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Abstract

As interest in explainable artificial intelligence (XAI) continues to grow, a critical gap re-
mains between the explanations generated by models and their interpretability by human
users, particularly when cognitive biases and semantic relevance are not adequately ad-
dressed. This paper introduces CORIFEE-Rel, a novel human-centered meta-XAI method
aimed at bridging this gap by producing rule-based explanations that are both interpretable
and semantically aligned with the target domain concept. CORIFEE-Rel synthesizes out-
puts from a diverse pool of interpretable models and employs a knowledge graph-driven
heuristic that combines semantic relevance with traditional rule learning metrics. This
approach ensures that the resulting explanations are deeply tied to core domain concepts
while maintaining the clarity and structure needed for human understanding. Empirical
evaluations conducted across multiple datasets demonstrate that CORIFEE-Rel achieves
higher semantic relevance than random forest and JRIP rule-based explanations without
notable compromises in predictive accuracy. The results highlight the ability of CORIFEE-
Rel to generate rule-based explanations that are semantically related to the target concepts
while maintaining predictive performance.

Keywords: explainable artificial intelligence; cognitive bias; semantic relevance; interpretability;
rule learning

1. Introduction

As machine learning models are increasingly integrated into various applications
and domains such as healthcare, finance, and autonomous systems, concerns about their
interpretability and trustworthiness have grown significantly. These concerns have led
to the emergence of a new area, explainable Al (XAI), a field dedicated to making the
decision-making process of the underlying black-box model transparent and interpretable
to humans [1-3]. However, existing XAl techniques usually focus on generating inter-
pretable explanations while maintaining predictive performance, but fail to explicitly
address cognitive aspects of human understandability, which can reduce the perceived user
trust and acceptance [4-6].

This limitation becomes particularly important in high-stakes domains, where explana-
tions must be not only accurate and interpretable but also related to the underlying domain
concepts. For example, in healthcare, physicians may expect a medical explanation to em-
phasize clinical indicators of a disease, whereas a financial analyst may expect explanations
to focus on economically relevant factors. Ensuring that explanations remain semantically
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relevant to the main concept of a domain is an important step toward generating more
useful and meaningful explanations.

In response to these limitations and to address these shortcomings, the XAlI field is
shifting toward human-centered XAI (HCXAI) [7,8]. HCXAI draws upon insights from
cognitive science, psychology, and related fields to generate explanations that are not only
accurate but also tailored to users’ cognitive limitations, domain expertise, and the context
of use, thereby improving human interpretability. In particular, it has been argued that
cognitive biases influence how explanations are perceived and interpreted [9,10].

While existing approaches have incorporated cognitive aspects into explanation gen-
eration, they primarily focus on enhancing the interpretability and usability of explana-
tions [11]. However, limited research has addressed the semantic alignment of explanations
with the core topics of a given domain. Consequently, explanations may be interpretable
without strongly aligned with the domain’s central concepts. This highlights an important
gap between explanation generation and semantic alignment.

To address this gap, we investigate semantic relevance as a cognitively motivated
dimension of explainability, with the goal of generating explanations that are more se-
mantically aligned with the main topic of the underlying knowledge base. To achieve
this, we propose a meta-XAI method that takes multiple rule-based explanations as input
and synthesizes a new explanation that exhibits high semantic relevance to the target con-
cept. The method uses a knowledge graph to quantify and measure the relevance score of
the explanation.

The remainder of this paper is organized as follows. Section 2 provides a brief overview
of related works and studies, Section 3 describes semantic relevance concept and definitions,
Section 4 outlines our research goals and terminologies, Section 5 introduces and explains
CORIFEE-Rel method, and Section 6 discusses the results.

2. Related Works

Since the fundamental goal of XAl is to enhance the users” understanding of black-box
models, numerous studies have highlighted critical challenges and pitfalls encountered
during the examination of user experiences with explanations. Research shows that users
often find the generated explanations difficult to understand and use, with the reasoning
process both time-consuming and distracting [12-14]. In response, XAl methods have
increasingly turned toward improving the interpretability and accountability of explana-
tions by incorporating aspects of cognitive science and psychology into the explanation
process [15].

Recently, Rajabi and Etminani [16] presented a comprehensive review of knowledge
graph-based XAI systems and identified four principal roles of knowledge graphs in ex-
plainability: feature extraction, relationship extraction, knowledge graph construction, and
reasoning. Their findings highlight the importance of semantic knowledge and structured
domain representation for generating human-understandable explanations. Similarly, re-
cent studies have explored the use of knowledge graphs to support explainability through
semantic integration and structured domain representations [17].

Beyond the scope of XAI, semantic relevance has been extensively studied in natural
language processing (NLP) tasks such as summarization and question answering. For
example, Wang et al. [18] introduce a deep neural network model to evaluate semantic
relevance between questions and candidate answers on social media platforms, leading
to improved answer ranking performance. Similarly, Ruotsalo and Hyvonen [19] propose
a method for ranking large answer sets by assessing their semantic relevance to a query
using on-tology-based representations and RDF languages. In another study, De Boni and
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Manandhar [20] present an algorithm that computes semantic similarity to evaluate answer
relevance with respect to a given question.

Natural-language explanation has also been explored in XAl to present explanatory
information in a more human-readable form. Costa et al. [21] propose a character-level,
attention-enhanced LSTM that generates personalized natural-language explanations of
recommendations directly from user reviews. Colas et al. [22] present a knowledge-graph-
based approach that generates fact-grounded natural-language explanations from item
features rather than user reviews, jointly learning explanation generation and recommen-
dation scoring. Breve et al. [23] propose a hybrid prompt-learning strategy to generate
natural-language justifications explaining the security and privacy risks of if-then au-
tomation rules. These approaches demonstrate the role of natural-language generation in
communicating explanatory information to users. In contrast, in our work, we focus on
selecting and combining rule conditions according to the semantic relevance, while natural-
language rendering is used only as a complementary presentation of the generated rules.

Further works include the Hybrid Co-Attention Network (HCAN) by Rao et al. [24],
which integrates convolutional and LSTM-based encoders to combine semantic matching
for NLP tasks. This approach aims to bridge the methodological divide between traditional
IR approaches and semantic understanding.

In the domain of text summarization, You et al. [25] proposes a BERT-based method
that incorporates topic information fusion and semantic relevance. Their approach extracts
topic keywords and integrates them with source documents, enhancing summary readabil-
ity through improved semantic alignhment. Experimental results demonstrate improved
readability of the generated summaries. Additionally, Ma et al. [26] explore both text
summarization and text simplification, aiming to enhance the relevance between source
texts and their simplified version. To achieve this, they propose a neural model, ensuring
high semantic similarity between texts and their summaries.

Semantic relevance has also been explored through ontological frameworks. Rhee
et al. [27] introduce a method for semantic relevance assessment that goes beyond struc-
tural constraints, enabling the comparison of conceptually diverse resources. Building
on this, Rhee et al. [28] develop a graph-based algorithm to quantify semantic relevance
between resources based on a graph structure and demonstrate its application through two
implementation examples.

Rule-based explanations are among widely used forms of interpretable machine learn-
ing because of their transparency and readability. However, conventional rule learning
algorithms are typically optimized for predictive performance rather than human under-
standing. As a result, generated rules may include features that are not semantically related,
reducing their perceived plausibility and interpretability for end users [9,10]. These ob-
servations suggest that explanations can be evaluated with respect to cognitively aligned
properties such as semantic relevance.

Several approaches aim to improve interpretability while preserving predictive behavior.
GLocalX aggregates rule-based explanations into a compact global explanation [29], and Born-
Again Tree Ensembles construct a single interpretable decision tree reproducing the behavior
of an ensembles [30]. CORIFEE-Rel differs in its objective: rather than primarily optimizing
fidelity to a fixed source model, it uses a pool of rule-based explanations and explicitly
incorporates knowledge-graph-based semantic relevance into explanation construction.

While recent XAl research has begun to consider semantic context, continuity, and simi-
larity to produce human-understandable explanations [31-33], and knowledge graph-based
approaches have been shown to enhance interpretability across multiple domains [16], the
explicit integration of semantic relevance into explanation generation as an optimization

https://doi.org/10.3390/info17090919


https://doi.org/10.3390/info17090919

Information 2026, 17, 919

40f24

criterion remains underexplored. Our work addresses this gap by integrating knowledge
graph-driven semantic relevance as a core criterion for constructing explanations in XAL

3. Semantic Relevance
3.1. Semantic Relevance Definition

Semantic relevance refers to the degree to which information and concepts are mean-
ingfully related to a given cognitive context [34]. It originates in cognitive psychology
as a core mechanism for prioritizing information, where the human brain evaluates the
conceptual importance of information through semantic memory. Early research into hu-
man memory and decision-making has shown that individuals do not treat all pieces of
information equally; instead, the human cognitive system assesses contextual plausibility,
approving information that aligns with existing mental frameworks or prior knowledge
while filtering out irrelevant data [35,36].

According to Relevance theory, introduced by Sperber and Wilson [37], human cogni-
tion tends to maximize relevance with the least effort, where relevance is defined as the
balance between cognitive effects and processing efforts. From this perspective, information
is semantically relevant if it has a significant contribution to the user’s mental model.

3.2. Semantic Relevance in Machine Learning

As artificial intelligence and machine learning applications and systems increasingly
focus on human-like processing and decision-making, the notion of semantic relevance has
also been adapted in these fields, particularly in NLP and information retrieval. Semantic
relevance has been used in the form of model attention, feature selection, and similarity
metrics. For instance, transformer-based architectures [38], as an attention mechanism,
explicitly model the parts of the input that are most relevant for generating an output.
Furthermore, feature-based methods such as SHAP [39] or saliency maps [40] provide
explanations of the model’s internal decision-making by specifying the inputs that mostly
contributed to the model’s prediction process.

In information retrieval, semantic relevance is utilized to rank items or documents
according to their contextual alignment with the user query, which impacts usability and
performance [41]. However, semantic relevance in machine learning can be data-dependent,
i.e., models may associate inputs with outputs due to dataset biases or correlations that
mimic semantic logic. This can cause problems in real-world applications because of the
lack of alignment between statistical and human-understandable relevance.

3.3. Semantic Relevance in XAI

Semantic relevance in XAI also introduces a new challenge. People often interpret
Al explanations through their cognitive expectations, rather than evaluating whether the
explanations reflect the model’s internal reasoning. This can be referred to as one aspect of
cognitive biases [15,42].

This bias arises because humans tend to naturally favor explanations that are more
aligned with familiar concepts or contexts. For example, in medical imaging, an explanation
that highlights a visible tumor tends to be more acceptable for physicians because it uses
terms relevant to the disease and domain knowledge, even though the model makes the
decision based on irrelevant data, such as image borders [43]. Therefore, even accurate
and valid explanations may be rejected by the targeted users if they fail to align with users’
cognitive expectations [44].

Most current XAI techniques aim to provide explanations without fully considering
human needs, contexts, or cognitive limitations [5]. These approaches and methods often
prioritize performance and fidelity to the underlying black-box models.
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To address these limitations, human-centered XAI emphasizes the importance of
generating explanations that incorporate human-in-the-loop approaches, in which targeted
users and their needs are considered during the explanation generation process [6]. This
aims to support cognitively plausible explanations.

In this work, we focus on the semantic relevance dimension of human-centered XAI
and introduce a novel approach to generate explanations that are aligned with the context
without significantly sacrificing accuracy and transparency.

4. Problem Statement

We present our new method within the broader framework, Cognitively biased Rule-
based Interpretations from Explanation Ensembles (CORIFEE). CORIFEE is a meta-XAlI
approach that takes a set of rule-based explanations as input and merges them into a
single explanation that better matches the user’s cognitive preferences. The strategy of
taking multiple rule-based explanations is inspired by the Rashomon effect [45], which
highlights that multiple models can perform equally well on the same data while relying
on different feature sets, leading to distinct explanations. This phenomenon has also been
observed in the context of interpretable explanations, showing that the existence of multiple
equally valid explanations provides a principled foundation for generating personalized or
cognitively aligned explanations [46].

Because different interpretable models yield different aspects of the data, our method
identifies and extracts features and rules from a pool of diverse explanations that meet
specific criteria. They are then combined into new explanations based on heuristic mea-
surements beyond traditional factors like syntactic simplicity or fidelity to the original
model. In this article, we introduce an instantiation of the CORIFEE platform, named
CORIFEE-Rel that focuses on semantic relevance.

4.1. CORIFEE-Coh and CORIFEE-Pref

In addition to CORIFEE-Rel, the CORIFEE framework includes other instantiations
that address distinct dimen-sions of human cognitive biases, each designed to generate
more cognitively aligned explanations. Two notable variants are CORIFEE-Coh, which
focuses on semantic coherence, and CORIFEE-Pref, which incorporates user preferences.

CORIFEE-Coh is designed to generate semantically coherent explanations, i.e., rules
in which all components are conceptually and semantically related and consistent. Like
CORIFEE-Rel, this variant operates on a pool of rule-based explanations and uses a defined
heuristic that balances traditional rule learning with a coherence score derived from the
knowledge graph. The resulting explanations are more coherent than the explanations
from the interpretable models [47].

CORIFEE-Pref introduces personalization into explanation generation by modeling
user preferences. This method assumes that different users, such as domain experts in
medicine versus patients, may prioritize different types of concepts and features when
interpreting explanations. CORIFEE-Pref models such preferences as weights over nodes in
the knowledge graph and incorporates them into the heuristic used during rule generation.
The generated explanations are more aligned with the user’s background knowledge and
preferences [48].

4.2. CORIFEE-Rel

In this section, we introduce CORIFEE-Rel, another instantiation of the CORIFEE
platform, developed to generate explanations that are highly relevant to the main concept
of the given domain and dataset. This method operates on a pool of interpretable models
and constructs new explanations by selecting and recombining subsets of conditions in the
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interpretable model. The selection process prioritizes conditions that exhibit high semantic
similarity to the domain’s main topic, ensuring that the generated explanations maintain
semantic relevance while maintaining predictive performance to the original models.

To illustrate the concept of semantic relevance in text, we present two examples in
Table 1, both centered on the main concept of financial stability. Table 1a demonstrates
high semantic relevance, as it directly involves financial actions and terminology, such
as “saving money” and “managing debt”, which are main topics within the financial
domain. This framing maintains a clear and strong connection to the main topic. In
contrast, Table 1b exhibits low semantic relevance. Although it also addresses financial
stability, it employs terms like “education” and “family background”, which are not directly
related to finance. These terms are more commonly associated with the domains of social
science and personal development.

Table 1. Examples of high and low semantic relevance to the main concept of financial stability.

(a) High semantic relevance. (b) Low semantic relevance.

If a person has a higher level of education
and comes from a supportive family
background, then they are more likely to
achieve financial stability.

If a person regularly saves money and
manages their debt effectively, then they
are likely to achieve financial stability.

In our work, CORIFEE-Rel aims to adopt a meta-XAI design so that semantic relevance
can be applied to any rule-based explanations from different models without specifying
and modifying each underlying algorithm. This allows the method to be applicable to
diverse explanations produced by different interpretable models.

4.3. Terms and Notations

In this article, we use the notations as described in the following:

*  Aruleris an if-then statement, consisting of a body (if-part) and a head (then-part).
The body includes one or multiple conditions connected by conjunctions.

e length of a rule, denoted by length(r), is the number of conditions in the body of the
rule r.

*  Rule sets, presented as R = {ry,- - -, 1y }, is a collection of rules.

e Dataset D consists of examples, each represented by a vector of attributes
A = {aj,---,an}. For each attribute a; (where i = 1,2,---,n), the value associ-

()
e
* A Feature f is defined as a Boolean condition, represented by a combination of an

ated with the j-th example in the dataset D is denoted as v

attribute f.attr and its corresponding value f.value.

The method also utilizes a knowledge graph, formally defined as a directed labeled
graph KG = (V, E), where V denotes the set of vertices (or nodes), and E represents the
set of labeled edges connecting these vertices. In this work, the vertices V include nodes
representing concepts, attributes, and attribute values.

Figure 1 shows an example of a knowledge graph in which the nodes in blue illustrate
the attributes and the nodes in green represent attributes’ values in the dataset.
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Figure 1. Fragment of a domain-specific knowledge graph constructed from the Adult dataset, where
blue nodes represent attributes and green nodes denote attributes’ values.

The method takes as inputs a pool of interpretable models, denoted by Z = {R;},
where each R; is a ruleset, along with a dataset D, and a focused knowledge graph KG.
Additionally, a scoring function s(R) is defined to quantify the semantic relevance of a
given ruleset R. Our objective is to construct a new ruleset R’ from the initial pool of
interpretable models such that its semantic relevance is improved, i.e., s(R’) > s(R;) for
all R; € .

5. Methodology

As discussed in previous sections, CORIFEE-Rel focuses on semantic relevance by
generating rule-based explanations that are highly relevant to the main topic or concept of
the domain.

This section provides a detailed, step-by-step description of the main processes in
the method.

To enhance understandability and transparency, we present an illustrative example in
Figure 2 that outlines the main steps of the CORIFEE-Rel method. The example begins with
a dataset D, which includes the attributes A = {“capital-gain”, “education”, “gender”,
“marital—status”}. The interpretable model Z contains two rules, r; and r,, where one of

the features is defined as f = (“education”,”master”). The main steps of CORIFEE-Rel, as
illustrated in the figure, are described in detail in the subsequent sections.

5.1. CORIFEE-Rel Inputs
The CORIFEE-Rel method takes three main inputs:

* Pool of interpretable models (Z): A collection of rule-based explanations gener-
ated from different interpretable machine learning models, such as random forest or

JRIP. The explanations are in the if-then format, making them more understandable
to humans.
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¢  Dataset (D): The dataset on which the method operates, providing the attributes and
values used for rule generation and evaluation.

e Knowledge Graph (KG): A directed, labeled knowledge graph that represents domain
knowledge and captures semantic relationships among attributes and their values.

(a) Sample dataset and ruleset
Dataset (D)
Interpretable Rule  (Z)
; 50(;)0 hi;;nﬂsj::;ol f:;‘;lacle n;?r:glced ll’(‘)%vh rl: IF capital-gain > 3000 AND marital-status= married T main topic
; ~ hig = income
3 6000 master male married high THEN income = high . e
7 0] Tighschool | _malc single Tow {'2: IF gcnd;r = female AND education = master THEN
5 4000 master female unmarried high income = high
(b) Knowledge Graph Creation ¢) Intracluster Candidate Generation
WORDNET: T Entity : cluster C' = {c; = {education}, ¢, = {capital-gain}, c; = {gender, marital-status}}
%) i ’_1 : forer:
L Activity : r : education = master coverage(r) = 0.6 > 0.5, precision =1> 0.7
Hypernym paths ,:l‘> [ forey:
iyl l l Marital- r : capital-gain > 3000 coverage(r) = 0.6 > 0.5, precision =1> 0.7
@ @ capital-gain status SEED '|>
education F‘_V fores: o
Evend r: gender = female  coverage(r) = 0.4 # 0.5, precision = 0.66 # 0.7 ){
; i—l_i 4000 L6000 married single male  femlae r : marital-status = married  coverage(r) = 0.4 # 0.5, precision = 0.66 # 0.7
ACtivi
highschool ~ master 5000 unmarried R. = {(education,master),(capital-gain,> 3000)}
(e) Heuristic and Intercluster Explanation Generation (d) Relevance KG Construction
education = master
capital-gain > 3000 income
Given r and sample dataset, p+m- o
P = 3 (total positive income=high) DIS;("; = }Wn—+:1 =08 SiMymae I
N = 2 (total negatives (income=low)) L= wup(income,education) = 0.7 l
p = 1 (first row matches r) . 0.9+ 0.7 . T L
-0 tches REL(r,KG,income) = =5 = 0.8 wup(income,capital-gain) = 0.9 o :
n = 0 (no row matches) <1E‘ wup(income,marital-status) = 0.45 S 1
wup(income,gender) = 0.3 l
o —(1—a. . : _ ik d
H(r, KG, income) = (1 - ) - DIS(x) + - REL(r, KG, income),a = 0.8 | 5., [ o4t cation = master AND i ST, T Marital-status. gender
H(r, G, income) = 0.8 > B gain > 3000 THEN income = high
4000 | 6000 married single
highschool ~ master 5000 dnmarried  Mal¢ (femlae

S1(R',income, KG) = 0.8
S2(R’,income, KG) = 1

(f) Explanation Score

Figure 2. Illustrative example of CORIFEE-Rel methodology. (a) A sample dataset, an interpretable
model, and the main topic. (b) Construction of the domain-specific knowledge graph KG. (c) Gener-
ation of intracluster candidate rules. (d) Modification of the knowledge graph to incorporate and
connect the main concept to the existing nodes. (e) Computation of heuristic and generation of
intercluster explanation. (f) Final calculation of scores S1 and S2 for the generated rule.

5.2. Dataset

We select four binary classification datasets from the UCI repository [49]. The datasets
are selected because they represent diverse domains and contain identifiable attributes that
can be associated with external sources of background knowledge. These datasets have
been widely used in machine learning and XAl research [50,51]:

*  Hepatitis dataset contains medical records of patients diagnosed with hepatitis, aiming
to predict whether a patient will survive or die.

*  Adult dataset determines whether a person’s yearly earnings are greater than 50 K.

*  Bank Marketing dataset provides information about customer interactions with mar-
keting campaigns, serving to predict campaign success.

e Water Quality dataset contains data on multiple water quality indicators used to assess
water cleanliness.

Before rule generation, each dataset is preprocessed as described in Section 5.5. The
resulting preprocessed data is used as the input to the rule generation and semantic-
relevance procedures.
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5.3. Knowledge Graph Construction

Knowledge graphs are constructed from WordNet [52] by extracting hypernym paths
for dataset attributes and representing them as subject—verb—object (SVO) triples, where
the subject and object correspond to nodes along the hypernym path, and the verb de-
notes a labeled edge connecting them. These triples are then used to build the knowledge
graph. For example, consider the hypernym path extracted for “education” from Word-
Net in part (b), Figure 2. The subject-verb—object triple from the example is defined as
(“Entity”,“manifested as”, “Event”), (“Event”, “constitutes”, “Activity”), and (“Activity”,
“encompasses”, “Education”). Each triple is subsequently represented as a directed, labeled
edge in the knowledge graph.

Rather than using the entire WordNet, CORIFEE-Rel operates on a focused domain-
specific subgraph containing only the concepts associated with the attributes and their
semantic relationships. This graph, denoted by K§y, is constructed independently of
a particular main topic and serves as the basis for the subsequent topic-specific graph
enrichment and semantic relevance computation.

Before querying WordNet, dataset attribute names are normalized by replacing sep-
arators such as hyphens and underscores with spaces and, when necessary, expanding
dataset-specific abbreviations to their corresponding terms. For each normalized attribute,
candidate noun synsets are retrieved from WordNet. When multiple candidate synsets
are available, the synset with closest semantic meaning to the attribute is selected. For
compound or ambiguous attributes, the selection is guided by the dataset context. If no
match is found, the closest semantically related concept is selected and used as a substitute
for the attribute.

5.4. Semantic Relevance Measurement

The primary objective of CORIFEE-Rel is to generate explanations that are highly
semantically relevant to a given main concept or topic. To quantify this semantic relevance,
we introduce a relevance heuristic REL(t, Ty0in, KG ), which measures how a given rule r is
semantically relevant to a given main topic 7y, over a domain-specific knowledge graph.

To compute the heuristic, the initial knowledge graph K§ is further enriched with
the main topic node to obtain a topic-conditioned knowledge graph G. The purpose of
this enrichment is to explicitly represent the semantic relationship between the main topic
and the concepts associated with the dataset attributes.

We begin by creating a node corresponding to 7. For each node labeled as “at-
tribute”, label (v, “attribute”) in KG(, we consider the concepts along its hypernym path,
denoted by V,4,. Wu-Palmer similarity is calculated between 7, and each concept in
Vattr. The concept with the highest similarity is selected as the most semantically related
concept for that attribute. This node, denoted as vy, is then connected to the main topic
node via a new edge:

Omax = {v € Vaur | Wup(’ﬁmin/ ) = siMygy } (1)
E = E U {(Tiain, SiMumax, Umax) } (2)

As in (2), for semantic similarity, we use Wu—Palmer similarity (wup) [53] defined as:

2 -d(cpes
wup(cj, ¢j) = d(Cl)iC;(Z]) )

In this equation, d(c;) and d(c;) denote the depth of concept ¢; and c;, and d(cj,) represents
the depth of the least common subsumer.
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This process is repeated for each node in Vy, resulting in the topic-conditioned
knowledge graph KG. K§j is therefore independent of a particular main topic, whereas
the topic-conditioned graph KG incorporates the semantic connections established for the
selected main topic.

As shown in Figure 2, the attributes “education”, “capital-gain”, “marital-status”, and
“gender” have the highest similarity scores to the main topic and are therefore selected as
Umax. For simplicity, we assume that the highest similarity scores correspond to attribute-
level nodes; however, in our experiments on datasets, the most similar nodes could also lie
higher in the hierarchy (e.g., at the concept or category level). New edges are then added
between these nodes and the newly introduced node “income” in the knowledge graph,
shown in red in the figure.

The semantic relevance measure is designed to capture two complementary aspects of
the relationship between an attribute and the main topic: semantic similarity and structural
proximity. Wu-Palmer similarity captures the conceptual similarity in the semantic hierar-
chy, while the shortest path distance in the topic-conditioned knowledge graph captures
their structural proximity. A condition should therefore receive a higher relevance contri-
bution when its attribute is conceptually more similar to the main topic and structurally
closer to it.

For each condition f in a rule, we define its relevance contribution as:

2 -wup(f.attr, Tpain)
1+ dist(f.attr, Tyain)

(4)

where wup(f.attr, Tp,in) denotes the Wu-Palmer similarity between the attribute and the
main topic, and dist(f.attr, Ty, ) denotes their shortest path distance in the KG. The
addition of 1 in the denominator prevents division by zero when the attribute and the main
topic coincide. The factor 2 ensures that, for the minimum nonzero graph distance of one
edge, the contribution reduces to the Wu—Palmer similarity.

In this formulation, semantic similarity contributes positively to the relevance, while
structural distance discounts that contribution as the attribute is farther from the main
topic in the graph.

The relevance of an entire rule is then defined as the average relevance contribution of
its conditions:

4 _ 1 2 -wup(f.attr, Tyain)
REL(x, Tnains KG) = 11 f; T Qist(£-attr, o) )

Here, r denotes a rule consisting of multiple attribute-value pairs, where each f € r
represents an individual condition and f.attr denotes its corresponding attribute. The
term wup(f.attr, Ty, ) measures the semantic similarity between the attribute, and £G,
dist(f.attr, Tpain) gets the length of the shortest path between the main topic and the
attribute in the graph.

The normalization |r| converts the accumulated score into an average contribution
across the conditions of a rule. As a result, the score is not inherently increased by using
fewer conditions or decreased by using more conditions. Therefore, rule length does
not directly affect REL, instead, the score reflects the average semantic alignment of the
conditions with the main topic. In this approach, longer rule can obtain a high REL score
when its conditions are strongly aligned with the target concept, while a shorter rule can
obtain a low REL score when its conditions are weakly related to the main topic.
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Accordingly, the introduced REL should be interpreted as a graph-based semantic
measure rather than as a measure of predictive feature importance. It quantifies the
semantic alignment of the attributes appearing in a rule with the selected main topic
according to the knowledge representation. It does not directly measure the relevance, and
usefulness of an explanation as perceived by human users.

5.5. Semantic Relevance Explanation Generation

This section elaborates on the main processes in CORIFEE-Rel to generate semanti-
cally relevant explanations. The method consists of a sequence of dataset preprocessing,
knowledge-graph construction and topic-conditioned enrichment, semantic clustering,
and intracluster and intercluster rule generation to general final explanation. Algorithm 1
summarizes the operations and intermediate outputs passed between different steps.

The method first preprocesses the dataset by renaming attributes, discretizing nu-
merical features, and imputing missing values. The knowledge graph KG, constructed as
described in Section 5.3 and enriched according to the procedure in Section 5.4, is subse-
quently used to construct a weighted graph over the dataset. Louvain community detection
is applied to this graph to obtain the set of clusters C = {cy, - - - , c;s }. Louvain is selected as
it can identify clusters in graph-structured semantic data without requiring the number of
clusters to be specified. The clustering step ensures that the resulting rules are semantically
and conceptually coherent, while also enhancing computational efficiency.

The method utilizes clusters to generate an explanation through a two-level approach:
intracluster and intercluster rule generation.

Rule generation is performed separately for each target class. clusterFeatures contains
the feature-value conditions associated with the current cluster and class.

The intracluster rule generation gets a set of candidate rules R, within each cluster by
combining the conditions that meet specified thresholds for coverage and precision. For
each cluster c; in clusters C, each condition is individually assessed based on the thresholds.
Conditions that fulfill the criteria are then added to the rule r. This process continues until
all clusters have been visited and processed, and no additional conditions can be appended
to r without violating the threshold constraints as described in Alogrithm 1. The resulting
rules are then added to R.. Typically, the default values for the coverage and precision
thresholds, denoted as th. and thy, are set to 0.5 and 0.7, respectively. The thresholds are
based on a combination of theoretical foundations and empirical validation. A coverage
threshold of 0.5 ensures that a rule must apply to at least half of the relevant instances,
while a precision threshold of 0.7 ensures that the rule makes correct predictions in at least
70% of the cases it covers. These thresholds provide a balance between generality and
accuracy, supporting the rule generation that effectively captures significant patterns in the
data. Furthermore, as the rule generation starts with single-condition rules that represent
concepts within a cluster, the approach naturally limits the number of generated rules and
reduces the search space by filtering out redundant or low-quality conditions.

To clearly illustrate the intracluster candidate generation, we refer to the example
in Figure 2. The attributes are first clustered based on their semantic similarity in the
knowledge graph, resulting in three clusters: cj, ¢z, and c3, as shown in step (c). The
intracluster candidate generation phase then focuses on identifying valid rules within
each cluster. For clusters c¢; and ¢, single-condition rules “if education=master then
income=high” and “if capital-gain>3000 then income=high” are formulated, both of which
satisfy the minimum coverage and precision thresholds. Cluster c3 does not yield any rules
that meet the required criteria. The two valid rules from clusters c; and c; are stored in R,
and passed to the intercluster rule generation step.
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The intercluster rule generation aims to generate the final explanation. It iterates
through pairs of rules in R, evaluates the merge validation of the two rules, and, in that
case, it appends them to R'. Each pair of candidate rules r; and r; is evaluated against
two defined functions. The candidate rules are first evaluated using the merge_validation
function which checks whether their antecedent conditions can be combined without
contradiction. For numerical attributes, the conditions are considered compatible when
their resulting interval is non-empty and logically consistent. For categorical attributes,
a merge is rejected when the two rules specify conflicting values for the same attribute.
Conditions involving different attributes are combined. If the validation succeeds, the
two rules are merged to form a new candidate rule, 1y, consisting of the compatible
antecedent conditions of r; and r;.

After successful completion of the merge validation, ryrg is evaluated using a heuris-
tic evaluation function, denoted by H, that balances predictive performance and semantic
relevance and is defined as:

H(I‘, 7;nain/ Kg) = (1 - D‘) ' DIS(I‘) +a- REL(I‘, 77-nm'n/ Kg) (6)

where the a parameter controls the relative influence of a traditional rule learning heuristic
and the semantic relevance measurement introduced in (5). The rule learning heuristic
employs the m-estimate, a metric that offers a configurable trade-off between precision and
weighted related accuracy, formally defined as:

P
DIS(x) = prm pin (7)
pt+n+m
In this equation, p represents the positive examples out of all positive examples P that are
covered by the rule r, n denotes the negative examples of all negative examples N that are
covered by the rule, and parameter m serves as a tunable factor that specifies the mentioned
trade-off.

The parameter « in (6) is between 0 and 1 and specifies the trade-off between the
rule learning heuristic and relevance heuristic. With the increase in the a parameter,
the contribution of the semantic relevance in the heuristic gets more dominant, as the
rule learning heuristic loses its importance. Subsequently, the conditions that satisfy the
threshold B are appended to the final explanation R’ as explained in Algorithm 1.

The threshold B serves as a minimum acceptance criterion that filters out rules with
low H and ensures that only rules with sufficient semantic relevance and predictive quality
are included in the final explanation.

To clarify the proposed heuristic and intercluster rule generation process, we again
refer to the example illustrated in Figure 2. The candidate merged rule comprises two
conditions: “education=master” and “capital-gain>3000". To compute the overall heuristic
‘H, both the semantic relevance REL and the rule learning heuristic DIS must be evaluated.
Based on the assumed Wu-Palmer similarity values between the main topic “income”
and the attributes in the merged rule, and considering a shortest path length of 1 in
both cases, the semantic relevance score for the rule is calculated using Equation (5) as
REL(Y, Tyain, KG) = 0.8. For the rule learning heuristic, according to Equation (7), the rule
covers one positive instance and no negative instances, with total positive and negative
counts P = 3 and N = 2, respectively, resulting in a rule learning score of DIS = 16 = 0.8.
Finally, Equation (6) combines the two scores to balance predictive accuracy with semantic
relevance. With a trade-off parameter set to « = 0.8, the heuristic is computed as H = 0.8.
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Algorithm 1 Pseudocode on CORIFEE-Rel.

Input: Pool of interpretable models Z.

Input: Knowledge graph KG,

Input: Dataset D

Input: Main topic or core concept 7Tyi-

Output: Explanation R’ highly relevant to the main topic.

1: Preprocess D: rename attributes, discretize numerical attributes, and impute missing
values.

2. KG + Update KG by computing Wu-Palmer similarity between 7,,,;, and the nodes
and adding the corresponding semantic connections.

3: cluster C = {cq,...,cm } < cluster features based on their semantic similarity using the
Louvain community detection method.

4: Rc = []
5. forc; in C do

6: clusterFeatures < get all feature-value conditions (V;, Vi) for one target class from
Cj.
7: rl%
8: for f; in clusterFeatures do
9: if coverage(rU f;) > th. and precision(r U f;) > thy, then
10: r<ruf;
11: end if
12: end for
13: R+ R:Ur
14: end for
15: R/ + ]
l6: for eachr; and rjin R, do
17: mergeValid, 7yerge < merge_validation(r;, r;)
18: if mergeValid then
19: Calculate DI S(rmerge) < compute using (7)
20: Calculate REL(Tyerge, Ty, kG) < compute using (5)
21: H (Tmerges Trmains KG) = (1 — &) - DIS(Tmerge) + & - REL(Ymerges Trnain, KCG)
22:
23: if H(rmg,ge, Tonains ICQ) > B then
24: R+ R’ U Lmerge
25: end if
26: end if
27: end for

28: Remove duplicate rules and redundant conditions from R’
29: return R’

6. Results
6.1. Experimental Setup

We evaluate the performance of the CORIFEE-Rel on the introduced datasets in
Section 5.

CORIFEE-Rel also requires an ensemble of interpretable models, a domain-specific
knowledge graph, and the main topic, which is specified based on the dataset. In our
experiment, we use a few decision trees from a random forest and extract rules from them
to serve as interpretable models.

In the present evaluation, accuracy refers to predictive accuracy with respect to the
ground-truth class labels and should not be interpreted as explanation fidelity to a particular
source. CORIFEE-Rel operates as a meta-XAl approach that synthesizes rules from a pool of
interpretable models rather than approximating the predictions of a single fixed black-box
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model. Accordingly, our evaluation examines whether incorporating graph-based semantic
relevance can produce semantically aligned rule-based explanations while maintaining
predictive accuracy. Evaluating agreement with a specific source model would be a different
objective that requires a specific model-fidelity metric.

For each dataset, we define a main concept (7,) to guide the semantic relevance
computation and explanation generation. Table 2 lists the topics.

Table 2. Main topics (7y,,) used for datasets in the experiments.

Dataset Main Topic (Tiyain)
Hepatitis Liver disease
Adult Income

Bank Marketing Deposit

Water Quality Potable

Note: Dataset names are shown in italics.

To evaluate CORIFEE-Rel, we consider two sources of input rules: Random Forest and
JR1P. For Random Forest, we select 3-4 decision trees from the trained forest. Each selected
decision tree is converted into rules by representing each root-to-leaf path as if-then rules.
In each rule, the antecedent consists of the combined split conditions along the decision
paths, while the consequence corresponds to the class predicted at the leaf node. For JRIP,
the learned rules are used directly as the input rule pool. CORIFEE-Rel is then applied
separately to these two sources.

The generated explanation by CORIFEE-Rel is evaluated through the two metrics
described in the following.

To evaluate the quality of the generated explanation by CORIFEE-Rel, we introduce
two complementary scoring metrics: S1 and S2. Both metrics provide different assessments
of the relevance alignment of the explanations generated by CORIFEE-Rel and are com-
plementary rather than independent validation metrics. They are based on graph-based
semantic alignment and do not, by themselves, establish human-perceived explanation
relevance. S1 and S2 operate over a common set of components: R represents the gener-
ated explanation by CORIFEE-Rel, consisting of a set of rules r € R, REL(t, Tyin, KG) is
the function that computes the relevance of rule r with respect to the main topic, given
the knowledge graph KG, as defined in (5), and |R| denotes the number of rules in the
explanation.

The first metric, S1, measures the overall relevance of the explanation by averaging
the individual scores of the rules:

_ ZreR REL(I‘, 7711111'71/ ’Cg)

Sl(R/ 7711Hi11/ Kg) - |R| (8)

This score ranges from 0 to 1, with higher values indicating that the rules in the explanation
are, on average, more relevant to the main topic. Thus, S1 provides a holistic view of
explanation alignment with the target concept or topic.

The second metric, S2, evaluates the quality of the explanation based on whether each
rule meets a pre-defined relevance threshold 6. It calculates the proportion of rules whose
relevance score meets the threshold:

_ L

SZ(R/ 771min/ ICg/ 9) - ‘R|

Z I(r/ Tmain/ Kg, 9) )
reR
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The indicator function I() is defined as:

1, if REL(r, L KG) >0
I(l‘) — 1 (r 7;num g) (10)
0, otherwise

Here, 6 represents the minimum acceptable relevance score for a rule to be considered valid.
As with S1, the 52 score also lies in the range [0, 1], where higher values reflect a greater
proportion of high-relevant rules.

Figure 2 shows an example of the scoring evaluation. Based on the explanation R/,
and the calculated REL for ruleset with length 1 in Section 5, the score S1 is computed as
51= OTS = 0.8. In addition, (9) measures the proportion of rules while individual relevance
scores exceed a predefined threshold 6. Assuming 6 = 0.6, the score S2 is calculated as
s2=1=1

Together, the S1 and 52 metrics offer complementary assessments of a generated
explanation. While S1 quantifies the average relevance of all rules, S2 highlights how many
rules meet a minimum relevance standard. This dual-perspective evaluation supports a
more detailed analysis of CORIFEE-Rel performance.

From a computational perspective, the main cost of CORIFEE-Rel arises from rule
generation. By clustering semantically related attributes, the method reduces the search
space and avoids exhaustive rule combination, thereby improving scalability and making
the approach practical.

6.2. Quantitative Results

We evaluate the performance of CORIFEE-Rel across different values of the & parame-
ter, which specifies the contribution of semantic relevance in the explanation generation
process. The results are compared against the random forest model and are reported in
Figure 3.

To examine the effect of «, we perform a sensitivity analysis to illustrate how changing
the « affects accuracy, S1, and S2.

For the Hepatitis dataset, both scoring metrics, S1 and S2, increase as the a parameter
increases, indicating that greater emphasis on semantic relevance leads to explanations
with higher semantic relevance scores. Based on the « analysis in Figure 3, we use & = 0.8
as a configuration for the subsequent comparisons. This value assigns higher emphasis on
semantic relevance while maintaining the contribution of predictive rule-learning heuristic.
At this setting, the scoring metrics improve compared to random forest, while maintaining
a comparable accuracy. This shows that CORIFEE-Rel can generate explanations with
higher semantic relevance with slight changes in predictive performance.

A similar trend is observed for the Adult dataset. At « = 0, the heuristic relies solely
on the traditional rule learning heuristic, resulting in the highest accuracy but the lowest
relevance scores. As a increases, the semantic relevance of the explanations improves.
At a = 0.8, we observe a trade-off between predictive accuracy and semantic relevance,
with relevance scores exceeding those of random forest while predictive accuracy changes
only modestly.

The results on Bank Marketing and Water Quality follow similar patterns. As se-
mantic relevance is given more weight, the relevance scores increase, while accuracy is
slightly reduced.

The setting « = 0 and & = 1 can be interpreted as an ablation study of the components
of the heuristic. Ata = 0, the semantic relevance component REL is removed and candidate
selection is entirely based on DIS, whereas at &« = 1, DIS is removed and the rules selected
are based only on REL.
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Based on the sensitivity analysis, we use & = 0.8 as a representative point for the
subsequent comparative evaluation. This value assigns higher weight to semantic relevance
while maintaining the contribution of the predictive rule-learning heuristic. It provides a
common fixed configuration for comparing CORIFEE-Rel across datasets.

For the comparative evaluation at « = 0.8, we use five-fold cross-validation. The
complete data-dependent rule-generation process is performed independently using the
training set of each fold. The source model is trained on the training fold, and CORIFEE-
Rel performs candidate generation and rule selection using only the training data. The
knowledge graph derived from WordNet is constructed from the attributes in the dataset
and it is fixed across folds. The generated explanation is then evaluated on the test fold.
This ensures that the information from the test fold is not used during preprocessing, rule
extraction, candidate selection and explanation generation.

For prediction all generated rules whose conditions are satisfied by a test instance in a
class vote, and the class receiving majority of votes is assigned. If no generated rule covers
the test instance, the majority class in the corresponding training fold is assigned. In the
case of a tie between classes, the majority class in the training fold is used to break the tie.

Table 3 summarizes the mean and standard deviation of the results obtained using
five-fold cross-validation for CORIFEE-Rel at the fixed representative configuration « = 0.8.
This setting gives greater weight to semantic relevance while maintaining a contribution
from the predictive rule-learning heuristic. Two separate CORIFEE-Rel experiments are
reported for each dataset; one using rules from a few decision trees from random for-
est, and one using rules from JRIP. Random Forest and JRIP represent two commonly
used approaches for generating interpretable rule-based explanations. Across all datasets,
CORIFEE-Rel improves the semantic relevance S1 and S2 relative to JRIP and random
forest. Overall, the results demonstrate that CORIFEE-Rel achieves a strong balance be-
tween predictive performance and semantic relevance relative to both models, consistently
improving semantic relevance explanations at the expense of slightly reducing predictive
performance. The small standard deviations indicate that the improvements are stable
across different folds.

Table 3. Comparison of CORIFEE-Rel (¢ = 0.8) with Random Forest and JRIP rule-based explanations.

Dataset Method Accuracy S1 S2
Random Forest 0.803-0.050 0.713+0.027 0.768+0.033
.. CORIFEE-Rel 0.778=+0.026 0.852+0.024 0.882+0.029
Hepatitis
JRIP 0.789+0.040 0.831+0.028 0.812+0.021
CORIFEE-Rel 0.770+0.028 0.896+0.023 0.868+0.019
Random Forest 0.798-+0.013 0.472+0.036 0.325-0.029
CORIFEE-Rel 0.772+0.021 0.716=0.029 0.634+0.030
Adult
JRIP 0.802+0.018 0.748+0.027 0.754+0.025
CORIFEE-Rel 0.783+0.023 0.816+0.019 0.907+0.013
Random Forest 0.893+0.012 0.639-+0.027 0.526-+0.018
Bank Marketing CORIFEE-Rel 0.875+x0017 0.746+0.023 0.698-0.020
JRIP 0.878+0.019 0.623+0.022 0.704+0.016
CORIFEE-Rel 0.844+0.015 0.835+0.017 0.918+0.013
Random Forest 0.622+0.010 0.64110.021 0.689+0.027
Water Quality CORIFEE-Rel 0.614+0.018 0.732+0.019 0.744+0.014
JRIP 0.596+0.013 0.769+0.014 0.724+0.018
CORIFEE-Rel 0.587+0.014 0.886+0.011 0.896+0.015

https://doi.org/10.3390/info17090919


https://doi.org/10.3390/info17090919

Information 2026, 17, 919 17 of 24

Algorithm % Accuracy S1 52 L0
0 0.787 0496 0.373
02 0763 0510 0.502
04 0742 0698 0576
06 0761 0.787  0.677
08 0778 0852 0.882
1 0.756 0903 0.895 B
Random Forest 0803 0713 0768 0 —

CORIFEE-Rel

Accuracy, Scorel, Score2

0.0 0.2 0.4 06 0.8 1.0

(a) Hepatitis dataset
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Figure 3. Performance of CORIFEE-Rel and random forest across four datasets, presented both in
tabular (left side) and graphical (right side) form.

Since the random forest-based CORIFEE-Rel setting uses rules extracted from a se-
lected set of decision trees, we additionally examine the performance of these individual
trees on the Hepatitis dataset. Table 4 reports the accuracy, 51, and 52 values of the same
selected individual decision trees used to construct the random forest pool in Table 3 and
compares with the CORIFEE-Rel explanation generated from that pool.
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Table 4. Comparison to individual trees of a random forest on Hepatitis dataset using the repre-
sentative configuration « = 0.8.

Tree Accuracy S1 S2

CORIFEE-Rel 0.778 0.852 0.882
treel 0.695 0.581 0.549
tree2 0.726 0.537 0.516
tree3 0.754 0.624 0.585

Sensitivity Analysis

To examine whether S2 improvements depend on the choice of the threshold 6, we
conduct a sensitivity analysis over 6 € {0.4,0.5,0.6,0.7,0.8}. It is important to note that 6
is an evaluation threshold used only in the computation of S2, and it does not affect the
generation or selection of rules in the final explanation.

Table 5 reports the results across all four datasets for both random forest and JRIP.
As expected, S2 decreases monotonically as the threshold becomes more restrictive. In
addition, CORIFEE-Rel consistently achieves higher S2 than its corresponding baseline in
all tested thresholds across all datasets.

Table 5. Sensitivity analysis of S2 with respect to the threshold 6 for random forest and JRIP and the
corresponding CORIFEE-Rel explanation.

Dataset Method 0.4 0.5 0.6 0.7 0.8
Random Forest 0.907 0.887 0.768 0.527 0.334

Hepatitis CORIFEE-Rel 0947 0915 0882 0628 0522
TRIP 0922 0865 0812 0625 0421

CORIFEE-Rel 0968  0.874 0868 0749  0.634

Adult Random Forest 0574 0431 0325 0205  0.098
CORIFEE-Rel  0.832 0755  0.634 0563 0419

TRIP 0891 0811 0754 0556 0327

CORIFEE-Rel 0983 0952 0907 0748 0533

Bank Marketin Random Forest 0.568 0.469 0.526 0.273 0.189
& CORIFEE-Rel 0843 0736 0698 0568  0.434

TRIP 0877 0764 0704 0564 0418

CORIFEE-Rel 0988 0952 0918 0768 0402

Water Quality Random Forest 0.841 0.736 0.689 0.518 0.357

CORIFEE-Rel  0.966 0.865 0.744 0.524 0.360
JRIP 0.867 0.764 0.704 0.446 0.318
CORIFEE-Rel  0.985 0.927 0.896 0.641 0.534

Note: Dataset names are shown in italics.

We further examine the effect of the acceptance threshold B, which determines whether
a candidate merged rule should be appended to the final explanation. As reported in Table 6,
we vary 3 from 0.4 to 0.8 while keeping the remaining parameters fixed. Across the four
datasets and both random forest and JRIP, increasing B leads to higher S1 and 52 scores,
while predictive accuracy remains relatively stable at lower values of 8 and decrease under
stricter acceptance thresholds. This behavior is expected as larger B applies a stricter
acceptance criterion and selects candidate rules with higher heuristic values.
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Table 6. Sensitivity analysis of CORIFEE-Rel with respect to the acceptance threshold B across all

datasets and base models.

Dataset B Accuracy S1 S2
3 0.4 0.780 0.807 0.822
Hepatitis /Random Forest 05 0.782 0.816 0.843
0.6 0.778 0.852 0.882
0.7 0.761 0.874 0.905
0.8 0.754 0.914 0.926
. 04 0.781 0.824 0783
Hepatitis /JR1P 0.5 0.774 0.857 0.824
0.6 0.770 0.896 0.868
0.7 0.768 0.918 0.885
0.8 0.742 0.922 0.897
0.4 0.784 0.642 0.548
Adult/Random Forest 0.5 0.777 0.679 0.583
06 0.772 0.716 0.634
0.7 0.767 0.736 0.665
0.8 0.761 0.752 0.688
04 0.789 0.759 0.827
Adult/JR1p 05 0.789 0.784 0.866
0.6 0.783 0.816 0.907
0.7 0.769 0.834 0.916
0.8 0.758 0.862 0.933
. 0.4 0.885 0.667 0.579
Bank Marketing /Random Forest 05 0.880 0.729 0.642
0.6 0.875 0.746 0.698
0.7 0.869 0.784 0.759
0.8 0.864 0.809 0.772
. 04 0.856 0.776 0.845
Bank Marketing /JRIP 05 0.851 0.819 0.883
0.6 0.844 0.835 0.918
0.7 0.839 0.852 0.924
0.8 0.835 0.876 0.936
. 0.4 0.619 0.674 0.668
Water Quality /Random Forest 05 0.616 0.664 0.692
0.6 0.614 0.732 0.744
0.7 0.607 0.788 0.785
0.8 0.594 0.797 0.825
. 04 0,590 0.836 0.853
Water Quality /JRIP 0.5 0.588 0.861 0.874
0.6 0.587 0.886 0.896
0.7 0.574 0.909 0.916
0.8 0.570 0.934 0.937

Note: Dataset names are shown in italics.

6.3. Qualitative Results

The rules illustrate a contrast in semantic relevance with the underlying concept of

“liver disease”. For instance, the rules learned from random forest include conditions

such as “sex = male” and “histology = no”, which are not directly associated with liver

pathology. In contrast, the rules generated by CORIFEE-Rel are more closely aligned with

medically meaningful indicators, such as “ascites = no”, SGOT and albumin ranges, which

are strongly associated with liver function and disease.

These differences reflect the capacity of CORIFEE-Rel to generate interpretable and

semantically relevant rules grounded in domain-relevant features.
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To improve interpretability, we translated selected rule fragments from Table 7 into
narrative form in Table 8, expressing logical conditions as natural language statements.
This style conveys the model’s decision logic in a format more accessible to clinicians
and domain experts, highlighting how specific combinations of patient attributes relate to
predicted outcomes (e.g., survival or death). By avoiding formal rule syntax, the narrative
descriptions enhance semantic transparency and facilitate qualitative assessment of model

reasoning.

Table 7. Fragments of rule sets generated from random forest and CORIFEE-Rel on Hepatitis dataset.

(a) Rule sets learned by random forest (b) Rule sets generated by CORIFEE-Rel
class =1 :- sex = female, class =1 :- ascites = no,
steroid = yes, SGOT <= 40,
anorexia = no. liver firm = no,
class = 0 :- sex = male, class = 0 :- albumin >= 1.9,
steroid = no, liver big = yes,
histology = yes. SGOT >= 150.

Table 8. Alternative representations of the generated rule sets from random forest and CORIFEE-Rel
on the Hepatitis dataset.

(a) Rule sets generated by random forest (b) Rule sets generated by CORIFEE-Rel

A patient is predicted to survive if the
patient is female, is receiving steroid
treatment, and does not experience

A patient is predicted to survive if ascites
is absent, the SGOT level is below 40, and
the liver is not firm.

anorexia.

A patient is predicted to die if they are A patient is predicted to die if albumin
male, is not receiving steroid treatment, level is above 1.9, the SGOT level is above
and has a positive histology result. 150, and the liver is enlarged.

7. Discussion

The results from our work show that CORIFEE-Rel generally increases graph-based
semantic relevance with slight changes in predictive accuracy. This reflects the defined
goal of the heuristic H, which balances the predictive component DIS and the semantic
relevance component REL.

The sensitivity analysis further illustrates the behavior of the evaluation parameters.
Increasing a gives greater weight ot semantic relevance during rule selection, while increas-
ing B applied stricter acceptance criterion and generally increases 51 and 52, with some
reduction in predictive accuracy at higher values. 6 is used only as an evaluation threshold
for S1 and S2; increasing 0 leads to consider high relevant rules and generally decreases S2,
without affecting the generated explanations.

CORIFEE-Rel is also applied separately to two baseline models: Random Forest and
JR1P. The current evaluation, however, measures graph-based semantic relevance rather
than human-perceived explanations quality, so human evaluation remains a direction for
future work.
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8. Conclusions

In this work, we introduced CORIFEE-Rel, a novel instantiation of the CORIFEE meta-
XAl platform that focuses on incorporating semantic relevance into rule-based explanation
generation. Motivated by the principles of human-centered XAI, CORIFEE-Rel addresses
key limitations that rule-based explanations may contain features that are not well aligned
with the central concepts of the application domain. By integrating domain-specific knowl-
edge graphs and a relevance heuristic that balances semantic relevance with predictive
accuracy, CORIFEE-Rel provides a systematic approach to generate explanations that are
not only accurate but also semantically relevant to the domain concept.

Experimental results across four datasets show that CORIFEE-Rel improves the se-
mantic relevance of explanations (as measured by the S1 and S2 scores) while maintaining
a comparable level of accuracy to underlying models. The results provide evidence that
CORIFEE-Rel can improve graph-based semantic alignment while maintaining comparable
predictive accuracy.

Nonetheless, future work includes incorporating user studies to empirically validate
the cognitive and practical benefits of CORIFEE-Rel, particularly in high-stakes, domain-
specific contexts such as healthcare or finance, where expert interpretation is critical. Such
evaluations help to determine whether improvements in semantic relevance enhance
human understanding, trust, and decision-making. Human evaluation studies constitute
another direction for future work and could provide valuable insights into the role of
semantically relevant explanations in supporting human—XAlI collaboration.

In addition, while we use WordNet in our experiments, the framework is not restricted to
a particular semantic source. Future work will explore the use of domain-specific knowledge
graphs and ontologies to further enhance semantic relevance in real-world applications.

Overall, CORIFEE-Rel offers a promising direction for advancing human-centered XAI
by tailoring rule-based explanations with the semantic structures that reflect human cognition.
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