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Abstract
The increasing demand for transparency in machine learning has spurred the develop-
ment of techniques that provide faithful explanations for complex black-box models. In 
this work, we introduce RaMiCo (Region Aware Minimal Counterfactual Rules), a model-
agnostic method that extracts global counterfactual rules by mining instances from diverse 
regions of the input space. RaMiCo focuses on single-feature substitutions to generate 
minimal and region-aware rules that encapsulate the overall decision-making process of 
the target model. These global rules can be further localised to specific input instances, 
enabling users to obtain tailored explanations for individual predictions. Comprehensive 
experiments on multiple benchmark datasets demonstrate that RaMiCo achieves competi-
tive fidelity in replicating black-box behaviour and exhibits high coverage in capturing the 
intrinsic structure of white-box classifiers. RaMiCo supports the development of trustwor-
thy and secure machine learning systems by providing transparent, human-understandable 
explanations in the form of concise global rules. This design enables users to verify and 
inspect the model’s decision logic, reducing the risk of hidden biases, unintended behav-
iours, or adversarial exploitation. These features make RaMiCo particularly suitable for 
applications where the reliability, safety, and verifiability of automated decisions are 
essential.

Keywords  Explainable artificial intelligence · Rule-based explanations · Counterfactual 
explanation · Region-aware rule extraction · Model-agnostic explanations

1  Introduction

As machine learning and artificial intelligence (AI) methods become more widespread 
and complex, it is more and more important to provide user-friendly explanations for 
their decision-making processes. Explainable AI (XAI) methods generate explanations 
for the reasoning behind AI predictions, enabling domain experts to validate and trust 
the AI models and allowing those affected by AI-based decisions to understand their 
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rationale (Schoenborn & Althoff, 2019). This need for explainability is reinforced by recent 
regulations on personal data processing, such as the AI Act and the General Data Protec-
tion Regulation (GDPR), which require a certain level of transparency for AI to be used in 
real-world decision- making (Foulsham et al., 2019).

Also, the integration of AI into real-world critical systems raises significant security 
concerns about the safety, reliability, and verifiability of automated decisions. In such 
contexts, it is essential not only to ensure high predictive performance but also to provide 
mechanisms that make model behaviours transparent, understandable, and resistant to 
manipulation or adversarial influence. Explanations must therefore serve a dual purpose: 
they should enable human stakeholders to comprehend and validate the decision process, 
and they should contribute to the robustness of the system by exposing potential vulner-
abilities or unintended behaviours that could compromise its security or trustworthiness.

XAI approaches can be categorised as model-specific methods, tailored to spe-
cific machine learning (ML) architectures like neural networks  (Alfeo et  al., 2023a), or 
model-agnostic methods  (Gagliardi et  al., 2023), applicable to any black-box AI model. 
Explanations can also be global or local (Arrieta et al., 2020): global methods explain the 
entire decision logic of a model, while local methods focus on decisions for specific input 
instances. Finally, the explanations can be characterized by different forms: (i) instance-
based explanations, aimed at linking a given instance to prototypes or counterfactual exam-
ples, enabling similarity-based reasoning, e.g. a counterfactual is an instance similar to the 
one to explain corresponding to a different model outcome (Guidotti, 2024); (ii) attribu-
tion-based explanations, aimed at assessing each input feature’s contribution to the predic-
tion, both on local and global level (Alfeo et al., 2023b); and (iii) rule-based explanations, 
aimed at approximating the model’s decision process using logical rules, such as if-then 
statements (Guidotti et al., 2024).

Rule-based and counterfactual explanations are highly user-friendly, as they offer pre-
dictive insights into a model’s behavior, presenting it in terms of causes and effects (Chou 
et  al., 2022), which mimics human reasoning  (Byrne, 2016). Still, counterfactual expla-
nations are inherently local, and rule-based explanations can become verbose and hard 
to interpret depending on their complexity and numerosity. To address these limitations, 
researchers are exploring hybrid approaches that combine the strengths of both. For exam-
ple, Guidotti et al. (2024) introduces a more abstract form of counterfactuals using logical 
rules instead of simple feature flips, along with an abstract representation of a sample’s 
neighborhood with different black-box outcomes.

These methods simplify complex model behaviors into understandable rules, enabling 
global and local insights into changes in black-box model outcomes. Many rule-based XAI 
approaches use surrogate models, such as distillation-based approaches exploiting decision 
trees, to extract rules able to approximate the behavior of an AI model (Love et al., 2023). 
While effective in capturing the average decision-making process, proxy models often fail 
to represent subtle feature variations that result into class changes, which are crucial for 
counterfactual explanations. Such variations typically occur in specific subgroups of train-
ing data, like near decision boundaries or between class prototypes, and are often missed by 
surrogate models due to their reliance on generalized approximations rather than regional 
feature dynamics. Existing methods in rule extraction focus on global explainability, often 
compromising regional explainability of minor subgroups of data to achieve better overall 
performance across the entire data distribution (Chen et al., 2024).
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This paper introduces a novel approach to generate counterfactual rules able to summa-
rise the decision-making process of any black-box model for tabular data. The explanations 
produced are predictive of the model’s behaviour both locally, i.e., a rule for each single 
instances, and globally, i.e., unveiling the entire decision logic focusing on specific regions 
of the sample space.

The proposed approach, named RaMiCo (Region Aware Minimal Counterfactual 
Rules), systematically identifies instances from a black-box input space to derive minimal 
yet highly informative counterfactual rules. By concentrating on single-feature substitu-
tions within designated regions of the input space, RaMiCo produces explanations that 
are both faithful to the original model’s decision-making process and inherently minimal, 
thereby enhancing interpretability. RaMiCo not only ensures that the derived rules closely 
reflect the decision-making mechanisms of the underlying classifier but also ensures that 
the generated counterfactuals are maintained within the natural data distribution.

Consequently, RaMiCo specifically addresses the need for transparent, verifiable, and 
manipulation-resistant machine learning models in critical decision-making scenarios by 
providing an explanation framework that extracts concise, semantically meaningful global 
rules from black-box models. Its design supports the creation of transparent, human-read-
able explanations that allow end-users and domain experts to understand and verify the 
decision logic of ML systems, thereby reducing the risks of hidden biases or unintended 
behaviours. Moreover, the ability of RaMiCo to produce consistent and inspectable rules 
facilitates system auditing and resilience analysis, contributing to the development of 
secure and reliable AI solutions.

RaMiCo is firstly evaluated using a white-box model, such as a decision tree, thereby 
illustrating its capacity to comprehensively extract global minimal rules that reflect the 
intrinsic structure of the tree, i.e., the rules coverage of the tree. RaMiCo is also assessed in 
the extraction of global rules from black-box models, demonstrating the coherence of these 
rules with the problem input space, i.e., the rules plausibility, and their strong alignment 
with the model’s decision-making processes, i.e., the rules fidelity.

The rest of the paper is organized as follows. Section  2 outlines the proposed XAI 
approach, Sect. 3 describes the experimental dataset, Sect. 4 details the experimental setup 
and results, and Sect. 5 discusses the findings and presents the conclusions.

2 � Related works

Rule-based XAI methods (Rapp et al., 2024) aim to create simpler and interpretable rule-
based models that are able to approximate the behavior of an AI black-box model (Mahya 
& Fürnkranz, 2023). These methods can be categorized as follows (Marshakov, 2021):

•	 Pedagogical: These methods treat the ML model as a black box, focusing on its learned 
function. They extract rules that describe the relationship between inputs and outputs 
without using internal model details (De Fortuny & Martens, 2015).

•	 Decompositional: These methods analyze the model’s internal structure, such as 
weights or activation patterns in neural networks, to break down decision-making 
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into transparent components, explaining how specific features contribute to predic-
tions (Zarlenga et al., 2021).

•	 Eclectic: These hybrid methods combine black-box analysis with internal model 
inspection to extract rules describing input–output relationships (Hao et al., 2022).

In this context, model-agnostic post-hoc XAI methods  (Mahya & Fürnkranz, 2023) belong 
to the pedagogical category. Many use decision tree-based proxy models, treating the net-
work as a black box and training proxies on input data and the AI model’s predictions. 
For instance, the SIRUS approach  (Bénard et  al., 2021) is a rule-based XAI approach 
working into two steps: training a black-box model and constructing a secondary model 
to extract non-overlapping rules that capture robust patterns in the data. As another exam-
ple, the inTrees approach (Deng, 2019) can extract, prune, and summarize rules from tree 
ensembles like Random Forests and Boosted Trees, ranking rules based on their length, 
support, and error. As such this method does not fall exactly under the umbrella of the 
model-agnostic approaches. Finally, well-known methods like LIME  (Salih et  al., 2024) 
and Anchor (Elkhawaga et al., 2023) provide only local explanations and require continu-
ous features to be discretized before use. The approach proposed in Luo et al. (2020) shares 
similar limitations. It uses association rule mining to transform rule extraction into identi-
fying frequent item sets–groups of items that commonly appear together in training sam-
ples. This requires numerical features to be discretized into categorical items (Chakraborty 
et  al., 2020), leading to a trade-off between speed and performance  (Ley et  al., 2022). 
Moreover, discretizing features individually, based solely on their marginal distributions 
rather than joint distributions, assumes feature independence–an assumption often invalid 
in real-world scenarios.

Additionally, evaluating rule sets involves balancing support and confidence. While 
proxy methods effectively capture the average decision-making process of the model, they 
struggle to account for subtle feature variations that lead to class changes  (Chen et  al., 
2024). These variations are often exhibited in specific subgroups of training samples, such 
as those near decision boundaries or between different classes’ prototypes. As such, these 
differences are poorly represented by surrogate-based rule extraction due to its reliance 
on generalized approximations rather than precise local feature dynamics (Freiesleben & 
König, 2023).

To address this issue, the authors in  Chen et  al. (2024) introduce a model-agnostic 
method for extracting rules from specific data subgroups, including automatic rule 
generation for numerical features, improving regional explainability in machine learn-
ing models. This approach aligns with XAI research focusing on XAI for counterfac-
tual rules. As an example, Rawal and Lakkaraju (2020) introduced Actionable Recourse 
Summaries (AReS), a framework that uses a greedy heuristic search to generate global 
counterfactual rules, though it may lead to unstable and inaccurate results. Similarly, the 
Regional Counterfactual Rule (Amoukou & Brunel, 2022) also targets global counterfac-
tual rules but directly handles continuous features and leverages random forest partitions 
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to reduce the search space, focusing on high-density regions to ensure plausibility. More 
recently, authors in  Guidotti et  al. (2024) proposed a method to generate factual and 
counterfactual rules using a genetic algorithm to synthesize data similar to the instance 
being explained. The approach builds an ensemble of local decision trees via bagging, 
which are then merged into a single interpretable decision tree for stability. Factual rules 
are derived from the root-to-leaf path of the decision tree, while counterfactual rules 
are obtained by identifying minimal feature changes that alter the prediction. However, 
merging decision trees and generating genetic neighborhoods can be computationally 
intensive and sensitive to hyperparameter settings. Despite these challenges, the method 
is modern and effective (Guidotti et al., 2024) and will be considered as a competitor in 
this study.

Our proposal provides an effective, post-hoc and model-agnostic XAI approach for rule 
extraction. Compared to similar solutions introduced in this section, the proposed approach 
avoids any transformation of categorical features (Chakraborty et al., 2020) and complex 
rule search procedures  (Rawal & Lakkaraju, 2020; Guidotti et  al., 2024). Above all, our 
approach overcomes the trade-off between global and local representation of the decision-
making process of the ML model (Freiesleben & König, 2023; Chen et al., 2024). Indeed, 
by mapping different sub-populations of the training instances, the proposed approach is 
able to derive global counterfactual rules while also offering a good approximation of local 
decision-making of the ML model.

3 � Methodology

In this section we present the RaMiCo (Region Aware Minimal Counterfactual Rules) XAI 
method, a model-agnostic framework aimed at extracting minimal counterfactual rules 
from a black-box classifier. With minimal, we refer to rules characterized by the least num-
ber of items i.e., features to change in order to flip the output of the model.

Given a classification problem where C = {0, 1,…}, ci ∈ ℕ is the class set, and 
M ∶ X → C is a black-box model, with X samples space of the classification problem, 
X ⊆ Rn , with n ∈ ℕ features that characterize the samples within X. We say that the model 
M assigns (or predicts) a class, c ∈ C , to each sample x ∈ X as M(x) = c.

RaMiCo analyzes both the class input space Xc ⊂ X , i.e. the partition of sam-
ples associated with class c, as well as the input spaces outside the class, i.e. 
X≠c ∶ Xc ∪ X≠c ≡ X and Xc ∩ X≠c ≡ ∅ . Drawing from Xc , RaMiCo selects s samples, 
referred to as the factuals. For each of these s samples, it extracts k samples from X≠c , 
designated as counterfactuals. By capitalizing on the distinctions between each factual 
instance and its counterfactuals, RaMiCo derives global rules that elucidate the model’s 
decision-making processes.

For each class space Xc present in X, the pseudocode of the proposed framework is 
detailed in Algorithm 1 and works according to the following steps:
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Algorithm 1   RaMiCo: Region Aware Minimal Counterfactual Rules

 

1.	 Select s samples from Xc , X(s)
c

 , and, for each of these samples, i, mine its k counterfactu-
als from X≠c , X

(s)i
≠c

.
2.	 For each of the k × s couples of samples, (xi, xj) , generate a set of new samples Gxi,xj

 by 
switching a single feature value a ∶ xi[a] ≠ xj[a] between xi and xj.

3.	 Select G̸c  from G by evaluating the output of the model M on it.
4.	 For each sample in G̸c  , consider its predicted class p, and generate a rule-record as: 

(c, p) by switching attribute a from xi[a] to xj[a]
5.	 Generate a rule from the rule-records by aggregating them by the same start-

ing class c, switching class p and target feature a and computing the average and 
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the standard deviation of the values xi[a] and xj[a] during the aggregation: c → p , 
a ∶ �[xi[a]] ± �i[xi[a]] → �[xj[a]] ± �j[xj[a]]

Suppose, for instance, that three factual–counterfactual rule-records are mined for the 
transition from a class 0 to class 1 on feature age:

RaMiCo fixes the key (0→1, age) and computes

The resulting global rule is then presented as:

It is important to note that through this aggregation, RaMiCo effectively prevents conflicts 
within rules, as there exists a singular rule associated with the triplet c, p, a, consisting of 
the starting class, ending class, and feature. If this triplet refers to rule-records that exhibit 
excessive heterogeneity or conflict, this will manifest as an increase in the standard devi-
ation corresponding to the rule. In  situations where the standard deviation surpasses the 
acceptable threshold for the user, it is advisable to separate the rule records and perform 
the rule aggregation again until an acceptable standard deviation is achieved.

The cardinality of Gxi,xj
 is equal to the number of mismatches in the value of the fea-

tures between xi and xj . Consider the overall group of sets G that includes all the sets 
generated for each couple of samples.

To select these instances different regions of the input space are exploited. RaMiCo 
employs the mine_counterfactuals function (Algorithm 1, line 6). This function repre-
sents a sequence of combined mining strategies. These strategies include:

•	 Decision-Boundary Mining: Factuals and counterfactuals are identified in close 
proximity between Xc and X≠c . The extracted rules highlight minimal feature differ-
ences that change the classification outcomes. This mining strategy exploits the pair-
wise distance between Xc and X≠c and selects the s samples from Xc with minimal 
distance to X≠c . Once the factuals have been mined, the counterfactuals are selected 
as the first k samples with the minimal distance to each factual.

•	 Prototype Mining: Factual and counterfactuals are selected as centroids for the 
class and out-class spaces. The extracted rules denote significant feature differences 
altering classification outcomes. This mining strategy computes the s-medoids of the 
Xc space as the factuals and the k-medoids of the X≠c space as counterfactuals.

•	 Random Mining: Factual and counterfactuals are randomly chosen from within and 
outside the class space. The extracted rules comprehensively cover the sample space, 
offering insights from various samples. However, the learned rules are less interpret-
able as they do not originate from a specific space section.

(0→1, age) ∶ 30 → 35, (0→1, age) ∶ 32 → 38, (0→1, age) ∶ 28 → 33.

v̄1 =
30 + 32 + 28

3
= 30, 𝜎1 =

√
(30 − 30)2 + (32 − 30)2 + (28 − 30)2

3
≈ 2,

v̄2 =
35 + 38 + 33

3
= 35.3, 𝜎2 =

√
(35 − 35.3)2 + (38 − 35.3)2 + (33 − 35.3)2

3
≈ 2.05.

If age increases from 30 ± 2 to 35.3 ± 2.05, then class 0→1.
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Since we deal with mixed categorical and numerical features values, the distance is com-
puted as the Gower distance, defined as:

where equation (1) is for numerical features and (2) is for categorical features.

3.1 � Features values switching

The generation of the set Gxi,xj
 can produce outliers due to switching feature values in dif-

ferent space regions. The inferred rules may transition between feature values that are 
unfeasible for space X.

For instance, if the sample xj possesses attribute a such that xj[a] = v2 ≠ xi[a] , where 
xi[a] = v1 , the algorithm generates a new sample x∗ defined as x∗ = xi with x∗[a] = v2 . If 
the model’s prediction for x∗ , denoted as M(x∗) , results in p ≠ c , the inferred rule is repre-
sented as (c, p), a ∶ v1 → v2.

However, this inference may be problematic if x∗ ∉ X or if it represents an implausible 
feature combination, such as one that contradicts existing feature dependencies. In such 
cases, the inferred rule suggests a transition to v2 , a value that may not be valid within the 
actual data distribution. Moreover, even if x∗ does not violate feature dependencies, it 
might correspond to a rare or outlier instance in the dataset. As a result, while the inferred 
rule remains faithful to the model–since M(x∗) = p ≠ c–it may not accurately capture a 
general trend within the input data, depending on the likelihood of x∗ occurring within X . 
To address this issue, RaMiCo employs an isolation forest model on X to assess sample 
coherence from Gxi,xj

 for X. The sample’s plausibility, � , i.e., the isolation forest’s outlier 
score, is assigned to each rule record and averaged in the aggregation step.

This way, each rule has a plausibility score assigned to it and can be read as:
(c, p), a ∶ �[xi[a]] ± �i[xi[a]] → �[xj[a]] ± �j[xj[a]] with plausibility �a
Or more compacted:
(c, p), a, �a ∶ �[xi[a]] ± �i[xi[a]] → �[xj[a]] ± �j[xj[a]]

3.2 � Computational complexity

Let n denote the number of input features, s the number of factual samples, and k the num-
ber of counterfactual samples. If the problem has m instances, we assume that s and k are 
small enough compared to m. Hence, the mining step selects a small number of instances 
highly representative of the input space, so that s × k ≤ m . Note that, if this assumption 
doesn’t hold, in the worst case we would have s = k = m , hence s × k = m2

We also assume that each prediction of the model (that is, the evaluation in one instance) 
requires constant time O(1), as its computational cost depends on the internal structure of 
the model.

d(xi, xj) =
1

M

M�
m=1

s
(m)

ij

⎧
⎪⎨⎪⎩

(1)s
(m)

ij
=

�x(m)
i

−x
(m)

j
�

max(x(m))−min(x(m))

(2)

�
s
(m)

ij
= 1,← x

(m)

i
= x

(m)

j

s
(m)

ij
= 0,← x

(m)

i
≠ x

(m)

j

�RRc,p,a
[�] = �a
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In total, we have s × k factual-counterfactual pairs, and for each pair, we need to evalu-
ate if, by switching their feature values, the model changes its prediction. First, we check 
if the feature values si, ki, i ∈ 1… n are different si ≠ ki , and in case they are, we evalu-
ate the model on each new generated instance. In the worst case, all the n features are 
different between the factual and the counterfactual pair, so we need O(n) operations to 
check the difference, and O(n) × O(1) = O(n) model predictions. The total cost of this step 
is O(n) + O(n) = 2 ⋅ O(n) = O(n) for each factual counterfactual pair k × s × O(n) . If our 
starting assumption s × k ≤ m holds the computational cost is O(m ⋅ n) or O(m2

⋅ n) in case 
it doesn’t.

In RaMiCo we utilise 3 mining approaches to select the factual and counterfactu-
als from the input space: Random, Prototype and Decision Boundary. The complexity of 
the Random approach is O(k ⋅ s) ; if we choose to implement the Prototype method with a 
k − medoids approach its complexity is O(k ⋅ s ⋅ m2) ; and the complexity of the Decision 
Boundary approach is O(m2) due to the distance matrix computation.

Overall, if we keep k, s much smaller compared to m, such as k × s ≪ m we can con-
clude that the RaMiCo complexity depends mostly on the pairs selection and its complex-
ity is O(n) + O(m2) , if we consider n ≤ m than the complexity is O(m2) . If our starting 
assumption holds, k × s ≤ m , then the complexity raise to O(m ⋅ n) + O(m2) = O(m2) . If 
our starting assumption doesn’t hold, we don’t have the mining overhead as we select all the 
samples as factuals and counterfactuals, and the overall complexity is O(m2

⋅ n) = O(m3).
Figure 1 illustrates the runtime of RaMiCo’s global rule learning process as the number 

of input samples m increases, with fixed parameters k = 10 and s = 10 and syntetically 
generated datasets with n = 100 features. The datasets generation process included creating 
feature clusters that represent distinct classes, c = 2 , by placing points around the vertices 
of a high-dimensional space; then introducing dependencies by deriving some features as 
linear combinations of the informative ones; and finally adding random noise features to 
increase complexity. This procedure has been implemented using the make_classification 
functionality of the sklearn Python library with default parameters. All the simulations run 

Fig. 1   Runtime of RaMiCo’s global rule learning procedure as a function of the number of samples m, with 
parameters k = 10 and s = 10 . The starting hypothesis k × s ≤ m holds in this simulation. The empirical 
runtime is compared to theoretical complexity fits of O(m logm) and O(m2) . The results show that the theo-
retical upper bound O(m2) overestimates the actual complexity, which approaches this bound asymptotically 
for large m 
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on a 2x24-core AMD Epyc 7402 CPU 2.8 GHz with 256 GB of RAM. Note that in this 
case, the starting hypothesis k × s ≤ m holds, hence the expected theoretical complexity is 
O(m2) . The empirical results are compared to theoretical complexity curves of O(m logm) 
and O(m2) . As expected, the actual runtime of RaMiCo grows faster than O(m logm) but 
remains below the quadratic bound O(m2) in the range of sample sizes tested. This indi-
cates that while the theoretical complexity of O(m2) provides a conservative upper bound, 
the practical runtime behaviour of RaMiCo is more efficient in typical scenarios, approach-
ing the upper bound only asymptotically for large m.

Note that this computational cost needs to be accounted for only once, as the rules 
are learned globally. The localisation step requires instead to locate the query instance in 
the rule-records space. If all the factuals generated at least one rule, this space has s ≤ m 
instances. The localisation step then requires s ⋅ log(s) operations, or O(m ⋅ log(m)) opera-
tions if our starting assumption doesn’t hold.

If we consider evaluating RaMiCo on a set of m new instances, we can split the global 
rule learning cost to each new instance during the localisation. In this case each instance 
localisation cost would be O(m2)∗O(s⋅log(s))

O(m)
= O(m) ⋅ O(s ⋅ log(s)) . If we consider 

k × s ≤ m, s ≪ m the computational cost of RaMiCo in evaluation is linear O(m), while if 
our starting assumption doesn’t hold, i.e. s ≃ m , then its complexity becomes 
O(m2

⋅ log(m)).

3.3 � From global to local

RaMiCo derives minimal counterfactual rules from a black-box classifier. These rules elu-
cidate the decision-making process at a global model level. However, applying such global 
rules to specific input instances can be challenging, as the rules are valid for the regions of 
the sample space from which they have been extracted, i.e., we say that the rules are active 
in such regions.

It’s worth noticing that RaMiCo relies on single-feature substitutions during rule-learn-
ing; thanks to this, RaMiCo is capable to learn a set of minimal rules maximising rule 
comprehensibility. On the other hand, given the fact that it doesn’t rely on multi-feature 
transitions, we are not sure of tracking the model class transition between the factual and 
counterfactual pair. On the other hand, relying on multi-feature transitions implies having 
a greater number of terms in the rule chain, hence decreasing the rule comprehensibility.

The localisation step allows RaMiCo to implicitly capture multi-feature interactions, as 
the set of activated rules reflects the joint behaviour of features within that local context. 
This mechanism ensures that local explanations remain expressive and context-aware, pre-
venting excessive simplification even though the global rule base is composed of individu-
ally simple components.

To identify the minimal rules relevant for a query sample x ∈ X , RaMiCo maps the 
queries within its learned rule space and provides a set of rules active for it. To this aim, 
RaMiCo employs a NearestNeighbours (NN) model trained on the selected factuals. The 
NN model replies to any query sample x ∈ X with a factual and its generated rule-records 
from nearby factuals to x. This way, RaMiCo is able to exploit the global rule records and 
provide local rules for a given input sample x.

Formally, let RR be the union of all rule records RRc,p,a extracted from RaM-
iCo at the end of Algorithm  1. The system assigns each rule record rr , defined as 
rr ∶ (c, p), a ∶ xi[a] → xj[a] with rr ∈ RR , its corresponding factual sample xi . It then con-
structs the Localization Set LS , which consists of pairs ls = (rr, xi) such that ls ∈ LS.
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Let r be the user-defined number of rule records to consider, and let x ∈ X be a query 
sample. The localization system returns the r-nearest records in LS to x , where the distance 
between elements of X and elements of LS is based on the factual elements of the localiza-
tion space:

At inference time, when the user queries the global active rules for a sample x , the system 
retrieves the r-nearest records from LS using the defined distance metric. It then aggregates 
these records by class transition and feature (c, p, a) , computing the mean transition value:

Thus, the system provides the active rule:

If multiple features or class transitions are present among the r-nearest rule records, the 
system generates multiple active rules.

4 � Experiments

In this section, we provide a comprehensive evaluation of our proposed method, assess-
ing its performance across various datasets and machine learning models. We compare our 
approach against state-of-the-art explainable AI (XAI) methods for rule extraction and ana-
lyze the results using well-defined evaluation metrics.

The section is structured as follows:

•	 Experimental Setting: We describe the experimental setup and introduce the different 
experiments whose results are discussed in the following sections.

•	 Datasets and Black-Box Models: We present the datasets used for evaluation and spec-
ify the black-box models employed in the experiments.

•	 Competitors: We outline the explainability methods used as baselines for comparison.
•	 Evaluation Metrics: We define the quantitative metrics used to assess the effectiveness 

and reliability of the explanations.
•	 Results: We analyze and discuss the experimental performance of our approach based 

on the established setup.

4.1 � Experimental setting

To evaluate the effectiveness of our proposed method, we designed two distinct experi-
ments aimed at assessing the quality of the extracted rules in different scenarios.

In the first experiment, we trained a white-box classifier, specifically a Decision Tree 
(DT), and applied RaMiCo to extract decision rules from it. Since the internal structure 
of a decision tree is inherently interpretable, this setting allows us to directly compare the 
extracted rules with the actual decision paths within the tree. The objective is to measure 

x ∈ X, ls ∈ LS, ls = (rr, xi)

dist(x, ls) = dist(x, xi)

�c,p,a[xj[a]] = ��[�]

(c, p), a ∶ x[a] → ��[�]
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how well RaMiCo captures the model’s true decision logic, providing a baseline for evalu-
ating its rule extraction capabilities.

In the second experiment, we evaluated rule extraction methods in a more challeng-
ing setting by training two different black-box classifiers: XGBoost, a gradient-boosting 
decision tree model known for its strong predictive performance, and Multilayer Percep-
tron (MLP), a neural network model capable of capturing complex, nonlinear relationships. 
To interpret these models, we applied three different explainable AI approaches for rule 
extraction, including RaMiCo, to extract decision rules. We then compared the extracted 
rules to assess their effectiveness in explaining the decision-making process of each black-
box model.

4.1.1 � Datasets and black box models

This section details the datasets used to evaluate RaMiCo against leading rule extraction 
methods, including 2 benchmark datasets from the UCI repository: Adult1 and Car Evalu-
ation;2 IBM’s Telco customer churn3 dataset; and a real-world dataset from a real-world 
tissue manufacturing facility.

This facility manufactures industrial equipment used for the production of tissue paper. 
Each machine is composed of two main parts: the embosser and the rewinder. The rewinder 
unwinds and layers reels of raw paper, subsequently transferring them to the embosser. The 
embosser employs rubber and steel rollers to compress and adhere the tissue layers while 
embossing a pattern onto the paper. Each unit is tested with various types of paper and 
diverse production parameters, including rewinder speed and embossing pressure. Meas-
urements are taken from the final product for each configuration. As with many other data-
sets, the company’s data has numerous missing values and is subjected to specific pre-
processing steps. Columns and rows with more than 50% missing data are removed. The 
remaining data instances are grouped based on complete categorical features. Numerical 
missing values are replaced with the median of the respective cluster, whereas categorical 
ones use the mode. A detailed description of these datasets can be found at (Alfeo et al., 
2023a).

Table 1   Summary of the datasets used in this study, detailing the number of features, categorical features, 
and total samples for each dataset

Dataset Features Categorical 
Features

Number of Samples DT (%) MLP (%) XGBoost (%)

Telco 19 16 7032 78 74 77
Adult 14 8 30,162 85 82 87
Car Evaluation 6 6 1728 93 99 98
Res 17 7 382 90 95 94
Bulk 17 7 440 84 90 88%

1  https://​archi​ve.​ics.​uci.​edu/​datas​et/2/​adult.
2  https://​archi​ve.​ics.​uci.​edu/​datas​et/​19/​car+​evalu​ation.
3  https://​www.​ibm.​com/​docs/​en/​cognos-​analy​tics/​11.1.​0?​topic=​sampl​es-​telco-​custo​mer-​churn.

https://archive.ics.uci.edu/dataset/2/adult
https://archive.ics.uci.edu/dataset/19/car+evaluation
https://www.ibm.com/docs/en/cognos-analytics/11.1.0?topic=samples-telco-customer-churn
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Table 1 summarizes the datasets, including feature distributions, sample sizes, and the 
predictive performance, i.e. accuracy on the test set, of the three classifiers used in our 
experiments.

4.1.2 � Competitors

Two competitors have been identified to compare RaMiCo with: a Trepan-inspired 
approach, which extracts minimal rules by training a surrogate decision tree of the black 
box-model, and Local Rule-Based Explanation (LORE) (Guidotti et al., 2024).

LORE creates local counterfactual rules by analyzing individual samples and identify-
ing changes needed to alter predictions. It computes a counterfactual for each query and 
derives rules from the feature differences between the query and its counterfactual.

The Trepan-inspired approach, which we refer as Minimal Rule Tree (MRT), consists of 
training a surrogate decision-tree classifier on the black box model under inspection. Then 
the approach extract minimal rules from the trained decision tree extracting its leaf nodes.

MRT extracts minimal decision rules from DTs by analyzing how slight changes in input 
features affect the model’s prediction. It starts with an empty set of rules and retrieves the 
tree’s root node. For each sample in the dataset, the algorithm first determines its predicted 
class by the decision tree, then identifies the specific leaf node that the sample reaches. 
From this leaf node, it extracts the relevant feature and its threshold value. The sample is 
then slightly modified by increasing the value of that feature by its standard deviation, as 
in Pornprasit et al. (2021), Awal and Roy (2024), creating a new sample. If the prediction 
for the modified sample differs from the original prediction, a minimal rule is recorded 
that captures the transition from the original class to the new class when the feature value 
exceeds the threshold.

4.1.3 � Evaluation metrics

As outlined by recent surveys (van der Waa et al., 2021; Love et al., 2023), to address the 
main limitations of rule-based XAI approaches, the following desirable properties are cru-
cial: (i) compatibility with all ML methods, avoiding any assumptions and precondition 
about the ML model’s construction, training, or data; (ii) ability to produce accurate rules 
describing the ML model behavior (e.g., prediction change); (iii) generation of compact, 
readable rules by eliminating irrelevant ones while preserving essential information; and 
(iv) reduced computational cost for rule extraction.

In this regard, a rule-based XAI approach can be evaluated according to the following 
properties (Awal & Roy, 2024):

•	 Coverage: how well the extracted rules resemble the inner structure of a white-box 
classifier, such as a decision-tree, i.e. how much the rules cover the tree. Given a deci-
sion tree DT, the coverage is computed as the percentage of leaf-nodes in the tree, for 
which there exists a rule with the same feature transition xi[a] → xj[a] . 

 where: R is the set of extracted rules; L(DT) represents the set of leaf nodes in the 
decision tree DT; ra denotes the feature transition in the extracted rule r; na represents 
the feature transition associated with the leaf node n in the decision tree.

Coverage =
||{r ∈ R ∣ ∃ n ∈ L(DT) s.t. ra = na}

||
|L(DT)| × 100
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•	 (In)Comprehensibility, or Minimality: the ability to understand the extracted rules, 
as rules become more complicated in terms of numbers of logical operations in the 
rule chain. The (In)Comprehensibility IC(⋅) of a rule is computed as the number of 
logical operation ( and, or ) in the rule. Note that this is equivalent to the number of 
features or attributes a involved in the rule chain.

•	 Fidelity: how well the extracted rules are in mimicking the black-box model behav-
ior. It is computed as, given an input space X, a set of rules S, a matching function 
m ∶ X → S associating each sample x ∈ X to a rule R ∶ c → p , xi[a] → xj[a] active 
for it, and a black box model M: the percentage number of the samples in X for 
which M(x) = c and M(x�) = p with x′ ≡ x apart from x�[a] ≡ xj[a]

The fidelity metric evaluates the alignment of the model’s responses to a comprehensive 
and collectively applied series of feature-value alterations as delineated by a rule chain. 
As it pertains to the model’s response, the metric is immune to confounding issues of 
feature correlation that might impact the rule’s learning process. The fidelity assessment 
determines whether the model’s output corresponds with the predicted class transition 
upon the application of the entire set of prescribed features’ modifications. If one of 
the altered features exhibits a strong correlation with another feature, the model might 
derive its information from the latter and not the altered one, potentially preventing 
any change in prediction as specified by the rule. In such a scenario, the fidelity would 
invariably be 0, as the rule failed to represent the behavior of the model.

Given that the fidelity metric has been specifically defined for local rules, and RaM-
iCo is designed to generate global rules, we adopted the localization method provided 
by RaMiCo in order to extract a collection of local rules applicable to a given sample. 
Subsequently, these rules were collectively applied to the sample. The parameter for 
determining the number of rules-records r to be selected each time is user-adjustable 
within the method. Increasing the parameter r results in a greater number of global rules 
involved, thereby raising the likelihood of a transition to the target class and, conse-
quently, enhancing the fidelity of the approach. However, this also results in a greater 
number of rules, thus potentially diminishing its comprehensibility.

To evaluate the fidelity of rules extracted by LORE we followed these steps: 

1.	 Query LORE with each input sample x ∈ X.
2.	 For each query x, obtain a set of rules S.
3.	 For each rule r ∈ S with class transition c → p , verify that both M(x) = c and M(x) = p 

with x� ≡ r(x).

The InComprehensibility of LORE can be determined directly by applying the provided 
definition. In contrast, for both RaMiCo and MRT, the active rule chain is contingent 
upon the localization method employed to associate the sample x with its corresponding 
set of active rule-records. For RaMiCo, assuming r rule records, InComprehensibility is 
measured by the number of distinct features present in the r-records. Consequently, the 
upper bound of InComprehensibility for RaMiCo is r. For MRT, InComprehensibility 
is calculated as the average depth of the surrogate decision tree as, to achieve sample 
localization x, it is necessary each time to identify the active leaf node, predict the class 

Fidelity =
|{x ∈ X ∣ M(x) = c and M(x�) = p}|

|X| × 100
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c by applying the tree chain rule from the root to the leaf, and subsequently compute the 
minimal rule, as elucidated in the preceding section.

For RaMiCo rules, the plausibility of the rules, � , defined in Sect. 3, is reported to meas-
ure how well the rule reflect the actual data distribution. To facilitate interpretability, the 
plausibility values were normalized using the minimum and maximum isolation scores of 
the original training samples. With this normalization, a plausibility score greater than one 
indicates that the generated sample has an anomaly score greater than any sample in the 
dataset, while a value below zero implies that the sample has an anomaly score lower than 
any sample in the dataset. A plausibility value around 0.5, as observed in our experimental 
results, suggests that the generated samples and the corresponding extracted rules exhibit 
an anomaly score similar to the average samples in the input space. This provides insight 
into the extent to which the mined samples align with the natural distribution of the data-
set, thereby informing the choice of mining strategy for generating meaningful rule-based 
explanations.

4.2 � Results

4.2.1 � White‑box rules‑extraction experiment: plausibility

In the first experimental setup, we trained and tested a decision tree classifier on all the 
datasets considered in the study. We then applied the RaMiCo methodology using three 
different mining strategies–Random, Center, and Decision Boundary–to extract factual and 
counterfactual samples. For each generated sample, we computed the plausibility value, 
which quantifies how isolated the sample is within the input space. The boxplots in Fig. 2 
present the distribution of plausibility values obtained from different mining strategies, 
averaged across various hyperparameter configurations of the RaMiCo algorithm, specifi-
cally the number of factual and counterfactual samples.

Analyzing the results across the three mining strategies, we observe that the Center 
approach consistently produces the most plausible rules, as indicated by its lower plau-
sibility scores compared to the Random and Decision Boundary strategies. This out-
come is expected, given that the Center strategy selects samples that are closer to the 
core distribution of the dataset, making them less isolated. Conversely, the Random 

Fig. 2   Comparison of plausibility values for different mining strategies used in the RaMiCo methodol-
ogy across multiple datasets. The three mining strategies–Random, Center, and Decision Boundary–are 
employed to extract factual and counterfactual samples from the input space. Plausibility is computed as the 
isolation score of the sample, normalized by the minimum and maximum isolation scores within each data-
set (lower values indicate better plausibility). The boxplots illustrate the distribution of plausibility values 
for each mining strategy applied to the respective datasets



	 Machine Learning (2025) 114:225225  Page 16 of 24

strategy tends to generate the least plausible rules on average, with higher plausibility 
values, suggesting that the extracted samples are more isolated from the overall data 
distribution. This is likely due to the fact that samples are mined from non-congruent 
space sections, leading to the selection of samples that are less representative of the 
dataset’s general structure.

These results demonstrate the capability of RaMiCo to generate samples and extract 
rules that remain consistent with the data distribution due to its minimality-driven 
structure. The sample generation mechanism involves the substitution of one feature 
at a time, effectively minimizing the introduction of outliers. This controlled modifica-
tion process ensures that the generated factual and counterfactual samples are plausible 
within the dataset’s original space, reinforcing the reliability of the extracted rules for 
interpretable model analysis.

Figure  3 shows the percentage of unique rules extracted by RaMiCo under dif-
ferent mining strategies across multiple datasets. A unique rule, is a rule (c,  p), 
a, �a ∶ �[xi[a]] ± �i[xi[a]] → �[xj[a]] ± �j[xj[a]] extracted from a RaMiCo mining strat-
egy, which does not appear in the set of the extracted rules of another mining strategy. 
Two rules r1 and r2 are considered the same if sharing equal (c, p), a and overlapping 
�[xi[a]] ± �i[xi[a]] → �[xj[a]] ± �j[xj[a]].

Higher percentages indicate that two strategies produce more distinct sets of rules, 
while lower percentages suggest a larger overlap. Overall, each approach yields more 
than 30% unique rules, meaning each method extracts at least one-third of its rules that 
are not found by another method. Adult dataset results in the greatest difference, where 
73.1% of the rules extracted by the Random strategy are not identified by the Decision 
Boundary strategy. This pattern underscores how each approach captures distinct facets 
of the model’s decision-making, making it difficult to single out one method as uni-
versally superior. Consequently, RaMiCo combines all these strategies to offer a more 
exhaustive exploration of the rule space, thereby providing a richer, multi-perspective 
explanation of the model’s behavior.

In the following, we settled RaMiCo to use an aggregation of all of the 3 mining 
approaches as discussed in the design section.

Fig. 3   Comparison of the percentage of unique rules extracted by RaMiCo under different mining strate-
gies (Random, Center, and Decision Boundary) across five datasets (Adult, Telco, Car Evaluation, Res, and 
Bulk). Each cell shows the percentage of rules unique to the corresponding pair of strategies. Higher values 
indicate a greater difference between the extracted rule sets, whereas lower values suggest a higher degree 
of overlap



Machine Learning (2025) 114:225	 Page 17 of 24  225

4.2.2 � White‑box rules‑extraction experiment: coverage

In the second experiment, we trained again a decision tree white-box classifier on the 
benchmark datasets involved in the study and analyzed how the RaMiCo extracted rules 
were comparable to the model.

Table 2 describes the number of rules extracted by RaMiCo while varying the num-
ber of factual and counterfactual samples mined . Additionally, the table presents the 
Coverage and Plausibility metrics for each configuration.

Table 2   Number of rules extracted from different datasets using the RaMiCo method

The method takes as input a specified number of factual and counterfactual samples and extracts rules 
from a white-box classifier, specifically a decision tree. The Rules column indicates the number of rules 
extracted. Coverage represents the percentage of extracted rules that match a leaf node of the decision tree

Dataset Factuals Counterfac-
tuals

Rules Coverage Plausibility

Adult 10 50 30.90 ± 4.31 20.61 ± 3.67 0.40 ± 0.02
25 25 33.10 ± 2.56 26.49 ± 4.34 0.39 ± 0.02

50 38.30 ± 4.32 30.83 ± 4.55 0.40 ± 0.02
50 25 38.70 ± 3.59 33.65 ± 5.00 0.40 ± 0.02

50 44.30 ± 4.37 35.84 ± 5.13 0.40 ± 0.01
100 50 51.30 ± 5.23 38.87 ± 5.16 0.40 ± 0.02

Bulk 10 50 25.50 ± 5.02 81.00 ± 10.18 0.45 ± 0.04
25 25 30.80 ± 6.75 89.30 ± 10.16 0.45 ± 0.05

50 30.80 ± 7.15 89.26 ± 10.14 0.45 ± 0.03
50 25 34.60 ± 8.38 88.97 ± 10.05 0.45 ± 0.04

50 35.30 ± 8.49 89.27 ± 10.14 0.45 ± 0.04
100 50 36.50 ± 8.63 89.86 ± 10.64 0.47 ± 0.04

Car Evaluation 10 50 95.70 ± 7.69 68.08 ± 8.39 0.57 ± 0.02
25 25 107.80 ± 9.47 74.50 ± 10.17 0.58 ± 0.02

50 109.40 ± 11.17 75.40 ± 7.88 0.59 ± 0.02
50 25 115.30 ± 13.74 76.95 ± 6.87 0.60 ± 0.02

50 116.20 ± 13.77 76.84 ± 6.80 0.60 ± 0.02
100 50 118.70 ± 13.52 77.33 ± 5.96 0.60 ± 0.02

Res 10 50 24.00 ± 7.82 86.20 ± 8.53 0.44 ± 0.05
25 25 27.60 ± 9.69 93.05 ± 9.78 0.45 ± 0.03

50 28.10 ± 9.68 93.05 ± 9.78 0.45 ± 0.03
50 25 30.90 ± 9.96 93.82 ± 9.34 0.46 ± 0.03

50 31.90 ± 9.87 93.82 ± 9.34 0.47 ± 0.03
100 50 32.60 ± 10.23 93.82 ± 9.34 0.47 ± 0.03

Telco 10 50 32.30 ± 5.38 23.34 ± 5.17 0.41 ± 0.04
25 25 43.00 ± 5.23 33.52 ± 7.14 0.42 ± 0.04

50 44.20 ± 7.33 36.58 ± 7.62 0.42 ± 0.03
50 25 56.80 ± 6.91 41.79 ± 6.85 0.42 ± 0.03

50 55.70 ± 8.46 43.46 ± 7.03 0.41 ± 0.02
100 50 67.80 ± 8.35 45.96 ± 7.20 0.43 ± 0.03
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As observed, most of the results exhibit plausibility values between 0.4 and 0.6, indicat-
ing that the plausibility of the generated samples aligns with the dataset distribution. This 
consistency reinforces the capability of RaMiCo to generate rules that remain within a rea-
sonable anomaly range. Moreover, the number of extracted rules increases as the number 
of factual and counterfactual samples grows, demonstrating a direct relationship between 
the amount of the RaMiCo input data and the completeness of the mined rules.

A similar trend is evident in the Coverage values, which measure the proportion of 
extracted rules that align with the decision tree structure. As the number of factual and 
counterfactual samples increases, RaMiCo achieves higher tree coverage, indicating that a 
greater portion of the model’s learned decision logic is successfully captured. This trend is 
consistent across all datasets. In most cases, RaMiCo is capable of mining more than 70% 
of the decision tree structure, highlighting its effectiveness in extracting meaningful and 
representative rules.

For the Adult, Telco, Bulk, and Res datasets, an increase in the number of factuals (and 
correspondingly in the number of counterfactuals) leads to a consistent increase in the 
number of extracted rules and in the tree coverage. For instance, in the Adult dataset, the 
number of rules grows from 11 to 18, while the coverage increases from 25.00 to 40.40% . 
Similarly, the Telco dataset shows an increase from 8 to 17 rules with coverage rising from 
14.10% to 29.32% . This trend indicates that a larger set of input samples (factuals and coun-
terfactuals) enables the extraction of more comprehensive rule sets that better represent the 
decision tree structure, thereby capturing a greater portion of the tree’s logic.

With the Car Evaluation dataset, the number of extracted rules remains stable between 
44 and 51, with coverage consistently around 67.85% to 75.00% , due to its fully categorical 
nature with 6 features and about 4 distinct categories each. In these datasets, minimal fea-
ture transitions are limited. This can be explained by considering the presence of different 
categorical feature. For each categorical feature, transitions involve changing one category 
to another, leading to about 4 choices for the original category and 3 alternatives, resulting 
in 12 potential transitions per feature. With 6 features, this results in around 6 × 12 = 72 
distinct minimal rules. Thus, the stabilization in extracted rules likely reflects the limited 
combinatorial possibilities in a categorical dataset, quickly exhausting viable transitions.

4.2.3 � Black‑box rules‑extraction experiment: fidelity

To evaluate the fidelity of RaMiCo in explaining black-box models, we trained two 
machine learning classifiers, a Multi-Layer Perceptron (MLP) and an XGBoost model, on 
different benchmark datasets. After training, we applied RaMiCo and two state-of-the-art 
rule extraction methods, LORE and MRT, to generate rules that approximate the model 
decision-making process. We then measured the fidelity of the extracted rules on the train-
ing set, which quantifies how accurately they replicate the predictions of the black-box 
model.

Table 3 presents the fidelity results across different datasets and classifiers. Higher fidel-
ity values indicate that the extracted rules align more closely with the black-box model’s 
decisions, values highlighted in bold indicate  the best method for dataset. To assess the 
statistical significance of the observed differences with RaMiCo results, we performed the 
paired Wilcoxon signed-rank tests for each configuration (RaMiCo vs LORE and RaMiCo 
vs MRT), considering 10 repetitions of the same experiment. p − values greater than 0.05, 
i.e. no statistical significance, are marked with an asterisk (*) in the table. As observed, 
RaMiCo consistently outperforms LORE across all datasets and model configurations, 
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demonstrating its effectiveness in capturing the decision logic of the underlying models. 
Only in the Telco-XGboost configuration, RaMiCo and LORE are not statistically differ-
ent, i.e. the p-value is higher than 0.05. RaMiCo achieves the highest fidelity for MLP on 
the Adult, Bulk, and Res datasets, highlighting its capability to provide faithful and inter-
pretable rule sets. However, in some cases, particularly on the Car Evaluation datasets, 
MRT yields the highest fidelity.

Across the different datasets and models, RaMiCo reached 73.7% average fidelity, while 
LORE and MRT got 61.3% and 70.15% . The mean difference in fidelity between RaMiCo 
and LORE across all datasets and models is 12.33% , demonstrating a significant advantage 
of RaMiCo in extracting rules that better resemble the black-box model’s decision-mak-
ing. The largest improvement over LORE is observed in the Bulk dataset, where RaMiCo 
achieves by average 77% fidelity compared to LORE’s 60.05% , yielding a difference of 
16.94% . Conversely, the smallest improvement is in the Telco dataset, where RaMiCo sur-
passes LORE by 7.05% (47.38% vs. 40.32%).

When comparing RaMiCo with MRT, the mean difference in fidelity is 3.51% , indicat-
ing that MRT performs better than LORE but still lags behind RaMiCo. The largest dif-
ference, favoring MRT, is in the Car Evaluation dataset, where RaMiCo achieves 80.85% 
fidelity, while MRT reaches 91.83% , resulting in a difference of −10.99% . The largest dif-
ference favouring RaMiCo instead is in the Adult dataset, where RaMiCo gets 74.69% and 
MRT gets 56.72% , resulting in a difference of 17.96%.

RaMiCo demonstrates superior performance compared to MRT for both the XGBoost 
and MLP models in the Adult and Telco datasets. Conversely, MRT exhibits better perfor-
mance than RaMiCo for both models in the Car Evaluation dataset. These findings indicate 
that RaMiCo and MRT generally exhibit comparable performance levels, with RaMiCo 
achieving higher fidelity on average.

Figure  4 shows RaMiCo’s fidelity improving as more rules-records r are used in the 
localisation mechanism. As r increases, the fidelity metric on the y-axis rises for both MLP 
and XGBoost models, enhancing the alignment between RaMiCo’s rules and the black-box 
model’s decisions. This is particularly evident in XGBoost, which maintains higher fidelity 
across all r values than MLP.

Within the localisation mechanism (i.e. to generate local rules) where a single fea-
ture is present in all k-rule records, RaMiCo generates a single, generalized rule by 

Table 3   Fidelity results of the proposed approach (RaMiCo) compared with two state-of-the-art methods 
(LORE and MRT) on various datasets

The fidelity metric measures how closely the rules extracted by black-box classifiers (MLP and XGBoost) 
resemble the model’s behaviour. Asterisk (*) on the Fidelity value of LORE or MRT indicates statistical 
significance (p-values) of the paired (RaMiCo vs LORE or RaMiCo vs MRT) Wilcoxon test greater than 
0.05 across 10 repetitions

Model Method Adult (%) Bulk (%) Car evaluation  
(%)

Res  (%) Telco  (%)

MLP RaMiCo 67.14 83.41 80.91 94.33 45.24
LORE 56.00 61.60 69.60 77.20 36.56
MRT 54.00 73.72 91.83 84.13 42.79

XGBoost RaMiCo 82.23 70.57 80.79 82.51 49.51
LORE 70.35 58.50 67.15 72.30 44.09*
MRT 59.45 73.64 91.83 87.54 42.58
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employing their mean value. In contrast, for records containing multiple features in 
k-rules, the rule integrates multiple conditions, thereby establishing a chained decision 
logic. Consequently, this approach may result in rules that are less minimal or harder to 
comprehend.

In the final analysis, we assess the interpretability of the extracted rules by compar-
ing the InComprehensibility metric, defined as the average rule length, across the differ-
ent rule extraction methods. The rule length corresponds to the number of logical con-
ditions that constitute the rule’s logic chain; thus, longer rules indicate a less minimal 
and more complex explanation, which in turn renders them more difficult for users to 
comprehend.

Figure 5 presents the average rule length for each method–RaMiCo, LORE, and MRT 
with different datasets. As observed, RaMiCo consistently yields shorter rules, suggesting 
that its counterfactual extraction process effectively identifies minimal modifications nec-
essary for model explanation. In contrast, the MRT approach frequently produces longer 

Fig. 4   Fidelity of RaMiCo 
in explaining two black-box 
classifiers, MLP and XGBoost, 
trained on the Adult dataset. The 
fidelity measures how well the 
extracted rules approximate the 
predictions of the original model. 
The parameter r represents the 
number of rule-records involved 
in the localisation mechanism of 
the RaMiCo global rules. As r 
increases, fidelity improves for 
both models. The shaded regions 
indicate variability across multi-
ple parameter setups (number of 
factuals and counterfactuals) of 
the RaMiCo method

Fig. 5   Comparison of the InComprehensibility (average rule length) across different rule extraction meth-
ods–RaMiCo, LORE, and MRT on multiple datasets (Telco, Car Evaluation, Res, Bulk, and Adult). The 
rule length is defined as the number of logical conditions in each extracted rule. Higher values indicate 
more complex and less interpretable rules. RaMiCo consistently produces the shortest rules, demonstrating 
its effectiveness in generating minimal and comprehensible explanations. In contrast, MRT often results in 
longer rules, leading to higher incomprehensibility
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rule chains, indicating a higher level of incomprehensibility. LORE, while generally more 
concise than MRT, exhibits intermediate rule lengths relative to the other methods.

These results demonstrate that, in addition to providing high fidelity and robust cov-
erage, RaMiCo excels in generating interpretable rules. The concise nature of the rules 
extracted by RaMiCo facilitates a clearer understanding of the underlying decision logic.

5 � Conclusion

In this study, we present RaMiCo (Region Aware Minimal Counterfactual Rules), an inno-
vative methodology designed for the extraction of minimal yet highly informative counter-
factual rules from black-box classifiers. Our experimental results across different datasets 
and experimental configurations have proved that: (1) RaMiCo demonstrates elevated fidel-
ity in replicating the decision-making processes of black-box models; (2) by manipulating 
the localization parameter k, users can effectively navigate the trade-off between rule mini-
mality (i.e., comprehensibility) and fidelity; (3) when evaluated with white-box classifiers, 
such as decision trees, RaMiCo exhibits substantial congruence with their intrinsic struc-
tures; (4) in comparison to different state-of-the-art methodologies (e.g. MRT and LORE) 
for rule extraction, RaMiCo exhibits superior performance in terms of both fidelity and 
comprehensibility, indicating that RaMiCo encapsulates the model behavior with a mini-
mal set of rules.

By concentrating on single-feature substitutions, RaMiCo extracts rules that are both 
minimal and region-aware, thereby generating explanations that closely reflect the inherent 
distribution of the data. This minimality is demonstrated by the lower InComprehensibility 
scores observed, as RaMiCo consistently produces shorter rule chains compared to com-
peting methods. Moreover, the approach exhibits a clear scaling behavior: as the number of 
factual and counterfactual samples increases, both the number of extracted rules and their 
coverage of the decision tree also rise, resulting in a more comprehensive representation of 
the classifier’s internal logic. However, this trend is influenced by the intrinsic character-
istics of the dataset; for instance, in fully categorical datasets such as Car Evaluation, the 
limited variety of unique transitions leads to a stabilization in the number of extractable 
rules.

However, while the minimality of the generated rules enhances interpretability, it may 
sometimes result in oversimplified explanations that fail to capture complex interactions 
among multiple features. In these cases, methods that employ more intricate rule logic 
chains can achieve higher fidelity, as evidenced in Table 3, where MRT, despite producing 
less comprehensible rules, occasionally outperforms RaMiCo.

RaMiCo’s design presupposes that each input feature corresponds to a semantically 
meaningful attribute whose perturbation yields an intelligible change in model output. 
Consequently, its direct application to unstructured, high-dimensional domains–such as 
raw image pixels or deep latent embeddings–remains limited: flipping an individual pixel 
or embedding coordinate typically produces neither coherent nor interpretable counterfac-
tuals, and mining factually and counterfactually relevant instances in such spaces is both 
computationally prohibitive and conceptually ambiguous. To extend RaMiCo beyond 
tabular or otherwise intrinsically interpretable data, one promising direction is to perform 
instance mining and rule extraction in a lower-dimensional, conceptually grounded latent 
space (e.g., via clustering or prototype selection in a hidden-layer representation). In this 
manner, each latent “feature” may capture a higher-level construct amenable to meaningful 
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counterfactual transitions, thereby preserving RaMiCo’s rule-based explanatory paradigm 
while mitigating the challenges of raw high-dimensional inputs.

In conclusion, RaMiCo constitutes a significant advancement in interpretable machine 
learning by offering a model-agnostic approach to extract counterfactual rule explanations. 
The rules generated by RaMiCo provide a global perspective on the decision-making pro-
cess of the black-box model, while also enabling the localization of these global rules to 
specific input instances. Its ability to generate high-fidelity, minimally complex rules posi-
tions it as a valuable resource for applications where trust and interpretability are criti-
cal. The results presented in this study underscore the potential of RaMiCo to enhance our 
understanding of complex predictive models and support more informed decision-making 
in high-stakes environments.

An additional consideration concerns RaMiCo’s current limitations and possible future 
developments. RaMiCo generates minimal rules that involve changing only one feature at 
a time. Although this design ensures highly interpretable explanations, it may prove insuf-
ficient for complex models operating on large sets of features, such as neural networks 
classifying raw, unstructured data (e.g., images). In such cases, modifying a single input 
feature may not elicit a meaningful change in the model’s behavior. A promising avenue 
for future work involves grouping semantically related features, allowing simultaneous 
modifications across multiple dimensions. This improvement could better capture complex 
decision-making processes of high-dimensional models while preserving interpretability as 
a central goal.
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