved with minimal loss in predictive power.

Keywords: algorithmic fairness; counterfactual stability; credit scoring; fairness calibration; risk
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1. Introduction

Credit-scoring models have become central to consumer lending and to a wide range of
automated underwriting systems, as they directly influence credit access, pricing decisions, and
portfolio-level risk control. With the adoption of machine-learning techniques such as random forests,
gradient boosting, and neural networks, predictive performance has improved across many
consumer-credit portfolios. Empirical studies consistently report that these models outperform
traditional logistic scorecards in ranking ability and error reduction under diverse data conditions
[1,2]. At the same time, a growing body of evidence shows that improved accuracy does not
necessarily imply equitable outcomes. Even when sensitive attributes are excluded from training,
modern scoring models may reproduce or amplify disparities associated with demographic
characteristics through correlated behavioural and socioeconomic features [3]. As a result, fairness
has become a central concern in both academic research and model-risk governance.

To address these concerns, extensive research has examined formal fairness criteria in credit
scoring, including demographic parity, equal opportunity, and equalized odds [4]. Findings from
this literature indicate that behavioural variables, geographic indicators, and income-related features
can act as proxies for protected attributes, leading to systematic differences in predicted default
probabilities across groups [5]. Recent cross-market evidence further shows that fairness issues are
exacerbated when models are transferred across regions with different population structures and
regulatory environments, and that algorithmic fairness calibration combined with transfer-learning
techniques can improve generalisation and stabilise error patterns across markets [6]. Existing
fairness interventions are commonly classified into data pre-processing, objective-function
modification, and post-processing decision rules [7]. While these approaches are widely studied, they
often expose trade-offs between predictive accuracy, portfolio profitability, and regulatory
compliance [8].
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More recent studies investigate fairness from a causal or counterfactual perspective. Within this
framework, a prediction is considered fair if it remains invariant under valid counterfactual changes
to protected attributes within a specified causal system [9,10]. Methods typically generate
counterfactual versions of an applicant profile and compare predicted outcomes across these profiles
to assess individual-level stability [11]. Empirical work suggests that counterfactual and group-based
fairness measures may be related in practice, although they are usually evaluated in separate steps
rather than integrated into a unified training objective [12,13]. In consumer credit applications,
counterfactual techniques are most often used for local explanation or post-hoc auditing, rather than
as mechanisms that directly influence model estimation [14].

Despite substantial progress, several limitations remain evident in the literature. Many fairness
studies rely on small or publicly available datasets with limited demographic resolution, which
restricts their applicability to operational lending portfolios containing millions of accounts and
complex repayment dynamics [15]. Moreover, group-level regularisation and counterfactual stability
are typically treated as distinct objectives. Group-based constraints reduce disparities at the
population level, while counterfactual analysis evaluates sensitivity for individual applicants, but
rarely shapes the learning process jointly [16]. Evidence on fairness calibration for modern gradient-
boosting models—which remain the dominant tool in practical credit-risk applications—is also
limited [17]. Most existing implementations rely on threshold adjustments or post-hoc corrections,
which do not address differences in the underlying distribution of predicted default probabilities
across demographic groups.

In the study, we develop a fairness-calibrated credit-scoring framework that integrates
counterfactual perturbation with group-wise regularisation within a unified learning process. The
approach constructs a structural causal graph linking key demographic and behavioural variables
and generates counterfactual versions of protected attributes while preserving non-descendant
features. A gradient-boosting model is then trained with explicit penalties on group-level disparities
in predicted default probabilities, allowing fairness to be treated simultaneously as an individual-
level stability requirement and a population-level calibration objective. Using a dataset of 3.1 million
credit files with demographic annotations, we evaluate model performance in terms of ROC-AUC,
group disparity in predicted default probability, and the proportion of predictions that remain
invariant under counterfactual interventions. The empirical results show that demographic disparity
is substantially reduced while predictive accuracy remains largely unchanged. By combining causal
counterfactual reasoning with group-wise calibration in a large-scale setting, this study provides
evidence that fairness constraints can be incorporated into modern credit-scoring models without
materially compromising risk discrimination, offering practical insights for equitable model
deployment in consumer lending.

2. Materials and Methods

2.1. Sample Description and Study Scope

The analysis uses 3.1 million credit files drawn from a national consumer-lending portfolio. Each
record contains repayment behavior, credit-line information, application attributes, and
demographic variables needed for fairness tests. Only accounts with complete demographic fields
and at least 24 months of repayment data were kept. Records with missing or conflicting entries were
removed during preprocessing. The borrowers cover a wide range of income levels, ages, and regions,
making the dataset similar to a large commercial lending population. The study focuses on predicting
the 12-month probability of default (PD).

2.2. Experimental Design and Control Structure

Two main model settings were used. The treatment model applied counterfactual perturbation
and group-wise regularization. The control model used the same gradient-boosting method but
without fairness adjustments. Both settings used identical training, validation, and testing splits so
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that the influence of fairness calibration could be compared directly. A logistic-regression model was
added as a traditional baseline. All experiments were repeated with five random seeds to reduce
random variation.

2.3. Measurement Procedures and Quality Control

Continuous variables were screened for extreme values and then scaled. Categorical variables
were encoded with frequency-based methods. Demographic fields were excluded from training and
were used only when constructing counterfactual samples. Quality checks included verifying
repayment timestamps, checking variable ranges, and comparing summary statistics against
portfolio-level aggregates. During model training, early stopping was used to avoid overfitting.
Reliability curves and Brier scores were inspected to evaluate how well the predicted PD values
matched observed outcomes.

2.4. Data Processing and Model Formulation

Data processing included removal of missing entries, scaling of numeric features, and
construction of a causal graph for counterfactual testing. For each protected attribute A, a
counterfactual value A' was assigned while other non-descendant features remained unchanged.
The change in predicted PD was calculated as

AFﬁ(Xi,Ai)—ﬁ(Xi,Ai'),
where P is the predicted probability of default.

Group-level regularization was added to reduce differences in mean predicted PD across
demographic groups. The training loss was written as

L=Lgppy+A Iyg—yg, l,

where Lgpy is the loss from gradient boosting, Hy and M are the average PD values for two

groups and A controls the weight of the penalty.

2.5. Computational Settings and Reproducibility

All analyses were carried out in Python with fixed random seeds. The dataset was processed in
batches because of its size, and the same computing environment was used for all runs. Parameter
tuning followed a simple grid-search procedure applied equally to the treatment and control models.
Evaluation covered ROC-AUC, Brier score, group-level PD differences, and the share of predictions
unchanged after counterfactual changes. Reported values reflect the average across repeated runs,
using the same workflow for preprocessing, model training, perturbation construction, and
evaluation.

3. Results and Discussion

3.1. Overall Predictive Performance

The fairness-calibrated gradient-boosting model keeps strong predictive power on the 3.1
million credit files. Its ROC-AUC on the test set is 0.89, which is close to the baseline model and
similar to values reported for tree-based credit-risk models on large retail portfolios. This is consistent
with recent studies on boosted decision trees and ensemble methods for consumer credit and loan
default prediction, where AUC values often lie between 0.85 and 0.92. Compared with deep neural
networks, which may give slightly higher AUC but are harder to calibrate and explain, the present
model uses a tree-based structure that fits current model-risk-management practice. Figure 1 shows
the distributions of predicted one-year default probabilities for the baseline model and the fairness-
calibrated model by demographic group. The fairness-calibrated model preserves the overall ranking
of risk while narrowing the distance between group-wise means. This indicates that the fairness
penalty mainly adjusts local PD levels instead of flattening the entire score range [18].

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202601.0890.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 13 January 2026 d0i:10.20944/preprints202601.0890.v1

4 of 7

2 £
o L
k. 2 s
L
s 3
B =1
B - RS RF T ol RF
laBoost laBoos!
£ LA Adab g . oA AdaBoost
p R GBOT s L LR GBOT
2 or LightGBM . — DT — LightGBM
= KNN -~ XGBoost Ll - KNN — XGBoost
SVM Deep Forest = SVM Deep Forest
- NN — LFGCE NN — LFGCE
% 3 [ & ] 100 % i 0 60 £ 100
False Positive Rate (%) False Positive Rate (%)
(a) Australian (b) German
100 1
- = &
5 g
1 o}
-] 2 w0
w v
2 2
= - =3 -
@ & RS RF 3 /” RS RF
8 -~ LDA AdaBoost o - LDA AdaBoost
@ T GBOT - ™ GBOT
2 - DT — LightGBM 2 ’ oT LightGBM
Ll KNN ~— XGBoost E 2 o KNN — XGBoost
SVM Deep Forest o SVM Deep Forest
NN LFGCE ” NN —— LFGCE
% 2 0 0 100 % 20 0 60 80 100
False Positive Rate (%) False Positive Rate (%)
(c) Japan (d) Taiwan

Figure 1. Predicted one-year default probabilities by demographic group for the baseline and fairness-calibrated
models.

3.2. Group-Wise Disparities in Predicted Probability of Default

At the group level, the main effect of fairness calibration is a smaller gap in predicted PD
between demographic groups. The average difference in predicted default probability between the
highest- and lowest-risk groups falls from 0.112 under the baseline model to 0.034 after calibration.
This reduction is larger than typical gains from simple reweighting, resampling, or monotone curve
adjustments that are often used in low-default portfolios. Earlier work on PD calibration in such
portfolios usually adds conservative margins or priors based on a similar reference portfolio but does
not include group-level penalties in the loss function [19]. In contrast, the group-wise regularization
term used here reduces both the mean PD gap and the spread in the upper tail for protected groups,
while keeping the overall portfolio PD close to observed default rates. This behavior is different from
many post-processing fairness methods that shift decision thresholds separately for each group and
may distort the underlying score distribution or weaken the link between PD and expected loss.
Recent studies on probability calibration and bias also show that post-hoc calibration can improve
reliability but may leave large differences in subgroup performance [20]. In this study, the fairness
term acts during training, so the final score surface is shaped at the same time by risk and fairness
targets rather than corrected after the model is fitted.

3.3. Counterfactual Stability and Comparison with Calibration-Based Bias Reduction

Counterfactual stability is used to check how strongly the model reacts to changes in protected
attributes when all other predictors are fixed. For the fairness-calibrated model, 94.6% of test-set
predictions remain unchanged when sensitive variables are perturbed along the structural causal
graph, and most of the remaining changes are small. This stability rate is higher than that of the
baseline model and adds information beyond standard discrimination and calibration measures.
Figure 2 summarizes ROC-AUC, the demographic PD gap, and the share of counterfactually
invariant predictions for both models in a single view. Earlier work on ROC modeling and PD curve
calibration focuses on fitting smooth ROC shapes and aligning score-PD mappings with observed
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default rates, but does not study how predictions respond to hypothetical changes in protected
variables [21]. Recent studies on probability calibration and algorithmic bias show that calibrated
scores can still rely heavily on sensitive predictors, which leads to uneven performance across
subgroups [22]. The results here extend this line of research by treating counterfactual invariance as
an explicit evaluation goal. The fairness-calibrated model keeps similar discriminative ability to the
baseline while making its predictions less sensitive to direct or indirect changes in protected attributes.
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Figure 2. ROC-AUC, group-level default-probability gap, and counterfactual-stability results for the baseline

and fairness-calibrated models.

3.4. Trade-Offs, Practical Implications, and Remaining Limitations

Overall, the results show that fairness calibration can be added to credit-scoring models without
a large loss in predictive accuracy. Taken together, Figures 1 and 2 show that the fairness-calibrated
model reaches a more favorable balance: ROC-AUC stays at 0.89, the demographic PD gap is reduced
from 0.112 to 0.034, and most predictions remain stable under counterfactual perturbation. This
differs from many default-risk studies where accuracy or F1 score is the main target and calibration
or fairness is secondary [23]. In this work, predictive performance, calibration, and fairness are
treated as joint design goals. From a practical point of view, the fairness-calibrated gradient-boosting
model can replace a standard PD model with only minor changes to downstream pricing and capital
tools, because it still outputs continuous PD values and uses a familiar tree-based structure. However,
the study also has limits. The analysis uses one large portfolio and a fixed set of protected attributes,
and does not model long-term feedback, such as how a fairer scorecard might change the mix of
future applicants and default behavior. Survey papers on machine-learning credit risk also point out
that there are few benchmark datasets with detailed demographic information, which makes it hard
to compare fairness results across markets and regulatory settings. Future work could apply the same
calibration and counterfactual-stability design to other asset classes, test alternative fairness penalties,
and study how fairness-calibrated PDs influence approval rates, pricing, and realized defaults over
time.

4. Conclusions

This study examines how fairness calibration can be added to a credit-scoring model without
causing a large drop in predictive accuracy. The model combines counterfactual changes of protected
attributes with a group-wise penalty on predicted default probabilities. In the 3.1-million-record
dataset, the demographic gap in predicted default probability decreases from 0.112 to 0.034, while
the ROC-AUC remains at 0.89. The model also reaches a counterfactual-stability rate of 94.6%,
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showing that most predictions stay the same when protected attributes are changed in the causal
graph. These results indicate that fairness can be improved at both the group level and the individual
level while keeping the model suitable for tasks such as pricing and credit-limit setting. The study,
however, uses only one portfolio and one set of protected attributes. Future work may test the method
on other credit products, study long-term effects on applicant behavior, and examine how fairness-
calibrated probability estimates affect approval rules and observed default rates.
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