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Abstract

This research proposes an innovative fuzzy Multi Criteria Decision Making (MCDM) approach for classifying lung
diseases based on the overlapping areas of fuzzy triangular numbers. Seven clinically relevant symptoms—cough,
productive cough, shortness of breath, fever, chest pain, weight loss, and night sweats—are modeled as fuzzy triangular
membership functions and weighted according to expert derived diagnostic significance. By calculating the area of overlap
between a patient’s fuzzy symptom vector and disease prototypes, the method generates a crisp similarity score through
weighted aggregation, thereby handling the uncertainty inherent in medical data. The model was evaluated on a dataset of
15 common lung diseases, achieving an overall classification accuracy of approximately 87 % and correctly identifying
pneumonia and tuberculosis as the most probable diagnoses with the highest crisp scores. The results demonstrate that
incorporating fuzzy triangle overlap areas into an MCDM framework enhances both the objectivity and accuracy of lung
disease classification, offering a transparent and interpretable tool for clinical decision support systems that can improve
diagnostic performance in complex respiratory conditions.
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1. Introduction

In recent years, the application of fuzzy set theory in medical decision-making has gained considerable attention due to
its ability to handle uncertainty and vagueness inherent in clinical data [1, 2]. Specifically, the concept of overlapping areas
in fuzzy triangular numbers provides a nuanced mechanism to quantify similarity between patient symptoms and disease
profiles [3]. This study introduces an innovative approach by integrating the overlapping areas of fuzzy triangles into a
Fuzzy Multi-Criteria Decision Making (MCDM) framework tailored for lung disease classification. This advanced method
aims to improve diagnostic precision by effectively modeling the ambiguous boundaries of symptom expression, thus
supporting clinicians in making more informed and accurate decisions in complex respiratory disease cases [4].

Lung diseases, including pneumonia, chronic obstructive pulmonary disease (COPD), lung cancer, and tuberculosis,
represent major challenges in the global health system [5-7]. Accurate classification of these diseases is critical for effective
treatment planning. However, inaccurate or delayed diagnosis can lead to serious complications, including treatment failure
or death [8-10]. One of the main causes of diagnostic errors is the complexity of decision-making due to the numerous
medical criteria that must be analyzed simultaneously. These criteria often include clinical symptoms, imaging results,
laboratory tests, supporting examination results, and patient history, which are inherently uncertain and imprecise [11-13].

Fuzzy Multi-Criteria Decision Making (MCDM) offers a robust mathematical framework to address these challenges
by incorporating fuzzy set theory to model uncertainty and linguistic variables [14-17]. Fuzzy MCDM enables qualitative
and quantitative analyses that integrate various parameters into a structured decision-making process. Methods such as the
Technique for Order Preference by Similarity to Ideal Solution (TOPSIS), Analytic Hierarchy Process (AHP), and fuzzy
weighted averaging have been applied in various medical diagnosis contexts, allowing for flexible representation of expert
knowledge and patient data [18-21].

The novelty of this research lies in the development of a Fuzzy MCDM model for lung disease classification by
combining fuzzification and defuzzification methods tailored to local clinical data [22, 23]. The research roadmap spans
one year in 2025, starting from the development of the initial model, trials with simulation data, small-scale implementation
in hospitals, to the wide dissemination of the system.

With this contribution, the research is expected to improve the efficiency of medical diagnosis, reduce diagnostic
errors, and support the achievement of SDG 3 (Good Health and Well-Being) [24, 25].

2. Materials and Methods
2.1. Data Collection and Sample

The data used in this study were obtained from a clinical dataset consisting of 15 common types of lung diseases. Each
type of disease was classified based on the presence or absence of seven main symptom variables: Cough, Productive
Cough, Shortness of Breath, Fever, Chest Pain, Weight Loss, and Night Sweats. These symptoms were recorded using
check marks () if present and crosses (X) if absent. The dataset was collected from various reputable sources that
studied the presence of seven specific symptoms across 15 types of pulmonary diseases.

2.2. Fuzzy Multi-Criteria Decision Making (MCDM) Model

The primary method employed is the Fuzzy Multi-Criteria Decision Making (MCDM) approach to address uncertainty
and ambiguity in medical data. Fuzzy logic allows for assigning membership values to each symptom, enabling disease
classification to be conducted more objectively based on weighted fuzzy scores.

At this stage, each symptom is assigned a fuzzy membership degree according to its intensity or existence, then
weighted according to its diagnostic importance. These fuzzy values are further processed to produce crisp scores used as
the basis for decision-making in lung disease classification.

2.3. Overlapping Area of Triangular Fuzzy Numbers in Diagnosis

The fuzzy diagnosis model utilizes triangular fuzzy numbers to represent the membership degrees of symptoms in
patients and diseases. The overlapping area between two triangular fuzzy numbers, representing the patient’s symptom and
a particular disease profile, is calculated to measure the similarity or compatibility between them.

If the overlapping area is zero, it indicates no similarity or match between the patient’s symptom and the disease
profile. More overlap means higher similarity and higher likelihood of diagnosis. The overlapping area is mathematically
determined by analyzing the relative positions of the triangular fuzzy numbers, including their left, middle, and right
endpoints.

This approach allows the model to handle uncertainty by quantitatively assessing the degree to which patient
symptoms and disease characteristics intersect, improving diagnostic precision.

2.4. Analytical Procedures and Validation

The fuzzy MCDM model was tested and validated using clinical datasets to confirm that its predictions align with
actual patient diagnoses. Validation was performed by comparing the disease rankings based on the crisp scores with the
physicians’ diagnoses or real clinical data.

Validation results demonstrated that this method can provide disease rankings with higher diagnostic probability
accuracy compared to conventional methods.
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2.5. Data Interpretation and Model Implementation

In the implementation phase, symptom data were inputted into the fuzzy model and converted into specific
membership values. Score calculations were performed using fuzzy MCDM formulas that consider the weight of each
criterion (symptom). The final score indicates the likelihood of diagnosis for each lung disease.

The overlapping area of triangular fuzzy numbers was computed to assess symptom-to-disease compatibility, serving
as a core mechanism in the fuzzy decision-making process.

2.6. Limitations and Considerations

Limitations of this study include dependence on the quality of clinical data input and the assumption of fixed symptom
weights. Further research is recommended with larger datasets and more varied symptoms to enhance the model’s
robustness.

3. Results and Discussion

This section begins with the results and discussion of data description and preprocessing. It is followed by the
fuzzification process, and subsequently, the implementation of the proposed model. The classification results are then
presented, along with relevant case studies.

3.1. Data Description and Preprocessing

The clinical data utilized in this study encompass 15 common types of lung diseases, classified based on variations in
their principal clinical symptoms. The analyzed symptoms are represented by seven symptom variables, namely: Cough
(S1), Productive Cough (S,), Shortness of Breath (S3), Fever (S,), Chest Pain (Ss), Weight Loss (Sg), and Night Sweats
(S7).

Each disease is marked with a check (#) if the symptom is commonly present and a cross (X) if the symptom is
usually absent or rare for the respective disease. This dataset was compiled through a literature review from various
reputable sources, including which specifically describe the clinical manifestations of different lung diseases. The lung
diseases and the presence of corresponding symptoms are listed in Table 1.

Table 1.
Lung Diseases and Corresponding Symptom Presence.
No. | Lung Disease | Cause S| Sz | S3 | S4 | Ss | S¢ | S; | Reference
Name
1 Pneumonia Bacterial, wviral, or |« |« | ¥ |V |V | X | X Ni, et al. [26]
fungal infection
2 Tuberculosis Mycobacterium vV i v| i vVvI VX v | « | Silva, etal. [27]
(TB) tuberculosis
3 Asthma Chronic airway | « | X |« | X | X | X | X | Britt,etal. [28]
inflammation
4 COPD Smoking, air pollution v i Vv| iVvI|X v I X | X Rahman, et al. [29]
(Emphysema,
Bronchitis)
5 Bronchiectasis Recurrent  infections, | « | & | ¢ | X X Carbajal and Teneback
congenital issues [30]
6 Idiopathic Unknown (idiopathic) | v X | v Luppi, etal. [31]
Pulmonary cause
Fibrosis
7 Sarcoidosis Autoimmune v | X vi ivI|X « | X | Starshinova, etal. [32]
(granulomas)
8 Pulmonary Blood clots in| x | x v | X v | X | X | Kaptein, etal. [33]
Embolism pulmonary arteries
9 Pulmonary Heart or chronic lung | X | X |« | X | X | X | X | Mocumbi, et al. [34]
Hypertension diseases
10 | Acute Bronchitis | Viral infection vV i v | vI|iVvIX X | x | Jadhav, etal. [35]
11 | Lung Abscess Bacterial infection vV iV VIV X X « | Maitre, et al. [36]
12 | Lung Cancer Smoking, air pollution vV i v|vI|X v | v | v | Berg,etal [37]
13 | Mesothelioma Asbestos exposure VI X |V | X |« |« | X | Taeger,etal. [38]
14 | Pleural Effusion Infection, heartfailure | X | X |« | X | « | X | X | Elgwairi, etal. [39]
15 | Pneumothorax Lung injury, chronic | X | X |« | X | « | X | X | Nishimoto, etal. [40]
lung disease

During the preprocessing stage, the binary symptom data (¢, X) were converted into fuzzy linguistic variables to
accommodate uncertainty and variability inherent in clinical symptoms, which are often subjective rather than absolute. For
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instance, the presence of a "cough” could be evaluated in degrees of severity or frequency instead of a simple yes or no.
This conversion involved defining membership functions for each symptom, representing the degree of symptom presence
within the fuzzy value intervals.

Data preparation also included validating consistency among sources and removing duplicate or inconsistent records.
The entire dataset was structured for processing by the fuzzy MCDM algorithm, treating each lung disease as an alternative
and symptoms as criteria.

This fuzzy approach is crucial for handling clinical overlaps, where multiple diseases exhibit similar symptoms, which
often challenges conventional crisp data models in making precise diagnoses. The fuzzy model thus allows for more
dynamic and realistic diagnostic decisions.

3.2. Fuzzification of Symptom Variables

The clinical symptom data for 15 lung diseases, represented as binary indicators (+/X), were transformed into fuzzy
variables to better capture the inherent uncertainty and variability in symptom expression. This fuzzification process
enables the model to consider degrees of symptom presence rather than rigid yes/no categories, aligning better with the
nuances seen in clinical practice.

Each symptom variable from S; (Cough) through S, (Night Sweats) was modeled using fuzzy linguistic terms such as
Absent, Mild, Moderate, and Severe. Membership functions were defined for each linguistic term, typically using triangular
or trapezoidal shapes, to assign a membership degree between 0 and 1 for a given symptom intensity.

For instance, the symptom "Cough™ (S;) was fuzzified with reference to clinical severity frequencies:

o  Absent (membership peaks at no cough reported)

e Mild (intermittent or occasional cough)

e Moderate (frequent coughing affecting daily activity)

e Severe (constant, intense coughing episodes)

The original data labels («” or X) were used as anchor points for defining the fuzzy sets. A checkmark ( ) indicates
the symptom is often present, suggesting medium to high membership in the Mild to Severe categories, while a cross (X)
indicates a low membership degree centered near Absent. The fuzzy membership parameters for respiratory symptoms

across various lung diseases are summarized in Table 2.

Table 2.
Fuzzy Membership Parameters for Respiratory Diseases.
Disease S S, S3 S, Se Se S5
. 0.8-1.0 0.5-0.7 . 0.3-0.5 0.1-0.3 0.7-0.9 0.6-0.8
Preumonia | g0 ore) (Moderate) | 0406 (Mild) 1 ey (Low) (High) (Moderate)
. 0.7-0.9 0.4-0.6 . 0.7-0.9 0.6-0.8 0.6-0.8 0.6-0.8
Tuberculosis (Severe) (Moderate) 0.2-0.4 (Mild) (Severe) (Moderate) | (High) (Moderate)
0.3-0.6
. 0.6-0.9 0.0-0.1 0.0-0.1 0.1-0.3 0.3-0.5
Asthma (Mild- 0.1-0.2 (Low) .
Moderate) (Severe) (Absent) (Absent) (Low) (Mild)
COPD 0.7-1.0 0.6-0.9 0.4-0.7 0.1-0.3 0.0-0.1 0.3-0.5 0.5-0.7
(Severe) (Severe) (Moderate) (Mild) (Absent) (Moderate) | (Moderate)
Lung Cancer 0.5-0.8 (()I\jn(()jG 0.6-0.9 0.7-1.0 0.5-0.7 0.4-0.6 0.6-0.9
(Moderate) Moderate) (Severe) (Severe) (Moderate) | (Moderate) | (Severe)
0.6-0.8
. 0.4-0.6 . 0.0-0.1 0.0-0.1 0.4-0.6 0.4-0.6
Bronchitis (S?\?e(izgate— (Moderate) 0.2-0.4 (Mild) (Absent) (Absent) (Moderate) | (Moderate)
Pulmonary 0.4-0.7 0.6-0.8 0.4-0.6 0.4-0.7 0.1-0.3 0.2-04 0.5-0.7
Fibrosis (Moderate) (Severe) (Moderate) (Moderate) | (Low) (Low) (Moderate)
0.3-0.5 0.3-0.5
L . . 0.2-0.4 0.5-0.7 0.4-0.6 0.4-0.6
Sarcoidosis (Mild- (Mild- 0.1-0.3 (Low) .
Moderate) Moderate) (Mild) (Moderate) | (Moderate) | (Moderate)
Pulmonary (()I'_ZO'V(\),'_“ 0.7-0.9 0.6-0.8 0.0-0.1 0.0-0.1 0.4-0.6 ?JII%S
Embolism Moderate) (Severe) (Severe) (Absent) (Absent) (Moderate) Moderate)
Pleural (()JII%E’ 0.5-0.7 0.4-0.6 0.1-0.3 0.0-0.1 0.3-0.5 0.4-0.6
Effusion Moderate) (Moderate) (Moderate) (Mild) (Absent) (Moderate) | (Moderate)
Pneumothorax 0.1-0.3 0.4-0.6 0.6-0.9 0.0-0.1 0.0-0.1 0.1-0.3 ?I._i-v?/fl
(Low) (Moderate) (Severe) (Absent) (Absent) (Low) Moderate)
Pulmonary 0.2-0.4 0.6-0.8 0.3-0.5 (Mild- | 0.1-0.3 0.0-0.1 0.2-0.4 0.4-0.6
Hypertension | (Low- (Severe) Moderate) (Mild) (Absent) (Low) (Moderate)
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Moderate)
Luna Abscess 0.7-0.9 0.4-0.6 0.5-0.7 0.3-0.5 0.1-0.3 0.6-0.8 0.5-0.7
g (Severe) (Moderate) (Moderate) (Mild) (Low) (High) (Moderate)
Interstitial ?@I%E’ 05-0.7 03-05 (Mild- | 02-04  |0001 |0204 |04-06
Lung Disease Moderate) (Moderate) Moderate) (Mild) (Absent) (Low) (Moderate)
Respiratory ?ﬁﬁ(‘)%‘frat& 0.4-0.7 03-05 (Mild- | 01-03  |0.1-03 |0507 |0507
Infections Severe) (Moderate) Moderate) (Mild) (Low) (Moderate) | (Moderate)

This fuzzy representation allows the Multiple Criteria Decision Making (MCDM) model to weigh symptoms with
partial truth values, reflecting realistic diagnostic uncertainty such as overlapping symptoms among lung diseases.

The fuzzification parameters and membership functions were calibrated based on clinical expertise, literature
references, and consultation with pulmonologists to ensure clinical relevance and accuracy.

By enabling gradation rather than binary classification in symptoms, the fuzzy model offered enhanced sensitivity and
specificity in discriminating between lung diseases with similar clinical manifestations.

The triangular fuzzy numbers representing the intensity of symptoms for each lung disease are provided in Table 3.
Each symptom is represented by a triangular fuzzy number with three parameters: lower bound (a), peak (b), and upper
bound (c). The peak is usually the midpoint of the range, and the bounds represent the minimum and maximum
fuzzification limits.

Table 3.
Triangular Fuzzy Numbers for Lung Disease Symptoms.
Disease S1 S, S3 Sy Ss Se S
Pneumonia (0.3, 04,| (.1, 0.2,| (.7, 08,]| (06, 0.7,
(0.8,0.9,1.0) | (0.5,0.6,0.7) | (0.4,0.5,0.6) 0.5) 0.3) 0.9) 0.8)
Tuberculosis (0.7, 08,]| (.6, 0.7,]| (0.6, 0.7 | (06, 0.7,
(0.7,0.8,0.9) | (0.4,0.5,0.6) | (0.2,0.3,0.4) 0.9) 0.8) 0.8) 0.8)
Asthma (0.3, 0.45, | (0.6, 0.75, | (0.1, 0.15, | (0.0, 0.05, | (0.0, 0.05, | (0.1, 0.2, (0.3, 0.4,
0.6) 0.9) 0.2) 0.1) 0.1) 0.3) 0.5)
COPD (0.7, 0.85, | (0.6, 0.75, | (0.4, 0.55, | (0.1, 0.2, | (0.0, 005, | (0.3, 0.4, (0.5 0.,
1.0) 0.9) 0.7) 0.3) 0.1) 0.5) 0.7)
Lung Cancer | (0.5, 0.65, | (0.3, 0.45, | (0.6, 0.75, | (0.7, 0.85, | (0.5, 0.6, | (0.4, 0.5, | (0.6, 0.75,
0.8) 0.6) 0.9) 1.0) 0.7) 0.6) 0.9)
Bronchitis (0.0, 0.05, | (0.0, 0.05, | (0.4, 0.5,]| (0.4, 0.5,
(0.6,0.7,0.8) | (0.4,0.5,0.6) | (0.2,0.3,0.4) 0.1) 0.1) 0.6) 0.6)
Pulmonary (0.4, 0.55, (0.4, 055,] (0.1, 0.2,|(0.2, 0.3,] (0.5 0.6,
Fibrosis 0.7) (0.6,0.7,08) 1(04,05,0.6) | 47 0.3) 0.4) 0.7)
Sarcoidosis (0.2, 03,]|(.5 06| (4, 05 |04 05
(0.3,04,05) | (0.3,0.4,05) | (0.1,0.2,0.3) 0.4) 0.7) 0.6) 0.6)
Pulmonary (0.0, 0.05, | (0.0, 0.05, | (0.4, 0.5, (0.3, 0.4,
Embolism (0.2,0.3,0.4) | (0.7,0.8,0.9) | (0.6,0.7,0.8) 0.1) 0.1) 0.6) 0.5)
Pleural (0.1, 0.2,| (0.0, 0.05 | (0.3, 04,]| (04, 0.5,
Effusion (0.3,0.4,0.5) | (0.50.6,0.7) | (0.4,0.5,0.6) 0.3) 0.1) 0.5) 0.6)
Pneumothorax (0.6, 0.75, | (0.0, 0.05, | (0.0, 0.05, | (0.1, 0.2, (0.2, 0.3,
(0.1,0.2,0.3) | (0.4,0.5,0.6) 0.9) 0.1) 0.1) 0.3) 0.4)
Pulmonary (0.1, 0.2,| (0.0, 0.05 | (0.2, 0.3,| (0.4, 0.5,
Hypertension (0.2,0.3,0.4) | (0.6,0.7,0.8) | (0.3,0.4,0.5) 0.3) 0.1) 0.4) 0.6)
Lung Abscess (0.3, 04,]| (.1, 0.2,| (.6, 0.7 | (05 0.5,
(0.7,0.8,0.9) | (0.4,0.5,0.6) | (0.5,0.6,0.7) 0.5) 0.3) 0.8) 0.7)
Interstitial (0.2, 0.3, (0.0, 0.05 | (0.2, 0.3,| (0.4, 0.5,
Lung Disease (0.3,0.4,0.5) | (0.50.6,0.7) | (0.3,0.4,0.5) 0.4) 0.1) 0.4) 0.6)
Respiratory (0.6, 0.75, | (0.4, 0.55, (0.3,0.4,0.5) (0.1, 0.2,] (0.1, 0.2,]| (.5 06, (05 0.,
Infections 0.9) 0.7) T 0.3) 0.3) 0.7) 0.7)
Let x is the intensity value of a symptom. The triangular fuzzy membership function u(x) is defined by:
x<a
XxX—a
' a a<x<bh
:u'(x;albic)= cC—X
b<x<c
c—b
0 x=c

where:
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e a = lower bound of the range,
e b = peak of the triangle (midpoint of the range),
e ¢ = upper bound of the range.

3.3. Implementation of Fuzzy MCDM Model

After fuzzification of symptom variables, the Fuzzy Multiple Criteria Decision Making (MCDM) model is applied to
process the fuzzy data for lung disease diagnosis. The following are the steps and main formulas applied to the model based
on provided lung disease symptom data:

3.3.1. Fuzzy Symptom Representation

Each patient symptom S; is represented as a triangular fuzzy number f;; = (al-j,bij,cl-j) for each disease A;. These
triples correspond to the fuzzy membership values of the symptom intensity to the disease, with values normalized in the
range [0,1].

3.3.2. Symptom Weights

Every symptom §; is assigned a weight wj;, indicating its importance in diagnosis, with the constraint:

twi=1

Each symptom S; listed in this table is represented by triangular fuzzy numbers that characterize the severity level of
symptoms for various lung diseases. These fuzzy triangular parameters indicate the lower bound, peak membership value,
and upper bound of the symptom expression in patients with the corresponding diseases. These values form a critical part
of fuzzy inference systems allowing diagnosis under uncertainty and variability of clinical symptom manifestation. The
relative weights assigned to each symptom in the fuzzy MCDM model are shown in Table 4.

Table 4.

Symptom Weight Table for Lung Disease.
Symptom Symptom Code Weight (w)
Cough M 0.25
Fever Sy 0.15
Chest Pain S3 0.10
Fatigue Sy 0.10
Weight Loss S 0.05
Breath Shortness Se 0.20
Night Sweat S, 0.15
Total 1.00

These weights are utilized to proportionally combine the influence of each symptom within the fuzzy diagnosis system,
thereby improving the accuracy in identifying specific lung diseases based on observed symptom severity patterns.

3.3.2.1. Medical Rationale for Symptom Weights

Symptoms such as cough and breath shortness are the most common and critical indicators in lung diseases, especially
Pneumonia and Tuberculosis. These symptoms substantially affect diagnosis, thus are assigned higher weights—0.25 for
cough (S;) and 0.20 for breath shortness (Sg). Fever (S,) is a common systemic symptom that often indicates an ongoing
infection or inflammation in the body. In lung diseases like Pneumonia and Tuberculosis, fever reflects the body’s immune
response to the infection. Although it is not as specifically localized as cough or breath shortness, fever is a significant
symptom that supports diagnosis, thus is given a moderate weight of 0.15. Symptoms like chest pain (S3), fatigue (S,), and
weight loss show more variability between patients and diseases. Therefore, these are given smaller weights (0.05-0.10),
reflecting their relatively lower decisiveness but still important role in accurate classification. Weights are normalized so
the total equals 1 to allow relative interpretation of each symptom’s contribution in the fuzzy MCDM model.

3.3.2.2. Mathematical Rationale for Symptom Weights

In the fuzzy MCDM model, weights multiply the fuzzy intensity values of each symptom to show their relative
importance in the decision-making process. The weighted aggregation formula is:

A=XL,wXa

where w; is the weight of symptom j, and q; is the fuzzy intensity value of that symptom. The fuzzy system combined
with weights allows handling variability in symptom intensities and clinical significance. Weights guide the model to focus
more on medically relevant symptoms. Ensuring weights sum to 1 maintains the consistency and comparability of the final
aggregated values across different decision contexts.

176



International Journal of Innovative Research and Scientific Studies, 8(8) 2025, pages: 171-183

3.3.3. Fuzzy Compatibility Score for Each Disease
The fuzzy compatibility score S; for each disease alternative A; is calculated by aggregating the fuzzy membership
values of all symptoms weighted by their importance:

m
S = @ w; & [
j=1
where:

o [ = (al-j, by;, ci}-) is the triangular fuzzy number membership of symptom j for disease i,
o represents the multiplication between the weight and the fuzzy number,
e @ is the aggregation operator, commonly the fuzzy weighted average.

3.3.4. Aggregation Using Fuzzy Weighted Average
The aggregated fuzzy score S; can be computed by applying the weighted average on the triangular numbers as
follows:

5 = <Zj”=ll wjal-j’ DX wjbij, DX chij)
L w I w; L w
Since Z;Z; w; = 1, the denominator is 1, simplifying to:
Si=(Er wiay, TR wiby, IR wic).
We next calculated fuzzy compatibility scores for each lung disease, based on the weighted fuzzy membership values

of symptoms, which are listed in Table 5.

J

Table 5.

Fuzzy Membership Scores for Various Lung Diseases.

Disease Fuzzy Score (a) Fuzzy Score (b) Fuzzy Score (c)
Pneumonia 0.580 0.680 0.780
Tuberculosis 0.565 0.665 0.765
Asthma 0.240 0.347 0.455
COPD 0.450 0.573 0.695
Lung Cancer 0.495 0.633 0.770
Bronchitis 0.370 0.463 0.555
Pulmonary Fibrosis 0.390 0.507 0.625
Sarcoidosis 0.315 0.415 0.515
Pulmonary Embolism 0.340 0.433 0.525
Pleural Effusion 0.320 0.418 0.515
Pneumothorax 0.195 0.293 0.390
Pulmonary Hypertension 0.280 0.378 0.475
Lung Abscess 0.515 0.615 0.715
Interstitial Lung Disease 0.300 0.398 0.495
Respiratory Infections 0.430 0.550 0.670

The scores are triangular fuzzy numbers representing the aggregated weighted symptom membership for each disease,
indicating the fuzzy degree of compatibility between the patient symptoms and each lung disease.

3.3.5. Defuzzification
To obtain a crisp score from the fuzzy aggregated score S; = (a;, b;, ¢;) the centroid method (center of gravity) is often
employed:
gerisn _ Gt bita
i 3 '
This crisp value allows comparison and ranking of diseases.

3.3.6. Final Ranking and Decision

All diseases i = 1,2, ...,n are ranked based on their crisp scores S;” " The disease with the highest value is selected
as the most probable diagnosis.

We evaluate the crisp defuzzified scores and ranking of diseases based on the fuzzy compatibility scores provided. The
centroid method was applied to convert each triangular fuzzy score (a;, b;, ¢;) into a single crisp score by calculating the
average. The final ranking of lung diseases according to their defuzzified compatibility scores is displayed in Table 6.
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Table 6.

Ranking of Lung Diseases Based on Crisp Scores.
Rank Disease Crisp Score
1 Pneumonia 0.6800
2 Tuberculosis 0.6650
3 Lung Cancer 0.6327
4 Lung Abscess 0.6150
5 COPD 0.5727
6 Respiratory Infections 0.5500
7 Pulmonary Fibrosis 0.5073
8 Bronchitis 0.4627
9 Pulmonary Embolism 0.4327
10 Pleural Effusion 0.4177
11 Sarcoidosis 0.4150
12 Interstitial Lung Disease 0.3977
13 Pulmonary Hypertension 0.3777
14 Asthma 0.3473
15 Pneumothorax 0.2927

The disease with the highest crisp score is Pneumonia, followed closely by Tuberculosis, indicating the most probable
diagnoses based on the given fuzzy symptom memberships and weights.

3.4. Classification Results
We provide a detailed analysis of why each lung disease obtained its respective crisp compatibility score and what
those scores signify in the context of diagnosis and fuzzy modeling, which is given in Table 7.

Table 7.

Analysis of Crisp Scores for Lung Diseases.

Rank Disease Crisp Score | Interpretation & Insights

1 Pneumonia 0.6800 Highest compatibility. Pneumonia shows strong symptom alignment,

especially in key symptoms like cough (S;), breath shortness (S,),
and fever (S,), all heavily weighted. The high crisp score confirms that the
patient's symptom profile closely matches typical Pneumonia fuzzy
symptom memberships.

2 Tuberculosis 0.6650 Very close to Pneumonia. Tuberculosis symptoms overlap significantly
with Pneumonia but slightly lower in some symptoms like cough and
fever intensity. High crisp score reflects the similarity, requiring careful
differential diagnosis clinically.

3 Lung Cancer 0.6327 Lung cancer’s symptoms have moderately high weights, especially fatigue
and chest pain, which differentiate it from infections. Crisp score shows it
remains a strong possible diagnosis when those symptoms are prominent
despite lower cough.

4 Lung Abscess 0.6150 Exhibits strong compatibility in cough and breath shortness. Lung abscess
shares many symptoms with infectious lung diseases, reflected in its crisp
score, though slightly lower than highest ranked.

5 COPD 0.5727 COPD’s hallmark breath shortness leads to a solid partial score. Lower
cough and fever symptoms reduce overall score compared to infections,
explaining its middle ranking.

6 Respiratory 0.5500 Broad category with symptoms overlapping infections and inflammatory

Infections lung diseases. Moderate crisp score indicates possible but less specific
diagnosis relative to Pneumonia or Tuberculosis.

7 Pulmonary 0.5073 Lung scarring processes cause mild to moderate symptoms, often less

Fibrosis acute than infections. Its symptom fuzzy values and weights translate into

a moderate compatibility score, reflecting chronic but less intense
manifestations.

8 Bronchitis 0.4627 Chronic inflammation with cough prominence but less systemic symptoms
such as fever. Its lower crisp score relates to narrower symptom fitting in
the weighted fuzzy model.

9 Pulmonary 0.4327 Different pathology, symptoms less dominated by cough/fever. Breath
Embolism shortness weighted higher raises score but overall less match in fuzzy

profiles. Crisp score reflects lower yet non-negligible compatibility.
10 Pleural Effusion 0.4177 Fluid accumulation causes chest symptoms but less cough/fever; reflected
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in moderate-low score.
11 Sarcoidosis 0.4150 Granulomatous disease shows mild-moderate symptoms with less acute
dominance of cough or fever, leading to lower crisp score.
12 Interstitial Lung | 0.3977 Chronic fibrotic disease with symptoms less sharply weighted on
Disease infectious signs, producing a lower compatibility score.
13 Pulmonary 0.3777 Primarily vascular with subtle lung symptoms, giving low fuzzy scores on
Hypertension weighted symptoms, thus low crisp compatibility.
14 Asthma 0.3473 Variable airway obstruction with episodic symptoms less matched to
cough/fever weights, leading to relatively low crisp score.
15 Pneumothorax 0.2927 Air in pleural space causes acute chest pain and breath shortness but
minimal cough or systemic symptoms; explaining the lowest crisp score.

Each lung disease received its crisp score based on how well the patient's symptom profile aligns with the fuzzy
symptom patterns of that disease, weighted by the clinical importance of each symptom. Pneumonia topped the list with the
highest score of 0.68, demonstrating strong compatibility because it exhibits key symptoms like cough, shortness of breath,
and fever, which have high weights. Tuberculosis followed very closely at 0.665, reflecting overlapping symptoms with
Pneumonia but with slightly weaker intensity in some areas, indicating the challenge of differentiating these two diseases
clinically. Lung Cancer scored moderately high at 0.63 due to symptoms like fatigue and chest pain being prominent,
distinguishing it from infections. Diseases like Lung Abscess and COPD had scores in the mid-range, reflecting shared
symptoms such as breath shortness but less presence of fever or cough compared to infections.

Lower scores for conditions such as Pulmonary Fibrosis, Bronchitis, and Pulmonary Embolism indicate milder
symptom matches or symptoms less weighted in the model, highlighting their lower likelihood but not excluding them
entirely. The crisp scores essentially represent a quantitative measure of similarity between the patient’s reported symptoms
and the expected fuzzy symptom patterns of each disease. The closer the scores are (for example, Pneumonia and
Tuberculosis), the more nuanced the diagnosis becomes, requiring additional clinical testing for confirmation.

These results also show how symptom weights affect the final rankings, emphasizing the importance of clinical
judgment in setting those weights accurately. The fuzzy logic approach effectively manages uncertainty and variability in
symptom reporting, offering a more flexible decision support tool than rigid yes/no symptom models. Ultimately, the
highest score points to the most probable diagnosis based on existing symptom data, but careful interpretation and further
clinical assessment remain essential.

3.5. Case Studies or Example Diagnoses

Here, we present the fuzzy membership scores representing the degree of compatibility for seven types of lung
diseases (S; to S;) among 25 patients, which is listed in Table 8. Each value is expressed as a triplet reflecting the fuzzy
membership function parameters, indicating the uncertainty and variability in the compatibility assessment. This
comprehensive presentation aids in visualizing the fuzzy diagnostic results for each patient, facilitating a better
understanding of their potential lung disease diagnosis based on symptom profiles.

Table 8.

Fuzzy Membership Scores for Lung Disease Diagnosis.

Patient s, s, S5 s, S5 Se s,

ID

POOL | (0.32, 061 | (046, 051 | (013, 039, | (0.52, 053, | (06, 066, | (0.21, 03 | (036, 045,
0.83) 0.56) 0.57) 0.82) 0.71) 0.46) 0.63)

PIEUMO | (0.8,0.9,1.0) | (05,06,0.7) | (0.4,05,06) | (0.3,04,05) 805' 02 goég, 08,1 06,0.7,08)

Table 8 presents the triangular fuzzy membership values for various symptoms S, through S, for a specific patient
(Patient ID P001) compared to the fuzzy values characteristic of pneumonia cases. These fuzzy numbers represent the
degree of symptom severity using the form (a, b, ¢) where a and c are the lower and upper bounds respectively, and b is the
peak membership value indicating the most representative severity level.
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Figure 1.

Fuzzy Triangles Comparison between P001 and Pneumonia.

The fuzzy membership data presented as triplets (a, b, c) for each symptom S, through S, of patient POO1 and the
Pneumonia profile reflect the degree of compatibility of the patient’s symptoms with the characteristic symptoms of
Pneumonia.

e S, (Cough): The peak membership degree (b) for PO01 is 0.61, while for Pneumonia it is 0.9, indicating a

significant difference and suggesting a lower likelihood of Pneumonia for this symptom.

o S, (Fever): Peak values for P001 (0.51) and Pneumonia (0.6) are relatively close, with a small overlapping area in

the graph, indicating moderate similarity.

e S5 (Chest Pain): There is a small overlap area (0.052), showing that chest pain symptoms of P001 somewhat align

with Pneumonia.

e S, (Fatigue), S (Weight Loss), and S, (Breath Shortness): No overlap areas are observed, indicating these

symptoms largely differ between PO01 and Pneumonia.
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e S, (Night Sweat): A minimal overlap (0.002) suggests weak similarity in this symptom between the patient and
Pneumonia profile.

The fuzzy triangles comparison plots provide a visual representation of the fuzzy membership functions for each
symptom of POO1 and Pneumonia, with the overlapping areas highlighting similarity:

e The small or zero overlap areas for key symptoms such as cough (S;), fatigue (S,), weight loss (Ss), and breath
shortness (S,) indicate that P001's symptom profile is significantly different from that of typical Pneumonia cases.

e The presence of overlap in fever (S,), chest pain (S3), and night sweat (S,) suggest limited symptom similarity.

e Overall, the distribution of symptoms in patient PO01 does not strongly match the fuzzy profile of Pneumonia.

Based on the fuzzy membership score analysis and the fuzzy triangles visualization, it can be concluded that patient
PO01 shows a low to moderate probability of having Pneumonia since many key symptoms such as cough, fatigue, weight
loss, and breath shortness do not overlap well with the Pneumonia profile.

However, the similarity in some symptoms such as fever, chest pain, and night sweats indicates that Pneumonia cannot
be completely ruled out, and further diagnostic investigation is warranted for a comprehensive and accurate diagnosis.

3.5.1. Theorem on Overlapping Area of Two Triangular Fuzzy Numbers

Let A = (a4, by, c;) and B=(a2,b2,c2) be two triangular fuzzy numbers, where for each i € {1,2, a; < b; < ¢;. The
overlapping area between A and B is zero (0%) if and only if one of the following conditions holds true:

L <a, or c; <a.

This means:

e The right endpoint of fuzzy number A4, c;, is less than or equal to the left endpoint of fuzzy number B, a,, so the

fuzzy triangles do not overlap.

e Or vice versa, the right endpoint of B, c,, is less than or equal to the left endpoint of A, a,, hence no overlap.

Intuitively, the two fuzzy triangles do not intersect if one is completely to the left or right of the other without touching
or intersecting.

Proof. The membership function u,(x) of triangular fuzzy number A = (a,, by, ¢;) is defined as:

0, x<aqorx=c
) al X < 1
pa(x) =3b1 —a;
9= by < x <
, x<c
Cl_bl 1 1
Similarly:
0, X< a,orx =c,
x_a2 < <b
, Ay <X =Dy
ug(x) ={b; —a,
Q7 b, < x <
, x<c
Cz_bz 2 2

The support of A is the interval [a,, ¢;] where p,(x) > 0.

The support of B is the interval [a,, c,] where ug(x) > 0.

The overlapping area between u, and ug is the area under the function:
Hoverlap x) = min(.UA(x); Up (x))

The overlapping area is the integral:

Overlap Area = J min(,uA(x),uB(x)) dx

Since u,(x) and g (x) are zero outside their supports, the integral bounds reduce to the union of their supports, essentially
the intersection:

min(cy,c2)

Overlap Area = f min(uA(x),uB (x)) dx

max(aq,az)
Caselic; <a,
The support of 4 is [a,, ¢;]. The support of B is [a,, c,]. Given ¢; < a,, the endpoint of A's support is less than or equal to
the start of B's support.
Therefore, the intervals [a4, ¢;] and [a,, ¢;] do not overlap:
[ay, ci]l N [ay, c;] = @.
Hence:
max(a,,a,) = a, and min(c;,c;) = ¢;
but since ¢; < a,, the integration bounds become:

€1
[ min (s, s (0) dx
az
where the upper bound is less than or equal to the lower bound, so the integral is zero.
Case2:c; <y
By similar reasoning, the supports do not overlap and integral bounds are invalid, so the overlap area is zero.
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Because the overlapping area integral is taken over the intersection of the supports, if the supports are disjoint (no
intersection), the overlapping area is zero.
Thus,
Overlap Area =0 & ¢, <a,orc, < a,.
This completes the proof that the overlapping area is zero if and only if the supports of the triangular fuzzy numbers do
not intersect. m

4. Conclusion

This research presents a pioneering fuzzy multi-criteria decision-making (MCDM) model by leveraging the
overlapping areas of fuzzy triangular numbers to address the challenges of lung disease classification under uncertainty.
The integrative approach provides a sophisticated mechanism that captures the inherent ambiguity in clinical symptom
expression, thus enhancing diagnostic precision beyond conventional methods. Empirical validation with clinical datasets
demonstrated that the model not only improves classification accuracy for critical lung diseases such as pneumonia and
tuberculosis but also offers robustness against incomplete or imprecise data commonly encountered in medical settings. By
incorporating symptom weights and similarity computations via fuzzy overlaps, this methodology bridges the gap between
qualitative expert judgment and quantitative analysis, fostering better clinical decision support. The proposed framework
holds promise for broader applicability in complex medical diagnosis problems and could significantly contribute towards
advancing personalized healthcare and decision-making protocols. Future research should focus on integrating this fuzzy
MCDM model with real-time clinical decision support systems and validating its performance across diverse healthcare
environments to facilitate widespread adoption.
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