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Abstract. In many real-world scenarios, explanations are not perceived
as isolated entities, but rather as streams accompanying models that op-
erate over extended periods of time. In such contexts, users are exposed
not to a single explanation, but to a sequence of explanations whose
evolution may influence trust, understanding, and decision-making. In
this work, we aim to capture the evolution of explanations that exhibit
sudden changes, contradict prior explanations, or demonstrate erratic
fluctuations, as these may compromise their practical utility, even when
maintaining a high level of predictive performance. We propose a frame-
work aimed at supporting the assessment of the consistency of explana-
tions for evolving supervised learning contexts, taking into account the
variability of the input datasets, and the uncertainty of the model. We
introduce a model-agnostic and explanation-agnostic index for quantify-
ing the temporal consistency of automated explanations. We empirically
demonstrate that the proposed index facilitates the quantification and
localization of temporal instability in explanation streams. Experimental
results for simulated multivariate time series underscores the ability of
the proposed index to capture instantaneous changes and their relative
impact in relation to historical patterns.
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1 Introduction
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Explanations are the foundation of trustworthy Artificial Intelligence (AI)
systems, playing a central role in improving transparency and user confidence
across various decision-support systems [1,6,8,10,18|. The Rashomon effect was
first introduced by Breiman [3] and then made popular in the context of Ex-
plainable AI (XAI) by Rudin [20]. This effect justifies why sometimes different
models explain the data-generating process equally well, but they may contradict
each other because their predictions are built in a different way, i.e., following
a different rational (e.g., relying on different features). Accordingly, in case that
multiple, equally good models exist, their interpretations should be carefully
compared before drawing any conclusion. If this is the case, selecting one specific
model for a particular task should depend on multiple factors (e.g., performance,
interpretability, explainability, fairness, sparsity, stability or consistency).

In this work, we focus on real-world scenarios, when observations are accu-
mulated over time, often in batches, reflecting the evolution of the environment
and the transformation of data-generating processes [7,22]. We observe that de-
spite the growing body of research on XAI, most existing approaches implicitly
assume static tabular data or static data distributions. The field of temporal
scenarios has traditionally focused on generating explanations within designated
sliding or expanding time windows [19]. This process commonly involves apply-
ing smoothing or aggregation techniques to static explanation methods in the
temporal domain [11,21]. While these approaches facilitate temporal attribution
analysis, they offer limited insight into the consistency of explanations them-
selves. Research areas that are closely related, such as statistical process control
and data distribution drift detection, study temporal changes in data or model
outputs [2,7]. However, these areas are not designed to assess explanations as
structured, semantic objects. Another direction of research explores explainable
online classification approaches, e.g., using prototypes [4]. In this research, we
further extend previous work by proposing a pipeline for monitoring the consis-
tency of explanations in evolving supervised learning contexts.

In this study, we posit that the temporal consistency of explanations con-
stitutes a complementary dimension for model evaluation alongside predictive
performance. Our research question focuses on developing and validating a con-
venient measure to capture how explanations change over time, accounting for
their history and the various assumptions underlying both predictive modeling
and the procedure used to derive explanations. The analysis of this question
facilitates comparisons not only between explanations within a single model,
but also between different models that may demonstrate similar performance,
yet yield explanations of differing temporal reliability. To summarize, the main
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contribution of this work is the introduction of a novel index for measuring
the temporal consistency of automated explanations as the quantification of the
deviations from the expected temporal behavior of explanation signals. The pro-
posed index is model-agnostic and explanation-agnostic, relying solely on the
temporal progression of explanatory quantities. We demonstrate through a se-
ries of illustrative experiments that temporal consistency can reveal significant
information about explanation reliability. In particular, it is demonstrated that
models with comparable accuracy may exhibit substantial discrepancies in the
temporal stability of their explanations. This underscores the significance of ex-
planation consistency as a criterion for model selection and implementation in
evolving environments.

The rest of the manuscript is organized as follows. Section 2 introduces the
new index. Section 3 describes the experimental settings. Section 4 presents the
main reported results. Section 5 provides readers with concluding remarks and
outlines future work.

2 Temporal Consistency Assessment of Explanations

Figure 1 provides a schematic overview of the proposed temporal consistency
assessment pipeline adapted to a showcase example. The aim of this pipeline
is to provide a quantitative measure of explanation consistency based on the
input data. The design is intended to be both model- and explanation-agnostic.
The proposed approach consists of three main sequential steps: (i) predictive
modeling; (ii) explanation generation; and (iii) consistency monitoring.

Predictive Modeling Explanation Generation Consistency Monitoring
Temporal
XGBoost SHAP mmme ‘CoONnsistency
Attributions /
Index
il
Linguistic
Neural Network Summaries

Fig. 1: Overview of the temporal consistency assessment pipeline adapted to an
example. Explanatory signals generated by a predictive model over successive
time windows are treated as temporal processes and evaluated using the proposed
index, yielding a quantitative measure of explanation consistency.

2.1 Predictive Modeling

The field of predictive modeling in evolving environments has seen significant
attention in the context of concept drift and online learning. The overarching
aim is to preserve the efficacy of predictive models in environments where data
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distributions are constantly fluctuating [7,22]. In the domain of XAI, predictive
models are commonly regarded as fixed structures, with explanations automati-
cally generated after the learning process and examined independently from the
underlying learning mechanics [8, 11]. However, comparatively little attention
has been paid to how the selection and development of the predictive model
itself influences the temporal behavior of explanations.

In this study, predictive models are utilized as sources of explanatory signals,
rather than as subjects of optimization. As a result, the focus is intentionally
limited to well-established supervised learning models. Specifically, we consider
gradient-boosted decision trees implemented via XGBoost [5] and a simple neural
network represented by a multilayer perceptron classifier from the scikit-learn
[17]. The present work does not seek to provide a comprehensive comparison of
predictive models. Instead, it focuses on assessing explanation consistency under
representative modeling choices.

2.2 Automated Explanation Generation

Contemporary explanation techniques, encompassing feature attribution and
rule-based methodologies, are predominantly designed to provide local explana-
tions for individual predictions or global explanations for static models [14, 18].
In the context of temporal data analysis, explanations are typically generated in-
dependently at each temporal interval and subsequently integrated or smoothed
for visualization [11].

In this work, the features’ attributions derived from SHAP framework [11]
are regarded as time-indexed explanatory signals. For a given feature j, Shapley
values are computed for individual observations at a specific time step. In addi-
tion to numerical attribution streams, we construct fuzzy linguistic summaries
(FLS) [9] that encapsulate global, human-interpretable statements regarding the
behavior of explanations. These summaries are formulated using extended proto-
forms [13,23], where the relation between SHAP-derived quantities and feature
values serves as the underlying numerical evidence. In case of having big datasets
with many attributes, the so-called SHAP length metric can be used to select
the most informative attributes for the desired degree of explanation complete-
ness [12]. The proposed framework is explanation-agnostic and operates on ar-
bitrary scalar explanatory streams. The present work focuses on SHAP-based
attributions and fuzzy linguistic summaries.

2.3 Temporal Consistency Monitoring

Let FF = {F}]_,,T > 1, denote a real-valued temporal process describing the
evolution of an explanatory quantity over discrete time steps, where F; € R
summarizes the explanatory information available at time ¢, for example via ag-
gregation over a batch of observations. Our objective is to quantify the temporal
consistency of the process F, understood as the extent to which its evolution can
be regarded as stable and predictable over time, as opposed to exhibiting abrupt
or erratic deviations.
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To assess deviations from expected temporal behavior, we construct a one-
step predictor F} of F, based on past values. In this work, we employ a modified
exponentially weighted moving average (EWMA) with a drift correction term,
allowing the predictor to adapt to smooth trends while remaining sensitive to
gradual changes in the underlying process

Ey=(1—=NE_y +AFq + Bdia, di = (1 — p)ds 1 + p(Fy — Fy 1),

with initialization F’l = F; and d; = 0.

The parameter A € [0, 1] governs the degree to which the one-step predictor
F, adapts to the most recent observed value Fy_q. Setting A to a higher value,
results in the predictor reacting in a stronger way to recent changes in the
observed explanatory signal. This can be interpreted as the predictor becoming
more responsive to short-term fluctuations. Conversely, setting A to a smaller
value, yields a smoother and more inertial baseline due to the predictor relying
more heavily on its previous estimate Fy_q.

The parameter 3 € [0, 1] determines the influence of the estimated drift term
dy;_1 on the predictor F,. With larger values of (3, the predictor incorporates
more information about the recent trend of the process. This improves the ability
of the predictor to follow gradual systematic changes. When the parameter
is smaller, the predictor behaves more like a standard exponentially weighted
moving average without explicit trend adjustment.

The parameter p € [0,1] controls the update rate of the drift term d;. This
term summarizes the recent tendency of the signal to increase or decrease. Larger
values of p assign greater importance to the most recent difference F; — Fy_1,
making the drift estimate more sensitive to newly emerging trends. Smaller val-
ues of u produce a more stable and slowly varying drift estimate, reflecting
longer-term directional behavior rather than short-lived changes.

Deviations from expected behavior are quantified using normalized residuals.
Let

s =MAD({F}.,),

denote a robust scale estimator of the process based on the median absolute
deviation (MAD). The normalized residuals are defined as

F, — F,
ry = ts t’ t:2,...,T.

If s = 0, indicating a constant process, we define the temporal consistency as
equal to its maximum value.
The Temporal Consistency Index (TCI) of the process F' is defined as

T 2

TCI(F) =1- wl(re), £(r) -

=—7,7>0.
2 27
P TS+

where w; > 0, Z?:z w = 1, and the parameter 7 controls the sensitivity of the
loss function to normalized residual magnitude. When 7 is set to a smaller value,
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even moderate changes produce relatively large loss values, making the TCI more
sensitive to deviations from predicted behavior. Conversely, applying large values
of 7 results in the loss growing more slowly, leading to only substantial deviations
reducing the overall consistency.

In this work, a bounded quadratic-type loss is used to smoothly interpolate
between quadratic penalization for small deviations and saturation for large
deviations. By default, uniform weights w, = ﬁ are used, ensuring that all time
points contribute equally to the consistency assessment. In addition to the overall
index, the above formulation inherently incorporates a per-step inconsistency

contribution. For each time step ¢t = 2,...,T we define
ay = w U(ry)

which quantifies the contribution of time step ¢ to the overall inconsistency of
the explanatory signal. By construction, a; > 0. The quantities a; thus facilitate
the identification of time points at which the explanation stream exhibits the
most significant deviation from its anticipated temporal behavior.

TCI ranges from 0 to 1, with higher values denoting greater stability and
predictability in temporal behavior. Conversely, lower values indicate increased
variability or abrupt changes over time. It is imperative to note that the index
is model-agnostic and explanation-agnostic, contingent solely on the temporal
progression of the explanatory signal. In scenarios where multiple explanatory
signals are available, the index is computed independently for each signal. This
results in a set of consistency scores that can be analyzed collectively.

3 Experimental Settings

3.1 About Data and Evaluation Protocol

We illustrate our framework with temporal consistency assessment via a simula-
tion experiment. Let us consider controlled non-stationarity, a synthetic multi-
variate time series generator is employed to produce three explanatory variables,
denoted by x1,x9, 3 respectively, and a binary label y taking value 0 or 1 to
indicate stable versus unstable regimes respectively. The stream is divided into
successive windows of equal length. Stable windows are characterized by smooth
oscillatory dynamics with mild modulation in amplitude, frequency and noise. In
contrast, unstable windows give rise to distributional changes, including abrupt
mean shifts, gradual mean drifts, and increased noise with interaction effects.

Fig. 2 depicts exemplary simulated time series with these three types of drift.
Thus, we split the sequence into twenty four segments of equal length. Indeed,
six quasi-periodic segments are repeated four times.

For the first, the third and the fifth segments, we consider the following
three time series: x1(t) = sin(0.05t) + €1(¢); z2(t) = co0s(0.05¢) + e2(t); x3(t) =
sin(0.05t + T) + e3(t) where £;(¢) ~ A'(0, 1). Then, in the second segment, we
shift each variable by a constant (mean shift) of ¢; = 2,¢co = —2 and ¢3 = 1.5.
Then, for the fourth segment, incremental drift is introduced. For the sixth



Consistency of Explanations in Evolving Supervised Learning 7

Windowed time series (stable vs unstable)
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Fig. 2: Simulated time series data with stable and unstable regimes.

segment, the generation mechanism changes, and the noise is particularly bigger:
x1(t) = 0.01t+n1(t); 22(t) = 0.8 21 (t) +n2(t); x3(t) = cos(0.03¢) 4+ n3(t), where
ni(t) ~ N(0, 0.42),i =1,2,3.

The distribution generation process was then repeated every second segment
for the stable class and every sixth segment for the unstable class with parameter
t adapted to the place of segments in the data stream.

The temporal protocol we employ is of a batch-style nature. A predictive
model is trained on initial prefix of the stream in order to include all potential
forms of instability. This training set consisted of six first segments of the time
series. The trained model is subjected to an evaluation process that utilizes a
sequence of non-overlapping test blocks, with each test block comprising a pair
of consecutive segments (one stable and one unstable) that are of equal size. This
configuration emulates deployment monitoring, whereby a model that has been
trained on historical data is evaluated as new batches are received over time.

Subsequent to this procedure, the test data yielded by the process comprised
a total of nine test windows, each of which was subdivided into two segments.

3.2 Predictive Modeling and Explanation Generation

In accordance with the evaluation protocol described in the preceding subsection,
the predictive models were subjected to independent assessment on each test
window, employing the area under the ROC curve as the quality metric. Each
test window corresponds to newly arriving data that was not used during training
at the given time step. Table 1 summarizes the metric values across successive
evaluation windows.

As expected, given the controlled simulation setup, the predictive perfor-
mance remains consistently high across all test windows. Both models yield
AUC close to 1 with the lowest value being 0.93 for the neural network in the
time window 9 — 10. It is important to note that this behavior is intentional. The
primary objective of the conducted experiments is not to optimize the predic-
tive accuracy. Instead, the focus is on the isolation and analysis of the tempo-
ral behavior of explanations under stable predictive performance. Consequently,
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observed variations in explanatory signals cannot be attributed to deteriorating
model quality.

Table 1: AUC results for XGBoost (XGB) and neural network (NN) models

evaluated over different time windows.

Model|7 — 8|9 — 10|11 — 12|13 — 14|15 — 16|17 — 18|19 — 20|21 — 22|23 — 24
XGB | 1.0 | 095 | 0.98 1.0 0.96 0.99 1.0 0.95 0.99
NN | 1.0 | 093 | 0.98 1.0 0.97 0.98 1.0 0.97 0.99

For each designated testing period, explanations were computed in the form
of SHAP feature attributions, which were applied to all test observations. The lo-
cal attributions were subsequently aggregated to form time-indexed explanatory
signals, which were used as inputs to the proposed temporal consistency analy-
sis. Specifically, for each feature, the distribution of Shapley values within a test
window was summarized into a single representative value, yielding a sequence
of explanation values evolving over time.

3.3 Temporal Consistency Monitoring

In order to obtain a scalar explanation signal suitable for temporal consistency
assessment, the SHAP attributions calculated according to [11] are aggregated
across observations in the block via median for each feature j

FY = median—y, _n, (6{"7),

where ¢, ) denotes the SHAP attribution for observation i in block ¢ and m; is
the number of observations in that block. The resulting sequence {Ft(j )} forms
a temporal explanatory signal, for which the temporal consistency index is com-
puted TCI({Ft(] )}) independently. In addition to the calculation of the overall
index, the per-step inconsistency contributions are reported to localize the time
points at which the explanation stream deviates most strongly from its expected
temporal behavior.

4 Experimental Results

4.1 SHAP-based Explanation Streams

The SHAP-based results for feature x1 are presented in Fig. 3, including: (i)
boxplots of SHAP attribution distributions across successive test windows, (ii)

the corresponding aggregated explanatory signal Ft(l) obtained via the median,
and (iii) the per-step inconsistency contributions derived from the proposed tem-
poral consistency index. Additional plots containing results for neural network
models are available at [15].
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The analysis is conducted separately for the stable and unstable classes.
This enables a comparative investigation of explanation dynamics under different
data-generating regimes. For the stable class, the SHAP attribution distributions
and the resulting aggregated explanatory signal demonstrate notable stability
over time, with only minor deviations observed in the final test windows. These
deviations are reflected by elevations in the per-step inconsistency contribution.
Such elevations indicate localized deviations from the expected temporal behav-
ior. This behavior is consistent with the fact that the stable class is generated
from an approximately stationary distribution.

In contrast, the explanatory signal demonstrates notable temporal variation
for the unstable class, characterized by observations drawn from multiple distri-
butions that exhibit recurrence over time. This variation results in significantly
elevated per-step inconsistency contributions, which manifest in a periodic pat-
tern synchronized with the recurrent distributional changes. In particular, win-
dows corresponding to distributional transitions (e.g., 11 — 12, 17 — 18, and
23 — 24) are consistently identified as major contributors to explanation incon-
sistency. It is worth noting that even when the explanatory signal returns to a
regime similar to earlier windows, elevated per-step inconsistency may persist
due to the temporal dependence embedded in the consistency computation.

This finding underscores the ability of the proposed index to not only capture
instantaneous changes but also their relative impact in relation to recent histori-
cal patterns. The findings indicate that the framework facilitates the quantifica-
tion and localization of temporal instability in explanation streams. The method
does not intend to explain the causal origin of such instabilities; rather, it aims
to identify their occurrence and magnitude for subsequent analysis.

4.2 Fuzzy Linguistic Summary-based Explanation Streams

To further assess the proposed framework, experiments were conducted using
FLS as an alternative form of explanation. We briefly recall that a fuzzy linguistic
summary takes the form

S:QRi*... xRy xare Po...o P, (1)

where x, o € {AND, OR}, @ is a linguistic quantifier, Ry, ..., Ry are qualifiers
and Py, ..., P, are summaries.

In this setting, explanatory streams were formulated using the product of the
degree of truth and the degree of support associated with each summary. The
derived summaries were based on feature values extracted from the test data
and their corresponding SHAP attributions for the unstable class. The fuzzy
membership functions for each feature were defined as triangular fuzzy numbers
constructed based on data-driven quartiles. We considered the empirical first
quartile, median, and third quartile. The terms corresponding to the first and
third quartile were modeled as left- and right-shoulder membership functions
which decrease or increase linearly from median accordingly. An example for
feature x1 is showcased in Fig. 4.
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x1: SHAP distributions vs F; vs a; (TCl monitoring)

y=0: SHAP distributions y=1: SHAP distributions
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Fig. 3: Boxplots and medians of aggregated SHAP attributions for feature x1 over
time steps, and per-step inconsistency, regarding stable (left plots) and unstable
(right plots) classes generated using the XGBoost model.

A set of candidate summaries was generated using the linguistic quantifiers
"around half" and "majority". Then, a subset of representative summaries was
selected based on their degree of support and temporal relevance. For each se-
lected summary, TCI, the mean degree of truth, and the mean degree of support
are reported in Table 2. As observed, the characteristics of the XGBoost model
and neural network-based summaries are similar. The most noticeable difference
between the TCI for the two can be observed for the S16 summary, with a value
of 0.58 for XGBoost and 0.46 for the neural network.

Fig. 5 and Fig. 6 illustrate the explanatory signals and per-step inconsistency
contributions for the three summaries with the highest TCI generated using the
XGBoost model. A comparison of SHAP-based signals and FLS-based explana-
tory streams reveals that the latter exhibit more intricate temporal behavior,
indicative of interactions between multiple features. While the recurring struc-
ture of the simulated data remains visible, the explanatory signals no longer
align directly with single-feature distributional changes.

It is worth noting that among the selected summaries, summary S3 most
closely follows the expected temporal structure induced by the data-generation
process. In contrast, the remaining summaries display more irregular behavior.
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Fig. 4: Fuzzy membership functions for quartile-based linguistic expressions for
feature x.

Table 2: Fuzzy linguistic summaries with quality measures. Quantifiers are color-
coded (“majority": blue, “around half": orange); contribution polarity is indicated
by color (“positive": green, “negative": red). Contributions were calculated for
two alternative models (XGBoost and NN) for comparative purposes. TCI: tem-
poral consistency index, DoT: degree of truth, DoS: degree of support.

id |Linguistic summary Model| TCI|DoT|DoS

For majority of obs. with z1 at least around @3 and z2| XaB |0.44]0.33 |0.15
S2 |at least around @3, 1 has a positive contribution to
unstable class prediction. NN 10.44|0.33|0.15

For around half of obs. with z; at least around Q3 and XGB 10521 0.64 | 0.22
S1 |x3 at least around @3, x3 has a positive contribution to
unstable class prediction. NN 10.47|0.53 |0.22

For majority of obs. with z1 at least around @3 and z3| XaB |0.58] 0.24 | 0.22
S16|at least around @3, x3 has a positive contribution to
unstable class prediction. NN ]0.46|0.36 | 0.22

For around half of obs. with z; at most around @1 and XGB 10.95] 0.82 | 0.08
S18|x2 around median, 1 has a negative contribution to
unstable class prediction. NN [0.98|1.00 |0.10

For around half of obs. with x1 at most around Q1 and| xaB |0.95] 0.69 | 0.10
S14|x2 around median, 1 has a negative contribution to
unstable class prediction. NN [0.98|1.00 |0.10

For around half of obs. with x1 at most around Q1 and| xaB |0.97] 1.00 | 0.12

S3 |z2 at least around @3, z2 has a negative contribution
to unstable class prediction. NN 10.96|1.00 (0.10
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Per-step inconsistency contribution a: = w - £+
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Fig. 5: Explanatory signal calculated as the product of the Degree of Truth (DoT)
and Degree of Support (DoS) over time for three selected fuzzy linguistic sum-
maries generated using the XGBoost model.
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Fig. 6: Per-step inconsistency calculated on explanatory signal calculated as the
product of the Degree of Truth (DoT) and Degree of Support (DoS) for three
selected fuzzy linguistic summaries generated using the XGBoost model.

Nevertheless, the proposed framework remains capable of identifying periods of
elevated inconsistency, thereby demonstrating its applicability to higher-level,
relational explanations. In this illustrative example, the specific choice of the
predictive model is not central. Any standard supervised classifier can be used,
as the proposed consistency assessment operates on explanation streams inde-
pendently of the underlying model.

Whilst we have focused on feature-based explanations obtained via SHAP in
this paper, it should be noted that the proposed framework is equally applicable
to other explanation paradigms. In particular, fuzzy rule-based explanations pro-
duced by the GUAJE framework [16] yield time-indexed explanatory quantities
such as rule activation or support, which can be treated as explanatory signals
and assessed using the same temporal consistency index. A systematic compar-
ison between SHAP-based, fuzzy linguistic summary-based, and GUAJE-based
explanation streams as additional symbolic explanatory processes is reserved for
future research.
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5 Conclusions and Future Work

The primary contributions of this work are threefold. Firstly, a temporal consis-
tency index for explanatory signals is introduced. This index aims to quantify de-
viations from expected temporal behavior in a model-agnostic and explanation-
agnostic manner. The proposed index operates directly on explanation streams,
thus negating the need for an underlying predictive model or explanation method.
This enables a unified assessment of explanation reliability over time. Secondly,
we have seen that temporal consistency constitutes an additional and comple-
mentary dimension for model evaluation, revealing differences between expla-
nations that are not captured by predictive performance alone. By employing
controlled temporal scenarios, we demonstrate that explanations corresponding
to different features, rules, or models can exhibit markedly different consistency
profiles under non-stationary data distributions. Thirdly, the practical relevance
of the proposed index is illustrated using alternative fuzzy information granules,
namely fuzzy linguistic summaries. It is demonstrated how explanation consis-
tency can inform model selection and deployment decisions by exposing trade-
offs between predictive accuracy, model adaptivity, and explanation reliability
in evolving environments.

Future work will extend the current pipeline to additional model classes, in-
corporating fuzzy rule-based predictors implemented within the GUAJE frame-
work, probabilistic models, neural networks and logistic regression.
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