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Abstract

Post-training quantization (PTQ) is widely adopted to reduce the computational and memory
footprint of machine learning models deployed in resource-constrained environments. While its
impact on predictive performance has been extensively studied, its implications for model
explainability remain insufficiently understood. Explanations are often assumed to remain reliable as
long as predictive accuracy is preserved. This assumption, however, has rarely been examined
empirically. In this work, we present a systematic empirical study of explainability stability under PTQ
across three representative model families, namely, Logistic Regression, Random Forest, and
XGBoost, using the IEEE-CIS Fraud Detection dataset. Explanation stability is evaluated using
complementary global and local attribution metrics, including feature rank correlation, mean
attribution drift, and instance-level cosine similarity of SHapley Additive exPlanations explanations.
Models are trained once in full precision and subsequently quantized to INT8 and INT4 without
retraining to isolate numerical precision effects. The results indicate that predictive performance and
explanation stability are not inherently aligned. While some models retain stable predictive metrics
under reduced precision, measurable attribution drift may still occur. In particular, aggressive
quantization can induce substantial instability in explanation behavior even when aggregate
performance remains unchanged. These findings present that explainability cannot be inferred solely
from accuracy metrics and should be explicitly evaluated when deploying quantized models in high-
stakes decision-making systems.
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Introduction

Post-training quantization (PTQ) has emerged as a widely used technique for reducing model size and improving

deployment efficiency without retraining.  By converting model parameters from full precision to lower numerical

formats, PTQ enables reduced memory usage and faster inference while often preserving predictive performance. In

practical settings where computational constraints, limited access to training data, or reproducibility requirements

restrict the feasibility of quantization-aware training, PTQ presents a deployment-friendly alternative.
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Alongside, advances in explainable artificial intelligence have introduced several attribution-based methods to enhance

model transparency. These methods are increasingly used in operational systems to support auditability and decision

review.

Because attribution methods depend on the numerical values and structural characteristics of the trained model,

modifications introduced through precision reduction may alter explanation behavior, even when aggregate predictive

metrics remain stable. Despite extensive study of predictive degradation under quantization, comparatively limited

empirical attention has been given to the stability of model explanations following numerical precision reduction. This

gap is particularly relevant in impact-critical domains such as fraud detection, where attribution outputs may facilitate

audit and compliance functions. In such settings, preservation of predictive accuracy alone may be insufficient if

explanation behavior shifts under compression.

This study examines whether post-training quantization preserves explanation stability across model families of varying

structural complexity, namely Logistic Regression, Random Forest, and XGBoost, under 8-bit Integer representation (INT8)

and 4-bit Integer representation (INT4) precision levels. The empirical evaluation is conducted on the IEEE-CIS Fraud

Detection dataset [1], a high-dimensional and highly imbalanced binary classification dataset. All models are trained

once in full precision and subsequently quantized without retraining in order to isolate numerical precision effects and

maintain reproducibility. Quantization-aware training has been intentionally excluded to focus specifically on

compression-induced perturbations.

Related work

Foundational work with reference to PTQ has shown that reduced-precision inference can substantially decrease memory

and computational requirements while maintaining competitive predictive performance across a range of architectures

[2-4]. The majority of PTQ research evaluates quantization primarily through predictive accuracy, latency, and memory

footprint, with limited attention to secondary properties such as model reliability or interpretability.

In parallel, the field of explainable artificial intelligence (XAI) has developed attribution-based methods, including

SHapley Additive exPlanations (SHAP) and Local Interpretable Model-Agnostic Explanations (LIME), to enhance

transparency of complex models [5-6]. Interpretability has become increasingly important in critical decision systems,

where explanation outputs may support audit processes, regulatory compliance, and operational oversight [7]. Beyond

interpretability itself, recent literature has also examined robustness and stability of explanations under input

perturbations, parameter noise, and structural modifications, demonstrating that explanations or attribution outputs

may vary under small changes to model parameters or inputs [8-11].

More broadly, prior work has demonstrated that predictive metrics alone may not fully characterize model behavior,

particularly under distributional shifts or calibration effects [12]. However, existing studies typically analyze predictive

robustness and explanation robustness separately, focusing either on performance stability under model perturbations

[2-4] or on the sensitivity of attribution methods [8-11]. Systematic empirical investigation of how numerical precision

reduction, specifically post-training quantization, affects attribution stability remains limited.

In particular, there is sparse empirical analysis of explanation drift in classical tabular models subjected to PTQ, despite

their continued use in operational domains such as fraud detection [13-14]. Prior work has examined SHAP-based

explanations for tree and linear models in tabular settings [5,15], as well as the effects of quantization on predictive

performance [2-4], but the interaction between reduced numerical precision and SHAP-based attribution behavior

remains underexplored.

This work contributes to this gap by providing a controlled empirical assessment of attribution stability across model

families and quantization levels, with explicit comparison between predictive degradation and explanation drift under

post-training quantization.
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Research questions

The central objective of this study is to examine whether post-training quantization preserves explanation stability across

model families of varying structural complexity. More specifically, this work investigates whether numerical precision

reduction alters attribution behavior in ways that are consistent, proportional, or structurally divergent across linear and

tree-based models.

In an attempt to address this objective in a systematic manner, the analysis is guided by two related investigative

dimensions. First, the study evaluates the extent to which predictive performance degradation under reduced precision

aligns with changes in attribution stability. This seeks to determine whether shifts in conventional performance metrics

serve as reliable indicators of explanation drift. Second, the study considers whether explanation instability may arise

even in cases where aggregate predictive metrics remain largely unchanged. This inquiry assesses the possibility that

attribution geometry may shift independently of classification performance, thereby challenging the sufficiency of

predictive validation alone when deploying compressed models.

Together, these research questions shape the experimental design, metric selection, and interpretive analysis presented

in the subsequent sections.

Materials And Methods

Methodology

This study adopted a controlled empirical design to evaluate explainability stability under PTQ across multiple machine

learning model families. The methodology was structured to isolate the effects of numerical precision reduction on

model interpretability in a systematic manner and minimize the variations introduced by inconsistent preprocessing or

training procedures.

A standardized experimental workflow was followed throughout the study. Initially, models were trained using full-

precision 32-bit floating-point representation (FP32) representations under uniform preprocessing and training

conditions. Subsequently, PTQ techniques were applied to generate reduced-precision model variants while preserving

identical architectural and training configurations. This approach allowed the full-precision and quantized

implementations to be compared under consistent conditions.

To maintain consistency across multiple experimental iterations, all workflows were implemented in Python using

identical data preparation, inference, and explainability generation procedures for each model family. Reproducibility

was further supported by keeping the evaluation conditions fixed and using standardized metric calculations throughout

the study.

The methodological framework was designed to examine how quantization-induced numerical approximations affect

the stability, consistency, and interpretability of explainability outputs. To assess these effects, comparative evaluation

was carried out between the original and quantized models using multiple explainability-focused metrics and analytical

observations.

Results And Discussion

Experimental setup

The overall experimental pipeline is illustrated in Figure  1. A single full-precision FP32 model was trained and

subsequently quantized, post-training at different precision levels, in order to ensure that any observed differences arise

solely from numerical precision reduction. All model variants were evaluated on a common test set using both predictive

and attribution stability (explainability) metrics.
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FIGURE 1: Experimental pipeline for evaluating explainability drift under PTQ.

A single FP32 model is trained and quantized without retraining and evaluated across precision levels using predictive and

attribution stability metrics. PTQ, Post-training quantization; FP32, 32-bit Floating-point representation; INT8, 8-bit Integer

representation; INT4, 4-bit Integer representation

Dataset

The empirical evaluation was conducted on the IEEE-CIS Fraud Detection dataset, which contains 420 engineered

numerical and encoded categorical features derived from transactional metadata [1].

To preserve class distribution consistency across evaluation phases, a stratified train/validation/test split was performed.

Following preprocessing, the dataset was partitioned into training, validation, and test sets containing 354,324, 118,108,

and 118,108 samples, respectively. The fraud prevalence was noted to be approximately 3.5% across all splits, reflecting

substantial class imbalance. All predictive and attribution metrics reported in this study were computed on the held-out

test set.
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The combination of high dimensionality and pronounced class imbalance makes this dataset well suited for evaluating

both ranking-based performance metrics and the stability of feature attributions under numerical perturbation. While

the imbalanced setting amplifies sensitivity to false-positive shifts, the large feature space enables meaningful

assessment of attribution vector variation under reduced precision.

Model Families

Three model families were selected to represent increasing structural complexity and decision boundary characteristics.

First, Logistic Regression, representing a linear decision surface directly parameterized by feature weights; second,

Random Forest, representing a bagged ensemble of decision trees with non-linear threshold-based partitions; and third,

XGBoost, representing gradient-boosted trees with additive structure and finely tuned split thresholds.

All models were trained once using full precision, that is, FP32. The trained models were then reused across quantization

experiments without retraining. This design ensured that observed effects were attributable solely to numerical precision

reduction rather than parameter re-optimization.

Quantization Approach

PTQ was applied at two precision levels, namely, INT8, resulting in moderate precision reduction commonly used in

deployment settings, and INT4, resulting in aggressive precision reduction with greater expected numerical distortion.

For Logistic Regression and Random Forest, weight-level quantization was applied directly to model parameters. For

XGBoost, due to tooling constraints and internal representation limitations, quantization was applied at the explanation

layer rather than modifying internal tree thresholds. This approach isolated the effect of reduced precision on attribution

computation while preserving the original decision structure.

Evaluation metrics

Predictive performance was evaluated using Precision, Recall, F1-score, receiver operating characteristic area under the

curve (ROC-AUC), Precision-Recall area under the curve (PR-AUC), and confusion matrix analysis. Given the imbalanced

nature of the dataset, metric selection was carefully considered: ROC-AUC provided threshold-independent

discrimination assessment, while precision, recall, F1-score, and PR-AUC being particularly sensitive to false-positive

behavior, were relevant under quantization-induced perturbations.

Precision, Recall, and F1-score quantified trade-offs in minority-class detection, while confusion matrices enabled direct

examination of false-positive and false-negative shifts induced by quantization.

Explainability stability was assessed using SHAP-based attributions computed for both FP32 and quantized models. To

quantify attribution drift, three complementary measures were employed. Global stability was measured using Spearman

rank correlation between feature importance orderings across precision levels. Magnitude-level deviation was quantified

using mean absolute attribution drift. Instance-level explanation consistency was evaluated using cosine similarity

between local SHAP vectors. Together, these metrics captured both global feature ranking stability and local attribution

alignment.

All evaluations were conducted on the identical held-out test set across precision levels to ensure direct comparability.

No additional hyperparameter tuning or retraining was performed following quantization, thereby isolating numerical

precision effects.

Empirical results

Predictive Performance

Table 1 summarizes the predictive performance of the full-precision (FP32) models on the test set.
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Model Logistic Regression Random Forest XGBoost

Precision 0.1256 0.1910 0.2518

Recall 0.6951 0.7398 0.8052

F1-Score 0.2127 0.3036 0.3836

ROC-AUC 0.8374 0.8906 0.9343

PR-AUC 0.2961 0.5212 0.6504

TABLE 1: FP32 baseline performance.

ROC-AUC, Receiver operating characteristic area under the curve; PR-AUC, Precision-Recall area under the curve; FP32, 32-bit

Floating-point representation

XGBoost achieved the highest ROC-AUC and PR-AUC, indicating superior ranking performance under class imbalance.

Random Forest demonstrated intermediate performance, while Logistic Regression yielded comparatively lower PR-AUC,

reflecting reduced discrimination capacity relative to tree-based models. Given the low fraud prevalence (~3.5%), PR-AUC

provided a more informative performance indicator than ROC-AUC. The baseline established a performance hierarchy

consistent with increasing model complexity.

Table 2 presents predictive metrics under INT8 PTQ.

Model Logistic Regression Random Forest XGBoost

Precision 0.1209 0.0491 0.2518

Recall 0.6682 0.9085 0.8052

F1-Score 0.2048 0.0931 0.3836

ROC-AUC 0.8235 0.7172 0.9343

PR-AUC 0.2040 0.1708 0.6504

TABLE 2: INT8 performance.

INT8, 8-bit Integer representation; ROC-AUC, Receiver operating characteristic area under the curve; PR-AUC, Precision-Recall area

under the curve
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Logistic Regression exhibited moderate degradation across most metrics, including the decline in PR-AUC. Random

Forest showed substantial reduction in precision accompanied by increased recall, indicating a marked rise in false-

positive predictions. ROC-AUC also decreased notably. In contrast, XGBoost metrics remained unchanged, as internal tree

parameters were not quantized.

The results suggest that INT8 quantization introduced measurable predictive instability in threshold-based ensemble

methods, while leaving explanation-layer quantized models unaffected in terms of classification performance.

Table 3 summarizes predictive performance under INT4 precision.

Model Logistic Regression Random Forest XGBoost

Precision 0.0353 0.049 0.2518

Recall 0.9961 0.9107 0.8052

F1-Score 0.0683 0.0930 0.3836

ROC-AUC 0.8120 0.7163 0.9343

PR-AUC 0.1858 0.1693 0.6504

TABLE 3: INT4 performance.

INT4, 4-bit Integer representation; ROC-AUC, Receiver operating characteristic area under the curve; PR-AUC, Precision-Recall area

under the curve

Logistic Regression exhibited a near-collapsed behavior under INT4, with recall approaching unity and precision

flattening, indicating effective loss of decision boundary resolution. Random Forest maintained similarly unstable

behavior observed under INT8, with persistently low precision and reduced ranking performance. XGBoost remained

unchanged in predictive metrics due to explanation-layer-only quantization.

Overall, aggressive PTQ amplifies false-positive inflation in both linear and ensemble models when applied directly to

model parameters.

Explainability Stability

Explainability stability was evaluated using global feature rank correlation, mean absolute attribution drift, and cosine

similarity of local SHAP vectors.

Table 4 summarizes the Spearman rank correlation between FP32 and the quantized models, assessing the global feature

rank stability.
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Model INT8 INT4

Logistic Regression 0.9977 0.8657

XGBoost 0.9517 0.6727

Random Forest 0.8551 0.8542

TABLE 4: Performance Spearman rank correlation (FP32 vs Quantized).

FP32, 32-bit Floating-point representation

Logistic Regression maintained near-perfect global rank stability under INT8, with moderate degradation under INT4.

XGBoost exhibited greater rank reordering under INT4 relative to INT8. Random Forest showed moderate rank instability

across both precision levels.

Table 5 summarizes the mean absolute attribution drift of the quantized models.

Model INT8 INT4

Logistic Regression 0.000176 0.002633

XGBoost 0.000499 0.004596

Random Forest 0.000839 0.000849

TABLE 5: Mean absolute attribution drift.

INT8,  8-bit Integer representation; INT4,  4-bit Integer representation 

Attribution magnitude drift increased under INT4 across models. XGBoost exhibited the largest magnitude shift under

aggressive precision reduction, consistent with sensitivity at the attribution computation layer.

To assess local explanation similarity, Table 6 presents the SHAP cosine similarity for the quantized models.
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Model INT8 INT4

Logistic Regression 0.9973 0.8804

XGBoost 0.9986 0.8854

Random Forest 0.3715 0.3697

TABLE 6: Local SHAP cosine similarity.

 INT8, 8-bit Integer representation; INT4, 4-bit Integer representation 

Logistic Regression and XGBoost retained high local similarity under INT8. Under INT4, both exhibited moderate

divergence. Random Forest displayed substantially lower local similarity under both INT8 and INT4, indicating significant

instance-level explanation instability. Notably, explanation collapse in Random Forest occurred even in cases where recall

increased, illustrating a decoupling between prediction metrics and explanation fidelity.

Explainability Drift

Predictive degradation for each model m under quantization level q was defined as:

where   denoted the baseline full precision performance.

To quantify the stability of local explanations under quantization, explanation drift can be defined as the divergence

between attribution vectors produced by the full-precision model and its quantized counterpart for identical inputs. For a

model m under quantization level q, explanation drift will measure the geometric deviation between the corresponding

SHAP attribution vectors and can be defined as:

where   and    denote the local SHAP attribution vectors generated by the full-precision and quantized

models, respectively, and cos (.) represents cosine similarity. Higher drift values indicate greater directional divergence

between explanations.

Figure 2 presents a two-dimensional mapping of predictive degradation against local explanation drift to visualize the

relationship between predictive degradation and explainability instability across model families and precision levels.
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FIGURE 2: Predictive degradation vs explanation drift.

INT8, 8-bit Integer representation; INT4, 4-bit Integer representation; FP32, 32-bit Floating-point representation; PR-AUC, Precision-

Recall area under the curve 

Analysis and discussion

The empirical results from the study indicated that predictive performance and attribution stability were not inherently

aligned under PTQ. It was observed that across model families, attribution drift increased disproportionately relative to

changes in conventional predictive metrics. In several instances, nearly identical ROC-AUC scores were accompanied by

noticeable changes in both global feature rankings and local attribution vectors, suggesting that standard validation

metrics may not fully capture compression-induced changes in interpretability.

Tree-based ensembles exhibited systematic increases in false-positive rates under reduced precision, consistent with the

sensitivity of threshold-based decision rules to numerical perturbations. Substantial instability was observed in local

SHAP attributions under aggressive INT4 quantization, indicating structural changes in instance-level explanation

patterns.

In contrast, Logistic Regression demonstrated a more gradual degradation pattern as precision decreased, reflecting

direct weight perturbation effects on a linear decision surface. At INT4 precision, nearly uniform positive predictions

reflected a collapse of margin resolution, that is, the model’s ability to distinguish between classes via its decision

boundary or prediction scores, resulting in reduced differentiation in feature attributions.
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The plot of predictive degradation vs explainability drift (Figure 1) reveals architecture-dependent clustering patterns

rather than a uniform relationship between predictive degradation and explanation drift. Under reduced precision,

models occupy distinct instability regimes, confirming that degradation in predictive metrics does not reliably predict

corresponding changes in explanation fidelity. Notably, certain configurations exhibit stable predictive metrics alongside

measurable explanation drift. This divergence indicates that attribution geometry may shift even when aggregate

predictive integrity appears preserved. In operational contexts, these findings imply that it is crucial that compressed

models should be evaluated along an independent axis of explanation stability in addition to predictive performance.

Limitations

The conclusions drawn from this study are subject to certain limitations. First, since the empirical evaluation has been

conducted solely on the IEEE-CIS Fraud Detection dataset, the findings should not be interpreted as establishing general

behavior across domains such as vision, text, or time-series tasks. Second, the quantization procedures implemented

reflect a specific implementation of PTQ. Alternative calibration strategies, scaling methods, or hardware-aware

quantization schemes may result in different predictive and attribution behaviors. Third, since the analysis does not

include comparisons with quantization-aware training, the results isolate compression-induced effects under PTQ and do

not address whether training-time adaptation mitigates explanation drift. Finally, explainability stability has been

evaluated using SHAP-based attributions. Other attribution methods may exhibit different sensitivity to reduced

precision.

Conclusions

This paper has examined the stability of model explanations under PTQ in a high-dimensional fraud detection setting.

The study introduced a controlled empirical framework for measuring attribution drift across precision levels and model

families and evaluated the relationship between predictive degradation and explanation instability. The results indicate

that predictive stability and explanation stability are not inherently aligned and that compressed models can retain

decision performance while exhibiting altered attribution structure. Consequently, within the scope of this study, the

findings imply that evaluation of quantized models in decision-critical applications should not rely solely on predictive

metrics. Attribution stability warrants independent assessment, and the divergence between global feature ranking and

local explanation consistency highlights the need for multi-level explainability evaluation under compression.

Future work

This analysis was limited to PTQ on a single tabular dataset and SHAP-based explanations. Future work may extend this

framework to additional datasets, neural architectures, alternative compression strategies including quantization-aware

training. Additionally, cross-method analysis of explainability stability using other attribution methods remains an open

direction.
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