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ABSTRACT

Machine learning models deployed in dynamic environments are prone to distri-
butional shifts that degrade predictive reliability. While uncertainty quantification
and drift detection are widely studied, their interaction with explainability remains
insufficiently understood, particularly for regression tasks under covariate shift.
This paper presents a unified experimental framework that integrates uncertainty
quantification, calibration, drift analysis, and explainable Al (XAI) for regres-
sion models in a real-world telecommunications setting. We evaluate Bayesian
neural networks (BNNs) with Monte Carlo Dropout and deep ensembles, quan-
tifying predictive uncertainty using variance and assessing calibration quality via
Expected Normalized Calibration Error. Through controlled covariate drift ex-
periments on a real-world vehicle-to-infrastructure (V2I) communication dataset,
we analyze how uncertainty degradation and calibration breakdown are reflected
in explanation behavior using SHAP. The results show that BNNs exhibit higher
sensitivity to drift through pronounced increases in predictive uncertainty, while
ensemble models provide more stable but less adaptive estimates. Importantly,
explanation patterns consistently track uncertainty degradation. A finding that has
not previously been demonstrated for regression tasks under covariate drift in tele-
com settings, which highlights XAl as a principled diagnostic tool for drift-aware
model monitoring and lifecycle management in non-stationary environments.

1 INTRODUCTION

Machine learning (ML) models deployed in real-world environments operate under the persistent
challenge of non-stationary data. This is a common situation encountered in telecommunication
networks, where changes in network conditions and channel characteristics induce covariate (vir-
tual) drift (Hu et al. 2018} |Oliveira et al., 2023)), i.e., shifts in the input feature distribution while
the underlying prediction task and label semantics remain unchanged. Such drift affects not only
prediction accuracy but also the confidence a model has in its outputs. As a result, uncertainty quan-
tification (UQ) becomes an essential capability for assessing model reliability under distributional
shift in communication networks. However, beyond performance degradation, an equally important
yet underexplored consequence of drift is its impact on explainable Al (XAI) methods, in particular
those intended to explain predictive uncertainty models.

Recent research shows that post-hoc XAl techniques may perform differently on distribution shift
(Mougan et al.||2022;[Hwang et al.,2025)). This suggests inconsistent explanations when the model’s
data distribution changes after training, limiting its application for drift detection through credit
assignment variation analysis. Consequently, researchers have investigated a new paradigm towards
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integrating UQ and XAI as a promising pathway to not only detect drift but also understand its
underlying causes and evaluate how model confidence deteriorates or improves under adaptation
(Watson et al., [2023} [Mougan & Nielsen, |[2023)).

In this work, we investigate the interplay between uncertainty, drift detection, and explainability for
regression-based performance prediction in a real-world vehicle-to-infrastructure (V2I) telecommu-
nication dataset. We quantify predictive uncertainty under controlled virtual drift scenarios and an-
alyze how the quantified uncertainty (specifically, epistemic uncertainty), alongside the uncertainty
calibration metric, responds to these perturbations. Furthermore, we study whether XAl-driven
insights can help identify drift sources and potentially reduce uncertainty through better model un-
derstanding or adaptation. Two XAI methods with different characteristics are employed: Shapley
Additive Explanation (SHAP) for input feature attribution of predicted instances and Local Inter-
pretable Model-agnostic Explanation (LIME) for sensitivity analysis of input features (Pelosi et al.|
2025b). This enables verifying whether a particular XAI method is better suited to the current
problem. Although XAI methods such as SHAP and LIME operate on individual predictions, their
attributions depend on the underlying data distribution and feature interactions. As a result, distribu-
tional shifts can alter explanation patterns even when model architecture remains fixed, motivating
the study of XAl behavior under drift.

Key Contributions As part of this in-progress research, the key contributions of this work are as
follows: (i) present the first systematic experimental framework to jointly analyze predictive uncer-
tainty, calibration behavior, and explainability under controlled covariate drift for a regression task in
a real-world V2I telecom setting, which is a combination not previously studied in this domain; (ii)
characterized how uncertainty estimates and calibration quality degrade as drift severity increases
for Bayesian neural networks and deep ensembles, providing quantitative evidence of differential ro-
bustness between model classes; (iii) demonstrated that uncertainty-based signals serve as effective
label-free indicators of distributional shift, validated across multiple drift levels; and (iv) presented
that XAI methods applied to predictive uncertainty yield interpretable diagnostics that consistently
and stably highlight drift-affected features both before and after calibration, establishing XAl as a
reliable monitoring signal in dynamic environments.

2 RELATED WORKS

Recently, XAI has focused on interpreting challenging situations encountered by models after de-
ployment, such as in non-stationary conditions. Most of these works investigate the effect of model
drift on XAl explanations or detecting drifts through XAI. An example is the work fromJohn|(2025),
who proposes adaptive explanation mechanisms that recalibrate SHAP attributions using sliding
windows and drift-aware conditions for stable and informative explanations in concept drift situa-
tions. In (Edakunni et al.} [2024), drifts are detected by monitoring the prediction outputs through
SHAP, and identifies possible drift sources from the explanations.

Another direction followed by the literature is the adoption of UQ metrics as an explanation mech-
anism (Pelosi et al.,[2025a). This paradigm is discussed by |Deuschel et al.|(2024), who argues that
quantified uncertainties contribute to model trustworthiness as they can serve as a diagnostic tool to
identify the source of prediction inconsistencies. This aspect is further explored for neural networks
(NN) in (Thuy & Benoit, |2024b), given the overconfident nature of these models. The authors claim
that UQ satisfies some XAI properties such as trust, actionability, and robustness. In particular,
robustness is treated as a fundamental property when the NN faces distribution shifts.

In contrast, a few papers have studied the combination of XAI methods for predictive uncertainty
models under drift conditions, which is the closest topic to the current work. [Watson et al.| (2023)
proposes incorporating information theory metrics into the Shapley values to enhance the explana-
tions of the entropy produced by predictive uncertainty models. The work from |[Mougan & Nielsen
(2023) leverages bootstrapped uncertainty estimates together with SHAP explanations to monitor
deployed models without labels, detecting performance drops while identifying the features most
responsible for deterioration. The method constructs prediction intervals with better coverage than
traditional techniques and uses explainable uncertainty to pinpoint drift-driven feature influences,
enabling both detection and interpretation of distributional change. UDD triggers retraining when
model uncertainty increases persistently, demonstrating superior drift detection on both regression
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and classification benchmarks and illustrating how uncertainty metrics alone can be effective drift
indicators. [Thuy & Benoit|(2024a) positions uncertainty estimation itself as an explainability mech-
anism for neural networks. The framework argues that uncertainty can serve as a diagnostic and
trustworthy signal under drift, linking traditional XAI properties such as robustness and actionabil-
ity to quantified predictive uncertainty. [Lofstrom et al. (2025) proposes a method combining local
feature importance with calibrated predictive uncertainty to generate rapid, uncertainty-aware ex-
planations.

Despite these advances, including works on XAl-based drift monitoring (John, |2025; Edakunni
et al.,|2024; [Pelosi et al.,[2025a) and uncertainty-driven explainability (Watson et al.|[2023;|Mougan
& Nielsen, 2023), no existing framework jointly addresses how uncertainty measurement, calibra-
tion quality, and XAl attributions of uncertainty (rather than predictions) co-evolve under controlled
covariate drift in a regression setting. Most existing frameworks either focus on classification or
treat UQ and XAl in isolation, without jointly considering calibration behavior and distribution shift
in continuous-output models. In contrast, our work analyses how predictive uncertainty, calibration
metrics, and XAl attributions (e.g., SHAP) interact across progressively increasing drift levels in a
real-world telecom regression task.

3  FOUNDATIONS OF PREDICTIVE UNCERTAINTY

Predictive uncertainty models usually produce the uncertainty of an output ¢, given an input in-
stance . Commonly, this is represented by a probability distribution, such as Gaussian, in the form
N (u;0%), where § = p and o2 is the quantified uncertainty. Depending on the adopted model or
strategy to calculate the uncertainty, different types of uncertainty can be obtained (Hiillermeier &
‘Waegeman, 2021)):

* Aleatoric uncertainty: captures the inherent noise or randomness present in the data-
generating process, such as measurement noise or stochastic environmental variations.

* Epistemic uncertainty: arises from a model’s lack of knowledge about the underlying data
distribution (Abdar et al.,2021]).

* Total uncertainty: represents the summation of aleatoric and epistemic uncertainties.

This work focused on two predictive uncertainty techniques: Bayesian neural networks and deep
ensembles, which primarily produce epistemic uncertainties (Blundell et al., 2015).

3.1 UNCERTAINTY QUANTIFICATION

Probabilistic models, such as Bayesian neural networks (BNNs), are a popular approach for pre-
dictive uncertainty estimation. A BNN incorporates Bayesian learning capabilities into a standard
neural network by representing its weights as probability distributions (e.g., Gaussian). In practice,
predictive uncertainty is approximated using Monte Carlo (MC) Dropout, where dropout layers re-
main active during inference, and each forward pass corresponds to a different stochastic realisation
of the network induced by a randomly sampled dropout mask. Given an input x, the predictive mean
and variance (i.e., uncertainty) are computed from multiple stochastic forward passes as:

1 & ) 1 <& )
i=m> fix): 0t = > (i) —0)°, (1)
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N

where f;(x) denotes the prediction from the ¢-th stochastic forward pass and T is the number of
Monte Carlo samples.

Another popular method is deep ensembles, in which NV deep neural networks (DNN) are used to
generate a distribution of predictions. Commonly, these networks use a different seed to train the
DNN to induce variability in the predictions. The predictive mean and variance are calculated in a
similar way to BNN, in which V replaces the sample size T'.
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Figure 1: Proposed framework for deriving explanations from uncertainty quantification metrics by
synthetically injecting concept drift on IV2I dataset from Al4Mobile.

3.2 UNCERTAINTY CALIBRATION AND UNCERTAINTY CALIBRATION METRIC

Commonly, the quantified uncertainties should be adjusted to reflect the prediction error magnitude.
Specifically, we use isotonic regression (Niculescu-Mizil & Caruana, 2005)) on a held-out calibration
set to learn a non-parametric mapping from raw predictive variance to empirical squared errors. This
mapping rescales uncertainty estimates without modifying model parameters and is applied to test-
time predictions.

Calibration quality is evaluated using Expected Normalized Calibration Error (ENCE), which mea-
sures the discrepancy between predicted uncertainty and observed mean squared error across bins.
This metric is reported both before and after calibration to evaluate the effectiveness of uncertainty
correction under different levels of injected data drift (Levi et al., 2022).

4 XAI FOR DRIFT DETECTION THROUGH UNCERTAINTY QUANTIFICATION

A framework for covariate drift impact analysis when explaining predictive uncertainty is proposed
in a network KPI prediction task. Initially, BNN and deep ensemble models are trained on an in-
dustrial vehicle to infrastructure (IV2I) dataset for uncertainty quantification and used as a baseline.
Then, virtual drift is injected into the test data with different levels (0% to 25%) and used as input
to the baseline models. The ENCE uncertainty calibration metric is calculated before and after each
drift level to check the robustness of these models with respect to the uncertainty. Similarly, SHAP
and LIME post-hoc XAI methods are applied to the predicted uncertainties, before and after cali-
bration, for the different drift levels. An overview of this process is presented in and the
details are presented in the subsections.

4.1 XAIINTEGRATION

Explainable Artificial Intelligence (XAI) techniques are employed to interpret model behaviour un-
der distribution drift by providing insight into predictive uncertainty variations. While uncertainty-
and drift-based signals indicate when model reliability degrades, XAl is used to identify which input
features contribute to changes in predictions and associated uncertainty (i.e., post-hoc local explana-
tion). The following subsections describe the two feature attribution methods adopted in this work
and their integration for explaining uncertainty behaviour and drift effects.

4.1.1 SHAP-BASED FEATURE ATTRIBUTION

SHAP is employed to obtain consistent feature-attribution scores that quantify the contribution of
each input feature to a model’s prediction (Lundberg & Leel[2017). For a given input instance x and
model prediction gy, SHAP computes feature attributions.
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In the experiments, SHAP values are computed for samples within both reference and drifted time

windows. Let ®; = { ¢§-“} denote the set of SHAP values for samples j in time window ¢. Changes
in feature influence are quantified by comparing the mean absolute SHAP values across windows:

Asuap(i, t) = ‘Ejet {|¢Ej)|} — Ejcrer [\Cbl(-j)q ’ . 2

Features with large Agpap(i, t) are identified as primary contributors to drift- or uncertainty-induced
prediction changes.

4.1.2 LIME-BASED LOCAL EXPLANATIONS

LIME is used to generate instance-level explanations for samples exhibiting high predictive uncer-
tainty or anomalous behavior (Ribeiro et al.,2016). Given an input instance x, LIME constructs a
local surrogate model g(x) by minimizing

L(f,9,7x) +Q9), 3)

where f is the original black-box model, 7y is a proximity kernel that weights perturbed samples
according to their similarity to x, and 2(g) is a regularization term enforcing interpretability.

In the experimental setup, LIME explanations are generated for selected samples within drifted
windows, particularly those with high standardized residuals or elevated uncertainty.

4.1.3 XAI INTEGRATION WITH UNCERTAINTY AND DRIFT SIGNALS

SHAP and LIME explanations are jointly analyzed alongside uncertainty and calibration metrics.
By correlating feature-attribution changes with increases in predictive uncertainty or ENCE, the
framework enables interpretable drift diagnosis rather than simple drift detection. This integrated
analysis supports informed adaptation strategies, such as targeted retraining or feature-level moni-
toring, while maintaining transparency and accountability in dynamic environments. The objective
is not to detect drift via SHAP values, but to interpret how uncertainty increases are attributed to
specific features once drift has already been identified through uncertainty signals.

5 EXPERIMENTS AND RESULTS

The experimental pipeline integrates UQ, controlled drift injection, calibration assessment, drift
detection, and explainability-driven analysis to systematically evaluate the behavior of uncertainty-
aware regression models under covariate drift (overall diagram in [Figure T). The objective of this
experimental setting is to analyze how predictive uncertainty evolves under increasing drift sever-
ity, how calibration affects uncertainty reliability, and how explainability methods can be used to
diagnose and mitigate uncertainty degradation.

5.1 EXPERIMENTAL SETTING

All experiments are conducted on the AI4Mobile Industrial Wireless Dataset (Hernangomez et al.,
2022). Specifically, the IV2I+ dataset is used, which contains communication KPIs from an indus-
trial mobile robot communicating with a base station. This dataset exhibits strong temporal and
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Figure 2: Comparison of uncertainty calibration performance for BNN and ensemble models under
baseline and 25% covariate drift conditions.
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spatial dynamics, as evidenced by variations in network KPIs, mobility patterns, and robot sensor
data. Such variations naturally introduce distributional changes driven by evolving network load,
robot motion trajectories, or environmental factors.

Standard preprocessing steps are applied, including missing-value imputation, feature normaliza-
tion, and removal of non-predictive identifiers. All numerical features, including radio KPIs such
as RSRP, RSRQ, RSSI, SNR, and mobility/sensor readings, are retained as model inputs X. The
regression target Y is uplink throughput (in Mbps), which represents the data rate achieved by the
mobile robot communicating with the base station. Predicting throughput from radio and context
features is a standard network performance estimation task. Drift is injected exclusively into a sub-
set of input features (RSRP, RSRQ, RSSI, SNR) in the test partition, thereby simulating covariate
shift while the semantics of the target variable remain unchanged. The dataset is split into training
and testing partitions, with drift injected exclusively into the test data to preserve a clean training
distribution.

We train two classes of uncertainty-aware regression models using only non-drifted training data.
First, a deep ensemble is constructed using five multilayer perceptron (MLP) regressors, each com-
posed of three hidden layers with 128, 64, and 32 neurons and ReL.U activations. Ensemble members
are trained with different random initializations and bootstrap-resampled versions of the training data
to encourage model diversity. While MC Dropout and deep ensembles primarily capture epistemic
uncertainty, we treat predictive variance as a practical proxy for total uncertainty, following com-
mon practice in uncertainty-based monitoring under distribution shift. Predictive uncertainty for the
ensemble is quantified as the variance across ensemble member predictions. Second, a Bayesian
Neural Network (BNN) is implemented using the same three-layer MLP architecture, with dropout
layers (dropout rate = 0.2) retained during inference. Predictive uncertainty is estimated via Monte
Carlo Dropout to approximate Bayesian posterior sampling. Both models share the same base ar-
chitecture and serve as baseline predictors for all subsequent uncertainty, drift, and explainability
analyses.

We apply a standard post-hoc uncertainty calibration through isotonic regression to align predicted
uncertainty with observed prediction errors. For the clean test set (baseline condition), both models
produce predictive means along with total uncertainty, which in this work is quantified exclusively
using variance. For BNN, variance is obtained from the dispersion of Monte Carlo predictive sam-
ples, while for ensemble models, it is computed from the variability across ensemble members

(subsection 3.1)).

A controlled synthetic drift setup is deliberately chosen here as a validation strategy: by know-
ing exactly which features are perturbed and by how much, we can verify whether SHAP and
LIME correctly recover the ground-truth drift sources. This serves as a necessary sanity check
before claiming diagnostic value in uncontrolled settings. To simulate controlled virtual drift, syn-
thetic perturbations are injected into a subset of high-impact input features (RSRP, RSRQ, RSSI,
and SNR) while preserving class labels. Drift is introduced by uniformly selecting a fraction
p € {5%,10%, 15%, 20%, 25%} of test samples. For each selected sample and feature f, the
original feature value is shifted by an additive offset proportional to the feature’s empirical standard
deviation o, such that

e =z + oy,

where « controls the drift magnitude (e.g., 10% drift level indicates that 10% of the test samples
are perturbed). This procedure induces progressively stronger distributional shifts without altering
label semantics. All drifted sample indices are logged to enable direct comparison between clean
and drifted instances and precise evaluation of drift detectability. Feature-based detectors capture
input distribution changes, whereas uncertainty-based signals reflect model confidence degradation.
Our focus is on the latter, as it is model-agnostic and directly tied to reliability.

To assess the reliability of predicted uncertainty, we evaluate calibration using ENCE. Isotonic cali-
bration is applied to both models. presents uncalibrated and calibrated ENCE values across
different drift levels, enabling a direct comparison of calibration robustness under distribution shift.
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Table 1: Uncalibrated and calibrated ENCE comparison for BNN and deep ensemble. Lower ENCE
values resemble better uncertainties produced by the model.

BNN ENCE Deep Ensemble ENCE
Drift Level Uncalibrated ~ Calibrated ~ Uncalibrated ~ Calibrated
0% (baseline) 0.847 0.142 0.195 0.074
10% 0.912 0.158 0.199 0.069
25% 1.034 0.171 0.193 0.070
50% 1.256 0.203 0.208 0.067
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Figure 3: XAI analysis of predictive uncertainty (post-calibration) under baseline (no drift) and 25%
covariate drift for BNN and ensemble models. SHAP provides global feature-level attribution shifts,
while LIME offers complementary local explanations.

5.2 EXPERIMENTAL RESULTS
5.2.1 UNCERTAINTY AND CALIBRATION BEHAVIOUR UNDER COVARIATE DRIFT

We first examine how predictive uncertainty behaves as covariate drift severity increases. For both
BNN and ensemble models, uncertainty-related quantities exhibit a clear increasing trend with drift.
As shown in the uncalibrated uncertainty estimates for BNNs increase substantially from
the baseline to higher drift levels, reflecting growing epistemic uncertainty as the test distribution
diverges from the training data. Ensemble models also show an increase in uncertainty under drift,
although the magnitude of change is smaller and more gradual, indicating comparatively smoother
and more stable behaviour.

We next evaluate the effect of post-hoc calibration using ence. For the baseline (0% drift) case,
calibration consistently improves uncertainty quality for both model classes, reducing ence from
0.847 to 0.142 for BNNs and from 0.195 to 0.074 for ensembles. Under increasing drift, however,
calibrated ence values rise steadily for both models, indicating degradation in calibration quality as
distribution shift intensifies. This effect is particularly pronounced for BNNs, where calibrated ence
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increases from 0.142 at baseline to 0.203 at 50% drift. Ensemble models exhibit a similar but milder
trend, with calibrated ence remaining lower overall but still increasing under drift. These results
demonstrate that calibration learned on in-distribution data does not remain reliable under covariate
shift, highlighting the brittleness of static post-hoc calibration methods in drifting environments.
The calibration step incurs minimal computational overhead, as isotonic regression is trained offline
on a small calibration set and introduces only a constant-time mapping during inference.

We analyze how uncertainty estimates evolve under increasing levels of covariate drift and assess
their suitability as label-free drift indicators. Predictive uncertainty measures are aggregated over
sliding windows and tracked across progressively stronger drift conditions. As drift severity in-
creases, all uncertainty signals exhibit a systematic upward trend, indicating reduced model confi-
dence even before substantial drops in predictive accuracy are observed.

5.2.2 XAI BEHAVIOUR UNDER DRIFT

To analyze how model explanations evolve under covariate drift, we apply SHAP and LIME to the
uncertainty outputs rather than to point predictions. Global SHAP analysis shows a systematic re-
allocation of feature attributions as drift severity increases, with features explicitly perturbed during
drift injection exhibiting consistently higher contributions to predictive uncertainty. At the instance
level, LIME explanations of samples with elevated uncertainty confirm that these uncertainty in-
creases are primarily driven by the same drift-affected features. shows SHAP and LIME
results after applying different levels of drift to the predictive uncertainty models.

5.2.3 IMPACT OF CALIBRATION ON XAI ATTRIBUTIONS

Fig. B]illustrates the influence of calibration on explainability by comparing SHAP and LIME attri-
butions for BNN and ensemble models under baseline (0%) and drifted (25%) conditions. Across
all settings, calibration reduces the overall magnitude of uncertainty-driven attributions, reflecting
the compression of predictive variance after calibration. However, the relative ordering of domi-
nant features remains largely unchanged: features directly affected by drift injection (e.g., RSRP,
RSRQ, RSSI, and SNR) consistently retain high importance both before and after calibration. This
stability is observed for both global SHAP attributions and local LIME explanations, indicating that
calibration primarily rescales attribution strength without altering feature relevance. These results
demonstrate that calibrated uncertainty preserves the semantic consistency of XAl outputs, support-
ing the robustness of explainability analyses under calibrated predictive uncertainty.

5.2.4 SUMMARY OF FINDINGS

Overall, the results indicate that (i) predictive uncertainty exhibits a consistent and monotonic in-
crease as covariate drift severity grows; (ii) calibration improves the reliability of uncertainty esti-
mates primarily under in-distribution conditions and degrades under stronger drift; (iii) uncertainty-
based signals provide effective label-free indicators of distributional shift; and (iv) explainability
methods applied to uncertainty estimates yield interpretable diagnostics that correctly highlight drift-
affected features.

6 CONCLUSION AND FUTURE DIRECTIONS

This paper presented an in-progress experimental study on the interaction between predictive uncer-
tainty, calibration behaviour, drift detection, and explainability under controlled covariate (virtual)
drift in a real-world telecom regression setting. Through empirical analysis of Bayesian neural net-
works and deep ensembles, we showed that uncertainty estimates and calibration quality degrade
systematically as drift severity increases, while uncertainty-based signals remain effective for label-
free drift indication. Furthermore, we demonstrated that explainability methods applied to predictive
uncertainty provide stable and interpretable diagnostics that consistently identify drift-affected fea-
tures, both before and after calibration. As part of ongoing work, we evaluate XAl-on-uncertainty
under natural drift using temporal splits of the IV2I+ dataset and additional telecom datasets. We
also explore adaptive uncertainty calibration and explanation models that evolve under continuous
drift, and analyze the impact of concept drift on explanation fidelity using different predictive un-
certainty models.
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