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ABSTRACT

Clinical information is often incomplete, vague, and uncertain, and the
diagnosis of disease is a difficult task for accurate decision making. Multi-
Criteria Decision-making (MCDM) is a range of decision-making
methods that have been extensively used in healthcare, but most methods
have the following problems: They use subjective criterion weights, they
are not good at expressing hesitation and uncertainty, and they do not
have integrated objective criterion weights and a utility-based ranking
mechanism. To resolve these drawbacks, this research introduces a novel
Pythagorean Fuzzy CRITIC MAUT decision framework for the diagnosis
of a disease in the case of uncertainty in clinical conditions. The proposed
framework incorporates Pythagorean fuzzy sets (PFS) to effectively
model uncertainty and hesitation, uses the CRITIC method to determine
the weights of the criteria objective based on the variability of the data
and inter-criterion correlation, and finally applies the multi-attribute
utility theory (MAUT) to assess and rank the disease alternatives based
on their utility values. The proposed framework is applied to a numerical
case study with four disease alternatives. The results indicate that the
alternative (G,) has the highest value of the integrated utility (0.7664)
and is the most preferred disease alternative, followed by (C3) (0.3970)
and (G,) (0.3841) and (G,) (0.1565) respectively. The results showed that
the proposed framework can effectively distinguish between the various
disease options, minimize subjective influences, and offer a clear,
objective, and accurate decision-support system. Thus, the proposed
model is very promising in helping clinical decisions in uncertain clinical

settings.
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1.| INTRODUCTION

Intelligent clinical decision support systems, such as artificial intelligence (AI), machine
learning (ML), probabilistic reasoning, and fuzzy decision making, have helped in the diagnosis of
diseases. Although these developments have been made, there are still some significant challenges
with the current diagnostic frameworks. Numerous studies use subjective approaches for criterion
weighting, offer limited ability to accommodate various types of clinical uncertainty, fail to include
explicit and easily understood decision-making steps, and may give inferior diagnostic results when
clinical information is incomplete or inconsistent. To overcome these shortcomings, this paper
introduces a novel Pythagorean Fuzzy CRITIC-MAUT model in which PFS are used to model
uncertainty, the CRITIC method is used to determine objective weights of the criteria, and the MAUT
method is used to rank the disease alternatives using utilities. This integrated framework offers a
more transparent, objective, and reliable decision-support mechanism to diagnose the disease in the
uncertain clinical environment.

While artificial intelligence (Al) has proven to be beneficial in identifying diseases, there are
Al models that seem like a "black box" and are hard for physicians to understand how the decision is
reached. Probabilistic reasoning methods require sufficient and reliable clinical data, but in real
healthcare settings, such information is often incomplete or unavailable. Likewise, conventional fuzzy
decision-support models are not able to capture various types of uncertainties and doubts. However,
most of the studies available today do not incorporate the use of objective criterion weighting,
uncertainty modelling, and utility-based ranking in a single decision-making process. To overcome
these drawbacks, the present study proposed a Pythagorean Fuzzy CRITIC-MAUT framework to
solve the disease diagnosis problem, which has been solved using PFS to represent uncertainties, the
CRITIC method to objectively calculate the criterion weights, and MAUT method to rank the disease
alternatives according to their overall utility values, and thus to obtain a more transparent and reliable
decision support framework for diagnosis of diseases.

Although there have been significant advancements in the use of intelligent clinical decision
support systems, there remain a number of drawbacks. Existing methods lack objective criteria for
the importance of the criteria used to diagnose a disease, which may lead to variations in the
diagnosis. Furthermore, a large number of models cannot effectively deal with different types of
uncertainty, e.g., vagueness, ambiguity, and incomplete clinical information. Other methods that are
based on artificial intelligence are also not interpretable, meaning it is challenging to determine how
a diagnosis is made. In addition, many current models may be less effective if clinical data are
incomplete, inconsistent, or uncertain, making the models less robust and reliable. These constraints

could lead to misdiagnosis and some loss of clinician confidence in the process. It is therefore crucial
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that a framework is established which integrates objective weighting, effective modelling of the
uncertainty, and systematic ranking, to enhance the accuracy, transparency and consistency of the
diagnosis of disease.

Various types of uncertainty affect clinical disease diagnosis. Vagueness develops if the
symptoms are not clearly defined, and ambiguity when the same clinical information can be
interpreted in a number of ways. Approximate/imprecise measurements cause imprecision, while
missing patient records or unavailable laboratory results cause incompleteness. Inconsistency is when
the information from different clinical sources is different. Further, epistemic uncertainty can also
happen from a lack of knowledge by the medical community or limited evidence concerning the
patient's condition. These uncertainties are different and create a challenging disease diagnosis
decision making process, which needs effective modelling of uncertainty.

The proposed Pythagorean Fuzzy CRITIC-MAUT framework is quite different from the
existing disease diagnosis models. The primary objective of an Al-based diagnosis system is to
maximize prediction accuracy, but most of the time, it is a black-box system, making its predictions
hard to explain. Probabilistic reasoning techniques rely on large amounts of statistical data and might
not work well if there is insufficient or incomplete clinical information. Many traditional fuzzy
decision-support models can represent uncertainty, but most of these models have subjective weight
on the criteria or lack an integrated mechanism to assign objective weight and rank based on utilities.
The proposed approach, however, integrates PFS to handle uncertainty, the CRITIC method to
objectively obtain the criterion weights, and the MAUT method to systematically rank the disease
alternatives. This integration offers a clear, objective, and dependable decision support tool for
disease diagnosis in a complex clinical scenario when uncertainty exists.

Disease diagnosis is a complex multi-criteria decision-making (MCDM) problem because
clinicians must simultaneously evaluate multiple diagnostic criteria, such as patient symptoms,
laboratory test results, medical history, imaging findings, and clinical observations. These criteria
often have different levels of importance and may contain uncertain or incomplete information.
Considering only a single criterion may lead to inaccurate diagnostic decisions. Therefore, an MCDM
framework provides a systematic approach to evaluate all relevant diagnostic criteria simultaneously
and supports more consistent and reliable clinical decision-making. A Fermatean fuzzy MCDM
method for selection and ranking Problems: Case studies [1] A fuzzy MCDM model for supplier
selection [2] MCDM methods and FS [3] An extension to fuzzy MCDM [4] Fuzzy MCDM based on
ideal and anti-ideal concepts [5] Evaluating sustainable fishing development strategies using fuzzy

MCDM approach [6].
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Diagnosing a disease, when the clinical data provided are not absolutely clear, is crucial, as
physicians are often required to diagnose a disease with poor medical evidence. Uncertainty can come
about due to the non-availability of patient records, overlaps between disease symptoms,
inconsistencies in laboratory test results, or limitations of medical imaging and diagnostic equipment.
Controlling this uncertainty can minimize diagnostic mistakes, enable the early diagnosis of diseases,
facilitate timely treatment, thereby enhancing therapeutic effectiveness, and ultimately benefit the
patients. The clinical analysis of uncertain data, the more reliable its use in diagnosis and efficient
decision support, is facilitated to an increasing degree by modern diagnostic systems, based on
artificial intelligence, machine learning, fuzzy logic, and probabilistic models, which enable more
accurate and consistent diagnoses from the clinician. These technologies are helpful to healthcare
providers in discovering patterns they wouldn't be able to observe using a traditional diagnosis.
Moreover, by mitigating uncertainty in clinical information, the quality of health services improves,
as well as long-term care and disease prevention for patients.

Under highly uncertain clinical data, decision making is an important part of disease
diagnosis: clinicians need to consider many sources of evidence and consider the likelihood of several
conditions in making their judgment, and to choose between the various diagnoses and treatment
options. Within sound decision-making processes, clinical experience is integrated with patient
history, diagnostic test results, and decision support in computing programs to minimize the
implications of uncertainty while minimizing the risk of misdiagnosis. Good decision-making not
only ensures patient safety and correct diagnosis but also reduces the use of health resources,
preventing unnecessary tests and treatments and therefore improving resource use. With increasing
complexity and diversity of healthcare data, solid frameworks are needed for making decisions to
provide consistent, evidence-based, and patient-centred health care. What's more, higher-tier decision
support tools can help prioritize high-risk cases and help to make more informed and timely clinical
decisions. This ultimately boosts the efficiency with which health care services are delivered and
enhances a patient's satisfaction and healthcare quality.

1.1. | Extension of Fuzzy Set

In classical set theory, information is represented in a binary fashion: an element is either a
member of a set or it is not. In the real world, however, many decision-making problems involve
uncertain, vague, or incomplete information that cannot be accurately represented by binary logic,
particularly in health care. This limitation was overcome by the introduction of FS theory by Zadeh
[7], which assigns a degree of membership to each element ranging from 0 to 1. Although FS
effectively represent uncertainty, they consider only the degree of membership and do not explicitly

model non-membership.
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To provide a better representation of uncertainty, Atanassov [8] introduced Intuitionistic FS
(IFS) by incorporating both membership and non-membership degrees, along with a hesitation
margin. Intuitionistic FS (IFS). The mathematical requirements of IFS make it very difficult to capture
situations of high uncertainty, however. The concept is extended to PFSs proposed by Yager [9],
which provide a more flexible relationship between membership and non-membership degrees,
yielding a larger decision space. PFS can thus be used more effectively than traditional fuzzy models
in expressing uncertainty, hesitation, and ambiguity. PFS: state of the art and future directions [10],
A framework for choosing an appropriate FS extension in modeling [11], and optimizing industrial
robot selection using novel trigonometric Pythagorean fuzzy normal aggregation operators [12].
Hamacher aggregation operators for Pythagorean fuzzy sets and their application in a multi-attribute
decision-making problem [13]. As shown in Table 1, PFS provides a larger feasible decision space
than FS and IFS because of the constraint 0 < &% + ¢ < 1. This allows better representation of
uncertainty and hesitation, making PFS more suitable for disease diagnosis under uncertain clinical

conditions. The comparison between FS, IFS, and PFS is provided in Table 1.

Table 1. Numerical Payoff structure for the Prisoner’s Dilemma between Assad and HTS

Characteristics FS IFS PFS
Mathematical 5 L 0<3+¢<1
. a 0<a+¢<1
Constraint
tai
Uncer amty' Limited Moderate High
Representation
Handling
Not ted ted Highl ted
Uncertainty ot supporte Supporte ighly supporte
lightly high
o Cannot represent . ) Slightly 1'g e
Main Limitations - Linear constraint computational
hesitation .
complexity
Disease’s diagnosis Low Moderate High

suitability

PFS, on the other hand, offers a good compromise between uncertainty representation,
mathematical simplicity, and computational efficiency. The quadratic constrains extends the decision
space of IFSs without increasing the computational burden of more recent uncertainty models.
Moreover, the application of PFS has been widely tested in healthcare and medical decision-making,
proving its capability of effectively modeling the uncertain clinical information and of facilitating

transparent and reliable decision-making. Hence, the uncertainty modelling framework for the
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proposed hybrid CRITIC MAUT approach is adopted as PFS. The comparison between Fermatean FS
(FFS), g-rung orthopair FS (q-ROEFS), and Spherical FS (SES) and PFS is given in Table 2.

Table 2. Shows the Basic Comparison of FFS, g-ROFS, SFS, and PFS

Model Strength Limitations Reason for not selecting
FFS High uncertainty Higher computational More complex than
representation complexity required for this study
O-ROFS Very flexible ‘Parameter selectio.n Reduced N
increases complexity understandability
SFS Handles multiple Complex aggregation Increased execution
uncertainty dimensions operators complexity

Good balance of
PFS flexibility, simplicity, and
computational efficiency

Moderate computational
cost P Choose for this study

1.2. | Novelty of the CRITIC MAUT Method

CRITIC MAUT is a hybrid MCDM method that is a combination of the benefits of the CRITIC
and MAUT methods. The most interesting feature is that it makes use of the data available and
determines the importance (weights) of each criterion and then ranks the alternatives in terms of their
overall utility values in accordance with their weights. The CRITIC method gives greater weights to
the criteria with more useful information and less similarity between criteria, and the MAUT method
incorporates the weights and the performance of each alternative to generate a final ranking. This
combination gives the decision-making process a more systematic, transparent, and reliable process,
taking into account the criteria importance and alternative performances. So, the CRITIC MAUT
method is a useful and efficient method for solving multi-criteria problems for comparing and
prioritizing alternatives. Moreover, the approach diminishes the impact of overstated criteria and
thus produces more significant evaluation results. It can also be used in other decision-making
situations in which a ranking of alternatives is needed that is objective and consistent. Moreover, it is
a straightforward technique and can efficiently work with a huge number of criteria and alternatives.
It provides a logical, easy-to-follow structure for comparing options based on their performance. This
means the CRITIC MAUT can be used to guide more accurate, reliable decision making in a variety
of practical applications.

1.3. | Problem Statement and Literature Review

Disease diagnosis is critical for optimal patient treatment, but physicians may be uncertain

due to overlapping symptoms and inconsistent laboratory findings. These difficulties can
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compromise diagnostic accuracy and affect clinical decisions. Hence, there is a greater need for
reliable decision-support tools that can handle uncertainty.

The CRITIC method has been identified as an objective weighting method that assigns
weights to criteria based on data variability and inter-criteria correlation, and the MAUT method is a
systematic, utility-based alternative ranking method.

While there have been some successful applications of Pythagorean fuzzy theory, CRITIC,
and MAUT individually or in combination, very little effort has been devoted to studying how these
three methods can be integrated into an integrated framework for diagnosing disease. Thus, a
comprehensive decision-support model that can manage the uncertainty in the clinical information,
provide a systematic ranking of disease alternatives, and effectively determine criterion weights is
needed.

To address this gap, a Pythagorean fuzzy CRITIC MAUT model is proposed in this study for
disease diagnosis. The proposed model offers a transparent, reliable, and systematic framework to
support decision-making in healthcare applications by integrating the uncertainty-handling features
of PFSs with the objective-weighting system of CRITIC and the ranking approach of MAUT.
Enhanced CRITIC-REGIME method for decision making based on Pythagorean fuzzy rough number
[14], A Hybrid LDA and Fuzzy CRITIC-MABAC Model for Smart City Ranking [15], and Internal
control risk assessment using interval valued spherical fuzzy CRITIC EDAS [16]. MAUT: Multi-
attribute utility theory method for multi-attribute decision-making [17] and A hierarchical elicitation
process based on the combination of different weighting methods within multi-attribute utility theory
in a group decision-making context [18]. Potential Pythagorean fuzzy soft set: A novel approach for
medical diagnosis techniques [19]. Pythagorean fuzzy soft RMS approach to decision making and
medical diagnosis [20]. A hybrid decision-making framework with Pythagorean fuzzy information
for childhood Cancer prognosis [21]. An approach to MCGDM based on multi-granulation
Pythagorean fuzzy rough set over two universes and its application to the medical decision problem
[22]. Improved composite relation for PFSs and its application to medical diagnosis [23] and the
prognosis of allergy-based diseases using Pythagorean fuzzy Hypersoft mapping structures, and
recommending medication [24]. Complex Pythagorean normal interval-valued fuzzy aggregation
operators for solving medical diagnosis problem [25]; Pythagorean fuzzy cognitive analysis for
medical care and treatment decisions [26] FS FS-based approaches for improved medical diagnosis:
An analysis and overview of major research directions [27].

1.4. | Objectives and Contribution

The aims of this study are:
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To build a hybrid Pythagorean Fuzzy CRITIC MAUT model for diagnosis of diseases in uncertain
clinical conditions.
* To assess the importance of the diagnostic criteria objectively, according to the CRITIC
weighing method.
* To model various types of clinical uncertainties by PFS.
* To use the MAUT approach to rank the disease alternatives according to their overall utility
values.
* To test the effectiveness and applicability of the proposed framework by conducting a disease

diagnosis case study.

1.5. | Scientific Contribution

The results of the study are presented here with methodological, theoretical, and practical
implications for disease diagnosis in a context of uncertainty.
Methodological contribution: The proposed novel hybrid Pythagorean Fuzzy CRITIC MAUT
framework is a combination of an uncertainty model, objective criteria weighting, and ranking based
on a utility model into a single disease diagnosis model.
Theoretical contribution: The study not only makes a theoretical contribution to the adoption of PFS
over the conventional FS but also shows that it can model clinical uncertainty better than the
conventional fuzzy methods in a hybrid MCDM framework.
Practical contribution: The suggested framework provides a clear, objective, and trustworthy
decision-support system for disease diagnosis to help to enhance the quality and uniformity of clinical
decision-making in the uncertain context.

1.6. | Layout

The rest of this paper is organized as follows: In Section 2, the basic definitions and the score
function are discussed, which are required for the proposed decision-making frameworks. In Section
3, the Pythagorean fuzzy CRITIC MAUT methodology is presented in detail, which includes the
calculation of the objective criterion weights using the CRITIC method and the ranking of the disease
alternatives using the MAUT method. A case study of disease diagnosis is presented in Section 4. In
Section 5, the proposed model is numerically evaluated by calculating criterion weights, utility
values, integrated utility values, and the final ranking of the disease alternatives. In Section 6, the
proposed framework is qualitatively compared with other fuzzy frameworks. Lastly, Section 7

presents the solid conclusion. The pictorial format of the layout is given in Figure 1.
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Section 2
Define the basic definitions

\Z

section 3
Discuss the Pythagorean fuzzy CRITIC MAUT methodology

N7

Section 4
Present disease diagnosis Case Study

N7

Section 5
Provide the Numerical Evaluation

N7

Section 6
Gives the Qualitative Comparative Analysis

N7

Section 7
Provide Conclusion

Figure 1. Shows the Structure of the Proposed Theory

2.| PRELIMINARIES

In this section, some basic definitions of fuzzy set (FS), IFS, and PFS along with their score

functions are presented.
Definition 1: [7]: Let G be a fixed set. Then, an FS is defined as:
G = {E@)le € &) (1)

Where a (o) € [0,1] represents the membership degree.

Definition 2: [8]: Let G be a fixed set. Then, an IFS is defined as:
G = {(3(0), @] o € &) @

Where 4 (o) € [0,1] represents the membership degree and ¢(@) € [0,1] represents the non-
membership degree, and satisfy the conditions 0 < d(¢) + ¢(¢) = 1. For ease, (4 (9), ¢ (9)) is
identified as an intuitionistic fuzzy value (IFVS).

Definition 3: [9] Let G be a fixed set. Then, a PFS is explained as:
G = {E(0).é(@)) o € G} (3)

Where a(o) € [0,1] represents the membership degree and ¢(o) € [0,1] represents the non-
membership degree, and satisfy the conditions 0 < 4(g)? + ¢(g)? = 1. Where the hesitancy degree
is Y(#) = V1 — a2 — ¢2. For ease, ((4 (9), ¢()) is identified as PF values (PFVs).

Membership degree in the context of clinical diagnosis is the extent of the evidence available
to support a particular disease, while non-membership degree is the extent of evidence that

contradicts a clinical diagnosis. The hesitation degree is due to insufficient patient information,
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uncertain laboratory test results, unclear information from medical imaging, or conflicting health care
viewpoints. The PFS can be used to model supporting evidence, opposing evidence, and diagnostic
uncertainty together, which can be used to model more realistically the uncertainty in the healthcare
environment and thus improve the reliability of the clinical diagnosis, providing a more flexible and
realistic framework for modeling clinical decision-making in the uncertain healthcare environment.
Definition 4:[28] The score function for PFS is illustrated
As:

i(0) = d(9)* — ¢(0)? )

3.1 PROPOSED GAME-THEORETIC MODEL FOR CONFLICT ANALYSIS
3.1. | Calculation of Criteria Importance Weights by the CRITIC Method
In this study, the objective weights of the diagnostic criteria are obtained using the CRITIC
method. The CRITIC method differs from subjective weighting methods, which calculate criterion
weights based on the opinions of decision-makers. The CRITIC method was chosen because it is
capable of obtaining the weights of the criteria without any prior personal judgements and takes into
account two important aspects of the data, namely its information variability and the inter-criteria
correlation. The standard deviation measures the information variability, that is, the discriminating
power of each criterion, and the correlation coefficient measures the degree of redundancy between
criteria. If a criterion shows high variation and low correlation with the other criteria, it brings more
unique information and thus receives a higher weight. The CRITIC method considers both
information amounts and uniqueness at the same time, while several other objective weighting
methods only consider the dispersion of data, thus yielding more reliable and objective criterion
weights.
Step 1: Develop a decision matrix Z = [r;; ], where i = 1,2,...mand j = 1,2, ...n the respective

alternatives and criteria.

I11 I12 Tin 5)
I21 I22 V)
Z=[y] =7 i~ -
'mi TI'mz- Imm
Step 2: Find the score value.
{(2) = a(p)* — ¢(0)* (6)

Step 3: The standard deviation of each criterion is determined as:

@)

Step 4: It is then established which criteria correlate with each other.
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The correlation coefficient §;, between two criteria j and k is obtained using the score matrix.

_ 2y — 1) e — 7o) j=1,2,..,m ®)
J = )2 — 1

jk

Where,
1 Z“: ~ 12": )
G—n. rij:rk—n. Tik
i=1 i=1

Symbolize the means of the criteria j and k, respectively.
Step 5: To determine the amount of information, the standard deviation, and the correlation

coefficient.

n

vj = "j-z(l —Qjx)

k=1 (10)
Step 6: We calculate the objective weight.

y a1
Z}l:l Yy

Wj =

3.2. | Ranking by MAUT Method

MAUT technique ranks alternatives based on their utility values to assess options in situations
where several criteria have to be taken into consideration concurrently. In MAUT, the performance
of both alternatives is used to calculate a utility score by considering the decision-maker's preferences
and the weights assigned to the criteria. This change makes it easier to compare and analyze
alternatives, especially when the decision problem has many conflicting criteria. MAUT is used as it
offers a structured method to translate the performance of the alternatives against each of the criteria
into comparable utility values. The utility aggregation mechanism aggregates the utility values of all
the criteria to get an overall utility value for each alternative, using the objective CRITIC weights. This
allows for ranking disease alternatives transparently and consistently. The proposed framework is
based on the assumption that both the evaluation criteria are independent and that the overall utility
of an alternative is simply the weighted sum of its individual criterion utilities. These assumptions
are usually used in MAUT and are the basis for multi-criteria decision making.

Step 1: The decision problem can be identified and defined first, including all relevant criteria

and alternatives.

Step 2: Once the criteria are defined, a weighting process is conducted to establish the relative

importance of each criterion. In the research, the objective weights of the criteria are computed

using the CRITIC method.

Step 3: They are known as the performance values of all alternatives in relation to each

criterion which are presented in the decision matrix.
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11 T2 Tin (13)

Z= [lfij]mxn = 1:?1 1:22 1_‘2:n

I'mi TIm2- Tnm
r;; Present the act value of the ith alternative on the jth criterion.
Step 4: The Utility of every criterion is determined. When the criterion is fully met, the highest
level is set to 1. The lowest value will be 0. On the other hand, the normalization process yields
the following intermediate values: beneficial and non-beneficial criteria. The following

equations are performed respectively, equations (14) and (15):

r;j — min(r;;) (14)

max(l_"ij) - min(l_"ij)

§(riy) =

max(r;j) — Lij (15)

max(l_“ij) - min(l_"ij)

§(riy) =

Here, ¢; (r; j) denotes the normalized utility value of the alternative i under criterion j.
Step 5: After evaluating the utility of each criterion, the aggregate utility of each alternative is
determined.

(16)

o) = Z d;r;(ri)
=1

o (N;) is the total utility of the alternatives i; d; indicates the weights of the criterion j. The decision-

makers will consider the option with the highest integrated utility value.

Ll i .desmlon Find the score value Normalization i th? se.mdard
matrix daviation
Estab11§h Determine the .
correlation amount of Determine the Normalization
coefficient of pairs . . CRITIC weight
. information
| criteria
The addition of ]
multiplication is a Ranking the
result of )
alternatives

normalization result
with criteria weight

Figure 2. Stepwise Implementation Process of the Proposed Pythagorean Fuzzy CRITIC MAUT
Methodology
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3.3. | Mathematical Assumptions of PFS

The proposed CRITIC-MAUT framework is based on PES, where evaluations are made by
assigning membership and non-membership degrees that will satisfy the mathematical condition
that 0 < a% + ¢ < 1. The hesitation degree is implicitly derived from these values and reflects the
uncertainty that remains in connection with each evaluation. These assumptions enable PFS to
effectively model uncertainty while maintaining computational efficiency and simplicity in MCDM.
More recent fuzzy models, such as Fermatean fuzzy sets (FFS), spherical fuzzy sets (SFS), and g-rung
orthopair fuzzy sets (q-ROFS), are more appropriate for applications that are characterized by highly
complex uncertainty, conflicting judgments, and/or greater flexibility in the representation of
membership and non-membership information than the decision context investigated in this study.

4.1 CASE STUDY

A numerical case study is performed to show the application of the proposed Pythagorean
Fuzzy CRITIC-MAUT framework in the diagnosis of disease in an uncertain clinical condition. Four
disease alternatives, namely influenza, Pneumonia, COVID-19, and common cold, are assessed for
each of the four diagnostic criteria: Fever severity, cough intensity, shortness of breath, fatigue level,
headache severity, Consistency of laboratory tests, resource requirement, and diagnostic uncertainty.
Clinicians frequently have limited and/or unclear, or inaccurate information, which makes diagnosis
difficult. To overcome this problem, the proposed framework utilizes PFSs for the representation of
uncertainty, the CRITIC method for the determination of objective criterion weights, and the MAUT
method for the assessment and ranking of the disease alternatives based on their overall utility values.

Alternatives to the disease are presented in Table 1, and diagnostic criteria in Table 3.

Table 3. Clinical Descriptions of Disease Alternatives Included in the Case Study

Alternative Alternative Description
Code Name p

A common viral infection that affects the respiratory system and
el Influenza ) .

causes fever, cough, fatigue, headache, and muscle pain

i A lung infection that causes inflammation of air sacs and is often

G, Pneumonia . . . .

associated with cough, fever, and breathing difficulties.

A contagious viral disease that affects the respiratory system and
C3 COVID-19 may present symptoms ranging from fever to severe respiratory

distress

A mild viral infection of the tract usually characterized by cough,
G, Common cold

sore throat, headache, and nasal congestion.
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Table 4. The Criteria Used as a Reference in the Diagnosis of Disease

Clétzgleon Criterion Name Description
% Fever severity =~ Measures how bad the fever is. How long does it last?
Xy Cough intensity Look at how the patient coughs.
X Shortness of Checks if the patient has trouble breathing and is not
° breath getting enough oxygen.
R4 Fatigue level Measures how tired the patient is.

5.| NUMERICAL EVALUATION

In this section, a numerical evaluation of the suggested Pythagorean fuzzy CRITIC MAUT
decision framework is presented by using hypothetical disease data. The uncertainty and imprecision
of clinical information are represented by four diagnostic criteria, which are assessed using
Pythagorean fuzzy numbers (PFNs) to evaluate four disease alternatives. The Pythagorean fuzzy
decision matrix is first constructed, and scores are calculated using this score function. The scores
obtained are then standardized so they can be compared on the same basis across criteria. Later, the
CRITIC method is used to compute the objective criterion weights of the data using its normalized
values, considering the variation and correlation among the data. These weights are then used in the
MAUT method to calculate the rank of each disease alternative and to get the overall ranking. The
numerical evaluation demonstrates the development of the proposed framework and its effectiveness
in supporting clinical disease diagnosis systematically and transparently in the presence of
uncertainty. In order to demonstrate the computational procedure of the proposed Pythagorean fuzzy
CRITIC MAUT framework, a hypothetical data set was used in this study since the main purpose of
this study is to validate the proposed framework. The data set was compiled to represent the clinical
characteristics of the common clinical cases of Influenza, Pneumonia, COVID-19, and Common Cold,
chosen due to the similar symptoms and the complexity of diagnosis. To simulate uncertainty in
clinical assessment, Pythagorean fuzzy numbers were assigned. So, this case study offers
methodological evidence for the proposed framework, and further studies will compare its
performance to the real clinical data and known diagnostic standards.

5.1. | CRITIC Method

The CRITIC method is used to establish the objective importance of the diagnostic criteria
based on information in the decision matrix. At first, the Pythagorean fuzzy decision matrix will be
transformed into score values by the corresponding score function. The scores obtained are then
normalized to remove differences in the level of measurement of the criteria and make them

comparable. Then the standard deviation of each criterion is calculated to indicate the dispersion of
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the data, and the correlations between the criteria are computed to assess their relationships. The
information content of each criterion is then calculated, and the objective criterion weights are
calculated by normalization. The weights obtained are indicative of the relative importance of the
diagnostic criteria, which are then used as input for the next MAUT evaluation.

Step 1: Hypothetical membership and non-membership values were determined according
to the common clinical characteristics of the selected diseases reported in the literature, and the
Pythagorean fuzzy decision matrix was developed. The severity and uncertainty of each diagnostic
criterion were represented with fuzzy values that meet the conditions of PFS. For methodological
validation of the proposed method, these values are used, and not real patient data. The decision

matrix is given in Table 5.

Table 5. Initial Pythagorean Fuzzy Decision Matrix for Disease Diagnosis

A A2 A3 A4
o (0.50,0.20) (0.35,0.55) (0.57,0.40) (0.33,0.20)
o (0.78,0.40) (0.35,0.50) (0.55,0.25) (0.50,0.30)
s (0.45,0.30) (0.10,0.30) (0.45,0.15) (0.70,0.20)
Ty (0.20,0.10) (0.10,0.60) (0.27,0.16) (0.60,0.30)

Step 2: In this step, we used definition 2 to find the scores of the alternatives provided in Table 6.

Table 6. The Scores Obtained from the Pythagorean Duzzy Decision Matrix

S 12 A3 Ay
G 0.1170 —0.1235 0.1212 0.0279
Gy 0.4106 —0.0821 0.1508 0.0980
G3 0.0641 —0.0260 0.0878 0.3350
Gy 0.0070 —0.2150 0.0156 0.1890

Step 3. We find the normalized value as shown in Table 7.

Table 7. Normalized Decision Matrix

8 %y A3 s
G1 0.2726 0.5159 0.7813 0.0000
Gy 1.0000 0.2970 1.0000 0.2282
G3 0.1416 0.0000 0.5339 1.0000

Gy 0.0000 1.0000 0.0000 0.5245
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Step 4. The standard deviation is calculated and is presented in Table 8

Table 8. Presentation of the Standard Deviation

0.3855 0.3649 0.3726 0.3739

Step 5. At this point, the correlation is computed, and the results are provided in Table 9.

Table 9. Correlation Coefficient Among Diagnostic Criteria

A %y %s A
N 1.0000 ~0.3613 0.8180 —0.4335
S, —0.3613 1.0000 —0.6421 —0.3702
o3 0.8180 —0.6421 1.0000 —0.4529
Oy —0.4335 —0.3702 —0.4529 1.0000

Step 6. We identify the number of pieces of information that will be between the standard

deviation and the correlation coefficient. These findings are presented in Table 10.

Table 10. Information Content of Diagnostic Criteria Computed Using the CRITIC Method.

Quantity of Information

0.5347 0.5935 0.4051 0.6519

Step 7. The objective weight is obtained, and it is presented in Table 11.

Table 11. Objective Weights of Diagnostic Criteria Obtained Using the CRITIC Method.

CRITIC Weight

0.2447 0.2716 0.1854 0.2983

5.2. | MAUT Method

Once the objective criterion weights are obtained using the CRITIC method, the MAUT
method is used to rank the disease alternatives. The weights of each criterion are involved in
calculating the utility value of each criterion for each disease alternative. The CRITIC weights are
used in the calculation of the utility value of each criterion for each disease alternative. These
weighted utility values are then combined to get the overall utility score of each alternative. Lastly,

the disease alternatives are ranked by their integrated utility values, with the highest value indicating
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the most suitable diagnosis. This evaluation shows that the proposed Pythagorean Fuzzy CRITIC

MAUT approach applies to disease diagnosis in an uncertain clinical setting and is systematic and

transparent.

Step 8: Initially, the utility of each criterion is evaluated. The normalization procedure is

applied to intermediate values. The findings are given in Table 12.

Table 12. Utility Values of Disease Alternatives Computed Using the MAUT Approach

X %y A3 A
N 0.2726 0.5159 0.7813 0.0000
Sy 1.0000 0.2970 1.0000 0.5245
o 0.1416 1.0000 0.0000 1.0000
(o 0.0000 0.0000 0.0000 0.5245

Step 9: The integrated utility of each choice is calculated by using the utility function of every

criterion. The weights of the criteria obtained by the CRITIC approach are used in these calculations.

Lastly, Table 13 presents the integrated utility of each alternative.

Table 13. Integrated Utility Scores and Final Ranking of Disease Alternatives

7\1 XZ K3 14_ Total Utility
G4 0.0667 0.1262 0.1912 0.0000 0.3841
G, 0.2716 0.0807 0.2716 0.1425 0.7664
C3 0.0262 0.1854 0.0000 0.1854 0.3970
Cy4 0.0000 0.0000 0.0000 0.1565 0.1565
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Figure 3. Disease Alternatives Ranking Using the Proposed Pythagorean Fuzzy CRITIC MAUT
Framework. The Horizontal Axis Shows the Range of Alternatives, and the Vertical Axis Shows the
Range of Score Values.
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5.3. | Results Discussion

As shown in Table 11, the objective weight (%;) that was highest was the weight for fatigue
level (Z,), followed by cough intensity(%,), fever severity (), and shortness of breath (A3). A higher
weight in the CRITIC method means that a criterion will give more useful and distinctive information
to distinguish the disease alternatives. The high weight given to fatigue level indicates that this
symptom is very different in the different diseases evaluated and may offer the most unique
information in the diagnostic process. Conversely, shortness of breath had the lowest weight,
meaning that it is less discriminatory for differentiating the diseases that were included in this study.
The weights obtained are further analyzed in the correlation analysis given in Table 9. There was a
strong positive correlation between the severity of fever (X;) and the development of shortness of
breath (%3) suggesting that these two parameters can give similar information for diagnosis. The
CRITIC method gives reduced weight to redundant information, and therefore the shortness of breath
(A3) was weighed lower. By contrast, the fatigue level (Z,) correlations with other criteria were
relatively low, indicating that it provides relatively independent and discriminative information.
Consequently, the objective weight for fatigue was the highest, and it was the most important factor
in the final disease ranking.

Pneumonia (G,) was the most preferred disease choice and the disease with the highest total
utility score emerged in the MAUT evaluation. This finding suggests that pneumonia meets more
weighted diagnostic criteria with a higher level of weight, specifically the highly weighted criteria of
fatigue level and cough intensity. The overall diagnostic performance of the rest of the diseases was
comparable, with COVID-19 (G3) taking second place with a utility score, followed closely by
Influenza (G;). Common cold (G,) obtained the lowest utility score; hence, the performance of
common cold, in terms of the weighted clinical criteria, was not as good as the other evaluated
alternatives, and therefore common cold was the least preferred diagnosis.

The results of this study indicate that the proposed Pythagorean Fuzzy CRITIC-MAUT is
effective in identifying the most informative diagnostic criteria and in ranking the disease alternatives
objectively with respect to their overall utility values. Objective criterion weighting combined with
Pythagorean fuzzy uncertainty modelling helps to make a clinical decision that is transparent,
consistent, and reliable in the case of diagnostic uncertainty.

6. QUALITATIVE COMPARISON ANALYSIS

The qualitative comparison of the proposed Pythagorean fuzzy CRITIC MAUT approach for
disease diagnosis in uncertain clinical information. FS, IFS, and PFS can deal with uncertainty in
medical diagnosis, but they do not have an integrated mechanism to determine the importance of the

diagnostic criteria and systematically rank the alternatives of diseases objectively. The proposed
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framework can resolve these drawbacks, using a PFS to represent uncertainty, a CRITIC methodology
to weight the objective criteria, and a MAUT methodology to rank the approaches. The integration
allows for the handling of uncertainty and hesitation in clinical evaluations. Moreover, the proposed
approach helps to more reliably and transparently assess the competing disease alternatives by taking
into account the interrelationships and variability between the diagnostic criteria. The resulting utility
ranking helps health care providers select the most appropriate alternative disease diagnosis, based
on the overall performance of each alternative for several clinical criteria. The proposed Pythagorean
Fuzzy CRITIC MAUT framework is, therefore, superior to the existing fuzzy approaches in terms of
giving a more comprehensive and effective decision support framework for disease diagnosis in
uncertain clinical environments. The qualitative comparison analysis of the proposed approach with

the existing framework is given in Table 14.

Table 14. Qualitative Comparison of the Proposed Framework with Existing Fuzzy Decision-

Making Approaches
Proposed PFS
Features FS IFS PES
CRITIC MAUT

Handles uncertain clinical data v v v v
Represents hesitation X Vv N4 N
Larger uncertainty representation space X X v v
Supports objective criterion weighting X X X v
Considers inter-criteria correlation X X X v
Reduces subjective bias X X X v
Supports utility-based ranking X v v v
Supports multi-criteria evaluation v v v v
Provides a transparent decision process v v v v
Ensures consistent evaluation v v v v
Suitable for an uncertain medical

diagnosis v v v v
Applicable to disease diagnosis v v v v

7.1 SENSITIVITY ANALYSIS
To test the strength and stability of the proposed decision-making process, four different
weighting cases (S;to S,) were considered, in addition to the equal-weight case. The results show that
C, always secured the best performance value in all the scenarios regardless of the changes in the
weights of the criterion. The performance value of C3 was generally the second best, but it depended
on the weights allocated. In all scenarios, C; consistently had the third highest position, and C,had

the lowest performance values in the analysis. Only under the scenario S, did the ranking of the
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alternatives change slightly, with the change being that €, and C3; swapped positions, and C,
remained the best alternative, while €, remained the worst. This minor change is in line with the
strength, stability, and reliability of the suggested decision-making model in the two weightings.
Moreover, the small number of criterion changes needed to obtain the various ranking results
indicates the insensitivity of the proposed approach to criterion changes. This robustness suggests
that the model can consistently and reliably deliver the decision results that decision makers would
like even if they give different weights to their preferences. Thus, through the sensitivity analysis, the
reliability of the proposed model for multi-criteria decision making in practice is confirmed. The
results of the detailed sensitivity analysis are summarized in Table 15, and the graphical comparison

of the performance values is shown in Figure 4.

Table 15. Sensitivity Analysis Ranking Results with Different Weight Scenarios

Scenarios Ranking results Best alternative
Original weight C,>C3>C>C, C,
S C; >C3>C;>C, C,
S C; >C3>C;>0C, C,
S1 C, >C3>C,>C, C,
S C; >C3>C;>C, C,
Equal weight C,>C3>C>C, C,
Sensitivity Analysis
1
0.9
08 [
0.7
0.6 . C_l
0.5 mC-2
0.4 we3
0.3
0.2 .
0.1
0
Orignal S-1 S-2 S-3 s-4 Equal
weight

Figure 4. Shows the Impact of Weight Change on Ranking. The Horizontal Axis Shows the Different
Weight Scenarios (S; — S,) and the vertical axis shows the Range of Score Values. The alternative is
Represented by (C; — C,).
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8.1 CONCLUSION

A new Pythagorean Fuzzy CRITIC MAUT decision-making model was proposed for the
diagnosis of diseases with incomplete medical information. The framework was successfully
developed to combine the PFS, CRITIC method, and MAUT method to effectively deal with
uncertainty, identify objective criteria weights, and rank the disease alternatives. The proposed model
can reduce subjectivity, that is, from the position of minimizing subjective bias, to give a systematic
and reliable decision-support mechanism that enhances diagnostic accuracy. The case study showed
that the framework can effectively identify the most probable disease even when multiple symptoms
are present and when the situation is uncertain. The results show that the framework proposed in this
study provides more flexibility, objectivity, and reliability than the traditional decision-making
process. Thus, it may be a helpful instrument to assist medical practitioners in disease diagnosis. This
paper can be extended by implementing more sophisticated fuzzy techniques or incorporating clinical
and real-world datasets, which could further improve diagnostic performance.

8.1. | Limitations and Future Directions

This study proposes a disease diagnosis decision model based on Pythagorean fuzzy CRITIC
MAUT for uncertain clinical data. The proposed framework is capable of performing well with
respect to uncertainty management and objectively ranking disease alternatives, but it has some
drawbacks.

First of all, the numerical evaluation is not conducted on a real clinical case, but on a
hypothetical case study. Hence, the proposed framework should be tested on real patient records
from hospitals or other healthcare institutions to assess its effectiveness in practice. Second, there is a
limited number of disease alternatives and diagnostic criteria that are taken into consideration. The
number of diseases, symptoms, laboratory test results, and individual patient factors involved in
diagnosis is greater in "real" clinical settings and may make the diagnostic process more complex.
Third, the proposed model assumes that the diagnostic criteria are independent, but interactions
between medical attributes could affect the final diagnosis.

In the future, we will extend our work with different fuzzy frameworks, like Generalized g-
ROFS [29]. Similarity measures based on T-spherical fuzzy information with applications to pattern
recognition and decision making [30] and A novel decision-making algorithm enhancing career

planning and employment guidance on the circular T-spherical fuzzy CRITIC WASPAS method [31].
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