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Abstract

Artificial intelligence (AI) is increasingly embedded in analytics-driven decision systems
operating in high-stakes environments, where predictive performance alone may not
ensure robustness, traceability, or readiness for governance. While explainable artificial
intelligence (XAI) is commonly treated as an interpretability tool, its role as a measurable
diagnostic component remains underexplored. This study evaluates explainability beyond
predictive accuracy using a controlled dual-pipeline design with identical data, model,
and validation settings. Using the UCI Default of Credit Card Clients dataset, an XGBoost
model achieved strong predictive performance (AUC ≈ 0.78; AP ≈ 0.56) while maintaining
high decision stability under retraining (agreement ≈ 99.49%). Global explanations were
highly reproducible across runs (Spearman ρ ≈ 0.99), and entropy-based local explanation
analysis revealed substantially higher attribution dispersion in false-negative cases (odds
ratio ≈ 6.58), linking explanatory uncertainty to misclassification-prone regions. The
findings demonstrate that explainability diagnostics can reveal measurable patterns of
stability, reproducibility, and uncertainty that are not captured by predictive metrics alone.
The study advances a governance-oriented perspective in which explainability serves as
a reproducible diagnostic layer that supports monitoring, validation, and audit-oriented
assessment in analytics-driven decision systems.

Keywords: governance-oriented XAI; decision stability; explainability; auditability;
uncertainty diagnostics; SHAP; business analytics

1. Introduction
Artificial intelligence (AI) has become a core component of business analytics, support-

ing high-stakes decisions in domains such as credit risk evaluation, auditing, and supply
chain management. In these settings, predictive accuracy alone is no longer sufficient. De-
cisions must also be transparent, reproducible, and accountable to satisfy operational and
regulatory expectations [1–3]. This requirement has increased the relevance of explainable
artificial intelligence (XAI), which aims to make complex model behavior interpretable
and usable within organizational decision processes [4,5]. Prior research has extensively
examined explanation techniques, fidelity metrics, and benchmarking performance [6–8].
However, explainability is still often treated as a descriptive or trust-enhancing feature
rather than as a measurable diagnostic component of predictive decision systems. When

Appl. Sci. 2026, 16, 6427 https://doi.org/10.3390/app16136427

https://crossmark.crossref.org/dialog?doi=10.3390/app16136427&domain=pdf&date_stamp=2026-06-27
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0009-0007-9319-1289
https://orcid.org/0000-0002-3875-1606
https://orcid.org/0000-0003-0503-4157
https://doi.org/10.3390/app16136427


Appl. Sci. 2026, 16, 6427 2 of 19

explainability is treated solely as a descriptive or trust-enhancing feature, organizations
may overlook instability in model decisions, fail to identify uncertainty-prone prediction
regions, and lack reproducible evidence required for validation, auditing, and governance
processes [9–11]. As AI systems become increasingly embedded in high-stakes decision
environments, these limitations can obscure operational risks and reduce organizational
visibility into model behavior, even when conventional predictive performance metrics
appear stable [2,11]. This leaves an important gap: the extent to which explainability can
support stability assessment, reproducibility, uncertainty detection, and audit-oriented
monitoring remains insufficiently operationalized.

This gap is particularly relevant because explanation methods can be sensitive to
retraining conditions, perturbations, and data characteristics [9–12]. In operational settings,
small probability shifts near decision thresholds may produce materially different outcomes,
even when aggregate predictive performance appears stable. Such instability can become
governance-relevant when model decisions and attribution patterns must be documented,
reviewed, and defended within accountable AI workflows [13,14].

To address this gap, this study evaluates explainability beyond predictive accuracy
under controlled retraining conditions. A dual-pipeline design is employed in which the
predictive model, dataset, validation protocol, and decision threshold remain fixed, while
explainability is introduced as an additional diagnostic layer. The explainability-augmented
pipeline incorporates SHAP-based explanations, multi-seed retraining diagnostics, entropy-
based uncertainty analysis, and structured reproducibility artifacts. Using repeated re-
training and cross-validated evaluation, the study examines four governance-relevant
dimensions: decision stability, reproducibility of explanations, uncertainty-sensitive mis-
classification behavior, and traceability-oriented diagnostic evidence. By treating explain-
ability as a diagnostic component rather than a predictive enhancement mechanism, the
study makes three contributions. First, it introduces a measurable framework for evaluating
explainability that goes beyond predictive accuracy alone, assessing stability, reproducibil-
ity, and uncertainty-sensitive behavior. Second, it provides empirical evidence linking
variability in retraining and entropy-based attribution dispersion to boundary-sensitive
decision risks. Third, it advances a governance-oriented evaluation perspective in which ex-
plainability serves as a reproducible diagnostic layer that supports monitoring, validation,
and audit-oriented assessment in analytics-driven decision systems.

2. Analytical Background and Research Gap
2.1. Explainability Beyond Predictive Performance

XAI has evolved from a technical concern into a central component of predictive
systems operating in high-stakes environments. Early research primarily emphasized the
trade-off between interpretability and predictive performance, often favoring inherently
interpretable models for sensitive applications [3]. Later studies clarified related concepts
such as interpretability, explainability, transparency, and trustworthiness within organiza-
tional AI settings [1,4]. More recent work positions explainability beyond transparency
alone, linking it to monitoring, validation, operational decision support, and the adoption
of analytical outputs within organizational decision processes [2,5,15–18].

At the same time, the growing adoption of complex machine learning models has
intensified concerns regarding the reliability of explanations themselves. Existing studies
show that explanation methods are sensitive to retraining conditions, model initialization,
feature dependencies, and distributional perturbations [9,12,19]. Similar findings have
been reported for SHAP and LIME, where attribution patterns may vary despite relatively
stable predictive performance [10,20,21]. Consequently, explainability cannot be treated
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solely as a static interpretability layer, as instability near decision thresholds can lead to
materially different operational outcomes.

Recent reviews further indicate that XAI evaluation remains heavily centered on
fidelity, faithfulness, and interpretability metrics [6–8]. Although these metrics provide
important insight into explanation quality, they only partially capture how explainabil-
ity functions within operational decision infrastructures. In practice, predictive systems
increasingly require monitoring, reproducibility assessment, and audit readiness. As the
authors of [11,22] argue, responsible AI governance depends on mechanisms that support
traceability and structured oversight across the AI lifecycle. Under such conditions, expla-
nation instability becomes not only a technical limitation but also a governance concern.

This perspective motivates a shift from viewing explainability primarily as a trust-
enhancing feature toward treating it as a measurable diagnostic layer within predictive
systems. Recent studies increasingly emphasize that explainability should support mon-
itoring, traceability, and robustness assessment rather than function solely as a post hoc
interpretability mechanism [11,23]. From this viewpoint, explainability diagnostics become
valuable not only for interpreting model behavior but also for exposing instability, uncer-
tainty, and reproducibility patterns that remain invisible in prediction-only pipelines [9,10].

2.2. Governance-Oriented Diagnostic Perspective

As explainability becomes increasingly integrated into decision infrastructures, the
evaluation of XAI systems extends beyond interpretability alone. In high-stakes envi-
ronments, predictive systems are expected to support reproducibility, traceability, and
continuous monitoring across deployment and retraining cycles [11,24]. Under such condi-
tions, explanation outputs increasingly serve as diagnostic signals that support validation,
review, and audit processes within operational decision systems [25,26].

Recent governance-oriented research further suggests that responsible AI depends not
only on transparency mechanisms but also on the ability to evaluate model behavior under
changing operational conditions [14,22,27]. This shift has important implications for XAI
evaluation because predictive stability and explanatory stability do not necessarily evolve
together. A model may preserve relatively stable aggregate performance while simultane-
ously producing inconsistent local explanations or unstable behavior near classification
thresholds. Earlier work by Alvarez-Melis and Jaakkola demonstrated that interpretability
methods can exhibit substantial instability under perturbations. At the same time, later
studies have reported similar sensitivity to retraining and changes in feature distribu-
tions [10,21]. Consequently, explanation robustness increasingly emerges as a system-level
reliability concern rather than merely a technical property of interpretability algorithms.

Within this context, governance-oriented diagnostics can be interpreted as measurable
indicators of monitoring visibility. Decision stability reflects whether model outputs remain
consistent across retraining conditions, whereas structural stability captures whether dom-
inant explanatory drivers remain reproducible across repeated runs [10,28]. At the local
level, dispersion in attribution patterns may reveal uncertainty-sensitive regions where
predictions become less structurally concentrated. Recent studies further emphasize that
explanation quality should be evaluated not only by interpretability but also by robustness,
reproducibility, and sensitivity to perturbations [6,29]. From this perspective, explainability
becomes part of a broader monitoring infrastructure that can expose instability, limitations
in reproducibility, and boundary-sensitive behavior in predictive pipelines [11,23].

In practice, these diagnostics support validation, compliance, auditing, and opera-
tional oversight processes by providing reproducible evidence regarding system behavior
under repeated evaluation conditions. Similarly, refs. [13,30] emphasize the importance of
traceable documentation and auditable reporting structures in AI-enabled decision systems.
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Accordingly, the value of explainability emerges not only from making predictions under-
standable but also from enabling measurable inspection of operational model behavior.

To operationalize governance-oriented explainability within a measurable evaluation
framework, the study defines the diagnostic constructs summarized in Table 1.

Table 1. Operationalization of governance-oriented diagnostic constructs in explainable analytics.

Construct Operational Definition Operationalization Metric

Decision Stability
Consistency of model

decisions across repeated
retraining conditions

Compare decision outputs
generated across multiple

retrained models under fixed
validation settings

Agreement rate, flip rate,
probability variance

Structural Stability of
Explanations

Reproducibility of
dominant explanatory

patterns across retraining
runs

Compare global SHAP
importance rankings and

dominant feature sets across
repeated executions

Spearman rank correlation,
Top-K Jaccard similarity

Explanation Dispersion
Distribution spread of

feature attributions within
local explanations

Compute entropy over
normalized absolute SHAP

attribution values for
individual predictions

Shannon entropy of SHAP
attributions

Traceability and
Governance Readiness

Ability of the analytics
pipeline to generate

reproducible and
reviewable diagnostic

artifacts

Store and version predictions,
explanation outputs,

retraining configurations, and
validation artifacts across

experimental runs

Versioned diagnostic and
reproducibility artifacts

2.3. Research Gap and Research Questions

Existing explainable AI research generally follows three directions: improving inter-
pretability techniques and evaluation metrics [6–8]; investigating the robustness of explana-
tions under perturbations and retraining conditions [9,10,19]; and examining governance-
related issues such as accountability, traceability, and responsible AI oversight [22,24].
Although these directions collectively advance the understanding of explainability, they
are rarely integrated within a unified evaluation framework.

As a result, limited attention has been given to explainability as an operational diag-
nostic layer under repeated retraining conditions. This limitation becomes particularly
important in high-stakes analytics environments where small variations in probability
near decision thresholds can produce materially different operational outcomes. Although
recent studies increasingly acknowledge the instability of explanations, fewer works ex-
amine whether explainability diagnostics can systematically reveal uncertainty-sensitive
behavior, reproducibility limitations, and boundary-sensitive decision regions within pre-
dictive pipelines [10,29]. Consequently, the governance implications of explanation stability
remain insufficiently operationalized in empirical evaluations of XAI.

Despite growing interest in explanation robustness, reproducibility, and AI gover-
nance, these research streams have largely evolved in parallel [9–11,22]. Existing stability
studies primarily evaluate the robustness of explanations as a technical property of inter-
pretability methods [9,10,19], whereas governance-oriented studies focus on accountability,
oversight, and organizational frameworks [11,22,24]. Consequently, limited attention has
been given to how explainability-derived diagnostics can be systematically operational-
ized as measurable evidence for assessing decision stability, explanation reproducibility,
uncertainty-sensitive behavior, and monitoring and auditing requirements in AI-enabled
decision systems.

Building upon this gap, this study contributes to the literature by integrating previ-
ously disconnected streams of research within a unified evaluation perspective. Specifically,
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it operationalizes explainability-derived diagnostics as measurable governance-relevant
indicators and evaluates their ability to support monitoring, validation, and audit-oriented
assessment in AI-enabled decision systems. By examining these diagnostics under con-
trolled retraining conditions, the study extends explainability beyond its traditional role in
interpretability and explores its value as a source of governance-relevant evidence.

To address this gap, this study adopts a dual-pipeline perspective in which predictive
conditions remain fixed while explainability is introduced as an additional diagnostic layer.
As illustrated in Figure 1, the distinction between the two pipelines lies not in predictive ca-
pability but in the integration of monitoring-oriented explainability components designed
to expose stability, reproducibility, uncertainty-sensitive behavior, and traceability patterns
under repeated retraining. Rather than evaluating explainability through predictive im-
provement, the study examines whether these diagnostics provide measurable insight into
the operational behavior of AI-enabled decision systems.

Figure 1. Dual-pipeline framework from prediction to governance evidence.

Accordingly, the study investigates the following research questions:

RQ1. To what extent do model decisions remain stable across repeated retraining conditions
in analytics-driven decision systems?
RQ2. To what degree do global explanation structures remain reproducible across retrained
models?
RQ3. How does dispersion in local explanation patterns relate to uncertainty-sensitive
behavior near decision boundaries?
RQ4. How can explainability diagnostics support traceability, monitoring, and governance-
oriented assessment in AI-enabled decision systems?

3. Methodology and Experimental Design
3.1. Experimental Design and Reproducibility Protocol

The experimental framework was designed to evaluate explainability as a diagnostic
layer under fixed predictive conditions. Rather than comparing predictive architectures
or optimizing classification performance, the study examines whether explanation-based
diagnostics expose stability, reproducibility, and uncertainty-sensitive behavior across
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repeated retraining conditions. Accordingly, all experiments were conducted in a fixed
evaluation environment, with the dataset, validation protocol, preprocessing pipeline,
operating threshold, and model configuration remaining unchanged throughout the study.

As illustrated in Figure 1, the experimental design follows a dual-pipeline struc-
ture. The first pipeline operates as a conventional prediction-only workflow, generating
classification outputs without additional explainability diagnostics. The second pipeline
preserves identical predictive conditions while incorporating monitoring-oriented explain-
ability components, including retraining-stability analysis, global-explanation reproducibil-
ity assessment, entropy-based local-attribution analysis, and structured traceability ar-
tifacts. This design enables diagnostic behavior to be evaluated independently from
predictive optimization.

The study employs stratified five-fold cross-validation with fixed data partitions
across all experimental runs. Out-of-fold (OOF) predictions were retained throughout
the evaluation process to prevent information leakage and maintain a consistent basis for
downstream analysis. Because the objective is to examine retraining variability rather than
data partition variability, identical train–validation splits were preserved across repeated
executions. Under this setup, only internal model randomness changes between runs,
allowing variability in predictions and explanations to be attributed to retraining dynamics
rather than differences in data composition.

For all predictive, stability, and governance-oriented diagnostics, evaluation was
performed using OOF predictions generated under the fixed five-fold cross-validation
protocol. In this setting, each observation is assigned to the test partition exactly once and
therefore contributes a single unbiased prediction from a model trained without access
to that observation. Consequently, the OOF prediction matrix preserves a one-to-one
correspondence between observations and predictions, resulting in a total sample count
equal to the dataset size (N = 29,965). This differs from fold-level aggregation procedures
that may count observations multiple times across validation runs. The use of OOF
predictions ensures that agreement rates, flip rates, probability variance estimates, entropy
diagnostics, and confusion-matrix statistics are computed at the observation level while
avoiding information leakage and maintaining statistical independence between training
and evaluation samples.

Retraining variability was examined using a multi-seed protocol comprising 10 inde-
pendent executions under identical validation settings. Ten independent retraining seeds
{1–10} were selected to balance statistical robustness and computational feasibility. Repeated
retraining under different random initializations enables the assessment of prediction and
explanation stability beyond the variability of a single model execution. Using 10 seeds
allows agreement rates, prediction variability, and explanation reproducibility to be eval-
uated across multiple independent runs while maintaining manageable computational
requirements. Each retraining cycle preserved the same preprocessing pipeline, hyperpa-
rameter configuration, and operating threshold while varying only the internal random
initialization conditions of the predictive model. The operational classification threshold
was fixed at τ = 0.5 across all experiments to preserve comparability across retraining runs
and prevent recalibration of the threshold from influencing stability-related diagnostics.

To strengthen reproducibility and auditability, the experimental workflow incorpo-
rated structured artifact logging across all retraining executions. Prediction outputs, expla-
nation artifacts, retraining configurations, validation splits, and seed-specific evaluation
results were systematically preserved throughout the study. This design supports deter-
ministic reconstruction of the analytical environment and enables evaluation of diagnostic
evidence within a traceable and reproducible framework.
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3.2. Data Collection and Preprocessing

The empirical evaluation was conducted using the UCI Default of Credit Card Clients
dataset, which contains 30,000 customer records and 23 explanatory variables related to
demographic attributes, credit limits, repayment history, bill statements, and payment
behavior. The target variable indicates whether a client defaults in the following month.
The dataset combines structured tabular characteristics with high-stakes decision implica-
tions, class imbalance, and heterogeneous financial behavior patterns, making it suitable
for examining decision stability, explanation reproducibility, and uncertainty-sensitive
attribution behavior in predictive systems where traceability and auditability are opera-
tionally relevant.

The study intentionally uses a single dataset to isolate variability in retraining and
explanation behavior under fixed experimental conditions. Since the contribution lies in
evaluating explainability diagnostics rather than benchmarking predictive performance
across domains, maintaining a stable analytical environment is essential. A fixed dataset
allows observed variation in predictions and explanations to be attributed more directly
to retraining dynamics rather than differences in domain structure or dataset-specific
noise. Similar controlled evaluation strategies are commonly adopted in explanation
stability research to assess robustness and reproducibility across repeated experimental
settings [9,10,21]. A minimal preprocessing protocol was applied to preserve the dataset’s
original structure. Duplicate records were removed, resulting in 29,965 observations. No
missing values were present, and no resampling, synthetic balancing, or feature engineering
was introduced. Class imbalance was intentionally retained because it reflects operational
characteristics of credit-risk decision settings and provides a meaningful context for evaluat-
ing threshold behavior, false-negative cases, and uncertainty-sensitive explanation patterns.
All preprocessing choices remained fixed across validation folds and retraining executions.

3.3. Experimental Design and Model Development

Three supervised classifiers were evaluated under identical validation conditions:
Logistic Regression, LightGBM, and XGBoost. Logistic Regression served as a transparent
linear baseline, while LightGBM and XGBoost represented tree-based ensemble approaches
commonly used in structured tabular prediction tasks. Model selection was based on
threshold-independent out-of-fold evaluation, with particular attention to AUC and aver-
age precision in the presence of class imbalance. XGBoost achieved the strongest overall
predictive performance and was therefore selected as the reference model for the down-
stream stability and explainability analyses.

The use of XGBoost is also methodologically appropriate for this study’s objectives.
Tree-based ensemble models are widely used in decision support and risk analytics because
they capture non-linear relationships while remaining compatible with feature attribution
analysis [2,16]. XGBoost supports efficient integration with SHAP-based explanations,
making it suitable for repeated evaluation of global explanation reproducibility and local
attribution dispersion under multi-seed retraining conditions.

To preserve comparability across all experiments, the final modeling configuration
remained fixed throughout the study. Hyperparameter settings, validation splits, pre-
processing decisions, retraining seeds, and the operational threshold were held constant
across repeated executions. Consequently, observed differences in decisions, explana-
tions, and entropy-based attribution behavior can be interpreted within a stable modeling
environment in which retraining randomness is the primary source of variation.
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3.4. Stability and Explainability Diagnostics

The diagnostic layer of the study assesses whether predictive decisions and explana-
tion structures remain stable under repeated retraining. In line with the constructs defined
in Table 1, the analysis focuses on four dimensions: decision stability, structural stability
of global explanations, dispersion in local explanations, and traceability of diagnostic
artifacts. Rather than treating explainability as a performance-enhancing mechanism, the
study examines whether explanation-based diagnostics provide measurable evidence about
reproducibility, instability, and uncertainty-sensitive behavior within the fixed modeling
environment [4,11].

Decision stability was assessed by comparing binary decisions and predicted prob-
abilities across the ten retrained XGBoost models. For each observation i, the predicted
probability under the seed s is denoted by p̂i,s, while the corresponding binary decision is
denoted by ŷi,s. The modal decision across retraining runs is represented by

∼
y i. Instance-

level agreement was computed as

Ai =
1
S∑S

s=1 1(ŷi,s =
∼
y i) (1)

where S denotes the number of retraining seeds. The flip rate was defined as Fi = 1 − Ai.
Probability variance was further computed as

Vari =
1

S − 1∑S
s=1( p̂i,s − pi)

2 (2)

where pi is the mean predicted probability for observation i, across retraining runs.
The agreement rate and probability variance metrics were adopted as operational

measures of prediction stability across retraining runs. Similar stability and consistency
analyses have been reported in prior studies on model reproducibility and prediction
consistency under repeated training conditions [10,28].

Structural stability of explanations was evaluated using SHAP-based global attribu-
tion patterns. SHAP was selected because it provides a theoretically grounded and widely
adopted feature-attribution framework compatible with tree-based ensemble models. Since
the objective is not to compare explanation methods but to evaluate the diagnostic behavior
of a fixed explainability layer under repeated retraining, SHAP provides an appropriate ba-
sis for reproducibility analysis [4,20,31]. For each retraining run, global feature importance
was computed by aggregating mean absolute SHAP values across out-of-fold validation
observations. The resulting feature rankings were compared across seeds using Spearman
rank correlation and Top-K Jaccard similarity:

J(Ka, Kb) =
| Ka ∩ Kb |
| Ka ∪ Kb | (3)

where Ka and Kb denote the Top-K feature sets obtained from two retraining runs. These
diagnostics assess whether the dominant explanatory drivers remain reproducible across
repeated model generations.

Local explanation behavior was examined through entropy-based attribution dis-
persion. For each observation, absolute SHAP values were normalized to form a local
attribution distribution:

qi,j =
| ϕi,j |

∑M
k=1 |ϕi,k |

(4)
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where ϕi,j denotes the SHAP value of the feature j for observation i, and M is the number
of features. Shannon entropy was then computed as follows:

Hi = −∑M
j=1 qi,jlog

(
qi,j

)
(5)

Higher entropy indicates a more dispersed attribution structure, whereas lower en-
tropy indicates that the explanation is concentrated around fewer dominant features.
Entropy was used as a structural dispersion indicator to examine whether misclassified ob-
servations, particularly false negatives, exhibit different attribution patterns from correctly
classified cases. This design enables examination of uncertainty-sensitive prediction regions
through the structural behavior of local explanations rather than predictive confidence
alone [11,29].

To evaluate whether entropy patterns differed across classification outcomes, obser-
vations were grouped by confusion-matrix categories at a fixed operational threshold.
Pairwise statistical comparisons were then used to examine differences in entropy dis-
tributions across outcome groups. In addition, logistic modeling was applied to assess
the association between attribution entropy and false-negative outcomes. This analysis
was treated as associative rather than causal. It was intended to determine whether local
explanation dispersion provides a useful diagnostic signal for identifying error-prone or
boundary-sensitive cases [10,21].

Finally, all diagnostic outputs were preserved as artifacts of reproducibility. These
included predicted probabilities, binary decisions, SHAP attribution outputs, entropy
values, feature-ranking summaries, retraining configurations, validation partitions, and
seed-specific results. This structured logging supports deterministic reconstruction of the
analytical workflow and enables inspection of diagnostic evidence beyond a single model
execution. Accordingly, the explainability layer is evaluated not only as an interpretability
mechanism but also as a reproducible source of evidence for monitoring, validation, and
audit-oriented assessment [12,30].

4. Results
This section presents the empirical findings of the governance-oriented XAI evaluation

pipeline. Explainability is evaluated as a structural property, with reproducibility under
retraining treated as an operational requirement in high-stakes decision systems. All
metrics are computed using OOF predictions under a fixed cross-validation protocol, with
stability assessed across multiple seeds at a fixed threshold (τ = 0.5). Results are organized
into four analytical layers: (1) predictive performance and model selection, (2) threshold
behavior, (3) decision robustness under retraining, and (4) explanation reproducibility. All
results are fully traceable to versioned artifacts.

4.1. Predictive Performance (OOF) and Model Selection

Three models (Logistic Regression, LightGBM, and XGBoost) were evaluated under
identical cross-validation conditions using pooled OOF predictions. XGBoost achieved
the strongest performance (AUC = 0.7814 ± 0.0096; AP = 0.5579 ± 0.0128), followed by
LightGBM (AUC = 0.7762) and Logistic Regression (AUC = 0.7223). The comparative
performance of the evaluated models is summarized in Table 2. Figure 2 illustrates the
ROC curves based on pooled OOF predictions, while Figure 3 presents the corresponding
precision-recall curves highlighting performance differences under class imbalance. Accord-
ingly, XGBoost is selected as the reference model for subsequent analyses. The predictive
model is fixed in all experiments to isolate the contribution of explainability diagnostics.
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Table 2. Summary of the model’s performance.

Model AUC (Mean ± Std) AP (Mean ± Std)

Logistic Regression 0.7223 ± 0.0147 0.5042 ± 0.0134
LightGBM 0.7762 ± 0.0091 0.5533 ± 0.0133
XGBoost 0.7814 ± 0.0096 0.5579 ± 0.0128

 

Figure 2. ROC curves (pooled OOF) across Logistic Regression, XGBoost, and LightGBM.

 

Figure 3. Precision–recall curves (pooled OOF) across Logistic Regression, XGBoost, and LightGBM.

4.2. Threshold Behavior and Confusion Matrix Analysis

Although model selection is based on threshold-independent metrics (AUC and
AP), deployment requires a fixed decision threshold. Using pooled OOF predictions, the
highest F1-score is achieved at τ = 0.4 (F1 = 0.5181), reflecting a recall-oriented regime.
Increasing the threshold improves precision at the expense of recall. Although the highest
F1-score was observed at τ = 0.4, a fixed threshold of τ = 0.5 was retained throughout
the subsequent analyses to ensure consistency across retraining experiments. Using a
common decision threshold enabled evaluation of stability, reproducibility, and attribution-
based measures under a fixed operational regime, thereby avoiding the confounding
effects of threshold recalibration across repeated retraining experiments. At this threshold,
performance is precision = 0.6687 (±0.0087), recall = 0.3688 (±0.0133), and F1 = 0.4753
(±0.0112), corresponding to a precision-oriented regime under class imbalance. As shown
in Table 3, performance varies across decision thresholds, while Figure 4 illustrates the
corresponding trend in F1-score.
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Table 3. Threshold sensitivity analysis (XGBoost).

Threshold Precision Recall F1-Score

0.4 0.6236 0.4431 0.5181
0.5 0.6686 0.3688 0.4754
0.6 0.7081 0.3023 0.4237
0.7 0.7562 0.1932 0.3078

Figure 4. Variation of F1-score across decision thresholds for the selected XGBoost model.

At τ = 0.5, the confusion matrix (Figure 5) shows 22,123 true negatives, 1212 false
positives, 4185 false negatives, and 2445 true positives.

 

Figure 5. Confusion matrix (XGBoost, τ = 0.5).

The model exhibits high specificity, correctly identifying most non-default cases.
However, false negatives exceed true positives, indicating a conservative, precision-oriented
decision boundary. This asymmetry motivates further analysis to determine whether
misclassified instances, particularly false negatives, exhibit distinct explanatory patterns.

4.3. Decision Stability Under Retraining

Decision stability is evaluated by retraining the selected XGBoost model 10 times
with different seeds under a fixed 5-fold cross-validation protocol. OOF probabilities are
aggregated per instance, and decisions are derived using a fixed threshold (τ = 0.5). The
model demonstrates high reproducibility (n = 29,965), with a mean agreement rate of 0.9949
and a flip rate of 0.0051. Only 2.17% of instances exhibit at least one decision flip, indicating
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that instability is localized to a small subset of boundary-sensitive cases. The mean PD
variance is 0.000197 (median = 8.47 × 10−5), indicating that the probability estimates are
highly concentrated. Most observations exhibit near-zero variability, with a sparse tail
corresponding to boundary-sensitive cases, consistent with observed decision flips. Figure 6
illustrates the distribution of the variance of predicted probabilities, highlighting strong
concentration near zero and a sparse tail associated with boundary-sensitive instances.

Figure 6. Distribution of predicted probability variance (XGBoost, 10 seeds).

As shown in Figure 7, decision flip rates remain consistent across folds, indicating that
specific validation partitions do not drive retraining sensitivity.

Figure 7. Mean decision flip rate across folds (XGBoost, 10 seeds).

4.4. Global Explanation Reproducibility

Global explanation stability is assessed using SHAP-based feature importance across
10 seeds and 5 cross-validation folds. Stability is evaluated along three dimensions: attribu-
tion magnitude, rank consistency, and driver-set overlap. Global importance is computed
as the mean absolute SHAP values aggregated across folds and seeds. A consistent hier-
archy of dominant drivers is observed. A small subset of features accounts for most of
the explanatory weight, with Feature X6 showing clear dominance, whereas features such
as X3 (EDUCATION) and X16 (BILL_AMT5) contribute negligibly. As shown in Table 4
and Figure 8, a consistent hierarchy of dominant features emerges, with a small subset
capturing most of the explanatory weight.
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Table 4. Global feature importance.

Feature Mean SHAP Feature Mean SHAP Feature Mean SHAP

X6 0.4994 X8 0.0751 X10 0.0497
X1 0.2090 X21 0.0701 X9 0.0465
X12 0.1637 X11 0.0651 X15 0.0462
X19 0.1167 X14 0.0628 X5 0.0426
X18 0.1074 X4 0.0600 X2 0.0419
X7 0.1069 X23 0.0528 X22 0.0413
X20 0.1056 X13 0.0507

 

Figure 8. Global feature importance based on mean absolute SHAP values (XGBoost).

This concentration pattern remains stable under retraining. Pairwise Spearman cor-
relations show near-perfect rank agreement (mean = 0.9921 ± 0.0032) as illustrated in
Figure 9, and Top-10 feature sets exhibit strong overlap (Jaccard = 0.9354 ± 0.0880), as
shown in Figure 10.

Figure 9. Pairwise Spearman rank correlation of global explanations.
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Figure 10. Top-K feature set overlap (Jaccard similarity).

These results show that both the importance and identity of key drivers remain stable
under retraining. This structural stability supports the use of global explanations as reliable,
reproducible summaries of model behavior, thereby enhancing the auditability, validation,
and defensibility of documentation in high-stakes settings.

4.5. Local Explanation Entropy and Error Diagnostics

Shannon entropy is computed over normalized absolute SHAP values to quantify
dispersion in local explanations. Across OOF observations, the mean entropy is 2.5205,
indicating moderate dispersion. Entropy is further stratified by confusion-matrix outcomes
at the fixed threshold (τ = 0.5) using OOF rows aggregated across seeds (N × 10 = 299,650).

Two consistent patterns emerge: false negatives exhibit the highest entropy (more
diffuse attributions); in contrast, true positives show the lowest (more concentrated con-
tributions). These patterns are summarized in Table 5 and illustrated in Figure 11. This
suggests that misclassified cases, particularly missed defaults, are associated with higher
explanatory dispersion, whereas correctly identified positives exhibit more focused attribu-
tion patterns.

Table 5. Mean entropy by outcome.

Outcome Count Mean Entropy Std

FN 41,827 2.593991 0.173476
TN 221,465 2.573077 0.151498
FP 11,885 2.161743 0.396083
TP 24,473 2.092756 0.357963
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Figure 11. Local explanation entropy by outcome (τ = 0.5).

4.5.1. Pairwise Statistical Comparisons

Non-parametric tests confirm significant differences in entropy across outcome cat-
egories. As summarized in Table 6, the strongest separation is observed between false
negatives and true positives (2.594 vs. 2.093, p < 0.001, rank-biserial = −0.785), with
smaller but significant differences across other pairs. These results indicate that entropy
systematically varies by outcome type.

Table 6. Pairwise Entropy Differences Across Outcome Categories.

Comparison Mean Entropy
(Group 1)

Mean Entropy
(Group 2)

Effect Size
(Rank-Biserial) p-Value

FN vs. TP 2.594 2.093 −0.785 <0.001
FN vs. TN 2.594 2.573 −0.094 <0.001
FP vs. TP 2.162 2.093 −0.106 <0.001

4.5.2. Logistic Modeling of FN Risk via Entropy

A logistic model was used to examine the association between entropy and false-
negative (FN) outcomes. Higher entropy was positively associated with FN cases (coef-
ficient = 1.8841, OR ≈ 6.58, p < 0.001), suggesting that observations with more diffuse
attribution patterns were substantially more likely to be misclassified as negatives. This re-
lationship should be interpreted as associative rather than causal and may reflect structural
dispersion in explanations linked to boundary-sensitive predictions. From a governance
perspective, elevated entropy may signal uncertainty, helping to identify cases that warrant
additional monitoring and review.

5. Discussion and Conclusions
This study evaluates whether explainability diagnostics provide measurable value

beyond predictive accuracy under controlled retraining conditions. The findings show
that predictive performance alone does not fully capture the operational reliability of
analytics-driven decision systems. Although the model demonstrates stable aggregate
performance, residual variability persists in boundary-sensitive cases. Within this context,
explainability provides visibility into where instability emerges across retraining conditions.
Stable global explanations provide consistent representations of model behavior, while
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localized dispersion in feature attributions highlights uncertainty-prone decisions that may
otherwise remain undetected.

From a governance perspective, these findings extend beyond interpretability alone.
Decision stability becomes observable through agreement rates, flip rates, and variance in
probability across retraining runs. Reproducible explanation structures support traceability
and strengthen the defensibility of model-based decisions. At the same time, entropy-based
dispersion signals provide a practical mechanism for identifying high-risk cases, particu-
larly those associated with false negatives. Structured diagnostic artifacts further support
documentation, validation, and audit readiness within AI-enabled decision workflows.
Taken together, the results position explainability not merely as a post hoc interpretability
tool but as a diagnostic layer capable of supporting monitoring, validation, and governance-
oriented assessment without modifying predictive outputs.

This study contributes to XAI and analytics research by repositioning explainability
as a governance-relevant property of predictive systems rather than a purely interpretive
feature. Prior research has primarily emphasized interpretability techniques and fidelity
metrics, often treating explanations as static artifacts [4,6,8,29]. In contrast, this study eval-
uates explainability through reproducibility, stability, and uncertainty-sensitive behavior
under controlled retraining conditions through the following main contributions:

1. Decision stability is operationalized through agreement rates, flip rates, and probabil-
ity variance under repeated retraining conditions, providing measurable indicators of
retraining robustness.

2. Entropy-based attribution dispersion is systematically associated with false-negative
outcomes, enabling uncertainty-sensitive regions to be identified without implying
causal relationships.

3. The study isolates diagnostic effects from predictive optimization by holding the
predictive model constant and introducing explainability as an additional diagnos-
tic layer.

Collectively, these findings support a governance-oriented evaluation perspective in
which explainability functions as a reproducible diagnostic component within predictive
decision systems. The findings have practical implications for organizations operating
analytics-driven decision systems in high-stakes environments. Predictive performance
alone may be insufficient for evaluating operational robustness or audit readiness. Decision
stability metrics make the sensitivity to retraining observable. Indicators such as flip rates
and probability variance enable continuous monitoring of decision consistency without
altering the predictive model. Because instability is concentrated in a relatively small subset
of boundary-sensitive cases, monitoring efforts can be targeted to high-risk observations
rather than applied uniformly across all predictions. Reproducible explanation structures
further support audit-oriented evaluation. Consistent feature rankings and dominant
explanatory drivers provide traceable representations of model behavior that can assist
validation and review processes [29,30]. In addition, entropy-based diagnostics offer a
practical uncertainty signal that may help identify misclassification-prone cases for addi-
tional inspection. Overall, the findings suggest that explainability diagnostics can support
monitoring and oversight functions within predictive decision-making infrastructures
beyond what interpretability alone can provide.

These governance-oriented diagnostics also provide practical value for different orga-
nizational stakeholders. Agreement and flip-rate measures can help auditors and model
validation teams assess whether decision outcomes remain stable across retraining cy-
cles and model updates. Global explanation reproducibility provides evidence of the
consistency of feature-importance patterns and can help validate whether the model’s
reasoning remains structurally stable over time. Entropy-based diagnostics provide an
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additional uncertainty signal by highlighting cases with diffuse attribution patterns and
an increased risk of false negatives. Such observations may be useful to risk managers
and AI governance teams when prioritizing monitoring activities, targeted reviews, and
human oversight. Together, these indicators provide traceable evidence that can support
validation, audit preparation, model risk management, and ongoing governance processes
beyond traditional predictive performance assessment.

This study has several limitations that should be considered when interpreting the
findings. First, the empirical evaluation was conducted using a single benchmark dataset
under controlled experimental conditions. Although this design was intentionally adopted
to isolate retraining-related variability and explanation behavior, it may limit the direct
generalizability of the results to other domains, datasets, and decision contexts. Future
studies should evaluate the proposed framework across additional datasets and application
settings to further assess its external validity. Second, the dataset’s original class imbalance
was intentionally preserved to reflect realistic credit-risk conditions and support the analysis
of threshold behavior and false-negative outcomes. However, different imbalance ratios
may influence the behavior of stability and explanation diagnostics, warranting further
investigation. Third, the experimental setting does not incorporate real-world deployment
drift, evolving data distributions, or temporal changes that may affect model behavior
in operational environments. Evaluating governance-oriented diagnostics under such
conditions remains an important direction for future research. Finally, the study focuses
exclusively on SHAP-based explanations and does not compare alternative approaches
to explanation, such as LIME or counterfactual explanations. In addition, fairness-related
diagnostics and subgroup-specific stability analyses were outside the scope of the present
work. Future research may extend the proposed framework by examining whether the
observed stability, reproducibility, and entropy-related patterns remain consistent across
different explanation methods, demographic subgroups, and deployment scenarios.

Despite these limitations, the study provides an empirically grounded evaluation
of explainability from a governance-oriented perspective. The findings demonstrate that
explainability diagnostics can expose measurable patterns of stability, reproducibility, and
uncertainty that remain difficult to observe through predictive performance metrics alone.
Taken together, this work advances a governance-oriented evaluation framework in which
explainability is treated not merely as a post hoc interpretability feature but as a measurable,
reproducible diagnostic component of predictive decision-making infrastructures.
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