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Abstract. Uncertainty is intrinsic to statistical learning, arising from
multiple sources. One recently examined form is epistemic uncertainty,
which stems from the difficulty humans face in understanding or inspect-
ing the internal workings of black-box models. Explainable AI (XAI)
aims to mitigate this by revealing how models operate. However, local
post-hoc explainers can sometimes have the opposite effect. In partic-
ular, local rule-based methods may produce contradictory explanations
across different neighborhoods, undermining user trust and obscuring the
model’s global logic. We propose a framework for detecting, quantify-
ing, and mitigating inconsistencies among local rule-based explanations.
Our contributions include Conflict-Conditioned Empirical Disagreement
under Uncertainty (CC-EDU), a metric for neighborhood-level incon-
sistency and a restriction mechanism that refines overly general rules.
Experiments on selected benchmark datasets show that our framework
correctly detects and reduces inter-rule contradictions while preserving
fidelity.

Keywords: Epistemic Uncertainty · Uncertainty Quantification · Rule-
Based Systems · Explainable AI

1 Introduction

Uncertainty is unavoidable in modern computational science applications, rang-
ing from medical diagnosis and industrial predictive maintenance to environmen-
tal modelling and economic forecasting. In such domains, decisions increasingly
rely on machine learning models trained on large-scale, heterogeneous, and po-
tentially noisy data, introducing different types of uncertainty. Typically, we
distinguish between aleatoric uncertainty, which stems from inherent noise or
randomness in the data, and epistemic uncertainty, which arises from limited
knowledge, insufficient data, or model inadequacies.

In practice, explainable AI (XAI) methods are often used to reduce epistemic
uncertainty regarding model behavior by giving insight into how model derives its
decision. Among different explanation types, such as feature-attribution expla-
nations [17, 22, 26, 25], counterfactual explanations [13], visual explanations [12]
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and rule-based ones [14, 21, 8, 18, 23], empirical studies indicate that experts and
users strongly prefer those that offer structural clarity, explicit decision logic,
and alignment with human reasoning patterns [5, 4].Rules naturally reflect de-
cision boundaries in terms of constraints on features and are widely used in
professional reasoning in medicine, engineering, and finance.

Most rule-based explainers operate locally. They approximate the decision
boundary of a predictive model in a neighborhood around a selected instance.
Methods such as LUX [9], LORE [14], and EXPLAN [21] generate synthetic
neighborhoods and train shallow decision trees. Other approaches prioritize
local fidelity through different mechanisms, such as Anchors [23] which relies
on constrained optimization, RuleXAI [18] which leverages rule induction, and
PHAR [19] which employs local perturbations to extract interpretable interval
bounds from numeric feature attributions such as SHAP.

However, the reliance on locality introduces an additional source of epistemic
uncertainty that arises from the modeling and approximation choices involved in
constructing local explanations. In particular, the definition of the neighborhood
around a query instance – including its size, geometry, and sampling strategy
– directly influences the surrogate rule that is extracted. Different yet equally
plausible neighborhood specifications may therefore yield different local rules for
the same instance. Furthermore, when neighborhoods overlap across nearby in-
stances, the resulting locally faithful rules may remain individually valid while
becoming mutually contradictory as depicted in Figure 1. This variability re-
flects uncertainty stemming from limited knowledge about the true local decision
boundary and the methodological assumptions used to approximate it.

A similar situation may arise in medical decision-making, or industrial ap-
plications where a locally accurate rule may contradict established domain gold
standards introducing uncertainty and doubt among experts interpreting the
explanation. In this work, we address this problem by introducing a framework
for detecting and resolving contradictions among local rule-based explanations.
We argue that explanation inconsistency itself constitutes a form of uncertainty
about which explanation is correct that must be quantified and mitigated.

2 Related Work

Uncertainty quantification in computational science has traditionally centered on
data and model uncertainty, but recent XAI research shows that uncertainty also
arises within explanations, through instability and disagreement among different
methods. While prediction-level uncertainty is well characterized, explanation-
level uncertainty remains comparatively underexplored [10]. One direction of
research in this area formalizes the disagreement problem, showing that widely
used post-hoc explainers such as LIME [22], SHAP [17], or Integrated Gra-
dients [26] can yield very different attribution patterns for the same predic-
tion. This observation has motivated consensus-oriented approaches, including
explainer-agreement regularization to encourage alignment between attribution
methods [24], minimizing uncertainty by constructing weighted ensemble ex-
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Fig. 1. Epistemic uncertainty induced by locality in post-hoc local explanation meth-
ods. Variations in the definition of the neighborhood around a query instance—such
as its size, geometric shape, or sampling strategy—can lead to different surrogate rules
for the same data point, revealing locality-driven instability in the explanation.

plainers [3] as well as quantitative frameworks that systematically characterize
disagreement in explainable machine learning [15]. In the domain of rule-based
explanations, overlapping and contradictory outputs are often managed through
conflict resolution strategies (e.g., [19]). These inconsistencies frequently stem
from the Rashomon effect [20, 16]-a phenomenon observed in both predictive
models and their explanations, where multiple distinct, yet equally faithful rep-
resentations exist for the same data.

Other contributions show that explanations frequently fail to reliably prop-
agate uncertainty under perturbations [11]. In our earlier work, we also exam-
ined how uncertainty present in model predictions should be faithfully conveyed
through explanatory outputs, emphasizing that explanation reliability depends
on the propagation of predictive uncertainty into the explanation space [7].

However, despite these advances, most existing efforts remain focused on
feature-attribution methods or uncertainty propagation from model to explainer.
As a result, these approaches often fail to capture uncertainty inherent in rule-
based explanations, which becomes evident when local rules—derived for individ-
ual instances—are applied across broader neighborhoods or the entire dataset,
revealing overlapping decision regions that can produce logically inconsistent or
contradictory predictions.

Rule-based explanations uniquely provide human-readable decision logic, ex-
plicitly define regions of the input space, and are widely used in local surrogate
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methods because of their interpretability and alignment with expert reasoning.
These properties make them particularly suitable for analyzing structural in-
consistencies, logical contradictions, and local-global conflicts–yet existing XAI
uncertainty frameworks do not quantify or mitigate inter-rule contradictions.
Accordingly, our work addresses uncertainty at the level of explanations them-
selves by introducing CC-EDU, a neighborhood-conditioned metric that directly
measures empirical disagreement among overlapping local rules, together with a
conflict-aware refinement strategy operating in the explanation space rather than
on model parameters. This fills a crucial gap–moving from merely quantifying
uncertainty in explanation outputs to actively mitigating structural inconsis-
tency in rule-based XAI.

3 Method

In this section, we present a formal framework for detecting, quantifying, and
mitigating contradictions among local rule-based explanations. Our approach op-
erates directly in the explanation space and evaluates conflicts empirically within
instance-specific neighborhoods. This allows us to reduce epistemic uncertainty
introduced by overlapping local explanations while preserving local fidelity.

3.1 Problem Formulation

Let f : Rd → Y denote a predictive model over a d-dimensional feature space
with output space Y. Let X = {xi}ni=1 be a dataset of n instances. A local rule-
based explainer produces a set of rules {Ri}ni=1, one for each instance xi. Each
rule Ri is defined as:

Ri : x ∈ Ci =⇒ ŷi,

where Ci denotes the subset of instances empirically covered by the rule’s con-
ditions, and ŷi ∈ Y is the predicted class assigned by the rule.

Traditionally, a rule is represented intensionally as a conjunction of feature-
level constraints. Such a representation induces a decision region in the input
space, defined as the set of points satisfying those constraints. When restricted
to the empirical dataset X, this region corresponds exactly to the coverage set
Ci. In this work, we adopt this extensional perspective and identify each rule
with its induced decision region over the data, represented by Ci.

This formulation is intentional. Since our objective is to quantify empirical
overlap, contradiction, and disagreement among local rules, the relevant object
of analysis is the subset of data points jointly covered by different rules. Rep-
resenting rules via their coverage sets therefore allows us to define and measure
empirical disagreement directly in terms of set intersections, without dependence
on the specific syntactic form of the rule conditions. By evaluating intersections
based on actual data samples rather than analytical geometric volumes, the
method naturally accounts for the underlying density of the data distribution.
This prevents the detection of phantom conflicts in empty regions of the feature
space and focuses the refinement process strictly on overlapping areas that are
empirically supported by observations.
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Definition 1 (Neighborhood-Conditioned Rule Contradiction)

Two rules Ri and Rj are said to contradict each other with respect to instance xi

if they predict different classes and overlap sufficiently within the neighborhood
of xi as shown in Equation (1).

contri(Ri, Rj) =

{
1 if ŷi ̸= ŷj and |(Ci∩Cj)∩Nk(i)|

|(Ci∪Cj)∩Nk(i)| ≥ τ,

0 otherwise.
(1)

Here | · | denotes empirical cardinality over dataset indices, τ ∈ [0, 1] is a
minimum neighborhood overlap threshold and Nk(i) ⊆ {1, . . . , n} denote the
indices of k nearest neighbors of instance xi in feature space.

Definition 2 (Rule Structural Disagreement)

The Structural Disagreement between two rules quantifies the degree of agree-
ment defined as a weighted combination of empirical coverage overlap |Ci∩Cj |

|Ci∪Cj | ,
shared feature-condition overlap Fo, and confidence penalty Confp when ŷi = ŷj
as defined in Equation (2). The intuition behind this is that disagreement should
be strongest when two rules not only collide in terms of empirical coverage but are
also structurally similar—using the same features and making confident predic-
tions. The constant 0.5 serves as a baseline weight ensuring that spatial overlap
remains the dominant component of the score, since the multiplicative factor
lies within [0.5, 1]. The additional terms refine this baseline: the feature-overlap
term Fo measures how similar the two rules are in terms of the features they
condition on, while the confidence penalty reflects the degree of misalignment in
the rules’ predictive confidence: the penalty increases when the rules’ predictive
confidences diverge, and it decreases when a rule’s confidence is low, reducing
its influence on the overall disagreement. These terms modulate the score with-
out overwhelming the contribution of empirical co-coverage, and the baseline
0.5 prevents the similarity from collapsing to zero for rules that fully overlap in
space but differ in structure.

disagree(Ri, Rj) =
|(Ci ∩ Cj) ∩Nk(i)|
|(Ci ∪ Cj) ∩Nk(i)|

· (0.5 + αFo(Ri, Rj) + βConfp) (2)

The parameters α and β can be adjusted depending on the desired sensitivity
of each component, with default values set to 0.3 and 0.2, respectively. This set-
ting establishes a clear hierarchy of importance within the metric, ensuring that
empirical spatial overlap remains the dominant factor, followed by the structural
similarity of the features utilised, while the predictive confidence penalty serves
as the least influential modifier.

Conflict-Conditioned Empirical Disagreement (CC-EDU)

The CC-EDU score for rule Ri is defined as:

ICCS Camera Ready Version 2026
To cite this paper please use the final published version:

DOI: 10.1007/978-3-032-29918-5_29

https://dx.doi.org/10.1007/978-3-032-29918-5_29
https://dx.doi.org/10.1007/978-3-032-29918-5_29


6 Szymon Bobek et al.

CC-EDU(Ri) =
1

|Nk(i)|
∑

j∈Nk(i)

contri(Ri, Rj) · disagree(Ri, Rj). (3)

High CC-EDU indicates strong empirical disagreement among locally over-
lapping explanations. Since contradiction is explicitly conditioned on Nk(i), CC-
EDU measures instance-specific epistemic inconsistency.

The metric captures situations where multiple faithful rules coexist in the
same region of the feature space yet induce conflicting predictions. Such con-
flicts may not significantly affect aggregate predictive performance, but they
reveal instability in the explanation space. Consequently, CC-EDU serves as an
indicator of explanation robustness, identifying regions where interpretability is
epistemically uncertain despite stable model outputs. Based on this metric a set
of rules for conflict-aware restriction is selected.

Computational Complexity

Empirical neighborhood-based overlap analysis determines the baseline time
complexity of the proposed framework. Unlike the subsequent conflict-aware
restriction, which is executed conditionally only when disagreement thresholds
are exceeded, detecting contradictions requires a systematic evaluation of rule
intersections across the data. Evaluating the CC-EDU metric globally incurs a
cost directly tied to its empirical nature. Specifically, the algorithm iterates over
all n instances, pairing each rule with the k rules originating from its local neigh-
borhood. For every pair, assessing the empirical intersection requires evaluating
the rule conditions on k local data points across the d-dimensional feature space,
yielding a cost of O(k · d) per comparison. Consequently, the cross-evaluation
of k pairs for all n instances results in an overall computational complexity of
O(nk2d) for the contradiction detection phase. In the limiting case where the
neighborhood encompasses the entire dataset (k = n), this worst-case complexity
simplifies to O(n3d).

Conflict-Aware Rule Restriction

To reduce local contradictions, overly general rules are refined. Let Ri be in
contradiction with Rj under Definition 1. A restricted rule is defined as:

Rrestricted
i : x ∈ C ′

i =⇒ ŷi,

where C ′
i ⊆ Ci is obtained by adding additional feature constraints derived

from the empirical disagreement region

Dij = (Ci ∩ Cj) ∩Nk(i).
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Restriction is applied only if xi ∈ C ′
i (the explained instance remains cov-

ered), and the directional disagreement strength exceeds a predefined threshold
δ as given in Equation (4).

|Dij |
|Ci ∩Nk(i)|

≥ δ (4)

The additional restriction condition is derived directly from the empirical
disagreement region Dij . In practice, we construct a simple local decision stump
trained only on samples within Dij , where the two rules disagree. This stump
identifies the most discriminative feature and threshold separating conflicting
predictions, hence providing a minimal additional constraint. The resulting split
is then incorporated into overgeneral rule, yielding the refined condition C ′

i ⊆ Ci.
Importantly, the restriction is purely local and data-driven: it does not alter the
rule outside the neighborhood nor introduce external assumptions, but instead
sharpens the rule exactly in the region where contradiction is observed. Since
restriction enforces C ′

i ⊆ Ci, neighborhood-conditioned overlap can only de-
crease or remain unchanged, ensuring that CC-EDU cannot increase under rule
shrinking.

Locality Selection

The neighborhood size k determines the scale at which empirical contradiction is
evaluated. For each instance xi, contradictions are assessed within its k-nearest
neighborhood Nk(i). Thus, k controls the sensitivity of disagreement detection:
small values of k focus on highly local inconsistencies, while larger values progres-
sively approximate global contradiction. In the limiting case k = n, contradiction
is evaluated at the dataset level.

Importantly, k is not optimized in our framework. It is a user-specified param-
eter reflecting the scale of explanation stability deemed relevant by the expert.
Different choices of k correspond to different operational definitions of locality,
and therefore to different notions of epistemic sensitivity.

In the empirical study presented later, we report results across a range of k
values to illustrate the robustness of the proposed refinement procedure under
varying locality assumptions.

4 Evaluation

4.1 Experimental Setup

We demonstrated the proposed conflict-aware refinement procedure on several
standard benchmark datasets, including Breast Cancer, Iris, Wine, and Pima
from the UCI Repository 1 and OpenML [2] Credit-G and Sonar. These datasets
differ in dimensionality, class distribution, and boundary complexity, providing
heterogeneous conditions for assessing both predictive fidelity and empirical rule
1 See: https://archive.ics.uci.edu/ml/index.php.
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disagreement. We used LUX as our explainer, as it has demonstrated to deliver
the highest quality explanations among state of the art rule-based explainers for
tabular data [8].

For each dataset, a local rule-based explainer (LUX) is first applied to gener-
ate one rule per instance at a given locality level. We then compute the average
CC-EDU score, which quantifies empirical contradiction among overlapping lo-
cal rules. Next, the proposed conflict-aware restriction mechanism is applied,
and both CC-EDU and predictive fidelity are recomputed.

To ensure robustness, the evaluation is conducted over a grid of locality
hyperparameters. The neighborhood size k varies from 5 to 100 (in steps of 5,
bounded by dataset size), while the locality scaling parameter λ ranges from 0.01
to 0.2. This results in up to 300 configurations per dataset. All configurations
are evaluated independently and averaged to obtain dataset-level summaries.

In our experiments, both hyperparameters related to our approach – the
overlap threshold τ from Equation (1) and the restriction threshold δ introduced
in Equation (4) – are fixed at 0.01. This means that two rules are considered
contradictory if their coverage overlaps by at least 1% within the neighborhood
of an instance, and a rule is refined only if at least 1% of its covered neighborhood
is involved in such a contradiction. Setting these low, conservative values ensures
that even small overlaps and minor contradictions are detected and addressed,
while avoiding overly aggressive pruning of rules. Maintaining equality between
these two thresholds (τ = δ) establishes a uniform proportional strictness for
conflict management. Thus we demand the same relative evidence: a 1% overlap
against the joint coverage to flag a contradiction, and a 1% overlap against the
rule’s individual coverage to trigger its structural refinement.

4.2 Metrics

Predictive fidelity is measured using the micro-averaged F1 score, computed
between the rule-based predictions and the ground-truth labels. Because local
explainers typically produce precise rule-based explanations—and therefore each
rule evaluated on the instance it was generated for yields an F1 score of 100% –
we compute the overall F1 score across all instances and rules using a weighted
– voting scheme, where the weights correspond to the rules’ confidence values.
Let F1base denote the baseline fidelity and F1r the fidelity after restriction. We
report the relative change in fidelity as:

F1 Gain =
E[F1r − F1base]

E[F1base]
. (5)

Empirical disagreement is measured using CC-EDU, where lower values indi-
cate less contradiction among overlapping rules. Let EDUbase and EDUr denote
the values before and after refinement, respectively. The relative contradiction
reduction is defined as:

EDU Drop =
E[EDUbase − EDUr]

E[EDUbase]
. (6)
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Fig. 2. Heatmap of CC-EDU across varying neighborhood size k and LUX locality
settings for the Breast Cancer dataset.

All reported values correspond to averages over valid hyperparameter con-
figurations.

4.3 Results

Across 1350 evaluated configurations, the proposed refinement consistently re-
duces empirical contradiction. The macro-average CC-EDU reduction across
datasets equals 10.58%, with dataset-specific reductions ranging from 5.68%
(Sonar) to 13.47% (Iris). Most datasets exhibit reductions between roughly 9%
and 13%, indicating a stable and systematic decrease in overlapping contradic-
tory regions in the explanation space.

Figure 2 shows the average CC-EDU values across combinations of neigh-
borhood size k and LUX locality parameters. Lower values indicate reduced em-
pirical contradiction. The consistent decrease across locality scales demonstrates
that the restriction mechanism robustly suppresses overlapping contradictory
rule regions, largely independent of the chosen locality configuration.

In contrast, predictive fidelity remains essentially unchanged and shows a
slight overall improvement. The macro-average relative change in F1 equals
+0.12%, indicating a negligible but positive aggregate effect. While two datasets
exhibit small decreases in fidelity (Breast Cancer: -0.65%, Pima: -0.48%), the
remaining datasets show minor improvements. All changes remain well below
one percentage point in magnitude, confirming that contradiction reduction is
achieved without materially affecting predictive performance.

Figure 3 presents how varying the neighborhood size k and the LUX local-
ity setting affects F1 performance, highlighting the contrast between invariant
unrestricted rules and the k-sensitive behavior of restricted rules.

Under unrestricted rules, F1 remains nearly constant across k because predic-
tions are aggregated via weighted voting. Even if larger neighborhoods introduce
contradictory rules, those closer to the instance still dominate the vote, keeping
the final classification stable.
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Fig. 3. Heatmap of F1 scores across varying neighborhood size k and LUX locality
settings for the Breast Cancer dataset.

Under restricted rules, overlapping coverage decreases, so contradictions are
no longer smoothed out by voting. As a result, variations in k produce more vis-
ible – yet still minor – perturbations in F1. This further illustrates that F1 alone
is insufficient to detect contradictory rule overlap, as reductions in empirical
disagreement can occur while predictive fidelity remains practically unchanged.
The summary of the results discussed in this section is given in Table 1.

Table 1. Predictive fidelity and empirical disagreement before and after conflict-aware
restriction. All values are averaged over evaluated hyperparameter configurations.

Dataset F1base F1r F1 Gain EDUbase EDUr EDU Drop

Breast Cancer 0.7766 0.7715 -0.0065 0.0068 0.0059 0.1301
Iris 0.8756 0.8856 0.0114 0.0218 0.0189 0.1347
Credit-G 0.8053 0.8063 0.0012 0.0250 0.0226 0.0958
Sonar 0.6392 0.6419 0.0043 0.0572 0.0540 0.0568
Pima 0.8462 0.8421 -0.0048 0.0245 0.0217 0.1134
Wine 0.5457 0.5464 0.0014 0.0169 0.0152 0.1039

Macro avg 0.7481 0.7490 0.0012 0.0254 0.0230 0.1058

Column definitions: F1base, F1r: baseline and post-restriction predictive fidelity;
F1 Gain: relative F1 gain, see Eq. (5); EDUbase, EDUr: baseline and post-restriction
empirical disagreement; EDU Drop: relative reduction in CC-EDU, see Eq. (6).

Importantly, the reduction in contradiction is achieved without degradation
in predictive alignment. This suggests that empirical conflicts are concentrated
in locally unstable or overlapping regions that contribute disproportionately to
disagreement but only marginally to global predictive performance.
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Fig. 4. Sample sensory readings from a coal-mine shearer with operational states
marked with colours.

5 Use case

This use case applies CC-EDU to a coal-mine shearer state-classification task
with existing, formal expert rules as prior knowledge—a key difference from our
earlier work [6], where experts inspected clustering outcomes and refined the
knowledge manually. Here, CC-EDU automatically detects inconsistencies be-
tween locally discovered, rule-based explanations of a classifier and the expert
rule base, then guides conflict-aware restriction with CC-EDU to align explana-
tions with domain knowledge.

Accurate and well-explained recognition of shearer operational states un-
derpins safety monitoring and predictive maintenance: operators must not only
know what state the machine is in, but also why, to diagnose anomalies, prevent
unsafe behaviour, and plan interventions from sensor evidence. Figure 4 shows
sample sensory readings with classification results marked with colours.2

We trained a RandomForest classifier on shearer logs, then used LUX to ex-
tract a compact set of local, rule-based explanations that cover the prediction
space. We injected the expert rule base into the explanation space and treated
it as protected: whenever a discovered rule contradicted an expert rule, only
the discovered rule could be restricted. CC-EDU was computed in its global
setting, aggregating contradictions over the full test distribution, with sensitive
overlap/restriction thresholds δ = τ = 10−3) to capture small but systematic
conflicts. We then applied conflict-aware restriction to shrink only those dis-
covered rules implicated in contradictions with expert rules, re-evaluated global
CC-EDU, and measured alignment via micro-F1 by executing the rule sets on
the test data before and after restriction.
2 The dataset is publicly available at: https://gitlab.geist.re/pml/x_benchmark-with-

selected-datasets.
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In this protected-prior setting, CC-EDU revealed explanation-level contra-
dictions between discovered rules and the expert rule base. After conflict-aware
restriction, the mean global CC-EDU decreased from 0.0297 to 0.00921 (CC-
EDU Drop = 68.99%) and predictive alignment improved (F1 Gain = 15.31%)3.
This was in contrary to previously observed negative fluctuations of F1 score
reported in evaluation on benchmark datasets in Section 4 and shows that the
overall impact of proposed restriction to the quality of the resulting rule-set
highly depends on the data.

6 Discussion and Conclusion

The empirical results support the central claim of this work: empirical disagree-
ment among local rule-based explanations can be reduced through conflict-aware
restriction while preserving predictive fidelity. Across 1350 evaluated configura-
tions, the proposed refinement achieves a macro-average CC-EDU reduction of
10.58%, while inducing only negligible changes in F1 (macro-average relative
change of +0.12%). These results show that the explanation-level inconsistency
can be mitigated with almost no cost in fidelity performance. The observed mi-
nor fluctuations in F1 are expected. Restricting rules necessarily reduces their
coverage in certain neighborhoods, potentially removing both contradictory and
correct predictions. However, contradiction tends to concentrate in locally unsta-
ble or overlapping regions of the input space. Consequently, refinement primarily
eliminates epistemic inconsistency rather than predictive signal. In this sense,
the method behaves as a structural regularizer in explanation space: it simplifies
overlapping decision regions while preserving their essential predictive behavior.

More broadly, the findings suggest that local faithfulness alone is insufficient
to guarantee explanation reliability. Because local post-hoc methods typically
omit the implicit neighborhood precondition from their final output, they often
project an illusion of global validity. This structural omission can trigger cogni-
tive biases, prompting users to blindly over-generalize local insights to broader
regions of the feature space [1]. While ideally an explanation interface should ex-
plicitly display both the extracted rule and its defining bounding context to pre-
vent this unbounded extrapolation, visualizing complex high-dimensional neigh-
borhoods for human experts is rarely feasible in practice. Even when individual
rules are locally accurate, their mutual overlap may induce contradictions that
introduce epistemic uncertainty. Such inconsistency is particularly problematic
in high-stakes domains, where explanation stability is as important as predictive
performance. By explicitly modeling disagreement through CC-EDU, we extend
uncertainty quantification beyond predictive variance and into the structure of
explanations themselves.

The proposed framework contributes two key elements. First, CC-EDU pro-
vides a principled metric for quantifying empirical contradiction among local
rules via their induced coverage sets. Second, conflict-aware restriction offers
3 For source codes and use case examples see:

https://github.com/sbobek/ruledisagree.
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a targeted refinement mechanism that reduces instability without resorting to
naive pruning or global majority voting, thereby preserving instance-level in-
terpretability and locality. Additionally, in this work we focused solely on rules
derived automatically by the explainer; however, in practice, the explanation rule
base can be enriched with expert-defined rules that act as safeguards, against
which our framework can detect and resolve contradictions.

Several limitations remain. The current implementation involves non-trivial
computational cost due to neighborhood-based overlap analysis, which may re-
quire optimization for very large datasets. Additionally, the framework assumes
axis-aligned rule structures; extending the approach to oblique or more expres-
sive rule forms constitutes a promising direction for future work. Furthermore,
because the contradiction metric relies on empirical coverage, it is inherently
sensitive to sampling variance and data drift. Changes in the underlying data
distribution may alter the observed rule overlaps, requiring re-evaluation of the
explanation consistency in dynamic environments. A comprehensive sensitiv-
ity analysis of the introduced hyperparameters, such as the overlap thresholds
(τ , δ) and disagreement weights (α, β), was not conducted in this study and
remains an important direction for future research to fully understand their im-
pact across diverse data configurations. Finally, we demonstrated the method’s
performance on one rule per instance scenario, it would be valuable to explore
how the framework performs when multiple rules are generated per instance, as
this could introduce additional layers of complexity in terms of rule interactions
and contradictions.

In summary, we introduced a formal framework for detecting and resolving
contradictions among local rule-based explanations. By framing explanation in-
consistency as an epistemic uncertainty, we integrate conflict analysis into the
broader discourse on uncertainty-aware AI. The results demonstrate that expla-
nation consistency can be improved with minimal predictive cost, highlighting
the importance of consistency-aware explanation generation in critical applica-
tions.
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