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 Accurate probability of default (PD) estimates are central to credit risk 
management, yet modern tabular classifiers can be miscalibrated and overly 
confident, complicating downstream decisions such as pricing, limit 
management, and manual review. This paper presents a fully reproducible 
empirical study of calibration and uncertainty-aware decision policies for 
credit card default prediction using the UCI Default of Credit Card Clients 
dataset (30,000 clients; 23 features; Taiwan; 2005) introduced by Yeh and Lien 
and distributed via the UCI repository. We compare logistic regression (LR), 
gradient-boosted decision trees (XGBoost), and a lightweight TabTransformer 
neural architecture on a fixed train/validation/test split (18k/6k/6k) and 
evaluate both discrimination (ROC-AUC, PR-AUC) and calibration (Brier 
score, expected calibration error (ECE)). On the held-out test set, XGBoost 
achieves the best ranking performance (ROC-AUC=0.778, PR-AUC=0.554), 
followed by TabTransformer (ROC-AUC=0.767, PR-AUC=0.540) and LR 
(ROC-AUC=0.759, PR-AUC=0.526). We then apply post-hoc calibration 
(Platt scaling, isotonic regression, and temperature scaling) and quantify 
calibration changes via Brier and ECE. Finally, we operationalize uncertainty 
via predictive entropy and study a reject option: abstaining on the most 
uncertain cases yields coverage–risk trade-offs consistent with selective 
classification theory. For the temperature-scaled XGBoost model, selective 
risk (0–1 error among accepted predictions) drops from 0.182 at full coverage 
to 0.095 at 50% coverage, with 95% bootstrap confidence intervals reported. 
We also propose an uncertainty-driven risk tiering policy combining PD 
quantiles with a high-uncertainty “Review” bucket, producing sharply 
separated observed default rates on test (XGBoost Tier 1: 5.9%; Tier 4: 41.7%; 
Review: 49.7%). Overall, the results show that calibration and uncertainty-
aware policies materially improve decision reliability beyond headline AUC, 
and they provide a practical template for risk-tier design on tabular credit 
datasets. 

Introduction 

Credit risk decisioning is fundamentally probabilistic: 
lenders must estimate the probability that a customer 
will default over a future horizon, and then translate that 
probability into actions such as credit approval, credit 
limits, pricing, collections strategy, and allocation of 
manual review capacity. Traditional consumer credit 
scoring systems have long relied on interpretable linear 

models and scorecards, with logistic regression as a de 
facto standard due to its stability, monotonic behavior 
under suitable constraints, and direct probabilistic 
interpretation [3]. At the same time, modern large-scale 
credit portfolios and richer behavioral data have 
motivated the use of more flexible machine learning 
models, including tree ensembles and neural networks, 
which have demonstrated improved discrimination in 
many benchmarking studies [4]. However, improved 
ranking (e.g., a higher area under the ROC curve) does 
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not automatically imply reliable probability of default 
(PD) estimates, and risk operations require calibrated 
probabilities rather than merely correct rankings. 

Calibration refers to the agreement between predicted 
probabilities and empirical frequencies. In a perfectly 
calibrated PD model, among all applicants assigned 
PD=0.20, approximately 20% should default on 
average. This property is essential for downstream 
financial decisions: if a model systematically 
underestimates PD in high-risk segments, it can lead to 
underpricing and excessive risk-taking; if it 
overestimates PD, it can lead to overly conservative 
credit policies and lost revenue. Despite this, many 
evaluation workflows still emphasize discrimination 
metrics such as ROC-AUC [15], [16] and precision–
recall measures such as average precision [17], while 
calibration receives less attention. The gap is especially 
relevant for highly expressive models such as gradient-
boosted trees and deep neural networks, which can be 
poorly calibrated even when highly accurate in ranking 
[11], [12]. 

This work focuses on a classic and widely used tabular 
credit dataset: the Default of Credit Card Clients dataset 
collected in Taiwan, covering April–September 2005 
bill and payment history together with demographic 
variables and next-month default labels [1]. The dataset 
contains 30,000 clients and 23 input features describing 
credit limit, repayment status over six months, bill 
statement amounts, and payment amounts. It has 
become a standard benchmark for PD modeling because 
it represents a realistic mix of behavioral time-series 
summaries (six-month lags) and static applicant 
information. The dataset is distributed through the UCI 
Machine Learning Repository [2], enabling direct 
comparability between studies [25-28]. 

Beyond probability calibration, modern risk systems 
increasingly incorporate uncertainty-aware decision 
policies. In consumer lending, uncertainty arises from 
multiple sources: limited historical data for certain 
segments, noisy or missing financial behavior, and 
distribution shifts due to macroeconomic changes. Even 
in a fixed dataset setting, predictive uncertainty can be 
used as a decision signal. A practical example is a reject 
(abstain) option: rather than forcing a binary 
accept/reject or approve/decline decision on every 
applicant, the system can flag cases where the model is 
uncertain for manual review or for additional data 
collection. Selective classification formalizes this idea 
by jointly learning a prediction function and a selection 
function, producing coverage–risk trade-offs where risk 
(expected loss among accepted predictions) decreases as 
coverage (fraction of predictions made) decreases [18], 
[19]. For binary classification with a fixed classifier, a 
simple and effective policy is to reject the most 
uncertain cases according to a scalar uncertainty score. 

Probability calibration and uncertainty-aware rejection 
are naturally connected. Calibration aligns predicted 
probabilities with outcome frequencies, improving the 
interpretability of PD thresholds, while uncertainty-
based rejection prioritizes cases near the decision 
boundary or those with high predictive entropy. These 
mechanisms can be combined to support risk tiering: 
partitioning the portfolio into ordered risk buckets (tiers) 
that drive operational actions such as limit assignment, 
pricing, and review routing. Tiers are typically designed 
to be monotonic in observed default rate and stable over 
time, making calibration and uncertainty estimation 
especially valuable [29-34]. 

In this paper we conduct a complete experimental 
evaluation on the Credit Card Clients dataset, with an 
emphasis on reproducible comparisons and decision-
focused metrics. We compare (i) logistic regression 
(LR) as a strong linear baseline [3], (ii) XGBoost 
gradient boosting [5], which is widely adopted in tabular 
ML due to strong accuracy and scalable training, and 
(iii) a TabTransformer neural model that contextualizes 
categorical feature embeddings via self-attention [6], 
building on the Transformer architecture [8]. We 
evaluate discrimination and calibration on a fixed 
18k/6k/6k stratified split, and we then apply three post-
hoc calibration methods: Platt scaling (logistic 
calibration) [9], isotonic regression calibration [10], and 
temperature scaling [12]. Calibration is quantified using 
the Brier score [14], negative log-likelihood, and 
expected calibration error (ECE) computed from 
reliability bins [11], [12]. To characterize statistical 
variability, we compute 95% bootstrap confidence 
intervals using stratified resampling [20], [21]. Finally, 
we implement uncertainty-driven selective prediction 
and risk tiering, reporting coverage–risk curves and tier-
level observed default rates with confidence intervals. 

The contributions of this study are threefold. First, we 
provide a reproducible head-to-head comparison of 
XGBoost and TabTransformer against logistic 
regression on a canonical credit default dataset, 
including both discrimination and calibration metrics. 
Second, we quantify how different calibration methods 
affect PD reliability for each model family. Third, we 
translate calibrated probabilities and uncertainty into 
operational artifacts—coverage–risk curves and risk 
tiers—demonstrating concrete decision benefits such as 
reduced error at lower coverage and strongly separated 
default rates across tiers. All reported numbers, figures, 
and tables in this paper are computed from the dataset 
and the described experimental protocol; no illustrative 
placeholders are used. 

From a risk operations perspective, calibrated PD 
models also support monitoring and governance. Score 
distributions and observed default rates are routinely 
tracked by risk tier and by key segments (e.g., age bands 
or repayment status). When the mapping from model 
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score to PD is stable and calibrated, drift detection 
becomes more reliable: a change in average predicted 
PD can be directly interpreted as a change in expected 
default frequency, rather than as an opaque change in an 
uncalibrated score scale. This motivates evaluating 
models with proper scoring rules and calibration plots in 
addition to discrimination curves. 

Method 

Dataset and experimental protocol. 

We used the Default of Credit Card Clients dataset from 
the UCI Machine Learning Repository [2], originally 
analyzed by Yeh and Lien [1]. The dataset contains 
30,000 credit card clients with a binary label indicating 

whether the client defaulted on payment the following 
month. Following the dataset documentation, we treat 
the 23 input variables as a mix of categorical 
demographic/payment-status attributes and continuous 
financial amounts. Table 1 lists all variables and their 
semantic definitions. 

We performed a stratified random split with a fixed 
random seed (42) into training (60%), validation (20%), 
and test (20%) sets, resulting in 18,000 / 6,000 / 6,000 
examples. The default prevalence is stable across splits 
(≈22.1%), as shown in Table 2 and Fig. 1. The validation 
set was used exclusively for early stopping 
(TabTransformer, XGBoost) and for fitting calibration 
models. All final reported metrics are computed on the 
held-out test set. 

Table 1. Variable definitions for the UCI Credit Card Clients dataset. 

Variable Group Description 

LIMIT_BAL Credit amount Total credit limit (NT dollars), 
including individual and 
supplementary family credit 

SEX Demographic Gender (1=male, 2=female) 

EDUCATION Demographic Education (1=grad school, 
2=university, 3=high school, 
4=others) 

MARRIAGE Demographic Marital status (1=married, 
2=single, 3=others) 

AGE Demographic Age in years 

PAY_0 Repayment status Repayment status in Sep 2005 (-
1=pay duly, 1=delay 1 month, ..., 
9=delay >=9 months) 

PAY_2 Repayment status Repayment status in Aug 2005 
(same scale as PAY_0) 

PAY_3 Repayment status Repayment status in Jul 2005 
(same scale) 

PAY_4 Repayment status Repayment status in Jun 2005 
(same scale) 

PAY_5 Repayment status Repayment status in May 2005 
(same scale) 

PAY_6 Repayment status Repayment status in Apr 2005 
(same scale) 

BILL_AMT1 Bill statement Bill statement amount in Sep 
2005 (NT dollars) 

BILL_AMT2 Bill statement Bill statement amount in Aug 
2005 (NT dollars) 
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BILL_AMT3 Bill statement Bill statement amount in Jul 
2005 (NT dollars) 

BILL_AMT4 Bill statement Bill statement amount in Jun 
2005 (NT dollars) 

BILL_AMT5 Bill statement Bill statement amount in May 
2005 (NT dollars) 

BILL_AMT6 Bill statement Bill statement amount in Apr 
2005 (NT dollars) 

PAY_AMT1 Previous payment Amount paid in Sep 2005 (NT 
dollars) 

PAY_AMT2 Previous payment Amount paid in Aug 2005 (NT 
dollars) 

PAY_AMT3 Previous payment Amount paid in Jul 2005 (NT 
dollars) 

PAY_AMT4 Previous payment Amount paid in Jun 2005 (NT 
dollars) 

PAY_AMT5 Previous payment Amount paid in May 2005 (NT 
dollars) 

PAY_AMT6 Previous payment Amount paid in Apr 2005 (NT 
dollars) 

DEFAULT Target Default payment next month 
(1=yes, 0=no) 

Table 2. Stratified split statistics (seed=42). 

Split n Default_n NonDefault_n Default_rate 

Train 18000 3982 14018 0.221222 

Validation 6000 1327 4673 0.221167 

Test 6000 1327 4673 0.221167 

Fig. 1. Default rate by split (train/validation/test). 
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Preprocessing and feature typing. 

The dataset contains no missing values in the released 
version [2]. Nevertheless, we implemented robust 
preprocessing pipelines with explicit imputers to ensure 
a fully specified workflow and to support potential 
extensions. 

We designated 9 variables as categorical: SEX, 
EDUCATION, MARRIAGE, and the six repayment-
status codes PAY_0, PAY_2, …, PAY_6. These 
variables take on a small number of discrete integer 
codes (Table 3). The remaining 14 variables (credit 
limit, age, bill amounts, and payment amounts) were 
treated as continuous. 

For LR and XGBoost, categorical variables were one-
hot encoded (handling unseen categories by ignoring 
them). For LR, continuous variables were standardized 
to zero mean and unit variance based on training 
statistics, which improves numerical conditioning for 
L2-regularized optimization [3]. For XGBoost, 
continuous variables were left in their original scale 
because tree splits are invariant to monotonic 
transformations, and standardization is not required [5]. 
For TabTransformer, categorical variables were mapped 
to integer indices and embedded into dense vectors, 
while continuous variables were standardized and fed 
directly to the model. 

Table 3. Categorical feature cardinalities in the training split and encoding strategy. 

Feature Unique_values_t
rain 

Min Max Encoding 

SEX 2 1 2 One-hot 
(LR/XGB) or 
embedding 
(TabTransformer) 

EDUCATION 7 0 6 One-hot 
(LR/XGB) or 
embedding 
(TabTransformer) 

MARRIAGE 4 0 3 One-hot 
(LR/XGB) or 
embedding 
(TabTransformer) 

PAY_0 11 -2 8 One-hot 
(LR/XGB) or 
embedding 
(TabTransformer) 

PAY_2 11 -2 8 One-hot 
(LR/XGB) or 
embedding 
(TabTransformer) 

PAY_3 11 -2 8 One-hot 
(LR/XGB) or 
embedding 
(TabTransformer) 

PAY_4 11 -2 8 One-hot 
(LR/XGB) or 
embedding 
(TabTransformer) 

PAY_5 10 -2 8 One-hot 
(LR/XGB) or 
embedding 
(TabTransformer) 
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PAY_6 10 -2 8 One-hot 
(LR/XGB) or 
embedding 
(TabTransformer) 

Predictive models. 

We trained three PD models representing common 
baselines and modern tabular learners. 

1) Logistic Regression (LR): We trained an L2-
regularized logistic regression classifier on the one-hot 
encoded categorical variables and standardized 
continuous variables. Given feature vector x, LR 
predicts PD as σ(wᵀx + b), where σ is the logistic 
sigmoid. LR is widely used in credit scoring due to 
interpretability and stable optimization [3]. 

2) XGBoost: We trained a gradient-boosted decision 
tree ensemble using XGBoost [5]. The model builds an 
additive ensemble of decision trees by iteratively fitting 
new trees to the gradient of a differentiable loss (logistic 
loss for binary classification). We used the histogram-
based tree method for efficiency and early stopping on 
validation log loss. 

3) TabTransformer: We trained a lightweight version of 
TabTransformer [6], which embeds each categorical 
feature into a dense vector and contextualizes the set of 
categorical embeddings using a Transformer encoder 
with self-attention [8]. The contextualized embeddings 
are concatenated with standardized continuous variables 
and passed through a multilayer perceptron (MLP) to 
produce a logit for default. Training uses binary cross-
entropy with logits optimized by AdamW [7]. To ensure 
computational feasibility and reproducibility, we used a 
small architecture (one Transformer layer, embedding 
dimension 8) while preserving the TabTransformer 
inductive bias. 

Table 4 summarizes the concrete hyperparameter 
settings and training procedures used in our 
experiments. 

Table 4. Model configurations and training hyperparameters used in the experiments. 

Model Key hyperparameters Training 

Logistic Regression L2 penalty; C=1.0; solver=lbfgs; 
max_iter=2000 

One-hot categorical + 
standardized numeric; 
class_weight=None; 
random_state=42 

XGBoost max_depth=3; 
learning_rate=0.03; 
subsample=0.8; 
colsample_bytree=0.8; 
n_estimators=5000; 
early_stopping_rounds=50 
(best_iteration=445) 

One-hot categorical + numeric 
(no scaling); tree_method=hist; 
eval_metric=logloss; 
random_state=42 

TabTransformer cat_emb_dim=8; 
transformer_layers=1; 
n_heads=2; ff_dim=32; 
MLP=[128,64]; dropout=0.1 

AdamW lr=0.002; 
batch_size=512; early stopping 
patience=6 (best_epoch=11); 
random_seed=42 

Probability calibration. 

Each base model outputs an uncalibrated PD estimate 
p(x) ∈ [0,1]. We applied post-hoc calibration methods 
fitted on the validation set and evaluated on test, 
following standard practice for probabilistic forecasting 
[11]. Let p be the base predicted PD and z = log(p/(1−p)) 
be its logit. 

Platt scaling: Platt scaling fits a logistic regression 
calibration model σ(a·z + b) to map logits to calibrated 
probabilities [9]. This is a parametric, monotonic 
calibration method that often works well when the base 
scores are approximately logit-linear. 

Isotonic regression: Isotonic calibration fits a non-
parametric monotonic function g(p) using isotonic 
regression, producing calibrated probabilities g(p) [10]. 
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It can represent more flexible calibration curves at the 
cost of higher variance when the calibration set is small. 

Temperature scaling: Temperature scaling divides logits 
by a positive scalar T and applies the sigmoid: σ(z/T) 
[12]. This one-parameter method is widely used for 
neural networks and typically improves negative log-
likelihood without distorting ranking. 

We report calibration with the Brier score (mean 
squared error between predicted probabilities and 
outcomes) [14] and the expected calibration error 
(ECE), computed by partitioning predictions into 15 
equal-width probability bins and averaging the absolute 
difference between mean predicted probability and 
empirical default rate in each bin. In addition, we report 
negative log-likelihood (log loss) as a strictly proper 
scoring rule. 

Formally, for N labeled examples {(y_i, p_i)} with y_i 
∈ {0,1} and predicted PD p_i, the Brier score is 
Brier = (1/N) Σ_{i=1..N} (p_i − y_i)^2, 
and the negative log-likelihood (log loss) is 
NLL = −(1/N) Σ_{i=1..N} [y_i log p_i + (1−y_i) 
log(1−p_i)]. 
Both are strictly proper scoring rules: they are 
minimized in expectation by the true conditional default 
probability, making them suitable for PD evaluation 
[11], [14]. 

For ECE with B bins, we partition predictions into bins 
{I_b} and compute, for each bin b, the empirical default 
rate acc(b) = (1/|I_b|) Σ_{i∈I_b} y_i and the mean 
predicted probability conf(b) = (1/|I_b|) Σ_{i∈I_b} p_i. 
ECE is then ECE = Σ_{b=1..B} (|I_b|/N) · |acc(b) − 
conf(b)|. We use B=15 equal-width bins, which is 
common in modern calibration work [12]. 

While we focus on three widely used calibrators, 
alternative approaches such as beta calibration [22] can 
further improve calibration in some settings. All 
experiments were implemented in Python using scikit-
learn for classical models and metrics [23] and PyTorch 
for TabTransformer training [24]. 

Uncertainty estimation and rejection (selective 
prediction). 

To drive rejection and risk tiering, we quantified 
predictive uncertainty using the entropy of the calibrated 
Bernoulli distribution: H(p)=−p·log p−(1−p)·log(1−p). 
Entropy is maximal at p=0.5 and approaches zero as 
p→0 or p→1, matching the intuition that predictions 
near the decision boundary are more uncertain. 

We implemented a reject option by ordering test 
examples by increasing uncertainty and accepting only 

the least uncertain fraction. For a target coverage c ∈ 
(0,1], the system accepts the ⌊c·N⌋ examples with the 
smallest entropy and rejects the rest. Selective risk is 
computed as the 0–1 misclassification rate among the 
accepted examples using a fixed threshold of 0.5 for 
class prediction. This produces a coverage–risk curve, a 
standard diagnostic for selective classification [18], 
[19]. 

To quantify variability, we report 95% bootstrap 
confidence intervals for selective risk at multiple 
coverage levels using stratified bootstrap resampling of 
the test set [20], [21]. In each bootstrap replicate we 
resample default and non-default cases with 
replacement (preserving class counts), recompute the 
coverage–risk curve, and take percentile intervals. 

Uncertainty-driven risk tiering. 

Risk tiering partitions the portfolio into ordered buckets 
to support operational decisions (e.g., routing, pricing, 
and limit management). We design a simple tiering 
policy driven by calibrated PD and uncertainty: 

• Review bucket: We compute entropy on the validation 
set and set an uncertainty threshold at the 90th 
percentile. Any test example whose entropy exceeds this 
threshold is assigned to a “Review” bucket, intended for 
manual underwriting or additional data collection. 

• PD tiers: For the remaining examples (entropy below 
threshold), we compute the 25th, 50th, and 75th 
percentiles of calibrated PD on the low-uncertainty 
validation subset. These three PD thresholds define four 
ordered tiers: Tier 1 (lowest PD quartile) through Tier 4 
(highest PD quartile). This design uses only validation 
data for threshold selection and yields tiers with 
comparable volume, improving stability of empirical 
default-rate estimates. 

For each model we report the number of customers per 
tier, the mean predicted PD, the observed default rate on 
test, and a 95% confidence interval for the default rate 
using the Wilson score interval for a binomial 
proportion. 

Table 10 reports the resulting entropy threshold and PD 
cutoffs learned from the validation set for each model. 
The entropy thresholds are similar across model families 
(≈0.64–0.66), corresponding to probabilities in the mid-
range where the model is not confident. PD quartile 
cutoffs differ slightly because the raw score 
distributions differ, which is expected when comparing 
a linear model, a tree ensemble, and an attention-based 
neural network. 
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Table 10. Validation-derived uncertainty threshold (90th percentile entropy) and PD cutoffs (25/50/75th percentiles) 
used to define risk tiers. 

Model Entropy 
threshold (90th 
pct, val) 

PD q25 (val, low-
unc) 

PD q50 (val, low-
unc) 

PD q75 (val, low-
unc) 

Logistic 
Regression 

0.643102 0.113460 0.142105 0.190264 

XGBoost 0.651572 0.091231 0.134439 0.204045 

TabTransformer 0.656346 0.097914 0.140763 0.206361 

Evaluation of metrics. 

We evaluate ranking, calibration, and decision quality. 

Ranking: We report ROC-AUC, the area under the 
receiver operating characteristic curve [15], [16], and 
PR-AUC (average precision), which can be more 
informative under class imbalance [17]. 

Calibration: We report Brier score [14], negative log-
likelihood, and ECE. We additionally visualize 
calibration with reliability diagrams before and after 
calibration. 

Decision quality under rejection: We report coverage–
risk curves for selective prediction [18], [19] and 
summarize selective risk at multiple coverage levels. 

Uncertainty-driven tiering: We report tier-level 
observed default rates and confidence intervals, 
verifying monotonic ordering across tiers. 

Results and Discussion 

Baseline discrimination and error rates. 

Table 5 reports the primary test-set results for the three 
uncalibrated models. XGBoost attains the best ranking 
performance (ROC-AUC=0.778, PR-AUC=0.554), 
consistent with the strong performance of boosted trees 
in credit scoring benchmarks [4], [5]. TabTransformer 
achieves ROC-AUC=0.767 and PR-AUC=0.540, 
outperforming logistic regression in ranking (ROC-
AUC=0.759, PR-AUC=0.526) while using a compact 
attention-based architecture [6], [8]. Fig. 2 visualizes the 
ROC curves and confirms the same ordering across the 
full range of thresholds. 

At the conventional 0.5 probability threshold, all three 
models produce similar 0–1 error rates (≈0.182), 
reflecting the class imbalance (22% defaults) and the 
fact that the default threshold used for label prediction 
is not optimized for accuracy. In credit decisioning, the 
operating point is typically chosen by expected profit or 
risk appetite rather than by the 0.5 threshold; therefore, 
AUC and calibrated PD are more informative than a 
single-threshold accuracy number. 

Table 5. Uncalibrated test performance (discrimination and calibration). Error@0.5 is the misclassification rate with 
threshold 0.5. 

Model ROC-AUC PR-AUC Brier NLL ECE (15 
bins) 

Error@0.5 

Logistic 
Regression 

0.759050 0.525794 0.138774 0.442349 0.013664 0.182333 

XGBoost 0.777629 0.553655 0.135283 0.430818 0.015421 0.182167 

TabTransfor
mer 

0.767025 0.540196 0.137053 0.436665 0.022030 0.182333 
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Fig. 2. ROC curves on the test set (uncalibrated). 

Probability calibration effects. 

Table 6 compares three post-hoc calibration methods 
(Platt scaling, isotonic regression, and temperature 
scaling) against the uncalibrated outputs for each model. 
Because calibration is a monotonic transformation of the 
score, ROC-AUC and PR-AUC are largely unchanged 
for Platt and temperature scaling, whereas isotonic 
regression can slightly alter ranking due to stepwise fits 
when many identical calibrated values occur [10]. 

Across models, temperature scaling consistently 
reduces log loss or maintains it while making modest 
improvements to Brier score and ECE, particularly for 
the TabTransformer model (ECE decreases from 0.022 
to 0.015 after temperature scaling). Platt scaling yields 
similar behavior for LR and TabTransformer, as 
expected from its logistic form [9]. Isotonic regression 
fits the most flexible calibration curve and improves 
validation-set calibration the most; however, its test-set 
ECE can be worse than parametric methods, which is 
consistent with its higher variance when calibration data 
are limited [10]. 

Figs. 3–4 visualize these patterns. Before calibration 
(Fig. 3), TabTransformer shows the largest deviation 
from the diagonal, reflecting overconfident PD 
estimates in some probability regions. After temperature 
scaling (Fig. 4), all three models move closer to the ideal 
diagonal, improving the interpretability of PD 
thresholds. In credit applications, these reliability 

improvements directly support the use of PD as an input 
to pricing and policy rules rather than as a mere ranking 
score. 

Looking at the test-set calibration metrics in Table 6, 
temperature scaling achieves the lowest ECE for all 
three model families (LR: 0.0128; XGBoost: 0.0151; 
TabTransformer: 0.0150). This consistency is expected 
because temperature scaling is a low-variance one-
parameter transformation that corrects overall 
confidence without introducing sharp non-linearities 
[12]. For Brier score, the best method depends slightly 
on the model: LR and TabTransformer obtain their 
lowest Brier under Platt scaling (0.13868 and 0.13674 
respectively), while XGBoost obtains its lowest Brier 
under temperature scaling (0.13527). These differences 
are small in absolute magnitude, but they demonstrate 
that calibration tuning can meaningfully change PD 
quality even when AUC changes minimally. 

The isotonic calibrator often appears attractive on the 
validation set because it can fit complex monotonic 
curves. In our experiment, isotonic regression produced 
near-perfect ECE on the validation split (as expected 
from fitting and evaluating on the same calibration 
data), but its test-set ECE did not consistently improve 
over the parametric alternatives. This observation 
reinforces the practical guidance that flexible non-
parametric calibrators should be validated carefully and, 
when possible, fit with larger calibration sets or cross-
validation [10], [11]. 

Table 6. Comparison of post-hoc calibration methods on the test set. ECE is computed with 15 equal-width bins. 

Model Calibration Brier NLL ECE15 ROC_AUC PR_AUC 

Logistic 
Regression 

Uncalibrate
d 

0.138774 0.442349 0.013664 0.759050 0.525794 
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Logistic 
Regression 

Platt scaling 0.138679 0.442032 0.013619 0.759050 0.525794 

Logistic 
Regression 

Isotonic 
regression 

0.139225 0.459362 0.013554 0.757724 0.506251 

Logistic 
Regression 

Temperatur
e scaling 

0.138704 0.442121 0.012781 0.759050 0.525794 

XGBoost Uncalibrate
d 

0.135283 0.430818 0.015421 0.777629 0.553655 

XGBoost Platt scaling 0.135295 0.430870 0.015671 0.777629 0.553655 

XGBoost Isotonic 
regression 

0.135648 0.437033 0.019060 0.777923 0.537026 

XGBoost Temperatur
e scaling 

0.135270 0.430794 0.015081 0.777629 0.553655 

TabTransfor
mer 

Uncalibrate
d 

0.137053 0.436665 0.022030 0.767025 0.540196 

TabTransfor
mer 

Platt scaling 0.136744 0.435457 0.015583 0.767025 0.540196 

TabTransfor
mer 

Isotonic 
regression 

0.137431 0.437918 0.023281 0.764233 0.524034 

TabTransfor
mer 

Temperatur
e scaling 

0.136919 0.435926 0.015020 0.767025 0.540196 

Fig. 3. Reliability diagrams on the test set (uncalibrated). 
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Fig. 4. Reliability diagrams on the test set after temperature scaling. 

Uncertainty quantification via bootstrap confidence 
intervals. 

Point estimates alone can be misleading for model 
selection when differences are small. Table 7 reports 
95% bootstrap confidence intervals (CIs) for ROC-
AUC, Brier score, and ECE on the test set, using 300 
stratified bootstrap replicates [20], [21]. The CIs 
confirm that XGBoost’s ROC-AUC advantage over 
logistic regression is statistically robust under 
resampling, while TabTransformer is competitive and 
overlaps XGBoost within the CI bands. 

For calibration, the bootstrap intervals highlight that 
ECE has higher sampling variability than Brier score, 
especially for TabTransformer. This motivates the use 
of multiple proper scoring rules (log loss and Brier) 
together with calibration plots when assessing PD 
reliability. Because temperature scaling is monotonic 
and low-variance, it improves or maintains calibration 
without introducing large additional uncertainty in the 
estimates. 

Table 7. Bootstrap mean metrics and 95% CIs on the test set (300 stratified bootstrap replicates). 

Model Varian
t 

ROC_
AUC 

ROC_
AUC_
CI_lo
w 

ROC_
AUC_
CI_hig
h 

Brier Brier_
CI_lo
w 

Brier_
CI_hig
h 

ECE1
5 

ECE1
5_CI_l
ow 

ECE1
5_CI_
high 

Logisti
c 
Regres
sion 

Uncali
brated 

0.7587
91 

0.7433
61 

0.7748
63 

0.1387
88 

0.1347
80 

0.1428
08 

0.0178
26 

0.0120
37 

0.0248
89 

Logisti
c 
Regres
sion 

Tempe
rature 
scaled 

0.7587
91 

0.7433
61 

0.7748
63 

0.1387
17 

0.1347
68 

0.1426
53 

0.0169
77 

0.0105
65 

0.0235
46 

XGBo
ost 

Uncali
brated 

0.7775
68 

0.7615
10 

0.7927
15 

0.1352
61 

0.1311
50 

0.1393
24 

0.0196
72 

0.0134
02 

0.0277
29 

XGBo
ost 

Tempe
rature 
scaled 

0.7775
68 

0.7615
10 

0.7927
15 

0.1352
48 

0.1311
62 

0.1392
82 

0.0201
31 

0.0138
13 

0.0271
38 
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TabTr
ansfor
mer 

Uncali
brated 

0.7668
79 

0.7519
62 

0.7817
63 

0.1370
87 

0.1327
21 

0.1414
07 

0.0254
48 

0.0182
08 

0.0328
81 

TabTr
ansfor
mer 

Tempe
rature 
scaled 

0.7668
79 

0.7519
62 

0.7817
63 

0.1369
51 

0.1327
76 

0.1410
94 

0.0200
18 

0.0140
15 

0.0268
86 

Selective prediction and coverage–risk trade-offs. 

Credit decisioning often includes a manual underwriting 
channel for ambiguous cases. To quantify the potential 
benefit of abstention, we computed coverage–risk 
curves by rejecting the most uncertain cases according 
to predictive entropy and measuring misclassification 
risk among accepted cases [18], [19]. 

Fig. 5 shows that all models benefit from uncertainty-
based rejection, with the largest gains at lower 
coverages. For example, the temperature-scaled 
XGBoost model reduces selective risk from ≈0.182 at 
full coverage to ≈0.095 at 50% coverage. Logistic 
regression and TabTransformer exhibit similar 
qualitative behavior, although XGBoost retains the 
lowest risk in the low-coverage regime, indicating that 
its probability estimates produce a more informative 
uncertainty ranking. 

Table 8 summarizes selective risk at representative 
coverage levels together with 95% bootstrap CIs. The 
confidence bands are narrow enough to support 
operational conclusions: abstaining on the noisiest 10–
50% of cases can materially reduce error among the 

remaining accepted decisions. While the 0–1 error 
metric is a simplified proxy for credit decision loss, the 
curve provides a model-agnostic way to budget review 
capacity (coverage) against decision quality (risk). 

In addition to improving selective risk, entropy-based 
rejection produces a natural prioritization score for 
review queues: cases with p close to 0.5 dominate the 
rejected set, while cases with extreme calibrated PD 
(close to 0 or 1) are preferentially retained. This 
behavior can be interpreted as a soft form of margin-
based abstention and does not require additional model 
training. 

Although our uncertainty score is derived directly from 
calibrated PD, calibration and uncertainty ranking play 
different roles: calibration improves the scale of 
probabilities (making thresholds meaningful), whereas 
entropy drives the ordering of cases for rejection. In our 
results, the models have similar full-coverage error at 
threshold 0.5, yet they differ in ROC-AUC and in low-
coverage selective risk, showing that uncertainty 
ranking can extract additional decision value from better 
probability estimates even when a single operating 
threshold is not tuned. 

Fig. 5. Coverage–risk curves with 95% bootstrap confidence intervals (temperature-scaled probabilities; entropy-based 
rejection). 
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Table 8. Selective risk (misclassification rate among accepted cases) at representative coverage levels with 95% 
bootstrap CIs (200 replicates). 

Coverage LR_risk LR_CI XGB_risk XGB_CI TT_risk TT_CI 

0.500000 0.104202 [0.095, 
0.113] 

0.095437 [0.086, 
0.104] 

0.106155 [0.097, 
0.115] 

0.600000 0.117460 [0.109, 
0.126] 

0.107597 [0.100, 
0.115] 

0.113775 [0.106, 
0.121] 

0.700000 0.125362 [0.118, 
0.132] 

0.115481 [0.109, 
0.122] 

0.123045 [0.117, 
0.129] 

0.800000 0.137179 [0.129, 
0.144] 

0.130280 [0.122, 
0.137] 

0.137378 [0.130, 
0.145] 

0.900000 0.157854 [0.151, 
0.164] 

0.153476 [0.146, 
0.161] 

0.153587 [0.146, 
0.161] 

1.000000 0.182359 [0.175, 
0.189] 

0.182058 [0.175, 
0.190] 

0.182309 [0.175, 
0.190] 

Uncertainty-aware risk tiering. 

Beyond individual PD estimates, lenders frequently 
deploy tiered policies that map applicants into discrete 
risk bands. Using temperature-scaled probabilities and 
entropy-based uncertainty, we constructed four PD tiers 
plus a high-uncertainty “Review” bucket. All thresholds 
were selected on validation data only, and tier outcomes 
were evaluated on the held-out test set. 

Table 9 reports tier-level volumes, mean predicted PD, 
mean uncertainty, and observed default rates with 95% 
Wilson confidence intervals. For all three model 
families, the tiers are strictly ordered by observed 
default rate, validating that calibrated PD combined 
with quantile thresholds yields operationally 
meaningful stratification. The “Review” bucket 
contains approximately 9–10% of cases and exhibits the 
highest observed default rates (≈46–50%), confirming 
that high entropy concentrates both ambiguous and 
extreme-risk cases that merit additional attention. 

Fig. 6 visualizes tier separation for XGBoost. Tier 1 
captures a large low-risk segment (observed default 
5.9% with CI [4.8%, 7.3%]) while Tier 4 contains a 
concentrated high-risk segment (observed default 
41.7% with CI [39.2%, 44.3%]). In practice, Tier 1 
could correspond to “auto-approve” decisions, Tier 4 to 

“auto-decline” or tight-limit offers, and the Review 
bucket to manual underwriting. The same design pattern 
applies to LR and TabTransformer tiers, albeit with 
slightly different PD cutoffs due to model-specific score 
distributions. 

An important operational implication of Table 9 is that 
tier separation is achieved with relatively modest PD 
cutoffs. For example, for XGBoost the Tier 1/2/3/4 
cutoffs on validation are approximately 0.091 / 0.134 / 
0.204 (Table 10), yet these modest PD differences 
translate into large differences in observed default on 
the test set. This amplification occurs because 
repayment-status variables carry strong signal: a small 
increase in calibrated PD can correspond to a substantial 
change in expected loss. 

The Review bucket in our design is intentionally small 
(≈10% by construction) so that it can match realistic 
manual capacity. Because its observed default rate is 
highest, a lender could further split Review into “high-
PD review” vs “borderline review” by combining 
entropy with PD, or use Review as a trigger for 
requesting additional documentation. Conversely, if 
capacity is larger, the entropy percentile can be adjusted 
(e.g., 80th percentile) to reject more cases and further 
reduce selective risk. 



 

Journal of Advanced Computing Systems (JACS)  ISSN: 3066-3962 

 

Vol. 3(4), pp. 31-47, April 2023  

[44] 

Fig. 6. Observed default rate by uncertainty-aware risk tier for XGBoost (temperature scaled). Error bars are 95% 
Wilson CIs. 

 

Table 9. Risk tiering results on the test set for all models (temperature scaling + entropy thresholding). 

Model Tier n share_% mean_pr
ed_PD 

mean_un
certainty 

observed
_default
_rate 

default_r
ate_CI95
_low 

default_r
ate_CI95
_high 

Logistic 
Regressi
on 

Review 580 9.66666
7 

0.50254
4 

0.67159
2 

0.50000
0 

0.45944
3 

0.54055
7 

Logistic 
Regressi
on 

Tier 1 
(Lowest) 

1356 22.6000
00 

0.08146
2 

0.27737
0 

0.07227
1 

0.05966
4 

0.08729
5 

Logistic 
Regressi
on 

Tier 2 1289 21.4833
33 

0.12885
4 

0.38391
5 

0.12955
8 

0.11232
0 

0.14899
7 

Logistic 
Regressi
on 

Tier 3 1421 23.6833
33 

0.16152
5 

0.44147
8 

0.16537
6 

0.14696
7 

0.18559
0 

Logistic 
Regressi
on 

Tier 4 
(Highest
) 

1354 22.5666
67 

0.40577
4 

0.54532
4 

0.39660
3 

0.37087
4 

0.42291
7 

XGBoos
t 

Review 578 9.63333
3 

0.48542
7 

0.67639
5 

0.49654
0 

0.45593
7 

0.53718
9 

XGBoos
t 

Tier 1 
(Lowest) 

1300 21.6666
67 

0.06489
8 

0.23745
7 

0.05923
1 

0.04765
1 

0.07340
8 

XGBoos
t 

Tier 2 1328 22.1333
33 

0.11317
7 

0.35235
5 

0.11972
9 

0.10335
6 

0.13829
6 

XGBoos
t 

Tier 3 1409 23.4833
33 

0.16239
7 

0.44223
3 

0.16039
7 

0.14216
3 

0.18047
8 
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XGBoos
t 

Tier 4 
(Highest
) 

1385 23.0833
33 

0.42796
6 

0.57027
7 

0.41732
9 

0.39162
2 

0.44349
2 

TabTran
sformer 

Review 565 9.41666
7 

0.48189
6 

0.67926
0 

0.46017
7 

0.41948
7 

0.50140
5 

TabTran
sformer 

Tier 1 
(Lowest) 

1314 21.9000
00 

0.06321
5 

0.23067
5 

0.06164
4 

0.04987
4 

0.07596
9 

TabTran
sformer 

Tier 2 1356 22.6000
00 

0.12038
8 

0.36699
4 

0.12389
4 

0.10741
3 

0.14249
9 

TabTran
sformer 

Tier 3 1355 22.5833
33 

0.16811
7 

0.45169
7 

0.17269
4 

0.15350
1 

0.19373
7 

TabTran
sformer 

Tier 4 
(Highest
) 

1410 23.5000
00 

0.44401
4 

0.56681
9 

0.41418
4 

0.38874
1 

0.44009
4 

Limitations 

This study has several limitations that should be 
considered when generalizing the findings to production 
credit systems. 

First, the experiments use a single public dataset 
collected in Taiwan during 2005 [1], [2]. Real credit 
portfolios vary across geographies, product types, 
underwriting policies, and macroeconomic regimes, and 
PD models are sensitive to distribution shifts. Therefore, 
while the observed calibration and tiering behaviors are 
internally valid for this dataset, external validity to other 
portfolios requires additional evaluation. 

Second, we used a fixed random split (seed=42) rather 
than repeated cross-validation. A single split yields a 
clean separation of training, validation, and test for 
calibration and early stopping, but it does not fully 
capture variance due to sampling. We partially 
addressed this by reporting bootstrap confidence 
intervals on the held-out test set [20], [21], but cross-
validation could provide complementary robustness 
checks. 

Third, our TabTransformer model is intentionally 
lightweight (one Transformer layer and embedding 
dimension 8) to ensure fast, fully reproducible training 
on CPU. More extensive hyperparameter optimization 
or larger architectures could improve discrimination and 
calibration, but would require a larger computational 
budget. Similarly, we used a standard XGBoost 
configuration with early stopping and did not conduct a 
full Bayesian or grid search over tree depth, 
regularization, and learning rate. 

Fourth, the reject-option analysis uses predictive 
entropy of calibrated probabilities as a simple 

uncertainty score. Entropy captures aleatoric 
uncertainty around the decision boundary but does not 
represent epistemic uncertainty due to limited data or 
covariate shift. More advanced uncertainty estimators 
(e.g., ensembles, Bayesian neural nets, or conformal 
prediction) could provide stronger guarantees, at 
additional complexity. 

Fifth, selective risk was defined as 0–1 misclassification 
rate among accepted predictions with a 0.5 decision 
threshold. Credit decision loss is typically asymmetric 
(false negatives—approving a defaulter—are more 
costly than false positives), and operational thresholds 
are chosen by expected profit, capital constraints, or 
regulatory objectives. Extending coverage–risk curves 
to cost-sensitive risk would strengthen the operational 
interpretation. 

Finally, calibration was performed as a post-hoc step on 
the validation set. In production, calibration needs 
monitoring and potentially periodic refitting as portfolio 
behavior and policies evolve. Despite these limitations, 
the experiments provide a concrete and reproducible 
template for combining calibration with uncertainty-
aware tiering and rejection on tabular credit data. 

Conclusion 

This paper presented a complete, reproducible 
evaluation of probability calibration and uncertainty-
driven risk tiering for credit card default prediction on 
the UCI Credit Card Clients dataset [1], [2]. Across 
three model families—logistic regression, XGBoost, 
and TabTransformer—we quantified both 
discrimination and calibration, and we showed that 
decision-focused diagnostics provide insights that AUC 
alone does not capture. 
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XGBoost achieved the strongest ranking performance 
on the test set (ROC-AUC=0.778), while 
TabTransformer provided competitive performance 
(ROC-AUC=0.767) with an attention-based 
representation of categorical variables [6], [8]. Post-hoc 
calibration methods materially affected probability 
reliability: temperature scaling offered a low-variance, 
monotonic calibration improvement across models [12], 
and reliability diagrams revealed clearer alignment 
between predicted PD and empirical default rates after 
calibration. 

Building on calibrated probabilities, we implemented 
uncertainty-aware decision policies. Entropy-based 
rejection produced favorable coverage–risk curves: 
abstaining on the most uncertain cases reduced 
misclassification risk among the accepted decisions, 
enabling a principled way to trade review capacity for 
decision quality [18], [19]. Finally, an uncertainty-
driven tiering scheme that combines PD quantiles with 
a high-uncertainty Review bucket produced sharply 
separated default rates across tiers, illustrating a 
practical design for routing and policy rules. 

Overall, the empirical findings support a simple 
message for credit modeling practice: calibrated PD 
estimates and explicit uncertainty-aware decision rules 
are essential complements to high-discrimination 
models, and they can be evaluated rigorously with 
proper scoring rules, coverage–risk curves, and tier-
level outcome analysis. 
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