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Abstract. The study introduces a hybrid weighted similarity measure 
(HWSM) for the analysis of symptoms and diseases in patients using a 
neutrosophic set (NS). NS proves valuable for modeling uncertainty by 
accommodating contradictory and ambiguous information. The 
development of a similarity measure for NS information is crucial in various 
applications, particularly in medical diagnostics, to quantify similarity 
between sets. While existing literature provides various similarity measures 
for NS, only a limited number incorporates hybrid techniques. This study 
proposes a hybrid similarity measure that combines existing measures and 
integrates them with an entropy weight measure. To elaborate, distance- 
based similarity measures for NS are initially considered. Subsequently, an 
entropy weight measure is employed to calculate the attributes' weight of the 
attributes. The work includes formulating the properties of the proposed 
HWSM and its practical application in medical diagnosis, focusing on 
assessing the possibility of medical diagnoses in a patient. The study 
examines five symptoms which are fever, headache, stomach pain, cough, 
and chest pain. The HWSM is applied to analyze these symptoms across five 
different diseases, resulting in consistent and reliable outcomes. This 
research contributes to the ongoing enhancement of diagnostic tools for 
medical practitioners, addressing challenges associated with uncertainty in 
patient information. 

1 Introduction 
In 1965, Zadeh introduced the notion of a fuzzy set [1], extending the idea of a crisp set to 
effectively handle fuzziness distinct from randomness in probability. Following this, various 
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extensions to the fuzzy set emerged, including intuitionistic fuzzy set [2], fuzzy multiset [3], 
hesitant fuzzy sets [4], fuzzy soft set [5], and fuzzy rough set [6]. These extensions have 
found applications in diverse areas, including multi-criteria decision-making (MCDM), as 
demonstrated in [7]. 

In 2005, Smarandache [8] introduced the neutrosophic set (NS) as a conceptual tool 
designed to address challenges involving uncertain, indeterminate, and contradictory 
information. The NS contains truth membership value, indeterminacy membership value, and 
falsity membership value. This concept holds significance across various applications, 
particularly due to its unique evaluation of indeterminacy and the independence of truth 
membership, indeterminacy membership, and falsity values. Then, [9] presented a specific 
instance of the neutrosophic set called a single value neutrosophic set (SVNS), which serves 
as a generalization of the classic set, fuzzy set, interval-valued fuzzy set, intuitionistic fuzzy 
set, and inconsistent set. The SVNS holds significant relevance in modeling theory, making 
it applicable in practical scientific and technical scenarios. Many applications of NS and its 
extensions are discussed in the literature, some of them are [10-14]. 

In the realm of multiple criteria decision-making, the application of NS similarity 
measures proves valuable for perceiving similarities between criteria [11-14]. As highlighted 
in [15], similarity measures play a vital role in a variety of applications across diverse fields 
of decision-making, including pattern recognition, image thresholding, and multicriteria 
decision-making. A hybrid similarity measure is a metric that combines two or more 
similarity measures to produce a unified similarity value. In the domain of NSs, a generalized 
hybrid similarity measure covers various sides of uncertainty, indeterminacy, and vagueness 
intrinsic to a neutrosophic set. It integrates these components to yield a unified similarity 
value. Researchers, including [16] and [17], have explored novel hybrid distance-based 
similarity measures. [16] introduced a hybrid binary logarithm similarity measure explicitly 
crafted to handle indeterminacy in decision-making scenarios. Simultaneously, [17] 
presented an inventive hybrid distance-based similarity measure tailored for refined rough 
neutrosophic sets, demonstrating its application in medical diagnosis for specific diseases. 

In contemporary research, there is an increasing recognition of the importance of 
combining entropy with similarity measures to tackle real-world challenges. Prior 
investigations [18, 19] have presented entropy concepts integrated with distance-based 
similarity measures for SVNS and interval-valued neutrosophic sets (IVNS), respectively. 
Nevertheless, certain entropy measures for SVNS are deemed overly intricate and lack 
intuitive appeal. To overcome this drawback, [20-21] explored applications in multi-attribute 
decision-making using SVNS similarity and entropy measures. [20] introduced axiomatic 
definitions of similarity and entropy for single-valued neutrosophic values (SVNV) based on 
an innovative inclusion relation between SVNV. 

In the field of medical diagnosis, the rising volume of information obtained from modern 
medical equipment often needs to deal with incomplete, uncertain, imprecise, and 
inconsistent data, which is a critical aspect in addressing medical diagnosis challenges [22]. 
Symptoms, vital indicators in medical diagnosis, typically incorporate incomplete, 
ambiguous, and inconsistent information related to a disease. [23] highlighted that in medical 
diagnosis issues, symptoms and data examination of diseases may vary over different time 
intervals, raising the question of whether relying on a single inspection period is sufficient to 
determine a specific patient's condition. In some instances, individuals undergoing treatment 
may exhibit symptoms of various illnesses [24-26]. Researchers, such as those mentioned in 
[26], have applied the theory of SVNS and the theory of rough neutrosophic sets to enhance 
medical diagnosis. These theories contribute to a more precise and realistic assessment of a 
patient's condition, recognizing the dynamic nature of symptoms and data in medical 
scenarios. 

This study aims to accomplish dual objectives. Firstly, advancing the development of a 
HWSM for SVNS, extended from [24]. Secondly, the goal is to apply the HWSM to real-
world issues, enhancing the precision of similarity computations by integrating several 
established similarity measures. Given the key role of similarity and entropy measures in 
evaluating the relationships and uncertainties within an NS, the scientific community has 
made substantial contributions to this field. Motivation from the advantages of entropy 
measures in various neutrosophic set extensions, our paper incorporates an entropy measure 
from [21], into four hybrid similarity measures for SVNSs. The proposed methodology to 
integrate a hybrid approach into the distance-based similarity measure from Mustapha et al 
[24] with four other distance-based similarity measures from Euclidean distance, Hamming 
distance, Hausdorff distance [12] and Ren et al [14]. To underscore the practicality and 
efficacy of this approach, we employ it to address a medical problem in the conclusive phase 
of our study. 

This generalized HWSM will find practical application in solving medical diagnosis 
problems. The subsequent sections of the paper are organized as follows. Section 2 provides 
preliminary definitions for key terms, while section 3 introduces new definitions for the 
HWSM. Section 4 delves into an empirical example illustrating the application of the 
measures in medical diagnosis. Finally, Section 5 concludes the present study. 

2 Preliminaries 
This section consists of some basic definitions that will be helpful in the rest of the article. 

 
Definition 1[1] (Neutrosophic set (NS)): 
Let a set of points or objects, represented by 𝑋𝑋, where each distinct element 𝑥𝑥 belongs to 𝑋𝑋. 
In this framework, the 𝑁𝑁𝑁𝑁 𝐴𝐴 can be conceptualized as an entity assuming a particular form 
 

𝐴𝐴 = [(𝑥𝑥, 𝑇𝑇𝐴𝐴(𝑥𝑥), 𝐼𝐼𝐴𝐴(𝑥𝑥), 𝐹𝐹𝐴𝐴(𝑥𝑥)) ∶ 𝑥𝑥 ∈ 𝑋𝑋], 
 

where the functions 𝑇𝑇, 𝐼𝐼, 𝐹𝐹 ∶ 𝑋𝑋 → ] 0⬚
− , 1+[ express the truth-membership function, an 

indeterminacy membership function, and a falsity-membership function for the given 
element 𝑥𝑥∈𝑋𝑋, defining each function respectively to the set 𝐴𝐴 with the condition :   

0⬚
− ≤ 𝑇𝑇𝐴𝐴(𝑥𝑥) + 𝐼𝐼𝐴𝐴(𝑥𝑥) + 𝐹𝐹𝐴𝐴(𝑥𝑥) ≤ 3+. 

 
The function 𝑇𝑇𝐴𝐴(𝑥𝑥), 𝐼𝐼𝐴𝐴(𝑥𝑥) and 𝐹𝐹𝐴𝐴(𝑥𝑥)  are real standard or nonstandard subsets of ] 0⬚

− , 1+[. Since 
it is difficult to apply the neutrosophic set setting to practical problems.  
 
Definition 2[9] (Single value neutrosophic set(SVNS)): 
Imagine a set of points (objects) designated as 𝑋𝑋, with a generic element represented by x. 
An SVNS A in X is characterized by three membership functions: a truth membership 
function, 𝑇𝑇𝐴𝐴(𝑥𝑥), an indeterminacy membership function, 𝐼𝐼𝐴𝐴(𝑥𝑥) and a falsity membership 
function, 𝐹𝐹𝐴𝐴(𝑥𝑥). These functions, 𝑇𝑇𝐴𝐴(𝑥𝑥), 𝐼𝐼𝐴𝐴(𝑥𝑥), 𝐹𝐹𝐴𝐴(𝑥𝑥), are real subsets of the interval [0,1]. 

 
𝐴𝐴 = {〈𝑥𝑥, 𝑇𝑇𝐴𝐴(𝑥𝑥), 𝐼𝐼𝐴𝐴(𝑥𝑥), 𝐹𝐹𝐴𝐴(𝑥𝑥)〉|𝑥𝑥 ∈ 𝑋𝑋} 

 
Definition 3[21] (Entropy weight measurement): 
Let 𝐴𝐴 = {〈𝑥𝑥, 𝑇𝑇𝐴𝐴(𝑥𝑥), 𝐼𝐼𝐴𝐴(𝑥𝑥), 𝐹𝐹𝐴𝐴(𝑥𝑥)〉|𝑥𝑥 ∈ 𝑋𝑋} be a SVNS set on X. Then, the entropy for SVNS, 
𝐸𝐸𝑛𝑛 defined as follows 
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where the functions 𝑇𝑇, 𝐼𝐼, 𝐹𝐹 ∶ 𝑋𝑋 → ] 0⬚
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indeterminacy membership function, and a falsity-membership function for the given 
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𝐸𝐸𝑛𝑛 = min(𝑇𝑇𝐴𝐴(𝑥𝑥),𝐹𝐹𝐴𝐴(𝑥𝑥)),𝐼𝐼𝐴𝐴(𝑥𝑥),𝐼𝐼𝐴𝐴
𝑐𝑐 (𝑥𝑥))

(𝑇𝑇𝐴𝐴(𝑥𝑥)+𝐹𝐹𝐴𝐴(𝑥𝑥))(|𝐼𝐼𝐴𝐴(𝑥𝑥)−𝐼𝐼𝐴𝐴
𝑐𝑐 (𝑥𝑥)|+2),                             (1) 

 
where 𝐼𝐼𝐴𝐴

𝑐𝑐(𝑥𝑥) = (1 − 𝐼𝐼𝐴𝐴(𝑥𝑥)). It is also noticed that 𝐸𝐸𝑛𝑛 ∈ [0,1] and the entropy weight of the 
jth attribute 𝑤𝑤𝑗𝑗 is stated as follows: 

𝑤𝑤𝑗𝑗 = 1−𝐸𝐸𝑛𝑛
∑ 1𝑛𝑛

𝑗𝑗=1 −𝐸𝐸𝑛𝑛
.                                     (2)

   
The entropy weight of the distance-based similarity measures is shown in Section 3. 

3 Several weighted distance-based similarity measures for SVNS 

3.1 Existing distance-based similarity measures of SVNS with entropy weight 

Several distance measures integrated with the weight operator in equation (2) have been 
chosen in this study to apply for two SNVS A and B with 𝑿𝑿 = {𝒙𝒙𝟏𝟏, 𝒙𝒙𝟐𝟐 ,𝒙𝒙𝟑𝟑 , … , 𝒙𝒙𝒏𝒏}. 

Definition 4 [24] (Distance-based similarity):   

𝑺𝑺𝑴𝑴(𝑨𝑨, 𝑩𝑩) = 𝟏𝟏 − 𝟐𝟐
𝒏𝒏

∑ 𝒘𝒘𝒊𝒊
𝒔𝒔𝒔𝒔𝒔𝒔{ 𝝅𝝅

𝟏𝟏𝟏𝟏|𝑻𝑻𝑨𝑨 (𝒙𝒙𝒊𝒊)−𝑻𝑻𝑩𝑩 (𝒙𝒙𝒊𝒊)|}+𝒔𝒔𝒔𝒔𝒔𝒔{ 𝝅𝝅
𝟏𝟏𝟏𝟏|𝑰𝑰𝑨𝑨 (𝒙𝒙𝒊𝒊)−𝑰𝑰𝑩𝑩 (𝒙𝒙𝒊𝒊)|}+𝒔𝒔𝒔𝒔𝒔𝒔{ 𝝅𝝅

𝟏𝟏𝟏𝟏|𝑭𝑭𝑨𝑨 (𝒙𝒙𝒊𝒊)−𝑭𝑭𝑩𝑩 (𝒙𝒙𝒊𝒊)|}
𝟏𝟏+𝒔𝒔𝒔𝒔𝒔𝒔{ 𝝅𝝅

𝟏𝟏𝟏𝟏|𝑻𝑻𝑨𝑨 (𝒙𝒙𝒊𝒊)−𝑻𝑻𝑩𝑩 (𝒙𝒙𝒊𝒊)|}+𝒔𝒔𝒔𝒔𝒔𝒔{ 𝝅𝝅
𝟏𝟏𝟏𝟏|𝑰𝑰𝑨𝑨 (𝒙𝒙𝒊𝒊)−𝑰𝑰𝑩𝑩 (𝒙𝒙𝒊𝒊)|}+𝒔𝒔𝒔𝒔𝒔𝒔{ 𝝅𝝅

𝟏𝟏𝟏𝟏|𝑭𝑭𝑨𝑨 (𝒙𝒙𝒊𝒊)−𝑭𝑭𝑩𝑩 (𝒙𝒙𝒊𝒊)|}
𝒏𝒏
𝒊𝒊=𝟏𝟏                  (3) 

Definition 5 [12](Normalized Hamming distance-based similarity measure): 

𝑺𝑺𝑯𝑯𝑯𝑯(𝑨𝑨, 𝑩𝑩) = 𝟏𝟏 − 𝟏𝟏
𝟑𝟑𝒏𝒏

∑ 𝒘𝒘𝒊𝒊(|𝑻𝑻𝑨𝑨 (𝒙𝒙𝒊𝒊) − 𝑻𝑻𝑩𝑩 (𝒙𝒙𝒊𝒊)| + |𝑰𝑰𝑨𝑨 (𝒙𝒙𝒊𝒊) − 𝑰𝑰𝑩𝑩 (𝒙𝒙𝒊𝒊)| + |𝑭𝑭𝑨𝑨 (𝒙𝒙𝒊𝒊) − 𝑭𝑭𝑩𝑩 (𝒙𝒙𝒊𝒊)|)𝒏𝒏
𝒊𝒊=𝟏𝟏       (4) 

Definition 6 [12] (Normalized Euclidean distance-based similarity measure): 

𝑺𝑺𝑬𝑬(𝑨𝑨, 𝑩𝑩) = 𝟏𝟏 −
√ 𝟏𝟏

𝟑𝟑𝒏𝒏
∑ 𝒘𝒘𝒊𝒊((𝑻𝑻𝑨𝑨 (𝒙𝒙𝒊𝒊) − 𝑻𝑻𝑩𝑩 (𝒙𝒙𝒊𝒊))𝟐𝟐 + (𝑰𝑰𝑨𝑨 (𝒙𝒙𝒊𝒊) − 𝑰𝑰𝑩𝑩 (𝒙𝒙𝒊𝒊))𝟐𝟐 + (𝑭𝑭𝑨𝑨 (𝒙𝒙𝒊𝒊) − 𝑭𝑭𝑩𝑩 (𝒙𝒙𝒊𝒊))𝟐𝟐)𝒏𝒏

𝒊𝒊=𝟏𝟏                           (5) 

 Definition 7 [12] (The Extended Hausdroff distance-based similarity measure): 

𝑺𝑺𝑯𝑯𝑯𝑯(𝑨𝑨, 𝑩𝑩) = 𝟏𝟏 − 𝟏𝟏
𝒏𝒏

∑ 𝒘𝒘𝒊𝒊𝒎𝒎𝒎𝒎𝒎𝒎(|𝑻𝑻𝑨𝑨 (𝒙𝒙𝒊𝒊) − 𝑻𝑻𝑩𝑩 (𝒙𝒙𝒊𝒊)|, |𝑰𝑰𝑨𝑨 (𝒙𝒙𝒊𝒊) − 𝑰𝑰𝑩𝑩 (𝒙𝒙𝒊𝒊)|, |𝑭𝑭𝑨𝑨 (𝒙𝒙𝒊𝒊) − 𝑭𝑭𝑩𝑩 (𝒙𝒙𝒊𝒊)|)𝒏𝒏
𝒊𝒊=𝟏𝟏        (6) 

Definition 8 [14] (Distance-based similarity) 

𝑺𝑺𝑹𝑹𝑹𝑹𝑹𝑹(𝑨𝑨, 𝑩𝑩) = 𝟏𝟏 − 𝟏𝟏
𝟐𝟐𝒏𝒏 ∑ 𝒘𝒘𝒊𝒊 ((𝑻𝑻𝑨𝑨 (𝒙𝒙𝒊𝒊)−𝑻𝑻𝑩𝑩 (𝒙𝒙𝒊𝒊))𝟐𝟐

𝟐𝟐+𝑻𝑻𝑨𝑨 (𝒙𝒙𝒊𝒊)+𝑻𝑻𝑩𝑩 (𝒙𝒙𝒊𝒊) + (𝑰𝑰𝑨𝑨 (𝒙𝒙𝒊𝒊)−𝑰𝑰𝑩𝑩 (𝒙𝒙𝒊𝒊))𝟐𝟐

𝟐𝟐+𝑰𝑰𝑨𝑨 (𝒙𝒙𝒊𝒊)+𝑰𝑰𝑩𝑩 (𝒙𝒙𝒊𝒊) + (𝑭𝑭𝑨𝑨 (𝒙𝒙𝒊𝒊)−𝑭𝑭𝑩𝑩 (𝒙𝒙𝒊𝒊))𝟐𝟐

𝟐𝟐+𝑭𝑭𝑨𝑨 (𝒙𝒙𝒊𝒊)+𝑭𝑭𝑩𝑩 (𝒙𝒙𝒊𝒊) +𝒏𝒏
𝒊𝒊=𝟏𝟏

              |𝒎𝒎𝑨𝑨(𝒙𝒙𝒊𝒊) − 𝒎𝒎𝑩𝑩(𝒙𝒙𝒊𝒊)|) ,              (7) 

where 𝒎𝒎𝒋𝒋(𝒙𝒙𝒊𝒊) = 𝟏𝟏+𝑻𝑻𝒋𝒋 (𝒙𝒙𝒊𝒊)−𝑭𝑭𝒋𝒋 (𝒙𝒙𝒊𝒊)
𝟐𝟐 , 𝒋𝒋 = 𝑨𝑨, 𝑩𝑩. 

The measures in equations (3)-(7) have already proved to satisfy the properties of similarity 
measures of NS in [24], [12] and [14]. 

3.2 Hybrid distance-based similarity measures of SVNS  

Hybrid formulas incorporate several approaches or strategies, frequently originating from 
several fields or specializations. When combined with the advantages of each technique, 
hybrid techniques yield findings that are more accurate than when one technique is used 
alone. Integrating various similarity measures into a hybrid formula should result in more 
accurate evaluations of persistent similarities. Furthermore, hybrid formulas are frequently 
more reliable and flexible to different datasets or contexts. They are appropriate for a variety 
of applications since they can handle a greater range of input data kinds and features. 
 
Definition 9: (Hybrid vector distance measures of SVNS)  
Let 𝐴𝐴 = [𝑇𝑇𝐴𝐴(𝑥𝑥𝑖𝑖), 𝐼𝐼𝐴𝐴(𝑥𝑥𝑖𝑖), 𝐹𝐹𝐴𝐴(𝑥𝑥𝑖𝑖)] and 𝐵𝐵 = [𝑇𝑇𝐵𝐵(𝑥𝑥𝑖𝑖), 𝐼𝐼𝐵𝐵(𝑥𝑥𝑖𝑖), 𝐹𝐹𝐵𝐵(𝑥𝑥𝑖𝑖)] be two SVNSs in a 
universe of discourse 𝑋𝑋 = {𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑛𝑛}. Then, the HWSM of SVNSs in the vector space is 
defined as follows: 
 

ℎ𝑤𝑤(𝐴𝐴, 𝐵𝐵) = 𝜑𝜑(𝑆𝑆∗(𝐴𝐴, 𝐵𝐵)) + ( 1 − 𝜑𝜑)𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐵𝐵))                                                 (8)             
        

where 0 ≤ 𝜑𝜑 ≤ 1 and 𝑆𝑆∗(𝐴𝐴, 𝐵𝐵) will be replaced with 𝑆𝑆𝐻𝐻𝐻𝐻, 𝑆𝑆𝐸𝐸, 𝑆𝑆𝐻𝐻𝐻𝐻, and 𝑆𝑆𝑅𝑅𝑅𝑅𝑅𝑅 in equations (4-
7) for various hybrid distance measures and 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐵𝐵) is a distance-based similarity measure 
as in equation (3). 
 
The formulation of properties for the new hybrid distance measure of SVNS is as follows. 
The HWSM, denoted as ℎ𝑤𝑤(𝐴𝐴, 𝐵𝐵) for NSs 𝐴𝐴, and 𝐵𝐵 satisfies the following properties.  
 
For proving purposes, let 𝑆𝑆𝑀𝑀(A, B) represent equation (3) taken from [24] and only let 
𝑆𝑆∗(𝐴𝐴, 𝐵𝐵) be the distance-based similarity measures of Hausdroff equation (4) becoming: 
 
ℎ𝑤𝑤(𝐴𝐴, 𝐵𝐵) = 𝜑𝜑(𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐵𝐵)) + ( 1 − 𝜑𝜑)𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐵𝐵))                               (9) 
 
with 0 ≤ 𝜑𝜑 ≤ 1. 
 
Proposition 1: The similarity measure, ℎ𝑤𝑤(𝐴𝐴, 𝐵𝐵) satisfies the following properties: 
(𝐶𝐶1) 0 ≤ ℎ𝑤𝑤(𝐴𝐴, 𝐵𝐵) ≤ 1 
(𝐶𝐶2) ℎ𝑤𝑤(𝐴𝐴, 𝐵𝐵) = ℎ𝑤𝑤(𝐵𝐵, 𝐴𝐴) 
(𝐶𝐶3) ℎ𝑤𝑤(𝐴𝐴, 𝐵𝐵) = 0 if and only if 𝐴𝐴 = 𝐵𝐵 
(C4) For A ⊆ B ⊆ C, then ℎ𝑤𝑤(𝐴𝐴, 𝐶𝐶) ≥ ℎ𝑤𝑤(𝐴𝐴, 𝐵𝐵) and ℎ𝑤𝑤(𝐴𝐴, 𝐶𝐶) ≥ ℎ𝑤𝑤(𝐵𝐵, 𝐶𝐶) 
 
Proof (𝐶𝐶1): Suppose 𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐵𝐵) and 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐵𝐵) ∈  [0, 1], thus, we have  

0 ≤ 𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐵𝐵) + 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐵𝐵) ≤ 2; 
with 0 ≤ 𝜑𝜑 ≤ 1, 

0 ≤ 𝜑𝜑(𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐵𝐵) + ( 1 − 𝜑𝜑)𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐵𝐵)) ≤ 1; 
with 𝜑𝜑 = 0, 

0 ≤ 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐵𝐵) ≤ 1; 
with 𝜑𝜑 = 1, 

0 ≤ 𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐵𝐵) ≤ 1. 
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𝐸𝐸𝑛𝑛 = min(𝑇𝑇𝐴𝐴(𝑥𝑥),𝐹𝐹𝐴𝐴(𝑥𝑥)),𝐼𝐼𝐴𝐴(𝑥𝑥),𝐼𝐼𝐴𝐴
𝑐𝑐 (𝑥𝑥))

(𝑇𝑇𝐴𝐴(𝑥𝑥)+𝐹𝐹𝐴𝐴(𝑥𝑥))(|𝐼𝐼𝐴𝐴(𝑥𝑥)−𝐼𝐼𝐴𝐴
𝑐𝑐 (𝑥𝑥)|+2),                             (1) 

 
where 𝐼𝐼𝐴𝐴

𝑐𝑐(𝑥𝑥) = (1 − 𝐼𝐼𝐴𝐴(𝑥𝑥)). It is also noticed that 𝐸𝐸𝑛𝑛 ∈ [0,1] and the entropy weight of the 
jth attribute 𝑤𝑤𝑗𝑗 is stated as follows: 

𝑤𝑤𝑗𝑗 = 1−𝐸𝐸𝑛𝑛
∑ 1𝑛𝑛

𝑗𝑗=1 −𝐸𝐸𝑛𝑛
.                                     (2)

   
The entropy weight of the distance-based similarity measures is shown in Section 3. 

3 Several weighted distance-based similarity measures for SVNS 

3.1 Existing distance-based similarity measures of SVNS with entropy weight 

Several distance measures integrated with the weight operator in equation (2) have been 
chosen in this study to apply for two SNVS A and B with 𝑿𝑿 = {𝒙𝒙𝟏𝟏, 𝒙𝒙𝟐𝟐 ,𝒙𝒙𝟑𝟑 , … , 𝒙𝒙𝒏𝒏}. 

Definition 4 [24] (Distance-based similarity):   

𝑺𝑺𝑴𝑴(𝑨𝑨, 𝑩𝑩) = 𝟏𝟏 − 𝟐𝟐
𝒏𝒏 ∑ 𝒘𝒘𝒊𝒊

𝒔𝒔𝒔𝒔𝒔𝒔{ 𝝅𝝅
𝟏𝟏𝟏𝟏|𝑻𝑻𝑨𝑨 (𝒙𝒙𝒊𝒊)−𝑻𝑻𝑩𝑩 (𝒙𝒙𝒊𝒊)|}+𝒔𝒔𝒔𝒔𝒔𝒔{ 𝝅𝝅

𝟏𝟏𝟏𝟏|𝑰𝑰𝑨𝑨 (𝒙𝒙𝒊𝒊)−𝑰𝑰𝑩𝑩 (𝒙𝒙𝒊𝒊)|}+𝒔𝒔𝒔𝒔𝒔𝒔{ 𝝅𝝅
𝟏𝟏𝟏𝟏|𝑭𝑭𝑨𝑨 (𝒙𝒙𝒊𝒊)−𝑭𝑭𝑩𝑩 (𝒙𝒙𝒊𝒊)|}

𝟏𝟏+𝒔𝒔𝒔𝒔𝒔𝒔{ 𝝅𝝅
𝟏𝟏𝟏𝟏|𝑻𝑻𝑨𝑨 (𝒙𝒙𝒊𝒊)−𝑻𝑻𝑩𝑩 (𝒙𝒙𝒊𝒊)|}+𝒔𝒔𝒔𝒔𝒔𝒔{ 𝝅𝝅

𝟏𝟏𝟏𝟏|𝑰𝑰𝑨𝑨 (𝒙𝒙𝒊𝒊)−𝑰𝑰𝑩𝑩 (𝒙𝒙𝒊𝒊)|}+𝒔𝒔𝒔𝒔𝒔𝒔{ 𝝅𝝅
𝟏𝟏𝟏𝟏|𝑭𝑭𝑨𝑨 (𝒙𝒙𝒊𝒊)−𝑭𝑭𝑩𝑩 (𝒙𝒙𝒊𝒊)|}

𝒏𝒏
𝒊𝒊=𝟏𝟏                  (3) 

Definition 5 [12](Normalized Hamming distance-based similarity measure): 

𝑺𝑺𝑯𝑯𝑯𝑯(𝑨𝑨, 𝑩𝑩) = 𝟏𝟏 − 𝟏𝟏
𝟑𝟑𝒏𝒏 ∑ 𝒘𝒘𝒊𝒊(|𝑻𝑻𝑨𝑨 (𝒙𝒙𝒊𝒊) − 𝑻𝑻𝑩𝑩 (𝒙𝒙𝒊𝒊)| + |𝑰𝑰𝑨𝑨 (𝒙𝒙𝒊𝒊) − 𝑰𝑰𝑩𝑩 (𝒙𝒙𝒊𝒊)| + |𝑭𝑭𝑨𝑨 (𝒙𝒙𝒊𝒊) − 𝑭𝑭𝑩𝑩 (𝒙𝒙𝒊𝒊)|)𝒏𝒏

𝒊𝒊=𝟏𝟏       (4) 

Definition 6 [12] (Normalized Euclidean distance-based similarity measure): 

𝑺𝑺𝑬𝑬(𝑨𝑨, 𝑩𝑩) = 𝟏𝟏 −
√ 𝟏𝟏

𝟑𝟑𝒏𝒏 ∑ 𝒘𝒘𝒊𝒊((𝑻𝑻𝑨𝑨 (𝒙𝒙𝒊𝒊) − 𝑻𝑻𝑩𝑩 (𝒙𝒙𝒊𝒊))𝟐𝟐 + (𝑰𝑰𝑨𝑨 (𝒙𝒙𝒊𝒊) − 𝑰𝑰𝑩𝑩 (𝒙𝒙𝒊𝒊))𝟐𝟐 + (𝑭𝑭𝑨𝑨 (𝒙𝒙𝒊𝒊) − 𝑭𝑭𝑩𝑩 (𝒙𝒙𝒊𝒊))𝟐𝟐)𝒏𝒏
𝒊𝒊=𝟏𝟏                           (5) 

 Definition 7 [12] (The Extended Hausdroff distance-based similarity measure): 

𝑺𝑺𝑯𝑯𝑯𝑯(𝑨𝑨, 𝑩𝑩) = 𝟏𝟏 − 𝟏𝟏
𝒏𝒏 ∑ 𝒘𝒘𝒊𝒊𝒎𝒎𝒎𝒎𝒎𝒎(|𝑻𝑻𝑨𝑨 (𝒙𝒙𝒊𝒊) − 𝑻𝑻𝑩𝑩 (𝒙𝒙𝒊𝒊)|, |𝑰𝑰𝑨𝑨 (𝒙𝒙𝒊𝒊) − 𝑰𝑰𝑩𝑩 (𝒙𝒙𝒊𝒊)|, |𝑭𝑭𝑨𝑨 (𝒙𝒙𝒊𝒊) − 𝑭𝑭𝑩𝑩 (𝒙𝒙𝒊𝒊)|)𝒏𝒏

𝒊𝒊=𝟏𝟏        (6) 

Definition 8 [14] (Distance-based similarity) 

𝑺𝑺𝑹𝑹𝑹𝑹𝑹𝑹(𝑨𝑨, 𝑩𝑩) = 𝟏𝟏 − 𝟏𝟏
𝟐𝟐𝒏𝒏 ∑ 𝒘𝒘𝒊𝒊 ((𝑻𝑻𝑨𝑨 (𝒙𝒙𝒊𝒊)−𝑻𝑻𝑩𝑩 (𝒙𝒙𝒊𝒊))𝟐𝟐

𝟐𝟐+𝑻𝑻𝑨𝑨 (𝒙𝒙𝒊𝒊)+𝑻𝑻𝑩𝑩 (𝒙𝒙𝒊𝒊) + (𝑰𝑰𝑨𝑨 (𝒙𝒙𝒊𝒊)−𝑰𝑰𝑩𝑩 (𝒙𝒙𝒊𝒊))𝟐𝟐

𝟐𝟐+𝑰𝑰𝑨𝑨 (𝒙𝒙𝒊𝒊)+𝑰𝑰𝑩𝑩 (𝒙𝒙𝒊𝒊) + (𝑭𝑭𝑨𝑨 (𝒙𝒙𝒊𝒊)−𝑭𝑭𝑩𝑩 (𝒙𝒙𝒊𝒊))𝟐𝟐

𝟐𝟐+𝑭𝑭𝑨𝑨 (𝒙𝒙𝒊𝒊)+𝑭𝑭𝑩𝑩 (𝒙𝒙𝒊𝒊) +𝒏𝒏
𝒊𝒊=𝟏𝟏

              |𝒎𝒎𝑨𝑨(𝒙𝒙𝒊𝒊) − 𝒎𝒎𝑩𝑩(𝒙𝒙𝒊𝒊)|) ,              (7) 

where 𝒎𝒎𝒋𝒋(𝒙𝒙𝒊𝒊) = 𝟏𝟏+𝑻𝑻𝒋𝒋 (𝒙𝒙𝒊𝒊)−𝑭𝑭𝒋𝒋 (𝒙𝒙𝒊𝒊)
𝟐𝟐 , 𝒋𝒋 = 𝑨𝑨, 𝑩𝑩. 

The measures in equations (3)-(7) have already proved to satisfy the properties of similarity 
measures of NS in [24], [12] and [14]. 

3.2 Hybrid distance-based similarity measures of SVNS  

Hybrid formulas incorporate several approaches or strategies, frequently originating from 
several fields or specializations. When combined with the advantages of each technique, 
hybrid techniques yield findings that are more accurate than when one technique is used 
alone. Integrating various similarity measures into a hybrid formula should result in more 
accurate evaluations of persistent similarities. Furthermore, hybrid formulas are frequently 
more reliable and flexible to different datasets or contexts. They are appropriate for a variety 
of applications since they can handle a greater range of input data kinds and features. 
 
Definition 9: (Hybrid vector distance measures of SVNS)  
Let 𝐴𝐴 = [𝑇𝑇𝐴𝐴(𝑥𝑥𝑖𝑖), 𝐼𝐼𝐴𝐴(𝑥𝑥𝑖𝑖), 𝐹𝐹𝐴𝐴(𝑥𝑥𝑖𝑖)] and 𝐵𝐵 = [𝑇𝑇𝐵𝐵(𝑥𝑥𝑖𝑖), 𝐼𝐼𝐵𝐵(𝑥𝑥𝑖𝑖), 𝐹𝐹𝐵𝐵(𝑥𝑥𝑖𝑖)] be two SVNSs in a 
universe of discourse 𝑋𝑋 = {𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑛𝑛}. Then, the HWSM of SVNSs in the vector space is 
defined as follows: 
 

ℎ𝑤𝑤(𝐴𝐴, 𝐵𝐵) = 𝜑𝜑(𝑆𝑆∗(𝐴𝐴, 𝐵𝐵)) + ( 1 − 𝜑𝜑)𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐵𝐵))                                                 (8)             
        

where 0 ≤ 𝜑𝜑 ≤ 1 and 𝑆𝑆∗(𝐴𝐴, 𝐵𝐵) will be replaced with 𝑆𝑆𝐻𝐻𝐻𝐻, 𝑆𝑆𝐸𝐸, 𝑆𝑆𝐻𝐻𝐻𝐻, and 𝑆𝑆𝑅𝑅𝑅𝑅𝑅𝑅 in equations (4-
7) for various hybrid distance measures and 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐵𝐵) is a distance-based similarity measure 
as in equation (3). 
 
The formulation of properties for the new hybrid distance measure of SVNS is as follows. 
The HWSM, denoted as ℎ𝑤𝑤(𝐴𝐴, 𝐵𝐵) for NSs 𝐴𝐴, and 𝐵𝐵 satisfies the following properties.  
 
For proving purposes, let 𝑆𝑆𝑀𝑀(A, B) represent equation (3) taken from [24] and only let 
𝑆𝑆∗(𝐴𝐴, 𝐵𝐵) be the distance-based similarity measures of Hausdroff equation (4) becoming: 
 
ℎ𝑤𝑤(𝐴𝐴, 𝐵𝐵) = 𝜑𝜑(𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐵𝐵)) + ( 1 − 𝜑𝜑)𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐵𝐵))                               (9) 
 
with 0 ≤ 𝜑𝜑 ≤ 1. 
 
Proposition 1: The similarity measure, ℎ𝑤𝑤(𝐴𝐴, 𝐵𝐵) satisfies the following properties: 
(𝐶𝐶1) 0 ≤ ℎ𝑤𝑤(𝐴𝐴, 𝐵𝐵) ≤ 1 
(𝐶𝐶2) ℎ𝑤𝑤(𝐴𝐴, 𝐵𝐵) = ℎ𝑤𝑤(𝐵𝐵, 𝐴𝐴) 
(𝐶𝐶3) ℎ𝑤𝑤(𝐴𝐴, 𝐵𝐵) = 0 if and only if 𝐴𝐴 = 𝐵𝐵 
(C4) For A ⊆ B ⊆ C, then ℎ𝑤𝑤(𝐴𝐴, 𝐶𝐶) ≥ ℎ𝑤𝑤(𝐴𝐴, 𝐵𝐵) and ℎ𝑤𝑤(𝐴𝐴, 𝐶𝐶) ≥ ℎ𝑤𝑤(𝐵𝐵, 𝐶𝐶) 
 
Proof (𝐶𝐶1): Suppose 𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐵𝐵) and 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐵𝐵) ∈  [0, 1], thus, we have  

0 ≤ 𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐵𝐵) + 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐵𝐵) ≤ 2; 
with 0 ≤ 𝜑𝜑 ≤ 1, 

0 ≤ 𝜑𝜑(𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐵𝐵) + ( 1 − 𝜑𝜑)𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐵𝐵)) ≤ 1; 
with 𝜑𝜑 = 0, 

0 ≤ 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐵𝐵) ≤ 1; 
with 𝜑𝜑 = 1, 

0 ≤ 𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐵𝐵) ≤ 1. 
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Hence, ℎ𝑤𝑤(𝐴𝐴, 𝐵𝐵) within [0,1]. Thus 0 ≤ ℎ𝑤𝑤(𝐴𝐴, 𝐵𝐵) ≤ 1 
Proof (𝐶𝐶2): ℎ𝑤𝑤(𝐴𝐴, 𝐵𝐵) = ℎ𝑤𝑤(𝐵𝐵, 𝐴𝐴) is obvious. 
 
Proof (C3):  If 𝐴𝐴 and 𝐵𝐵 are identical (𝐴𝐴 = 𝐵𝐵), the distances 𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐵𝐵) and 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐵𝐵) lead to 
𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐴𝐴) and 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐴𝐴), as demonstrated in the proof of 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐵𝐵) outlined in [24] and the 
proof of 𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐵𝐵) in [12]. Thus, we have  

𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐴𝐴) = 0 and 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐴𝐴) = 0, 
with 0 ≤ 𝜑𝜑 ≤ 1, 

𝜑𝜑(𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐴𝐴) + ( 1 − 𝜑𝜑)𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐴𝐴)) =  0 + 0 = 0 
Likewise, if 𝐵𝐵 = 𝐴𝐴. 
Hence, ℎ𝑤𝑤(𝐴𝐴, 𝐵𝐵) = 0 if and only if 𝐴𝐴 = 𝐵𝐵 
 
Proof (𝐶𝐶4): According to the proof of 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐵𝐵) shown in [24], for A ⊆ B ⊆ C, and the 
proof of 𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐵𝐵) in [12],  we have 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐶𝐶) ≥ 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐵𝐵),  𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐶𝐶) ≥ 𝑆𝑆𝑀𝑀(𝐵𝐵, 𝐶𝐶), 
𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐶𝐶) ≥ 𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐵𝐵) a n d  𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐶𝐶) ≥ 𝑆𝑆𝐻𝐻𝐻𝐻(𝐵𝐵, 𝐶𝐶). Then, it becomes 
 

𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐶𝐶) + 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐶𝐶) ≥ 𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐵𝐵) + 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐵𝐵) 
with 0 ≤ 𝜑𝜑 ≤ 1, 
 

𝜑𝜑𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐶𝐶) + ( 1 − 𝜑𝜑) 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐶𝐶)) ≥ 𝜑𝜑𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐵𝐵) + ( 1 − 𝜑𝜑)𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐵𝐵) 
 
Therefore, we obtain ℎ𝑤𝑤(𝐴𝐴, 𝐶𝐶) ≥ ℎ𝑤𝑤(𝐴𝐴, 𝐵𝐵). 
Likewise, we have ℎ𝑤𝑤(𝐴𝐴, 𝐶𝐶) ≥ ℎ𝑤𝑤(𝐵𝐵, 𝐶𝐶). 
The theorem has been proved completely. The other three HWMSs can be proven similarly.  

4 Application using the proposed hybrid weighted similarity 
method 
In this section, we apply the proposed HWSM to the medical diagnosis. This research relies 
on secondary data, as documented in [10]. From this source, we have specifically chosen a 
dataset that is specific to one patient. This dataset is considered adequate for our case study, 
which examines five distance-based similarity measures and hybrid approaches. Let's 
consider a scenario in medical diagnosis decision-making. Suppose there is a set of a patient 
for our case study, denoted as 𝜌𝜌. Patient 𝜌𝜌 is presenting with multiple symptoms, denoted as  
𝜉𝜉= {Temperature (𝜉𝜉1), Headache (𝜉𝜉2), Body pain (𝜉𝜉3), Cough (𝜉𝜉4), Sneezing (𝜉𝜉5)}. Using 
neutrosophic data, we aim to determine the type of disease affecting each person from a set 
of common prevalent diseases, denoted as 𝛿𝛿 = {Viral fever (VF), Malaria (ML), Typhoid 
(TY), Chickugunya (CG), Coronavirus (CV)}.  

To achieve this, two types of observations are required:  
1. For the patient, we need to identify the multiple symptoms present. 
2. For each disease, under normal circumstances, we need to identify the specific 

symptoms associated with it. 
Both sets of observations are documented in an NS format, offering specifics like the 

percentage of membership function (T), the percentage of indeterminacy function (I), and the 
percentage of non-membership function (F), among other details, as outlined in Tables 1 and 
2. Table 1 defines the characteristic symptoms observed in a patient, while Table 2 illustrates 
the symptom-disease relationships. Employing the data from Tables 1 and 2, the computation 
of four HWSMs discussed in Section 2 is performed. The outcomes are presented in Tables 
3-6.  

Table 1. The characteristic symptoms observed in every patient [10]. 

 𝜉𝜉1 𝜉𝜉2 𝜉𝜉3 𝜉𝜉4 𝜉𝜉5 
𝜌𝜌 (0.1,0.6,0.4)  (0.4,0.6,0.3)  (0.3,0.5,0.4)  (0.3,0.5,0.4)  (0.3,0.6,0.7) 

 
Based on the information provided in Table 1, the truth membership degree for the five 

symptoms among patients varies from 0.1 to 0.4. Likewise, the indeterminacy membership 
degree for a patient is within the range of 0.5 to 0.6, while the falsity membership degree 
spans from 0.3 to 0.7. Notably, in the case of this specific patient, the symptom of sneezing 
is classified as causing less distress, with a falsity membership degree of 0.7. Upon 
examination, the temperature dataset (0.1, 0.6, 0.4) indicates a low temperature for this 
patient. 

Table 2. The relationship between diseases and symptoms [10]. 

Symptoms VF ML TY CG CV 

𝜉𝜉1 (0.6,0.3,0.3) (0.2,0.5,0.3) (0.2.0.6,0.4) (0.1,0.6,0.6) (0.1,0.6,0.4) 

𝜉𝜉2 (0.4,0.5,0.3) (0.2,0.6,0.4) (0.1,0.5,0.4) (0.2,0.4,0.6) (0.1,0.6,0.4) 

𝜉𝜉3 (0.1,0.6,0.3) (0.0,0.6,0,4) (0.2,0.5,0.5) (0.8,0.2,0.2) (0.1,0.7,0.1) 

𝜉𝜉4 (0.4,0.4,0.4) (0.4,0.1,0.5) (0.2,0.5,0.5) (0.1,0.7,0.4) (0.4,0.5,0.4) 

𝜉𝜉5 (0.1,0.7,0.4) (0.1,0.6,0.3) (0.1,0.6,0.4) (0.1,0.7,0.4) (0.8,0.2,0.2) 

Table 3. The entropy weight measurements. 

Symptoms Entropy Measure Weight Measure 

𝜉𝜉1 0.045455 0.208659 

𝜉𝜉2 0.097403 0.197303 

𝜉𝜉3 0.107143 0.195174 

𝜉𝜉4 0.107143 0.195174 

𝜉𝜉5 0.068182 0.203691 

Table 3 shows the entropy weight values, assigning specific weights to each symptom. 
The entropy weight measure is used to calculate the weights of attributes (symptoms). This 
means that attributes with higher entropy (more uncertainty) will be assigned lower weights 
and attributes with lower entropy (less uncertainty) will be assigned higher weights. This 
weighting process helps give  more importance to attributes that contribute more information 
and are more reliable in the context of medical diagnostics. As indicated in Table 1, 
Temperature (𝜉𝜉1) carries the highest weight, followed by Sneezing (𝜉𝜉5) and other symptoms. 

The HWSM is defined according to different values of 𝜑𝜑 as stated below:  
1. If 𝜑𝜑 = 0, the weighted distance-based similarity measure is the distance from [24];  
2. If 𝜑𝜑 , the weighted distance-based similarity measure is generalized to either the 

distance from   Hamming [12], Hausdroff [12], Euclidean [12], or Ren et al [14] 
measure; 

3. If 𝜑𝜑 and , the HWSM. 
In Table 4, we present the outcomes of five distance-based similarity measures computed 

without entropy weight. These computations follow the formulas outlined in section 3. 
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Hence, ℎ𝑤𝑤(𝐴𝐴, 𝐵𝐵) within [0,1]. Thus 0 ≤ ℎ𝑤𝑤(𝐴𝐴, 𝐵𝐵) ≤ 1 
Proof (𝐶𝐶2): ℎ𝑤𝑤(𝐴𝐴, 𝐵𝐵) = ℎ𝑤𝑤(𝐵𝐵, 𝐴𝐴) is obvious. 
 
Proof (C3):  If 𝐴𝐴 and 𝐵𝐵 are identical (𝐴𝐴 = 𝐵𝐵), the distances 𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐵𝐵) and 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐵𝐵) lead to 
𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐴𝐴) and 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐴𝐴), as demonstrated in the proof of 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐵𝐵) outlined in [24] and the 
proof of 𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐵𝐵) in [12]. Thus, we have  

𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐴𝐴) = 0 and 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐴𝐴) = 0, 
with 0 ≤ 𝜑𝜑 ≤ 1, 

𝜑𝜑(𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐴𝐴) + ( 1 − 𝜑𝜑)𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐴𝐴)) =  0 + 0 = 0 
Likewise, if 𝐵𝐵 = 𝐴𝐴. 
Hence, ℎ𝑤𝑤(𝐴𝐴, 𝐵𝐵) = 0 if and only if 𝐴𝐴 = 𝐵𝐵 
 
Proof (𝐶𝐶4): According to the proof of 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐵𝐵) shown in [24], for A ⊆ B ⊆ C, and the 
proof of 𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐵𝐵) in [12],  we have 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐶𝐶) ≥ 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐵𝐵),  𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐶𝐶) ≥ 𝑆𝑆𝑀𝑀(𝐵𝐵, 𝐶𝐶), 
𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐶𝐶) ≥ 𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐵𝐵) a n d  𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐶𝐶) ≥ 𝑆𝑆𝐻𝐻𝐻𝐻(𝐵𝐵, 𝐶𝐶). Then, it becomes 
 

𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐶𝐶) + 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐶𝐶) ≥ 𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐵𝐵) + 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐵𝐵) 
with 0 ≤ 𝜑𝜑 ≤ 1, 
 

𝜑𝜑𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐶𝐶) + ( 1 − 𝜑𝜑) 𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐶𝐶)) ≥ 𝜑𝜑𝑆𝑆𝐻𝐻𝐻𝐻(𝐴𝐴, 𝐵𝐵) + ( 1 − 𝜑𝜑)𝑆𝑆𝑀𝑀(𝐴𝐴, 𝐵𝐵) 
 
Therefore, we obtain ℎ𝑤𝑤(𝐴𝐴, 𝐶𝐶) ≥ ℎ𝑤𝑤(𝐴𝐴, 𝐵𝐵). 
Likewise, we have ℎ𝑤𝑤(𝐴𝐴, 𝐶𝐶) ≥ ℎ𝑤𝑤(𝐵𝐵, 𝐶𝐶). 
The theorem has been proved completely. The other three HWMSs can be proven similarly.  

4 Application using the proposed hybrid weighted similarity 
method 
In this section, we apply the proposed HWSM to the medical diagnosis. This research relies 
on secondary data, as documented in [10]. From this source, we have specifically chosen a 
dataset that is specific to one patient. This dataset is considered adequate for our case study, 
which examines five distance-based similarity measures and hybrid approaches. Let's 
consider a scenario in medical diagnosis decision-making. Suppose there is a set of a patient 
for our case study, denoted as 𝜌𝜌. Patient 𝜌𝜌 is presenting with multiple symptoms, denoted as  
𝜉𝜉= {Temperature (𝜉𝜉1), Headache (𝜉𝜉2), Body pain (𝜉𝜉3), Cough (𝜉𝜉4), Sneezing (𝜉𝜉5)}. Using 
neutrosophic data, we aim to determine the type of disease affecting each person from a set 
of common prevalent diseases, denoted as 𝛿𝛿 = {Viral fever (VF), Malaria (ML), Typhoid 
(TY), Chickugunya (CG), Coronavirus (CV)}.  

To achieve this, two types of observations are required:  
1. For the patient, we need to identify the multiple symptoms present. 
2. For each disease, under normal circumstances, we need to identify the specific 

symptoms associated with it. 
Both sets of observations are documented in an NS format, offering specifics like the 

percentage of membership function (T), the percentage of indeterminacy function (I), and the 
percentage of non-membership function (F), among other details, as outlined in Tables 1 and 
2. Table 1 defines the characteristic symptoms observed in a patient, while Table 2 illustrates 
the symptom-disease relationships. Employing the data from Tables 1 and 2, the computation 
of four HWSMs discussed in Section 2 is performed. The outcomes are presented in Tables 
3-6.  

Table 1. The characteristic symptoms observed in every patient [10]. 

 𝜉𝜉1 𝜉𝜉2 𝜉𝜉3 𝜉𝜉4 𝜉𝜉5 
𝜌𝜌 (0.1,0.6,0.4)  (0.4,0.6,0.3)  (0.3,0.5,0.4)  (0.3,0.5,0.4)  (0.3,0.6,0.7) 

 
Based on the information provided in Table 1, the truth membership degree for the five 

symptoms among patients varies from 0.1 to 0.4. Likewise, the indeterminacy membership 
degree for a patient is within the range of 0.5 to 0.6, while the falsity membership degree 
spans from 0.3 to 0.7. Notably, in the case of this specific patient, the symptom of sneezing 
is classified as causing less distress, with a falsity membership degree of 0.7. Upon 
examination, the temperature dataset (0.1, 0.6, 0.4) indicates a low temperature for this 
patient. 

Table 2. The relationship between diseases and symptoms [10]. 

Symptoms VF ML TY CG CV 

𝜉𝜉1 (0.6,0.3,0.3) (0.2,0.5,0.3) (0.2.0.6,0.4) (0.1,0.6,0.6) (0.1,0.6,0.4) 

𝜉𝜉2 (0.4,0.5,0.3) (0.2,0.6,0.4) (0.1,0.5,0.4) (0.2,0.4,0.6) (0.1,0.6,0.4) 

𝜉𝜉3 (0.1,0.6,0.3) (0.0,0.6,0,4) (0.2,0.5,0.5) (0.8,0.2,0.2) (0.1,0.7,0.1) 

𝜉𝜉4 (0.4,0.4,0.4) (0.4,0.1,0.5) (0.2,0.5,0.5) (0.1,0.7,0.4) (0.4,0.5,0.4) 

𝜉𝜉5 (0.1,0.7,0.4) (0.1,0.6,0.3) (0.1,0.6,0.4) (0.1,0.7,0.4) (0.8,0.2,0.2) 

Table 3. The entropy weight measurements. 

Symptoms Entropy Measure Weight Measure 

𝜉𝜉1 0.045455 0.208659 

𝜉𝜉2 0.097403 0.197303 

𝜉𝜉3 0.107143 0.195174 

𝜉𝜉4 0.107143 0.195174 

𝜉𝜉5 0.068182 0.203691 

Table 3 shows the entropy weight values, assigning specific weights to each symptom. 
The entropy weight measure is used to calculate the weights of attributes (symptoms). This 
means that attributes with higher entropy (more uncertainty) will be assigned lower weights 
and attributes with lower entropy (less uncertainty) will be assigned higher weights. This 
weighting process helps give  more importance to attributes that contribute more information 
and are more reliable in the context of medical diagnostics. As indicated in Table 1, 
Temperature (𝜉𝜉1) carries the highest weight, followed by Sneezing (𝜉𝜉5) and other symptoms. 

The HWSM is defined according to different values of 𝜑𝜑 as stated below:  
1. If 𝜑𝜑 = 0, the weighted distance-based similarity measure is the distance from [24];  
2. If 𝜑𝜑 , the weighted distance-based similarity measure is generalized to either the 

distance from   Hamming [12], Hausdroff [12], Euclidean [12], or Ren et al [14] 
measure; 

3. If 𝜑𝜑 and , the HWSM. 
In Table 4, we present the outcomes of five distance-based similarity measures computed 

without entropy weight. These computations follow the formulas outlined in section 3. 
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Table 4. The similarity measure values for patient 𝜌𝜌 without entropy weight. 

Diseases Hamming 
[12] 𝜑𝜑  

Hausdorff  
[12], 𝜑𝜑  

Euclidean 
[12], 𝜑𝜑  

Ren et al 
[14], 𝜑𝜑  

Mustapha et 
al [24], 𝜑𝜑  

VF 0.853333 0.760000 0.803362 0.933997 0.768174 

ML 0.853333 0.720000 0.806782 0.928859 0.759830 

TY 0.882000 0.800000 0.850579 0.937730 0.802570 

CG 0.806667 0.700000 0.767621 0.886966 0.700873 
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Subsequently, Table 5 introduces an additional dimension by incorporating entropy 

weight into the previously mentioned five distance-based similarity measures. As we 
compare the results in Tables 4 and 5, we observe that the values of similarity measures for 
all types depict better results, as the values are closer to 1. These results highlight the 
increased importance of entropy weight measurements in supporting and differentiating 
between attributes. In the medical field, incorporating an entropy weight measure helps in 
refining the analysis and improving the accuracy of diagnostic outcomes. Attributes with 
more certainty or reliability contribute more to the overall similarity calculation, leading to 
more robust and dependable results. The graphical results for distance-based similarity 
measure values with entropy for patient 𝜌𝜌 shown in Figure 1. 

Furthermore, Table 6 displays the calculated results of five HWSMs depending on the 
values of φ, which are chosen to be 0.1, 0.2, 0.5, 0.7, and 0.9. Each similarity measure 
employed in this table has been previously validated to meet all essential properties. 
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The results in Tables 3 to 6 indicate a probability of diagnosing the patient with typhoid. 
This assertion remains consistent across diverse similarity measures utilized in our analysis, 
exhibiting remarkable coherence in the results. These findings support earlier research [10] 
where the patient was also diagnosed with typhoid using the Hausdroff distance measure. 
From our obtained findings, the results are consistent when we use various hybrid formulas. 
Reliability in results across multiple similarity measures increases the strength of diagnostic 
implications, further strengthening the indications of possible typhoid infection. 

5 Conclusion 
In conclusion, we consider the difficulties caused by ambiguity and uncertainty in patient 
data by introducing and applying the hybrid weighted similarity measure (HWSM) of the 
neutrosophic set (NS) in medical diagnosis. The applications of NS have proven beneficial 
when modeling uncertainty, as it accommodates conflicting and ambiguous data.  

In the development of HWSM, the entropy weight is integrated with the present similarity 
measure. The entropy weight measure is essential because of its reliability and diagnostic 
value when assigning weights to quality. When analyzing the symptoms and diseases of this 
patient, the improvements have resulted in more reliable similarity measures. 

The distance integration given by Mustapha et al. [24] with extended Hausdorff distance 
[12], normalized Hamming distance [12], normalized Euclidean distance [12], and Ren et al. 
[14], the consistency of similarity values observed in a patient across the four HWSM. The 
assessment of possible different medical diagnoses based on the five core symptoms is the 
main objective of the practical application of HWSM in medical diagnosis. The consistent 
and reliable results obtained from several HWSMs highlight the usefulness of the proposed 
strategy. This work contributes to the ongoing efforts to improve medical practitioners' 
diagnostic tools, especially when patient information uncertainty presents a significant 
difficulty. 

As the medical field continues to progress, the applications of the HWSM display its 
potential to increase diagnostic accuracy and reliability. The hybrid nature of the proposed 
similarity measure, integrating existing techniques and entropy weight measures, positions it 
as a valuable tool for medical professionals struggling with complex and uncertain patient 
data. The findings contribute to the evolving landscape of medical diagnostics, emphasizing 
the potential of NS applications in enhancing reliability in healthcare decision-making. The 
insights gained from this study pave the way for further advancements in medical diagnostics, 
which benefit practitioners and patients alike. 
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