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Abstract: The increasing demand for interpretable artificial intelligence (AI) has underscored the importance of explainable fuzzy
models, particularly those based on Adaptive Neuro-Fuzzy Inference Systems. However, standard grid-based initialization often leads to
exponential rule proliferation, significantly compromising model transparency and computational efficiency. To address this challenge,
this study proposes an interpretable Type-1 fuzzy framework that utilizes Fuzzy C-Means clustering for data-driven membership function
generation, followed by a systematic two-stage reduction strategy. The methodology integrates antecedent merging based on Euclidean
distance to consolidate overlapping clusters and an activation-based pruning approach to eliminate inactive logic. Validated on the
Fisher Iris dataset and Banknote Authentication dataset, the framework successfully reduced the rule base from 81 to 44 and 81 to 42
rules, achieving a 45.68% and 48.15% reduction in complexity, respectively. Crucially, this optimization enhanced classification accuracy
from 76.00% to 93.33% for the Iris dataset and 44.08% to 51.13% for the Banknote Authentication dataset, demonstrating that removing
redundant rules actively reduces logical noise. These results confirm that the proposed paradigm effectively balances parsimony with
performance, offering a robust solution for explainable AI applications, with future extensions envisioned toward Type-2 systems for
handling higher-order uncertainty.

Keywords: explainable artificial intelligence (XAI), Adaptive Neuro-Fuzzy Inference System (ANFIS), fuzzy logic system, Fuzzy
C-Means clustering, antecedent reduction

1. Introduction

The increasing reliance on artificial intelligence (AI) in
mission-critical applications such as healthcare, finance, and
autonomous systems is compromising the interpretability and
trustworthiness of AI-driven decisions. Despite the immense accu-
racy offered by deep learning and other black-box algorithms,
their lack of explainability makes them unsuitable for applications
where transparency is needed. This has led to the newly emerging
field of explainable artificial intelligence (XAI) that aims at creat-
ing models that are not only accurate but human understandable
as well [1]. Here, fuzzy logic-based systems have emerged as poten-
tial candidates for interpretable AI since they have the ability to
express knowledge in terms of human-interpretable linguistic rules
and transparent decision-making architecture [2].

*Corresponding author: Muhammad Hamza Azam, Centre for Research
in Data Science, Universiti Teknologi PETRONAS and Department of
Computing, Universiti Teknologi PETRONAS, Malaysia. Email: muham-
mad_17007652@utp.edu.my

Adaptive Neuro-Fuzzy Inference Systems (ANFIS) combine
the neural network’s learning ability with fuzzy logic humanlike
reasoning. The hybrid systems are particularly valued for their
balance between interpretability and adaptability. Conventional
ANFIS based on Type-1 Fuzzy Logic Systems (T1FLS) has found
extensive use in numerous fields for function approximation, con-
trol, and prediction [3]. But one of its major downfalls is rule
explosion, a principle by which the number of fuzzy rules grows
exponentially with the growth in the input dimensions or the
granularity [4]. This makes the rule bases complex, and they are
incapable of being explained, updated, and deployed.

T1FLS employ precise membership functions (MFs) to con-
vert real-world inputs into linguistic terms. While this is somewhat
more interpretable than black-box models, it is still marred by
poor scalability and flexibility to handle high-dimensional noise
or overlapping data. Second, manually optimizing or designing
MFs is time-consuming and less than optimal [5]. As a result,
there is an urgent need to automate MF generation and decrease
the rule base without decreasing accuracy or interpretability.

In this paper, we present a comprehensive framework to
enhance Type-1 ANFIS systems’ scalability and explainability.
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Our approach uses Fuzzy C-Means (FCM) clustering for adap-
tive fuzzy MF generation, which is then used in fuzzy rule base
initialization. To mitigate rule complexity, we use antecedent
reduction based on pruning, which identifies and eliminates
redundant or sparsely contributing antecedents. In addition, we
conduct fuzzy rule merging to integrate semantically equiva-
lent rules. This rigorous simplification and reduction of the
antecedents guarantee the compactness and interpretability of the
rule base, making it easier for the fuzzy model to be used in
practice.

We innovate by jointly maximizing the interpretability and
compactness of fuzzy systems in a data-driven manner. While
most existing methods either focus on improving the accuracy
of prediction alone or carry out rule pruning in isolation, our
system preserves semantic consistency by employing fuzzy associ-
ation rules. The reduced rule base not only reduces computational
efforts but also delivers crisp, non-redundant linguistic rules to
human analysts. This is in line directly with the goals of XAI by
making model reasoning explainable and verifiable, most specifi-
cally in domains where the “why” of a prediction is as important
as the prediction itself.

Despite numerous advancements in fuzzy modeling, there
remains a significant gap in explainable optimization in Type-1
ANFIS systems. Present systems are often centered on heuris-
tic rule simplification, and there isn’t much focus on retaining
interpretability as the model is simplified. Besides that, the
lack of structure in antecedent space leads to redundant or
unnecessarily complex rules that are not understandable to end-
users. Our approach addresses these challenges by formalizing
rule reduction and emphasizing human-centered rule abstrac-
tion in a way that the final fuzzy system is both precise and
understandable.

The main contributions of this work are threefold. First, we
advocate for an adaptive Type-1 MF generation using FCM to
group input data adaptively and preserve semantic boundaries.
Second, we perform antecedent association through merging and
antecedent pruning to simplify the fuzzy rule base such that no
model performance is lost. Third, we demonstrate that the result-
ing compact ANFIS system can still generate high prediction
accuracy as compared to its original version while enhancing
interpretability. The efficiency of the proposed technique is estab-
lished on the Fisher Iris and Banknote Authentication datasets
with reduced rule complexity and enhanced model explainability.

To better introduce the proposed framework and the con-
tributions, the remainder of the paper is structured as follows.
Section 2 provides an extended literature review of XAI, fuzzy
systems, ANFIS models, and existing approaches for antecedent
reduction and association. Section 3 describes the methodology
in terms of using FCM for MF generation, antecedent prun-
ing, and fuzzy rule merging. Section 4 describes the experimental
setup and results by using the Fisher Iris Banknote Authentica-
tion datasets to establish the efficiency of the proposed method.
Section 5 describes the implications of the findings, potential limi-
tations, and areas for improvement. Lastly, Section 6 presents the
directions of future work and ends the paper.

2. Background Study and Literature Review

The development of explainable and intelligent systems has
quickly advanced over the last few years, particularly in the
context of fuzzy logic and neuro-fuzzy modeling. A number
of research studies have explored the potential of fuzzy logic
systems (FLS) and ANFIS to solve uncertainty handling and

approximate reasoning problems. However, as the data became
increasingly complex in real-world usage and model explainabil-
ity was increasingly necessary, researchers began to look not only
at increasing accuracy but also at attempting to make the inter-
nal workings of these systems easier to understand and explain.
This has led to the implementation of XAI principles along with
fuzzy modeling techniques oriented around interpretability, rule
simplification, and semantic transparency. Detailed analysis of
influential ideas, methodological innovations, and recent break-
throughs in this field is necessary to understand the state of
the art and identify areas for enhancement. The subtopics below
present a comprehensive overview of the most critical constituents
and methodologies for use with FLS and explainable neuro-fuzzy
modeling.

2.1. Fundamentals of fuzzy logic systems

FLS, first proposed by Lotfi A. Zadeh in 1965, transformed
how uncertain and imprecise information was managed in com-
putational systems. Unlike classical binary logic, where variables
have to be exactly true or false (0 or 1), fuzzy logic permits
variables to have values within a range between 0 and 1. The char-
acteristic allows real-world phenomena that are inherently fuzzy
or imprecise, like “hot weather,” “moderate speed,” or “low risk,”
to be expressed. A fuzzy definition like this allows the transition
between values to be done gradually and increasingly humanlike
responses, and thus, FLS saw tremendous success in imprecise
and uncertain environments.

A conventional FLS consists of three key components:
fuzzification, inference engine, and defuzzification. The crisp
numerical values are, during fuzzification, transformed into mem-
bership degrees in existing fuzzy sets by means of MFs [6]. The
inference engine operates on the basis of a set of IF–THEN rules
defining the system’s behavior by the use of fuzzy logic opera-
tors. Rules are generally formulated by linguistic variables (e.g.,
“IF temperature is high THEN fan speed is fast”). The defuzzi-
fication subsequently generates one crisp output from the fuzzy
output set by implementing the centroid method primarily or by
implementing other defuzzification techniques. The architecture
of the fuzzy system is illustrated in Figure 1.

One of Type-1 FLS’s traditional advantages is that of built-
in interpretability. Since fuzzy rules are expressed using linguistic
variables, there is close similarity to how human decisions are
expressed, and systems are transparent as well as auditable [7].
The stakeholders can look at the fuzzy rules and MFs themselves
to see decisions being made. For instance, for a medical decision-
making application, a rule like “IF bp is high AND cholesterol
is high THEN risk is severe” is interpretable as well as clinically

Figure 1
Architecture of fuzzy logic system
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interpretable [8]. The feature makes Type-1 fuzzy systems candi-
dates to be deployed to XAI applications, especially safety-critical
ones like healthcare, finance, and autonomous systems [9].

Nevertheless, in spite of their inherent practicality, FLS are
not issue-free. As input variable and fuzzy term values increase,
the rule base grows exponentially, a curse called the “curse of
dimensionality” or rule explosion. This may mean hundreds of
scores or thousands of fuzzy rules that complicate the system
to work with and understand. This calls for the use of methods
like antecedent reduction, rule association, and fuzzy clustering
that reduce model complexity without impacting its accuracy as
well as interpretability [10]. They are a prerequisite of rendering
fuzzy systems interpretable and scalable to applications in the real
world.

2.2. Adaptive Neuro-Fuzzy Inference Systems
(ANFIS)

ANFIS, introduced by Jang in 1993, is a hybrid intelli-
gent system that includes training of neural networks along with
clear fuzzy logic rule representation [11]. ANFIS has a multi-
layer structure that is commonly composed of five layers that
execute specific operations like fuzzification, rule evaluation, nor-
malization, and defuzzification. The training process utilized by
ANFIS is a hybrid process that includes the least squares esti-
mation and gradient descent to enable automatic adjustments of
MFs as well as rule parameters with training data [12]. The adapt-
ability that is obtained that way makes ANFIS strong enough to
approximate complex nonlinear functions with very good accu-
racy while still being able to characterize a transparent rule-based
structure.

An important strength of ANFIS is that it can balance
data-friendliness with explainer-friendliness. Every rule in ANFIS
corresponds to one particular fuzzy region in the input space
and can be explained as language (e.g., “IF temperature is high
AND humidity is low THEN fan speed is high”). The simplic-
ity of this fuzzy rule base makes ANFIS highly accessible to
application development in XAI, where understanding decision
logic in a model is key [13]. The use of fuzzy logic is such that
one can embed expertise in a domain directly in one’s rule base,
and all one must do to fit this to data is learn one’s parameter
set (even learn this set using Bayesian-type updating). There are
dozens of application examples that have been able to adequately
demonstrate ANFIS’s capabilities in application domains such as
this one (medical diagnosis, control systems, finance prediction,
environmental modeling) as a function of this trade-off between
accuracy and interpretable comprehensibility [14].

Although it is strong, when it comes to high-dimensional
problems, it is restricted. The more input variables or the more
linguistic labels, the greater the number of fuzzy rules, and an
exponential increase of the latter is an issue typically referred to
as “the curse of dimensionality” [15]. The resulting rule explo-
sion creates redundancy or contradiction among rules, causing
increased computational load and untangling issues of model
explanation. Additionally, due to the overlapping nature of fuzzy
MFs, sometimes there are fuzzy rule firings that are not clear,
and as a result, model output explanation becomes even more
challenging [16]. Due to the latter, there is recent work that has
investigated the application of antecedent pruning, rule simpli-
fication, and MF generation optimization (e.g., using clustering
schemes like FCM) to make ANFIS models transparent and effi-
cient enough for demanding application purposes. The conceptual
design of ANFIS is presented in Figure 2.

Figure 2
ANFIS architecture diagram

2.3. Explainable artificial intelligence (XAI) in fuzzy
modeling

XAI intends to make decision-making within artificial sys-
tems transparent and interpretable to human end-users. With
growing incorporation of AI systems into mission-critical applica-
tion areas such as healthcare, finance, and autonomous transport
systems, there are also growing requirements for models whose
decisions are interpretable and can be trustworthy [17]. The com-
mon traditional black-box type of models such as deep neural
networks do not usually give meaningful insights concerning
decision-making, and this gives rise to concern with regard to
responsibility and fairness issues [18]. The FLS, however, have
inherent interpretable reasoning with human-interpretable lin-
guistic variables by rule systems. The fuzzy systems are thus
considered to be a natural candidate for schemes of XAI.

Fuzzy systems employ IF–THEN rules built out of linguis-
tic terms such as “Low,” “High,” or “Moderate,” just as humans
reason. The rules are directly linked to comprehensible ideas
such that end-users can monitor, validate, and even debug a line
of reasoning behind a system’s output. On data-fused versions
like ANFIS, this clarity is still maintained while being data-
dynamically capable of learning. For example, after training, an
ANFIS model may output this rule: “IF temperature is High and
humidity is Low THEN fan_speed = 0.8,” which is numerically
correct as well as linguistically interpretable. The end effect is that
those who know a domain are able to examine a line of reasoning
free of special-purpose tools/post hoc interpretation layers [19].
Interpretability suffers with excessively complex fuzzy systems.
High numbers of fuzzy rules, overlapping MFs, or inconsistent
rule bases blur as opposed to enhance interpretation. Experi-
ments have been capable of greatly shedding light upon systems
by compacting fuzzy rules and compressing antecedents that are
unimportant or redundant [20]. Beyond this, MF semantic clarity
and linguistic term quality also contribute to how interpretable
a fuzzy model is. On behalf of ends that are XAI, one must
ensure that one ends up with a compact, unambiguously clear,
semantically informative rule base, thus highlighting antecedent
reduction and association as important methods to fuzzy
modeling.

2.4. Managing complexity in fuzzy rule bases:
challenges, reduction, and association techniques

When FLS are scaled up to real-world, high-dimensional
data, overly complex rule bases are obtained as solutions. With
ANFIS, this kind of complexity is mainly induced by combina-
torial rule explosion as a result of additional input variables and
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MFs [21]. With five variables as inputs with three MFs per vari-
able, up to 243 candidate fuzzy rules are produced by the model.
Other than imposing undue computational burdens, such rule
sets also deter model interpretation to an extent that stakehold-
ers are not readily able to make sense of decisions being made
[22]. Such overlapping and compact rule sets are not manageable
to employ within application sectors like healthcare, finance, and
safety-critical systems that need to be explained and transparent.

In response to such challenges, antecedent reduction schemes
have been introduced by previous authors. Rule pruning is one
such typical technique that practically removes rules contributing
the minimum to model performance or the minimum to acti-
vate the input space in a systematic way. The technique retains
the most informative decision paths with minimum noise within
the inference process. Antecedent merging is also one technique
that identifies and merges rules with corresponding analogous
input conditions as generalized rules. Apart from retaining rules
to a minimum by retaining the total count to a minimum, this
technique also removes redundant linguistic patterns and thereby
maximizes transparency. Feature selection by mutual information
or by correlation analysis can also retain the considered input
variables to a minimum within the fuzzy inference system (FIS)
and thereby retain the overall rule base to a minimum. The tech-
niques are employed to construct lightweight, transparent fuzzy
models easily verifiable and auditable within real-world applica-
tions [23]. Rule association and rule merge methods reduce model
complexity further by extracting dependencies as well as rules
from rule bases using data mining ideas such as extracting fre-
quent patterns [24]. Such methods extract common antecedent
patterns and pair them with linguistic aggregation. The Apri-
ori algorithm and fuzzy measures of correlation, for instance,
are able to extract sets of antecedents that are responsible for
all occurrences together and are thus able to replace such sets
with compact, generalized rules that are less descriptive. Such
association-related methods reduce semantic overlap to a mini-
mum and maximize the accuracy of a model that is compatible
with interpretable modeling targets. The trade-off between accu-
racy and compactness forms the basis of compact fuzzy systems
designed for interpretable AI systems [25].

Against this background, this research paper adopts a hybrid
approach that employs a rule pruning and antecedent merge
technique to minimize fuzzy rule base compactness. The broad
approach is to keep the overall system predictive capacity undis-
turbed while achieving immensely enhanced interpretable capacity
with a less expansive semantically interpretable rule base as well.
The approach, by focusing on such antecedent reduction and
association-based methods, complements an explainer-friendly as
well as human-interpretable fuzzy modeling approach that is
rather indispensable to allow transparent decision-making under
high-stakes conditions.

3. Methodology

The proposed method is an explainable fuzzy modeling
framework based on Type-1 ANFIS with antecedent reduction
and association techniques for minimizing fuzzy rule bases. It
has five major steps in the process: data preprocessing, fuzzy
partitioning through FCM, ANFIS modeling, rules pruning and
antecedent merging, and finally, assessment through interpretabil-
ity and accuracy metrics. The approach is targeted at improving
the interpretability of fuzzy models without sacrificing predictive
performance, particularly in medium-scale data such as the Fisher
Iris dataset and Banknote Authentication dataset.

3.1. Data preparation and preprocessing

To validate the proposed fuzzy rule reduction framework, the
classic Fisher Iris dataset and Banknote Authentication dataset
were utilized as the benchmark. The details of the datasets are as
follows:

3.1.1. Fisher Iris dataset
The dataset consists of 150 samples distributed equally across

three species of Iris flowers: Iris setosa, Iris versicolor, and Iris
virginica. Each sample contains four numerical features:

1) Sepal Length (×1)
2) Sepal Width (×2)
3) Petal Length (×3)
4) Petal Width (×4)
3.1.2. Banknote Authentication dataset

The Banknote Authentication dataset contains 1375 samples,
each representing an image of a banknote-like specimen. The goal
of the dataset is to distinguish between genuine and forged ban-
knotes based on visual texture information extracted from these
images.

Each sample is described using four numerical features
that are computed from wavelet-transformed images. These fea-
tures capture different aspects of the image texture: the variance
(VWTI) reflects how much the pixel intensities vary, skewness
(SWTI) shows whether the intensity distribution is balanced or
tilted, kurtosis (KWTI) indicates how sharp or flat the distri-
bution is, and entropy (EI) measures the overall randomness or
complexity of the image.

The images were captured using an industrial inspection cam-
era, similar to those used in professional printing environments,
to ensure consistent and high-quality image acquisition. Both
real and counterfeit banknote samples were included in the data
collection process. Overall, the dataset provides a compact yet
informative representation with four input attributes and a class
label, making it well-suited for experimenting with classification
models, fuzzy systems, and XAI techniques.

3.2. Fuzzy C-Means clustering for membership
function generation

The second phase is automated construction of fuzzy MFs
from FCM clustering. As opposed to manual specification of
MFs, the FCM algorithm gives data-driven and objective par-
titioning of the input space. FCM assigns points in every input
feature to pre-specified clusters from which triangular MFs are
obtained.

This MF implementation through clustering guarantees that
the fuzzy sets align with the natural distribution of data; hence,
the model accuracy and interpretability both become better. The
proposed algorithm used to approximate Type-1 Fuzzy Triangular
MF using FCM is presented in Algorithm 1:

Algorithm 1: Triangular Membership Function Approximation

1. Choose (e, m, iter, 𝜀, a, b, c)
2. Find initial cluster centers
3. ITERATE

For t = 1 to iter
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CALCULATE

𝒖𝒊𝒌, 𝒕 = [ e∑
j=1

( ||xk− vi, t−1||A||xk− v j, t−1||A )
1/(m−1)]−1

CALCULATE vi, t = ∑N
k=1(uik, t)m Xk∑N
k=1(uik, t)m

If error = |vt − vt−1| ≤ 𝜀
Next t

4. U-Matrix and cluster center “e” are calculated.

5. Calculate parametric values for triangular MF.

a = 𝛼 − (𝛽 × 𝛾)
b = 𝛼
c = 𝛼 + (𝛽 × 𝛾)

6. Triangular MF set

𝜇F (x; a, b, c) = max (min (x − a
b − a

, c − x
c − b

), 0)
7. Use parametric values a < b < c to generate triangular MF

Here, a and c denote the lower and upper bounds of the
triangular MF, while b represents its peak value. The parameters𝛼 and 𝛾 are computed from the U-matrix and the corresponding
cluster centers, whereas 𝛽 is treated as a constant. The value of𝛽 is determined empirically based on experimental analysis and
simulation results.

3.3. ANFIS training and initial rule base construction

The Type-1 ANFIS architecture integrates fuzzy logic infer-
ence with the learning capabilities of neural networks to optimize
MF parameters and consequent weights. Utilizing the data-driven
fuzzy sets derived via FCM clustering, the system initializes the
rule base by computing the full Cartesian product of the input
antecedents. This exhaustive process generates a rule for every
logical combination of the MFs, ensuring comprehensive cover-
age of the feature space. However, this combinatorial approach
inevitably leads to the “curse of dimensionality,” resulting in
an exponentially large rule base that necessitates subsequent
reduction to maintain computational efficiency.

3.4. Antecedent association and rule merging

Following the initial rule generation, the system comprised a
comprehensive but redundant set of rules, many of which occu-
pied adjacent or spatially overlapping regions in the feature space.
To address this, a geometric association-based merging method
was employed to consolidate these entities into generalized pat-
terns. Unlike complex semantic measures, this approach utilized
Euclidean distance as the primary metric to quantify the spatial
proximity between the four-dimensional antecedent centers of the
generated rules.

The merging process was executed in two logical steps. First,
a pairwise distance matrix was computed for all rule centers, and
a similarity threshold of 0.2 was applied to identify “connected
components,” or groups of rules indistinguishable within that
spatial tolerance. Second, Rule Generalization was performed,
where each identified cluster was consolidated into a single rep-
resentative rule. This strategy minimizes structural redundancy

and enhances the model’s linguistic interpretability by avoiding
fine-grained distinctions that do not add explanatory value.

3.5. Antecedent reduction through rule pruning

Even after the initial generation and merging phases, the rule
base may still contain “null” or weak rules that occupy regions of
the feature space devoid of empirical data. To mitigate this and
enhance model parsimony, a validity-based pruning algorithm is
utilized to assess the actual contributionof each rule to the inference
process.Thecoreof thismethod involvesActivationAnalysis,where
the cumulative activation strength for every rule is computed by
summing its firing strength across the entire training dataset. This
metric effectively quantifies the degree to which a specific rule
participates in explaining the input data, distinguishing between
dominant logical structures and inactive noise.

Based on this analysis, a Thresholding and Elimination strat-
egy is applied. A predefined validity threshold is established to
identify statistically insignificant rules; any rule with a total acti-
vation strength falling below this value is deemed inactive or
redundant. These rules are systematically removed from the rule
base, ensuring that only those with significant empirical sup-
port are retained. This elimination process serves to drastically
reduce computational overhead and logical complexity without
compromising important decision patterns, ultimately yielding a
transparent and human-understandable rule base.

3.6. Explainability evaluation

To rigorously assess the transparency of the proposed
framework, a dual-faceted evaluation strategy comprising both
quantitative and qualitative metrics was employed. Quantita-
tively, the reduction in rule count served as the primary indicator
of interpretability; minimizing the rule base from an initial exhaus-
tive set to a compact subset directly correlates with reduced
cognitive load for human analysts. Qualitatively, linguistic sim-
plicity and semantic distinctness were validated through the
antecedent merging phase, which ensured that the retained rules
occupied spatially distinct regions of the feature space (Euclidean
distance >= 0.2). This geometric separation guarantees that the
final rule base utilizes consistent and non-overlapping linguis-
tic labels, thereby preventing the confusion typically caused by
inconsistent or highly similar antecedent definitions.

3.7. Performance metrics

To quantitatively validate the predictive capability of the
system, classification accuracy was employed as the definitive
performance metric. Defined as the ratio of correctly classified
samples to the total number of instances in the dataset, this met-
ric provided a direct measure of the model’s decision-making
precision. It served as the benchmark for comparative analysis,
allowing for a rigorous assessment of the trade-off between model
complexity (rule count) and generalization ability. By monitor-
ing accuracy shifts between the initial exhaustive model and the
final reduced model, the framework ensured that the enhance-
ment in interpretability did not compromise the system’s ability
to correctly identify the Iris species or fake banknotes.

4. Experiments and Results Discussion

The explainable fuzzy modeling framework proposed was
empirically tested on the Fisher Iris dataset and Banknote
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Authentication dataset. The primitive Type-1 FIS model was ini-
tialized with four input variables, and each was partitioned into
three fuzzy sets using the FCM algorithm to obtain a total of 81
fuzzy rules. These rules included all of the input membership com-
binations and hence made the model highly expressive but also
complex and difficult to understand. Through some simplifica-
tion, a lot of inapplicable rules were eliminated by rule reduction
based on antecedent merging and activation strength pruning. As
a result, the rule base was successfully reduced from 81 to 44 and
81 to 42 rules of substance that were effective, demonstrating a
significant reduction in complexity while retaining interpretability.
Each of these steps is explained below.

4.1. Fuzzy membership function generation using
FCM

Each of the four input features was clustered using FCM
into three clusters, generating semantically meaningful, overlap-
ping fuzzy sets. These centers were used to construct triangular
MFs, which were symmetric and interpretable.

The generated fuzzy MFs are depicted in Figure 3, which
shows the fuzzy MFs generated for each of the four input features
of the Iris and Banknote Authentication datasets. Each curve rep-
resents a triangular fuzzy set derived from the FCM clustering
results.

Each input variable was normalized to the numeric range
[0, 1] prior to clustering. The FCM algorithm partitioned each
input into three clusters (c= 3), and the cluster centroids were used
to parameterize triangular MFs 𝜇(x; a, b, c) satisfying a < b <
c. These functions represent Low, Medium, and High linguistic
terms. These MFs form the fuzzification layer in the inference
system and provide an interpretable linguistic structure for rule
generation.

4.2. Initial rule base construction

The initial rule base was established by partitioning the four
input variables using the FCM algorithm to derive triangular
MFs. By generating all logical combinations of these fuzzy sets
(34), an exhaustive set of 81 rules was constructed, ensuring com-
prehensive coverage of the feature space prior to the application
of reduction techniques.

4.3. Antecedent merging based on similarity

The rule merging targets the reduction of model redundancy
by identifying fuzzy rules that govern highly similar regions of
the input space. This process is predicated on the geometric inter-
pretation of rule antecedents, where each rule is treated as a
centroid in the multidimensional feature space, in this case, a
four-dimensional space corresponding to the Iris and Banknote
Authentication dataset attributes. The similarity between any pair
of rules is quantified using the Euclidean distance between these
centroids. A predefined similarity threshold of 0.2 serves as the
decision boundary; pairs of rules with an inter-center distance less
than this value are deemed semantically equivalent and candidates
for consolidation.

Upon satisfying the merging criterion, the algorithm consol-
idates the identified pair into a single, generalized rule, reducing
the rule set from 81 to 68 and 81 to 72 for the Iris and
Banknote Authentication datasets, respectively. This is achieved
by averaging the antecedent parameters of the parent rules
and retaining the consequent class that possesses the higher

Figure 3
Triangular MF FIS through FCM for (a) Iris dataset and (b)

Banknote authentication dataset

(a)

(b)

accumulated firing strength, ensuring the dominant logical infer-
ence is preserved. This topological reduction strategy effectively
lowers the computational burden without degrading the system’s
ability to discriminate between classes. The spatial relationships
between the rule centers and the connectivity indicating merged
clusters are graphically illustrated in Figure 4.

4.4. Rule pruning based on activation strength

To eliminate low-contributing rules, each rule’s average acti-
vation strength across the training data was calculated. Rules
with a mean activation below a defined threshold (0.03) were
considered insignificant and pruned.

Figure 5 illustrates the rule activation strengths for all 68 rules
for the Iris dataset and 72 rules for the Banknote Authentication
dataset, with a red dashed line showing the pruning threshold.
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Figure 4
Principal component analysis (PCA) of rule merging for antecedent reduction for (a) Iris dataset and (b) Banknote authentication

dataset
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Figure 5
Distribution of rule activation strengths highlighting pruned rules for (a) Iris dataset and (b) Banknote authentication dataset
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Figure 6
Effect of antecedent merging and Pruning on rule base size for (a) Iris dataset and (b) Banknote authentication dataset

Rules falling below this line were removed, reducing the rule base
from 68 to 44 and 72 to 42, respectively.

This step significantly reduces the complexity of the model
without sacrificing the semantic structure.

Figure 6 illustrates the sequential reduction of model com-
plexity across the three experimental phases. Starting with an
initial exhaustive set of 81 rules, the system first underwent
antecedent merging, which consolidated spatially similar clus-
ters to reduce the count to 68 and 72 rules for the Iris and
Banknote Authentication datasets, respectively. Subsequently, the
validity-based pruning phase eliminated inactive or weak rules,
resulting in a final compact rule base of 44 and 42 rules, respec-
tively. This stepwise optimization represents a nearly 45.68% and

48.15% overall reduction in system complexity, respectively, while
retaining the most significant logical structures.

The impact of rule reduction on system performance is pre-
sented in Figure 7. The initial model, burdened by 81 redundant
rules, achieved a baseline accuracy of 76.00% for the Iris dataset,
while 44.08% baseline accuracy for the Banknote Authentication
dataset. In contrast, the optimized model with 44 rules demon-
strated a significant improvement, reaching 93.33% accuracy for
the Iris dataset, and the optimized model with 42 rules demon-
strated a significant improvement, reaching 51.12% accuracy for
the Banknote Authentication dataset. This confirms that elim-
inating noise and contradictory logic not only reduced model
complexity but also enhanced its generalization capability.
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Figure 7
Comparison of dataset performance before and after rule

reduction for (a) Iris dataset and (b) Banknote authentication
dataset

(a)

(b)

These reductions significantly enhance interpretability,
reduce computational overhead, and simplify model explana-
tion, all of which align with XAI principles. In the initial phase,
antecedent association analysis based on Euclidean distance was
applied to identify spatial redundancy, resulting in an immediate
reduction from 81 to 68 and 81 to 72 rules for Iris and Banknote
Authentication datasets, respectively. Subsequently, the pruning
process based on cumulative activation strength eliminated inac-
tive logic, further refining the rule base to 44 and 42 significant
rules for the Iris and Banknote Authentication datasets, respec-
tively. Crucially, this optimization was not merely syntactic; it
directly enhanced predictive performance, boosting classification
accuracy from 76.00% to 93.33% for the Iris dataset and 44.07%
to 51.12% for the Banknote Authentication dataset by filtering
out contradictory noise. The successful application of the merg-
ing mechanism demonstrates its importance for scalability, as
future high-dimensional datasets are expected to produce even
denser overlapping antecedents, where this fuzzy union-based
generalization will be essential.

5. Conclusion

The proposed research introduced an explainable fuzzy mod-
eling paradigm centered on antecedent merging and rule base
pruning in Type-1 FIS. Utilizing FCM clustering, an initial com-
prehensive rule base of 81 fuzzy rules was generated. To address
inherent redundancy, a systematic two-stage reduction framework
was implemented: antecedent merging based on Euclidean dis-
tance first consolidated overlapping clusters to 68 and 72 rules
for the Iris and Banknote Authentication datasets, respectively,
followed by a pruning technique based on cumulative activation
that refined the system to 44 and 42 significant rules, respec-
tively. This combined approach achieved an overall 45.68% and
48.15% reduction in model complexity for the Iris and Banknote
Authentication datasets, respectively.

Contrary to the assumption that model compression com-
promises performance, empirical testing on the Fisher Iris and
Banknote Authentication dataset revealed a substantial increase
in classification accuracy, rising from 76.00% in the initial model
to 93.33% in the reduced model for the Iris dataset and 44.07% in
the initial model to 51.12% in the reduced model for the Banknote
Authentication dataset. This performance inversion demonstrates
that the removed rules were contributing primarily to logical noise
and inference ambiguity. Consequently, the proposed merging
and pruning procedures served not only as compression methods
but also as robust feature selection tools that clarified the decision
boundaries.

While the framework demonstrates strong interpretability, it
inherently assumes crisp membership grades typical of Type-1
models, which limits its applicability in domains with highly non-
stationary or noisy input distributions. Future extensions toward
Interval Type-2 FIS are essential to model secondary uncer-
tainty. Integrating these higher-order fuzzy sets would broaden
the framework’s robustness, allowing it to handle more com-
plex uncertainties while maintaining the benefits of the proposed
reduction strategies.

Ultimately, this outcome emphasizes the advantage of
multi-stage rule reduction for XAI, particularly for real-world
applications where transparency and traceability are paramount.
The reduced rule base not only makes decision logic more
transparent to human observers but also offers significant oppor-
tunities for integrating efficient, interpretable fuzzy models into
low-resource or real-time control environments.

6. Future Work

A primary avenue for future research is the extension of this
methodology to Interval Type-2 Fuzzy Inference Systems (IT2-
FIS). Unlike the current Type-1 approach, IT2 systems model
secondary uncertainty via footprints of uncertainty, making them
highly effective for noisy or non-stationary environments. Since
Type-2 systems typically generate significantly larger and more
complex rule bases, they are ideal candidates for the proposed
advanced pruning and merging techniques. Future work will focus
on adapting the antecedent merging logic to handle secondary
MFs, ensuring that enhanced robustness does not come at the
cost of model interpretability.

To validate scalability and resistance to the “curse of dimen-
sionality,” the framework will be evaluated on high-dimensional,
real-world datasets in domains such as energy optimization,
medical diagnosis, and financial forecasting. Supporting this
expansion, research will also explore hybrid reduction architec-
tures that combine numerical pruning with semantic similarity
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measures and ontology-based rule association. By integrating sta-
tistical validity with linguistic analysis, the framework aims to
ensure that rules remain not only accurate but also semantically
distinct when applied to complex, multi-variable problems.

Finally, to bridge the gap between algorithmic optimization
and end-user adoption, efforts will focus on developing interac-
tive explainability dashboards. Integrating visual representations
of the reduction process, such as the PCA projections and acti-
vation plots demonstrated in this study, will facilitate broader
industrial adoption. These tools will enable stakeholders to visu-
alize rule consolidation and validate decision boundaries in real
time, thereby fostering greater trust, transparency, and traceability
in AI-derived decision-making.
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