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Abstract: Respiratory diseases remain a major global health concern, highlighting the need for accurate and 
interpretable computer-aided diagnostic systems. This study proposes a Mamdani Fuzzy Inference System 
(FIS) for the classification of four respiratory disease categories: Chronic Obstructive Pulmonary Disease 
(COPD), Asthma, Infected, and Healthy Control (HC). The proposed model utilizes the original variables 
provided in the Exasens dataset, including dielectric permittivity measurements (Real Permittivity Mini-
mum, Real Permittivity Average, Imaginary Permittivity Minimum, and Imaginary Permittivity Average) 
together with demographic attributes (Age, Gender, and Smoking Status). A stratified subset of 100 records 
was selected from the publicly available Exasens dataset and preprocessed using min–max normalization 
before fuzzification with triangular and trapezoidal membership functions. Expert-defined fuzzy IF–THEN 
rules were employed within a Mamdani inference framework, and centroid defuzzification was used to 
obtain the final disease classification. The proposed model was evaluated using stratified 10-fold cross-val-
idation and achieved an overall classification accuracy of 93.00%, with a macro-average F1-score of 91.87%. 
The experimental results demonstrate that the proposed Mamdani FIS provides accurate, transparent, and 
interpretable respiratory disease classification while preserving methodological reproducibility. These find-
ings indicate its potential as a decision support tool for respiratory disease diagnosis. 

Keywords: Mamdani Fuzzy Inference System; Respiratory Disease Classification; Exasens Dataset; Dielec-
tric Permittivity; Fuzzy Logic; Clinical Decision Support. 
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1. Introduction 
Respiratory diseases continue to be a major public 

health problem globally, with a major impact on morbid-
ity, mortality and in terms of healthcare systems [1]. Mil-
lions of people suffer from chronic respiratory diseases in-
cluding asthma and chronic obstructive pulmonary dis-
ease (COPD), and these conditions continue to make a sig-
nificant contribution to the global burden of disease, in ad-
dition to respiratory infections [2], [3]. The rising rate of 
respiratory diseases, including working environment 

pollution, smoking, urbanization, and ageing of the popu-
lation, has led to the need for better diagnostic and disease 
management strategies. Early diagnosis is crucial for bet-
ter outcomes for the patient, fewer complications, and 
timely clinical intervention. 

The traditional diagnosis methods are clinical exami-
nation, laboratory examination, pulmonary function test, 
and medical imaging. While these techniques have im-
portant applications in respiratory healthcare, they may 
involve challenges related to diagnostic interpretation, 
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uncertainty, and clinical decision-making under complex 
clinical conditions [4]. The application of conventional de-
cision-making strategies based on predefined thresholds 
may not fully represent the continuous variations in symp-
toms, physiological measurements, and disease severity 
observed in clinical practice [5]. Accordingly, there is a de-
sire to develop computational approaches that can assist 
healthcare practitioners in dealing with uncertain infor-
mation in a more flexible and interpretable way [4], [6]. 

Advancements in AI have greatly aided in the diag-
nosis and classification of diseases. In the medical field, 
machine learning and deep learning technologies have 
been shown to be effective in various applications such as 
detection and classification of respiratory diseases [7]-[9]. 
Some of these methods use medical imaging information 
like chest X-rays and computed tomography (CT) scans. 
These are commonly used for high predictive perfor-
mance, but can be implemented as black-box models with 
limited information on how they make their predictions. 
In addition, imaging-based methods might involve the 
need for a large number of annotated images, dedicated 
hardware and significant computing power, which can re-
strict their applicability in certain healthcare settings [10], 
[11]. 

Effective management of uncertainty is an important 
challenge in the diagnosis of respiratory diseases. The clin-
ical decision-making process may often involve vague, in-
complete, and overlapping information due to variations 
in patient conditions and clinical observations [12]. Such 
characteristics can be challenging to represent using con-
ventional computational approaches based on crisp classi-
fication or fixed decision boundaries [13]. Therefore, com-
putational approaches capable of handling uncertainty 
and providing interpretable reasoning mechanisms have 
attracted increasing attention in medical decision support 
systems [14]. 

Fuzzy logic has proved to be a valuable tool for tack-
ling uncertainty in medical decision making. Fuzzy logic 
was introduced to model imprecise and uncertain infor-
mation, which means that the variables are allowed to be 
in more than one class, with degrees of membership to 
each class. This ability allows fuzzy systems to better de-
scribe clinical observations and to model reasoning pro-
cesses similar to human decision-making processes. The 
fuzzy logic approach has been used in healthcare applica-
tions with success in diagnosis of diseases risk assessment 
and treatment support and clinical decision support sys-
tems, due to its capability of dealing with uncertainty in 
an understandable way [5], [15]-[17]. 

Fuzzy systems and other computational intelligence 
techniques have been investigated in the health-care field 
in several studies. Previous studies have indicated that the 
fuzzy inference system, neuro-fuzzy model, and hybrid 
intelligent system can be used effectively in medical 

diagnosis and classification [18], [19]. These methods also 
have an important advantage over many black-box meth-
ods in that they give a transparent reason by means of a 
rule-based decision structure. Although the literature is 
rich with such research, however, not too much interpret-
able fuzzy support has been provided for respiratory dis-
ease classification, especially for an explicit treatment of 
uncertainty in the classification information. 

While several machine learning and deep learning 
methods have been suggested for diagnosis of respiratory 
diseases, some models are black boxes with low interpret-
ability. The alternative that is more transparent is the 
fuzzy inference system, which represents the knowledge 
of the expert with IF–THEN rules in a linguistic way. There 
are, however, few studies that directly consider the origi-
nal dielectric permittivity measurements and demo-
graphic attributes in the Exasens dataset to be used as in-
puts to a Mamdani-type fuzzy inference system for the 
multi-class classification of respiratory diseases. 

To fill this gap, the present study introduces a 
Mamdani fuzzy inference-based approach to classify res-
piratory diseases. The proposed framework is aimed at po-
tentially supporting decision-making in respiratory dis-
ease classification by utilizing linguistic variables to ex-
press uncertainty and fuzzy reasoning mechanisms. The 
goal of the framework is to offer a classification output that 
is interpretable and can support healthcare practitioners in 
understanding the reasoning process behind the classifica-
tion. 

The proposed study involves the development of a 
Mamdani Fuzzy Inference System (FIS) using the original 
variables present in the Exasens dataset, including dielec-
tric permittivity measurements (Real Permittivity Mini-
mum, Real Permittivity Average, Imaginary Permittivity 
Minimum, and Imaginary Permittivity Average) and de-
mographic attributes (Age, Gender, and Smoking Status) 
to classify four respiratory disease categories: Chronic Ob-
structive Pulmonary Disease (COPD), Asthma, Infected, 
and Healthy Control (HC). The proposed model uses tri-
angular and trapezoidal membership functions and ex-
pert-informed fuzzy IF–THEN rules to create an interpret-
able classification system. It is evaluated using a stratified 
sample of Exasens data with standard performance 
measures, including accuracy, precision, recall, specificity, 
F1-score, confusion matrix, and ROC analysis. 
 
2. Literature review 
2.1. Fuzzy Logic in Healthcare Applications 

There are many uncertainties, incomplete infor-
mation, and subjective clinical observations in healthcare 
decision making processes. There are differences in clini-
cal signs and symptoms between patients with similar dis-
eases, and between patients with different diseases. The 
complexity poses problems for traditional decision 
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making, which uses hard coded thresholds and binary 
classifications. To overcome these drawbacks, fuzzy logic 
has been applied in medical applications since it can 
model uncertainty and represent imprecise information, 
which can be expressed as linguistic variables and degrees 
of membership [15], [16]. In contrast to classical logic sys-
tems, the clinical observations in fuzzy logic can also be a 
member of several classes along with degrees of member-
ship. This property can be used to model human reasoning 
more naturally and to handle fuzzy information which is 
often found in medical contexts [5]. Therefore, fuzzy logic 
has been used in disease diagnosis, risk assessment, treat-
ment planning, patient monitoring and clinical decision 
support system etc. Hence, the use of fuzzy logic in disease 
diagnosis, risk assessment, treatment planning, patient 
monitoring, and clinical decision support systems etc. 

A number of studies have shown the effectiveness of 
fuzzy inference systems as an aid to decision-making in 
healthcare. Uncertainty and symptom variability are com-
mon in chronic diseases, making fuzzy-based approaches 
suitable for diagnosis and management of these diseases 
[15]. Hybrid systems using fuzzy logic and machine learn-
ing techniques to enhance learning have been studied else-
where to enhance adaptation and yet retain interpretation 
[17], [18]. The methods try to strike a balance between pre-
dictive accuracy and interpretability of the decisions that 
still is crucial in health care applications. Besides the tradi-
tional fuzzy inference systems, researchers have explored 
other advanced fuzzy methods like fuzzy cognitive maps, 
and neuro-fuzzy systems. These methods go beyond that 
of fuzzy reasoning and can model complex relationships 
between variables and provide adaptive learning mecha-
nisms [19]. Despite these advances, the interpretability is 
one of the prime benefits of fuzzy systems. The capacity to 
encode knowledge into easily comprehensible IF-THEN 
rules makes fuzzy logic very appealing for clinical appli-
cations where transparency of the decision making is crit-
ical. 

Although earlier studies have demonstrated success, 
there are some problems that need to be overcome. The 
quality of membership function design and the extent of 
the rule construction is often a factor that affects the per-
formance of fuzzy systems. In addition, some fuzzy mod-
els depend greatly on the rules that are set by the experts; 
if these are not carefully designed and validated, they may 
become subjective. However, fuzzy logic remains a valua-
ble tool for dealing with uncertainties and enabling ex-
plainable decision-making in healthcare scenarios. 
 
2.2. Computational Approaches for Respiratory Disease 
Classification 

The expansion in the availability of healthcare data 
has provided motivation for computational methods in 
respiratory disease classification. With the growing 

availability of healthcare data, computational methods 
have been developed to classify respiratory disease. Due 
to their ability to detect complex patterns in medical data 
and assist in automated task classification, machine learn-
ing and deep learning techniques have gained widespread 
attention [7]-[9]. The techniques have been used in a range 
of respiratory health related challenges such as disease de-
tection, risk prediction and clinical decision support. The 
existing studies are mostly linked to image classification 
for respiratory diseases such as chest X-rays and com-
puted tomography (CT) images [7], [8]. The classification 
performance of CNNs and other deep learning architec-
tures that automatically extract features from medical im-
ages has been good. The aforementioned methods have 
made great progress in computer-aided diagnosis, and 
have demonstrated a lot of promise in assisting healthcare 
practitioners. 

While machine learning models and deep learning 
models have their benefits, they also come with some 
drawbacks. The most common problem reported is that 
the problem is not interpretable. Most highly successful 
models are black-box systems which are hard to interpret 
and understand why the classification results are obtained 
as such [10]. This restriction may lead to a decrease in trust 
and slow down the uptake of the intervention in 
healthcare settings where transparency is crucial to clinical 
decisions. 

Another limitation is the dependence on large vol-
umes of labelled data. Deep learning models usually need 
to have lots of training data and considerable computa-
tional power to perform well [11]. Furthermore, most im-
age-based diagnostic systems require special equipment 
and imaging facilities that may not be readily available in 
every healthcare environment. These requirements can 
limit the applicability of such approaches, particularly in 
resource-constrained environments. The researchers also 
pointed out some issues of model generalization and ro-
bustness. In other words, models developed using certain 
data can be sub-optimal when used in a new population 
or in new clinical settings [20]. The impact of data quality, 
patient characteristics, and acquisition conditions on clas-
sification performance is not consistent, and can lead to 
lower reliability in real-world applications. These limita-
tions have motivated continued interest in alternative 
ways of incorporating interpretability, transparency, and 
uncertainty management. In this case, fuzzy logic is a com-
plementary framework which can be used to complement 
respiratory disease classification and can explicitly deal 
with uncertain and imprecise clinical information. 
 
2.3. Research Gap and Study Motivation 

While many advances are being made in computa-
tional healthcare, there are important challenges in the 
classification of respiratory disease. Existing machine 
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learning and deep learning approaches have demon-
strated strong predictive capabilities, but many of these 
methods provide limited interpretability and insufficient 
transparency regarding the reasoning behind classifica-
tion decisions [10], [21]. In healthcare, this is especially rel-
evant as doctors need to be able to decipher the computa-
tional recommendations to incorporate them into deci-
sion-making. One of the difficulties is dealing with uncer-
tainty. Clinical information often is incomplete, imprecise 
or ambiguous, particularly in cases of symptom overlap 
between multiple respiratory diseases. Traditional classi-
fication methods aim for class separation and do not ex-
plicitly recognize the uncertainty of diagnostic infor-
mation [22]. Therefore, it is important to have techniques 
that can deal with the uncertainty in the information, yet 
retain meaningful clinical interpretation. 

Furthermore, most of the respiratory disease classifi-
cation studies done so far are based on imaging data and 
advanced deep learning architectures [7]-[9]. These strate-
gies have shown to be successful, but they need a lot of 
data, which requires a lot of computer power and special 
diagnostic equipment. These requirements could limit 
their usefulness in situations where access to sophisticated 
medical technologies is restricted. 

The studies thus suggest the need for interpretable 
computational frameworks that can deal with uncertainty 
in the classification of respiratory diseases. Fuzzy logic has 
some properties which give it an edge in solving these 
problems, such as the rules are easy to be understood, 
vague clinical information can be model by fuzzy logic, 
and the decision making is explainable [5]. Based on these 
observations, the present study aims at proposing a 
Mamdani fuzzy inference based respiratory disease classi-
fication system. The approach proposed aims at offering a 
decision support tool that preserves the interpretability 
and uncertainty in the decision-making process, and yet 
keeps the reasoning process open and clear for the under-
standing of healthcare practitioners. 
 
3. Methodology 

The proposed framework uses Mamdani Fuzzy Infer-
ence System (FIS) for classification of respiratory diseases 
from the Exasens data set taken from the UCI Machine 
Learning Repository. The proposed approach is different 
from the conventional machine learning classifiers in that 
it captures the interactions between the input variables 
and disease classes in the form of interpretable fuzzy IF–
THEN rules. The framework has five sequential steps as 
data acquisition and data preprocessing, fuzzification, 
fuzzy rule inference, aggregation, and defuzzification. All 
the methodology was executed in MATLAB Fuzzy Logic 
Toolbox with stratified 10-fold cross validation for model 
evaluation. 
 

3.1. System Architecture 
The proposed framework is based on a typical 

Mamdani fuzzy inference system composed of five com-
ponents: input feature acquisition, fuzzification, rule eval-
uation, aggregation, and defuzzification as shown in Fig-
ure 1. The system is designed to process the dielectric per-
mittivity data and demographic information from the Ex-
asens data set to classify respiratory conditions in to four 
classes: COPD, Asthma, Infected, and Healthy Controls. 

In the first stage, the selected dataset is acquired and 
pre-processed using normalization. The fuzzification pro-
cess converts crisp input values into linguistic variables 
using triangular and trapezoidal membership functions. 
The fuzzy rule base is then used to determine the relation-
ship between input feature patterns and disease classes 
through a series of IF–THEN rules. The activated rules are 
aggregated to produce a single fuzzy output for the Dis-
easeClass variable. Centroid defuzzification is then ap-
plied to obtain a single crisp output value. The resulting 
crisp value is interpreted using the output membership 
functions corresponding to COPD, Asthma, Infected, and 
Healthy Control to determine the predicted respiratory 
disease class. 
 
3.1.1. Input Features 

This first phase of the proposed framework consists 
of the input features in Exasens dataset. This dataset con-
sists of results from exhaled breath analysis, as well as de-
mographic data such as age, gender, and smoking status. 
All numerical variables are normalized before they are fed 
into the fuzzy inference system to ensure a similar scale. 
The normalized values are then fuzzified into predefined 
linguistic terms using the corresponding membership 
functions. No additional clinical symptoms or surrogate 
variables are generated from the original Exasens varia-
bles. 
 
3.1.2. Fuzzification 

In the fuzzification stage, the normalized input values 
are converted to fuzzy linguistic variables according to the 
fuzzification functions (membership functions) that have 
been pre-defined. Triangular and trapezoidal membership 
functions are used to represent various degrees of a symp-
tom, for example, Low, Medium, and High. Fuzzification 
is a way to assign multiple categories to a single input 
value, as opposed to assigning each value to a single one 
of the categories. This allows the model to simulate uncer-
tainty and smooth fluctuations, typical in clinical symp-
toms. 
 
3.1.3. Rule Evaluation 

The fuzzy rule base constitutes the knowledge com-
ponent of the proposed Mamdani Fuzzy Inference System 
(FIS). It is composed of a collection of rules, expressed in a  
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Figure 1. Proposed Fuzzy-Based Respiratory Disease Classification Framework. 
 
Table 1. Summary of the Exasens Dataset Used in This Study. 

Aspect Description 

Dataset Name Exasens Dataset 
Source UCI Machine Learning Repository (Dataset ID: 523) 
Dataset URL https://archive.ics.uci.edu/dataset/523/exasens 

Total Instances Used 100 
Respiratory Classes COPD (n=40), Healthy Controls (HC) (n=40), Asthma (n=10), Infected (n=10) 
Input Features Four dielectric permittivity measurements (real minimum, real average, imaginary minimum, imaginary 

average) and demographic attributes (Age, Gender, Smoking Status) 
Missing Values None (selected records). 
Pre-processing Normalization of numerical features to the range [0,1] 
Class Distribution Imbalanced (majority: COPD and HC; minority: Asthma and Infected) 
Validation Method 10-fold stratified cross-validation 

 
conditional format “IF-THEN,” which define relationships 
between the set of input variables and the corresponding 
respiratory disease classes. The rules have been created us-
ing the original variables of the Exasens data set: Age, Gen-
der, Smoking Status, Real Permittivity Minimum, Real 
Permittivity Average, Imaginary Permittivity Minimum, 
and Imaginary Permittivity Average. The fuzzy rules were 
formulated based on the linguistic characteristics of the in-
put variables and expert-informed reasoning regarding 
the relationships between the selected Exasens features 
and the four respiratory disease classes. The rule base was 
reviewed for consistency, logical completeness, and inter-
pretability during model development rather than being 
optimized against the classification accuracy of the evalu-
ation data. These rules combine one or more input condi-
tions using the “AND” logical operator and map the result-
ing conditions to one of the four respiratory disease clas-
ses: COPD, Asthma, Infected, or Healthy Control. The fol-
lowing represents some fuzzy rules which are: 

• Rule 1: IF Age is Elderly AND Smoking Status is 
Current Smoker AND Real Permittivity Average is 
High AND Imaginary Permittivity Average is 
High THEN Disease is COPD. 

• Rule 2: IF Age is Young AND Smoking Status is 
Non-Smoker AND Real Permittivity Average is 
Medium AND Imaginary Permittivity Average is 
Medium THEN Disease is Asthma. 

• Rule 3: IF Age is Middle-aged AND Smoking Sta-
tus is Former Smoker AND Real Permittivity Min-
imum is Medium AND Imaginary Permittivity 
Minimum is High THEN Disease is Infected. 

• Rule 4: IF Age is Young AND Smoking Status is 
Non-Smoker AND Real Permittivity Minimum is 
Low AND Imaginary Permittivity Average is Low 
THEN Disease is Healthy Control. 

The fuzzy rules are fired with the minimum (MIN) 
operator during the inference process and the output of 
the fired rules are aggregated with the maximum (MAX) 
operator. To obtain the final classification, the centroid de-
fuzzification algorithm is used, making the Mamdani FIS 
interpretable for the classification of respiratory diseases. 
 
3.1.4. Aggregation 

The aggregation stage combines the fuzzy outputs of 
all activated rules into a single aggregated fuzzy output 
for the DiseaseClass variable. The maximum operator 
combines the contributions of multiple activated rules 
while retaining the strongest membership value at each 
point of the output universe. When multiple rules are ac-
tivated simultaneously, their contributions are incorpo-
rated into the aggregated output before centroid defuzzi-
fication. 
 
3.1.5. Defuzzification 

In the last step, the aggregated fuzzy output of the 
DiseaseClass variable is converted into a single crisp nu-
merical value using the centroid (center-of-gravity) de-
fuzzification method. The resulting value represents the 
position of the inferred output within the normalized Dis-
easeClass output universe and should not be interpreted 
as a probability or rate of disease occurrence. The crisp 
output is then interpreted with respect to the four output 
membership functions representing COPD, Asthma, In-
fected, and Healthy Control to determine the predicted 
respiratory disease class. 
 
3.2. Dataset Description and Pre-processing 
3.2.1. Dataset Description 

The proposed framework was evaluated using the 
Exasens dataset, a publicly available benchmark dataset 

https://archive.ics.uci.edu/dataset/523/exasens
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hosted by the UCI Machine Learning Repository and orig-
inally introduced by [19]. The dataset is available at 
https://archive.ics.uci.edu/dataset/523/exasens (see Table 
1). The complete dataset contains 399 patient records dis-
tributed across four respiratory disease categories: 
Chronic Obstructive Pulmonary Disease (COPD), Asthma, 
Infected, and Healthy Controls (HC). Although the com-
plete Exasens dataset contains 399 patient records, a strat-
ified random sample of 100 records was selected for this 
study to develop and evaluate the proposed Mamdani 
Fuzzy Inference System. Stratified random sampling was 
adopted to ensure that all four diagnostic classes were rep-
resented in the experimental dataset while maintaining a 
manageable dataset size for expert-driven fuzzy rule de-
velopment. To enhance the reproducibility of the experi-
mental procedure, the selected subset was generated using 
stratified random sampling with a fixed random seed and 
retained consistently throughout the preprocessing, fuzzy 
rule specification, model development, and performance 
evaluation stages. The selected subset consisted of 40 
COPD cases, 40 Healthy Control cases, 10 Asthma cases, 
and 10 Infected cases. 

The selected records include the original variables 
provided in the Exasens dataset, namely Real Permittivity 
Minimum, Real Permittivity Average, Imaginary Permit-
tivity Minimum, Imaginary Permittivity Average, Age, 
Gender, and Smoking Status. These variables were used 
directly as inputs to the proposed Mamdani Fuzzy Infer-
ence System. No additional clinical symptoms or surro-
gate variables were generated, inferred, or mapped from 
the dataset. Consequently, the fuzzy inference system op-
erates exclusively on the original Exasens measurements 
and demographic attributes, thereby ensuring methodo-
logical transparency and enabling reproducibility of the 
experimental procedure. 

Before model development, all numerical variables 
were normalized to the interval [0,1] using the min–max 
normalization technique to eliminate differences in meas-
urement scales and ensure compatibility with the fuzzy 
membership functions. The normalized numerical varia-
bles were subsequently fuzzified into the linguistic terms 
Low, Medium, and High using triangular and trapezoidal 
membership functions. The categorical variables Gender 
and Smoking Status were encoded according to the dataset 
specification before fuzzification. 
 
3.2.2. Data Pre-processing 

Prior to model training, the numerical attributes were 
normalized to the range [0,1] by applying Min–Max nor-
malization method, as presented in Equation 1: 
 

x′ =
𝑥 − 𝑥!"#

𝑥!$% − 𝑥!"#
 (1) 

 

to obtain equal scaling of all continuous variables. To 
make categorical variables (Gender and Smoking Status) 
numerical for fuzzification, these variables were coded ac-
cording to the categories. The normalized variables ob-
tained were then converted into fuzzy linguistic terms 
with triangular and trapezoidal membership functions. 
 
3.3. Membership Functions 

The membership functions, such as triangular and 
trapezoidal functions, were used because they are simple, 
efficient in terms of computation, and appropriate for 
modeling uncertainty in medical information. The pro-
posed Mamdani Fuzzy Inference System (FIS) is effec-
tively able to represent the gradual transitions between the 
respiratory disease classes when these functions convert 
crisp input values into fuzzy linguistic variables. The 
fuzzy model has been built from the seven initial variables 
of the Exasens data set: Age, Gender, Smoking Status, Real 
Permittivity Minimum, Real Permittivity Average, Imagi-
nary Permittivity Minimum and Imaginary Permittivity 
Average. The continuous variables were expressed as 
Low, Medium and High and Age as Young, Middle-aged 
and Elderly. Categorical variables Gender and Smoking 
Status were expressed as their category. 

As shown in Figure 2, overlapping membership func-
tions allow a single input value to belong to multiple fuzzy 
sets with different degrees of membership, thereby im-
proving the robustness and interpretability of the fuzzy in-
ference process. 

The Figure 2 illustrates the fuzzy membership func-
tions defined for the seven input variables obtained from 
the Exasens dataset. Panel (a) shows the normalized age 
variable represented by three overlapping triangular 
membership functions: Young, Middle-aged, and Elderly. 
Panel (b) presents the binary Gender variable using two 
membership functions corresponding to Male and Female. 
Panel (c) depicts Smoking Status with three linguistic cat-
egories: Non-Smoker, Former Smoker, and Current 
Smoker. Panels (d)-(g) illustrate the membership functions 
for the dielectric permittivity measurements, namely Real 
Permittivity Minimum, Real Permittivity Average, Imagi-
nary Permittivity Minimum, and Imaginary Permittivity 
Average, respectively. Each dielectric variable is parti-
tioned into the linguistic terms Low, Medium, and High 
using overlapping triangular membership functions. The 
overlap between adjacent linguistic terms provides 
smooth transitions during fuzzification, allowing the 
Mamdani FIS to effectively handle uncertainty and varia-
bility in the respiratory measurements while preserving 
the interpretability of the classification process. 

 
3.4. Fuzzy Rule Base 

The fuzzy rule base was composed of a set of IF-
THEN rules linking the various combinations of the levels  

https://archive.ics.uci.edu/dataset/523/exasens
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Figure 2. Input variable membership functions. 

 

 
Figure 3. Output variable membership functions for the four res-
piratory classes. 
 
of the input features with the four classes of respiration. 
The rules were formulated to be able to describe all im-
portant patterns present in the normalized Exasens fea-
tures without losing the understanding of the rules in 
terms of linguistic reasoning. 

 
3.5. Inference and Defuzzification 

In the Mamdani inference mechanism, the minimum 
operator is used for rule activation and the maximum op-
erator is used for aggregation. The activated rules produce 
an aggregated fuzzy output for the DiseaseClass variable. 
This aggregated fuzzy output is transformed into a single 
crisp value using centroid defuzzification. The Mamdani 
inference system represents the four respiratory disease 
classes—COPD, Asthma, Infected, and Healthy Control—

as output membership functions, as shown in Figure 3. 
The output membership functions are defined over the 
normalized DiseaseClass range [0,1] and overlap to repre-
sent gradual transitions between the respiratory disease 
classes. The resulting crisp output value is interpreted 
with respect to these output membership functions to de-
termine the corresponding predicted disease class. 
 
3.6. Implementation Details 

The proposed model was implemented using the 
MATLAB Fuzzy Logic Toolbox (MATLAB R2024a), which 
has tools for designing, simulation and analysis of 
Mamdani fuzzy inference systems. Implementation con-
sisted of defining fuzzy membership functions for the fea-
tures selected from Exasens, creating the fuzzy rule base, 
setting up the inference mechanism and testing the classi-
fication outputs. 

Specifically, the implementation process involved: 
a) Defining fuzzy input variables by triangular and 

trapezoidal membership function. 
b) Building a set of IF-THEN rules to represent the 

relationships between input feature and the target 
respiratory disease classes. 

c) Configuring the Mamdani inference system using 
the minimum operator for rule activation the max-
imum operator for aggregation, and centroid 
method for defuzzification. 
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Algorithm 1. Proposed Mamdani Fuzzy Respiratory Disease 
Classification Procedure. 
Input: Preprocessed Exasens dataset (Dielectric permittivity features, 
Age, Gender, Smoking Status) 
Output: Predicted respiratory disease class 
 
Step 1: Obtain the selected Exasens dataset containing the original in-
put variables. 
Step 2: Normalize the input features. 
Step 3: Fuzzify the normalized input variables using triangular and 
trapezoidal membership functions. 
Step 4: Evaluate the fuzzy IF-THEN rules using the Mamdani infer-
ence engine. 
Step 5: Aggregate the activated rules into a fuzzy output for the Dis-
easeClass variable. 
Step 6: Apply centroid defuzzification to obtain a single crisp output 
value. 
Step 7: Interpret the crisp output using the output membership func-
tions of COPD, Asthma, Infected, and Healthy Control. 
Step 8: Assign the corresponding respiratory disease class as the pre-
dicted class. 

 
Table 2. Number of Samples for each class (total=100). 

Class Number of Samples 

COPD 40 
Healthy Control 40 
Asthma 10 
Infected 10 
Total 100 

 
d) Testing the model using the pre-processed Exa-

sens dataset and analyzing the classification per-
formance through MATLAB simulation and visu-
alization tools. 

The membership functions and fuzzy rules were es-
tablished based on expert-informed linguistic definitions 
and were reviewed to ensure consistency with the selected 
Exasens input variables. Algorithm 1 outlines the step-by-
step procedure of the proposed Mamdani fuzzy inference 
system for respiratory disease classification. 
 
3.7. Experimental Setup 
3.7.1. Experimental Environment 

The proposed Mamdani Fuzzy Inference System (FIS) 
was designed and coded using MATLAB R2024a software 
equipped with the Fuzzy Logic Toolbox. The proposed 
Mamdani Fuzzy Inference System (FIS) has been designed 
based on MATLAB R2024a software and with the help of 
Fuzzy Logic Toolbox. Experiments were performed in a 
personal computer with Intel® Core™ i7 processor, 16 GB 
RAM and Windows 11 (64-bit) operating system. 
MATLAB is used to preprocess the data, implement the 
fuzzy rules, do the fuzzy inference, defuzzification and 
test the performance. 
 

3.7.2. Experimental Dataset 
Exasens datasets were used for the experiments, 

which are available from the UCI Machine Learning Re-
pository [19]. A total of 399 patient records were available, 
of which a stratified random sample of 100 records was 
used to create the model and to validate and evaluate it. 
The sampling method used was designed to ensure that 
each category of respiratory diseases was represented, and 
at the same time keep the data set size reasonable for the 
purpose of fuzzy rule construction. Number of Samples 
for each class are shown in Table 2. 

The fuzzy inference system was based only on the 
original Exasens variables which include Age, Gender, 
Smoking Status, Real Permittivity Minimum, Real Permit-
tivity Average, Imaginary Permittivity Minimum and Im-
aginary Permittivity Average. No additional derived vari-
ables or clinical symptoms were added during the experi-
ment. 
 
3.8. Evaluation Metrics and Validation Approach 

Standard multi-class classification metrics such as ac-
curacy, precision, recall/sensitivity, specificity and F1-
score were used to assess the performance of the proposed 
fuzzy classification framework. Such metrics are useful for 
a complete evaluation of the classification performance of 
the model across all respiratory disease classes. 

a) Accuracy 
Accuracy (ACC) represents the number of respir-
atory disease cases correctly classified overall in 
all four classes (COPD, Asthma, Infected, and 
Healthy Controls) by the proposed Mamdani 
fuzzy classification model. It gives a general idea 
of the ability of the model to classify the entire 
data set. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 (2) 

 
where (TP), (TN), (FP), and (FN) represent the 
numbers of true positives, true negatives, false 
positives, and false negatives, respectively. 
 

b) Precision 
Precision is the percentage of cases correctly iden-
tified when the disease is a respiratory disease. 
For instance, it shows the number of samples that 
are predicted as COPD that are in fact COPD. The 
low false-positive rate corresponds to a high pre-
cision, and means that disease predictions are re-
liable. 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 (3) 
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where (TP) is the number of correctly classified 
positive instances and (FP) is the number of in-
stances incorrectly assigned to that class. 
 

c) Recall 
Recall (also called sensitivity) is the proportion of 
the correct classification of all instances of each 
respiratory disease class. A high recall value 
means that the model is able to identify the major-
ity of the patients in a disease category and will 
have few patients that it will fail to identify. 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
TP

TP + FN (4) 

 
where (FN) denotes the number of positive in-
stances incorrectly classified as another class. A 
high specificity value indicates that healthy indi-
viduals or patients belonging to other respiratory 
disease classes are rarely misclassified as the tar-
get disease. 
 

d) F1-Score 
The F1-score provides a balanced evaluation of 
the classifier by combining precision and recall 
into a single performance measure. For the COPD 
cohort it is especially helpful to assess models 
trained using imbalanced data sets, like the COPD 
subset of Exasens, where cases of COPD and 
Healthy Controls are more common than Asthma 
and Infected cases. 
 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒	 = 	2 ∗
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙 (5) 

 
A high F1-score indicates that the proposed fuzzy 
classification model achieves both high precision 
and high recall, reflecting balanced and reliable 
classification performance across all respiratory 
disease classes. 

 
4. Results and Analysis 

The proposed Mamdani fuzzy inference model was 
evaluated using a pre-processed subset of the Exasens da-
taset obtained from the UCI Machine Learning Repository. 
The dataset consists of 4 respiratory disease classes: COPD 
(Chronic Obstructive Pulmonary Disease), Asthma, In-
fected and Healthy Controls (HC). The chosen Exasens 
variables (Real Permittivity Minimum, Real Permittivity 
Average, Imaginary Permittivity Minimum, Imaginary 
Permittivity Average, Age, Gender and Smoking Status) 
were normalized and directly used as the input to the pro-
posed Mamdani Fuzzy Inference System. No symptom 
mapping or feature transformation was performed. 

The performance of the proposed model was assessed 
using 10-fold stratified cross-validation to provide a relia-
ble estimate of its generalization capability while reducing 
the effects of the relatively small and imbalanced dataset. 
Evaluation of the classification performance was done by 
accuracy, sensitivity (recall), specificity, precision, F1-
score, confusion matrix analysis and Receiver Operating 
Characteristic (ROC) curves. The experimental results in-
dicate that the proposed fuzzy model successfully classi-
fied the four classes of respiratory diseases with 93.00% ac-
curacy and 91.87% macro-average F1-score. The results 
suggest that the proposed model is capable of dealing with 
uncertainty and overlapping clinical features, and also can 
give an interpretable diagnostic decision using rule based 
fuzzy reasoning. 
 
4.1. Performance Results 

Despite the dataset limitations discussed earlier, the 
model achieved relatively balanced performance across 
the four respiratory disease classes, although the minority 
classes showed lower performance. Table 3 presents the 
performance of the proposed Mamdani fuzzy classifica-
tion model. The model achieved an overall classification 
accuracy of 93.00% and a macro-average F1-score of 
91.87%. COPD achieved a recall of 95.00%, precision of 
92.68%, and F1-score of 93.83%, while Healthy Controls 
achieved a recall of 92.50%, precision of 94.87%, and F1-
score of 93.67%. Asthma and Infected both achieved a re-
call and precision of 90.00%, resulting in an F1-score of 
90.00% for each class. 

The 10-fold stratified cross validation is used to cal-
culate the confusion matrix heatmap which is shown in 
Figure 4 for the proposed Mamdani fuzzy classification 
model. The confusion matrix shows that 38 of 40 COPD 
cases, 9 of 10 Asthma cases, 9 of 10 Infected cases, and 37 
of 40 Healthy Control cases were correctly classified. The 
remaining errors consisted of limited cross-class misclas-
sifications, including COPD–Asthma, COPD–Healthy 
Control, Infected–Healthy Control, and Healthy Control–
COPD classifications. 

The one-vs-rest Receiver Operating Characteristic 
(ROC) curves of Mamdani fuzzy classification model pre-
sented in this study with 10-fold stratified cross-validation 
are shown in Figure 5. The ROC curves show the perfor-
mance of the model in distinguishing the four classes of 
respiratory disorders, namely COPD, Asthma, Infected 
and Healthy Controls. The model discriminating between 
COPD and HC had an AUC of 0.992, whereas Asthma and 
Infected had an AUC of 0.936 and 0.934 respectively, with 
the latter having a higher similarity between classes. The 
overall performance of the proposed fuzzy model in the 
classification of the respiratory diseases is validated by the 
ROC analysis which indicates that the model discrimi-
nates the diseases very well in all categories. 
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Table 3. Performance Metrics of the Proposed Fuzzy Classification. 

Class Sensitivity (Recall) (%) Specificity (%) Precision (%) F1-Score (%) 

COPD 95.00 95.00 92.68 93.83 
Asthma 90.00 98.89 90.00 90.00 
Infected 90.00 98.89 90.00 90.00 
Healthy Control 92.50 96.67 94.87 93.67 
Overall 93.00 (Accuracy) – – 91.87 (Macro Avg.) 
 

 
Figure 4. Confusion Matrix Heatmap. 
 

 
Figure 5. Multi-class ROC Curves. 

 
4.2. Rule-Based Decision  

The proposed Mamdani fuzzy classification model 
was visualised through MATLAB Rule Viewer as seen in 
Figure 6. The input values shown in Figure 6 are 0.72, 0.65, 
0.88, 0.41, 0.50, 1, and 1 for Real Permittivity Minimum, 
Real Permittivity Average, Imaginary Permittivity Mini-
mum, Imaginary Permittivity Average, Age, Gender, and 
Smoking Status, respectively. These inputs are then fuzzi-
fied in the respective linguistic membership functions to 
turn the different IF-THEN rules in the Mamdani inference 
engine. 

The aggregated result of the activated rules is ob-
tained using the maximum operator, and the final output 
is obtained through centroid defuzzification. For the 

example shown in Figure 6, the DiseaseClass output has a 
defuzzified center-of-gravity value of 0.87. This value rep-
resents the crisp output of the Mamdani FIS on the nor-
malized DiseaseClass output universe. The value is inter-
preted using the four output membership functions corre-
sponding to COPD, Asthma, Infected, and Healthy Con-
trol, resulting in the classification of the sample as COPD. 
The figure illustrates how the activated fuzzy rules con-
tribute to the aggregated output and how the aggregated 
fuzzy output is converted into a crisp decision through 
centroid defuzzification. 
 
4.3. Comparison with Relevant Exasens-Based Studies 

To contextualize the performance of the proposed 
Mamdani Fuzzy Inference System (FIS), its results were 
compared with findings reported in previous studies that 
used the Exasens dataset. Table 4 summarizes selected Ex-
asens-based studies employing machine learning ap-
proaches, together with the experimental settings and re-
ported performance. These studies provide a useful refer-
ence for contextual comparison; however, they were con-
ducted under different experimental conditions, including 
differences in sample size, class configuration, prepro-
cessing procedures, feature selection, and validation pro-
tocols. 

The proposed Mamdani FIS achieved an overall clas-
sification accuracy of 93.00% and a macro-average F1-
score of 91.87% in the present experimental setting. These 
results are competitive with previously reported results on 
the Exasens dataset. However, direct performance com-
parisons should be interpreted with caution because the 
previous studies did not necessarily use the same subset, 
feature configuration, preprocessing procedure, or evalu-
ation protocol as the present study. 

For example, previous research using the Exasens da-
taset has investigated XGBoost for COPD and Healthy 
Control classification, while other studies have investi-
gated SVM-based and Random Forest-based approaches 
for multiclass classification. The differences in experi-
mental design make it inappropriate to conclude that the 
proposed Mamdani FIS definitively outperforms these 
methods solely on the basis of the reported accuracy val-
ues. Instead, the results indicate that the proposed ap-
proach provides competitive classification performance 
while offering an interpretable rule-based decision mech-
anism. 
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Figure 6. MATLAB Rule Viewer Showing the Inference Process of the Proposed Mamdani Fuzzy Classification Model. 
 
Table 4. Comparison with Relevant Exasens-Based Studies. 

Study Dataset / Task Method Reported 
Accuracy (%) 

Experimental Setting 

Zarrin et al. [23] Exasens, COPD vs. HC; 80 samples XGBoost 91.25 5-fold cross-validation 
Zarrin et al. [24] Exasens, binary (COPD vs. HC); 80 

samples 
ANN + memristive 
neuromorphic chip 

89.00 5-fold cross-validation 

Handayani, and 
Tjahjadi [25] 

Exasens, four-class; 399 samples SVM 52.63 Multiclass classification 

Handayani, and 
Tjahjadi [25] 

Exasens, four-class; 399 samples PSO-SVM 56.40 Multiclass classification 

Singh et al. [26] Exasens, four-class; 399 samples PSO-RF 99.05 10-fold cross-validation; 
SMOTE + EM imputation 

This study Exasens, four-class; 100 samples Mamdani FIS 93.00 10-fold cross-validation 
 
5. Discussion 

The results show that the Mamdani Fuzzy Inference 
System (FIS) proposed in this work proves to be effective 
to classify respiratory diseases on the basis of the original 
variables given in the Exasens data set. Overall classifica-
tion accuracy and macro-average F1-score were 93.00% 
and 91.87% respectively, suggesting that fuzzy logic can 
be used to model the nonlinear relationships between die-
lectric permittivity measurements, demographic attributes 
and respiratory disease classes. In addition, the rule-based 
approach of the proposed Mamdani FIS offers a transpar-
ent and interpretable decision-making process, which is a 
promising approach for supporting clinical decisions in 
the classification of respiratory diseases. 
 
5.1. Interpretation of Key Findings 

The performance measures and the confusion matrix 
indicate that the proposed model had the highest classifi-
cation performance for COPD and Healthy Control clas-
ses, and comparatively lower performance for the Asthma 
and Infected classes. The difference is expected as the 
smaller number of samples in the selected set in the latter 

classes and the similarity of their dielectric permittivity 
characteristics make them harder to distinguish. Despite 
the relatively lower performance observed for Asthma and 
Infected classes, the overall results indicate that the pro-
posed fuzzy rule base was able to capture useful relation-
ships between the Exasens variables and the respiratory 
disease classes under the experimental conditions of this 
study. However, the relatively small number of samples in 
the minority classes limits the extent to which these find-
ings can be generalized to broader patient populations. 

The triangular and trapezoidal membership func-
tions enabled “soft” transitions between linguistic catego-
ries, which enabled the model to represent the gradual 
variation that occurs in the dielectric permittivity meas-
urements and demographic characteristics. All four dis-
ease classes present high AUC value which further con-
firms the good discriminative ability of the proposed 
Mamdani FIS. 
 
5.2 Strengths, Limitations, and Clinical Implications 

One of the advantages of the proposed model is its 
interpretability. The Mamdani Fuzzy Inference System is 
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different from many machine learning and deep learning 
models in that it captures knowledge as explicit IF–THEN 
rules and makes it possible for the healthcare professional 
to understand and validate the reasoning for each classifi-
cation. This transparency has a positive effect on the con-
fidence in the diagnostic process, and therefore facilitates 
the use of the model as a potential decision support tool. 
Moreover, the proposed method directly makes use of the 
Exasens dataset which contains both dielectric permittiv-
ity measurements and demographic data, without requir-
ing complex feature extraction or medical imaging. 

Although the results were encouraging, there are 
some limitations which are noted. First, the study was 
based on a selected subsample of the Exasens data, which 
may restrict the validity of the findings. Secondly, fuzzy 
rule base and membership functions were built based on 
the expert knowledge, which added some subjectivity to 
the model design. Future research should test the pro-
posed method with larger and more varied datasets of res-
piratory disease and to explore automatic techniques for 
membership function tuning and fuzzy rule generation.  

The proposed Mamdani FIS achieved competitive 
classification performance relative to results reported in 
previous Exasens-based studies. However, these compari-
sons should not be interpreted as direct evidence that the 
proposed model outperforms conventional machine learn-
ing methods because the studies used different datasets, 
sample sizes, feature configurations, preprocessing proce-
dures, and validation protocols. The main advantage of 
the proposed approach is its explicit rule-based represen-
tation, which provides an interpretable reasoning mecha-
nism in addition to its classification performance. The pro-
posed approach may serve as a potential decision-support 
framework for respiratory disease classification because of 
its combination of classification performance and rule-
based interpretability. However, further validation using 
larger, independent, and clinically representative datasets 
is required before its use in real-world clinical practice can 
be considered. 

6. Conclusion 
This study presented a Mamdani Fuzzy Inference 

System (FIS) for the classification of four respiratory dis-
ease categories Chronic Obstructive Pulmonary Disease 
(COPD), Asthma, Infected, and Healthy Control using the 
original dielectric permittivity measurements and demo-
graphic attributes provided in the Exasens dataset. The 
proposed model uses triangular and trapezoidal member-
ship functions along with fuzzy IF–THEN rules to classify 
in an interpretable and transparent way. The experimental 
results obtained from the stratified subset of the Exasens 
dataset showed that the proposed approach achieved an 
overall classification accuracy of 93.00% and a macro-av-
erage F1-score of 91.87% under the adopted experimental 
setting. The findings indicate that the Mamdani FIS pro-
vides a potentially useful and interpretable framework for 
respiratory disease classification. Nevertheless, the results 
should be interpreted in light of the limited sample size 
and the differences between the present experimental set-
ting and those reported in previous studies. 
 
7. Future Research Directions 

Future work could be directed towards testing the 
proposed Mamdani Fuzzy Inference System with the full 
Exasens data set and with more large and diverse clinical 
data sets to evaluate its robustness and generalizability 
further. The fuzzy rule base can also be extended to incor-
porate additional respiratory diseases and common 
comorbidities. Additionally, adapting the fuzzy logic 
type-2 approach could more accurately address greater 
uncertainty and combining with Internet of Things (IoT) 
applications in healthcare could provide more real-time 
patient monitoring and decision support. Finally, hybrid 
approaches can be developed by integrating fuzzy infer-
ence with machine learning or deep learning methods, 
which still maintain interpretability, and further improve 
the classification performance and its clinical applications.
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