
Journal of Expert Systems and Sustainable Development Volume 2, Issue 1 (2026) 211-228

Journal of Expert Systems andSustainable Development
Journal homepage: www.essd-journal.orgISSN: 3104-3313

Supporting Medical Diagnostic Reasoning via aDissimilarity Measure for Single-Valued Neutrosophic Sets
Yuhan Li1, Yuxu Han2, Juan Liao3,*, Zhe Liu4,5,6,*

1 School of Mathematical Sciences, Nanjing Normal University, Nanjing 210023, China2 School of Mathematics and Statistics, Jiangsu Normal University, Xuzhou 221116, China3 School of Big Data Engineering, Kaili University, Kaili 556000, China4 College of Mathematics and Computer, Xinyu University, Xinyu 338004, China5 Jadara Research Center, Jadara University, Irbid 21110, Jordan6 Centre for Research Impact & Outcome, Chitkara University Institute of Engineering and Technology, Chitkara University, Punjab 140401, India

ARTICLE INFO ABSTRACT

Article history:Received 11 April 2026Received in revised form19 Jun 2026Accepted 11 September 2026Available online 14 September 2026

Medical diagnosis is often carried out under incomplete, imprecise, or even con-flicting clinical information. Single-valued neutrosophic sets are useful for de-scribing this type of uncertainty, but the final diagnostic result can still dependstrongly on how patient profiles are compared with disease patterns. Someavailable measures do not provide sufficient discrimination when the underlyingcomponent variations are different. To address this issue, this study develops abounded dissimilarity measure for single-valued neutrosophic sets and examinesits application tomedical diagnosis. For each criterion, themeasure first takes theminimumabsolute difference among the truth, indeterminacy, and falsity compo-nents. A bounded nonlinear function is then applied, and the resulting values areaggregated across all criteria. Themain properties of themeasure are establishedtheoretically, while its ability to distinguish different profiles is further examinedthrough numerical examples and comparisons with eight existing measures. Thenumerical results show that the proposed measure can distinguish several casesthat receive identical values under some existing approaches. Two medical ex-amples are also considered. The minimum-dissimilarity rule identifies malaria inone case and bacterial pneumonia in the respiratory case. For the latter, the re-sulting ranking is consistent with those obtained using the comparisonmeasures,while the proposedmeasure provides greater separation between themost plau-sible disease and the other candidates. Overall, the measure appears suitable forranking uncertain medical profiles, although further testing with larger clinicaldatasets is needed.
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1. Introduction
Medical diagnosis often relies on observations that are incomplete, imprecise, or partly contradic-tory. A symptom may receive strong support from one examination but remain weakly documentedby another, so forcing all available evidence into a binary judgment can conceal clinically relevant un-certainty. Zadeh [1] established the mathematical foundation for graded membership through fuzzysets (FSs). Atanassov [2] subsequently proposed intuitionistic fuzzy sets (IFSs), which extend FSs by in-corporating an explicit non-membership degree together with a derived hesitation degree, a featurethat remains useful in recent expert-based decision models. Smarandache [3] later developed neu-trosophic theory to accommodate indeterminate and potentially inconsistent information. To supportpractical computation, Wang et al. [4] formulated single-valued neutrosophic sets (SVNSs) by restrict-ing their evaluations to the unit interval. This progression provides a flexible basis for constructingpatient and disease profiles without reducing every clinical observation to simple presence or ab-sence.Distance measures have been studied for various fuzzy information structures [5, 6]. For intu-itionistic fuzzy sets, Kumar and Kumar [7] constructed a new distance measure and applied it to adecision-making problem. Garg et al. [8] considered a symmetric distance measure and examined itsuse in pattern recognition, clustering, and medical diagnosis. More recently, Abraham et al. [9] de-veloped a three-dimensional distance metric for Pythagorean fuzzy information, in which the mem-bership, non-membership, and hesitation components are considered simultaneously. These studiesindicate that the design of suitable distancemeasures remains important when uncertain informationneeds to be compared or distinguished. Representing uncertain information, however, is only the firststage of the analysis. The next task is to distinguish an unknown object from a collection of referencepatterns. In an SVNS-based pattern recognition problem, the unknown object and each referencepattern are described over the same attributes, and a dissimilarity measure quantifies the separationbetween their profiles. A smaller value indicates a closer correspondence under the adopted com-parison rule, whereas a larger value indicates greater separation. Medical diagnosis follows the samegeneral structure: the patient constitutes the unknown pattern, the candidate diseases provide thereference patterns, and the disease with the minimum dissimilarity is regarded as the most plausi-ble match. The construction of a suitable dissimilarity measure is therefore important not only fornumerical comparison but also for the reliability of the resulting recognition or diagnostic ranking.Pattern recognition has consequently become an important testing ground for SVNS comparisonmethods. Garg and Nancy [10] developed biparametric distances for both pattern recognition andmedical diagnosis. Chai et al. [11] examined recognition examples when evaluating new SVNS infor-mation measures, while Zeng et al. [12] incorporated a modified Manhattan construction into recog-nition, decision-making, and clustering procedures. Singh and Sharma [13] applied aggregation-baseddivergence measures to pattern discrimination, and Bisht and Pal [14] recently used an inner-productconstruction in recognition and diagnostic problems. Within the medical branch of this research,Ye [15] constructed an early diagnostic comparison scheme for simplified neutrosophic information,and Shahzadi et al. [16] used SVNS evaluations to identify diseases from uncertain symptom records.Ye and Fu [17] incorporated observations collected over multiple periods, whereas Zhang et al. [18]combined SVNSs with probabilistic rough multisets over two universes to model more complex diag-nostic relations. Xiao and Ding [19] further illustrated the role of divergence-based classification in aneighboring fuzzy environment. Despite their different formulations, these studies follow the samefundamental principle: classification depends on the numerical separation between an unknown pro-file and the available reference profiles.Researchers have constructed SVNS dissimilarity or distance information in several ways. Broumiand Smarandache [20] used maximum component deviations in an early neutrosophic comparison
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formula. Majumdar and Samanta [21] investigated Hamming- and Euclidean-type expressions andconnected set comparison with entropy. Huang [22] proposed a distance designed to retain moreinformation about the direction and distribution of SVNS differences. Liu and Luo [23] introduced aweighted distance procedure for multi-attribute group decision making, thereby allowing criteria tocontribute unequally. Garg and Nancy [10] added adjustable parameters to the distance construction,and Ren et al. [24] drew on chi-square normalization to rescale component deviations. These ap-proaches show that dissimilarity is not determined merely by calculating absolute differences; it alsodepends on how the local differences are selected, transformed, weighted, and aggregated.Other authors have obtained bounded comparison values through nonlinear transformations of lo-cal or aggregated deviations. Ye [25] employed a cotangent transformation in a fault-diagnosis model,whereas Mondal et al. [26] adopted a hybrid binary logarithm formulation for group decision making.Zhang et al. [27] combined ordered and average weighting for single-valued neutrosophic linguistic as-sessments. Garg and Nancy [28] incorporated a new distance into TOPSIS and clustering algorithms,demonstrating that the choice of dissimilarity structure can affect the subsequent decision procedure.Chai et al. [11] examined axiomatic requirements and counter-intuitive cases in SVNS comparison, andZeng et al. [12] developed a modified Manhattan construction to improve discrimination for selecteddata arrangements. Ali et al. [29] later extended Hausdorff distance to SVNSs, offering a set-level ac-count of separation. Collectively, these studies reveal no single compulsory aggregation rule for allneutrosophic problems.Recent research has continued to broaden both the mathematical forms and application domainsof neutrosophic distance and dissimilarity. Mustapha et al. [30] used distance-based evaluations inclustering for medical data. Dasan et al. [31] introduced a sine-based distance and embedded it ina minimum-distance decision procedure, while Singh and Sharma [13] constructed divergence mea-sures from aggregation operators for pattern recognition. Radha and Samuel [32] developed a Tan–logdistance specifically for neutrosophic medical diagnosis. Mishra et al. [33] combined a Hellinger-typedistance with objective weighting and ranking tools for sustainable energy-storage evaluation. Xu andZhao [34] integrated a parameterized distance with TOPSIS and TODIM to account for both profileseparation and decision attitude. Thakur [35] investigated several distances and distance-based confi-dence in a generalized neutrosophic environment. Bisht and Pal [14] used an inner-product construc-tion in recognition and diagnostic problems, and Dasan et al. [36] recently developed an average-function distance for consumer selection. The continued appearance of new formulations indicatesthat the way a model represents dissimilarity remains an active methodological question.The choice of a dissimilarity measure can influence medical diagnosis, particularly when severaldiseases share similar symptoms. Different measures may assign different levels of separation to thesame patient–disease pair or produce ties for profiles with different patterns of deviation. Previousstudies have therefore continued to examine the discriminative behavior of SVNS comparison meth-ods [11, 12, 14]. These findings suggest that the way local differences are aggregated deserves fur-ther investigation. Motivated by this issue, the present study develops a minimum-based dissimilaritymeasure for SVNSs. The measure selects the smallest coordinate deviation for each criterion, appliesa bounded nonlinear transformation, and then aggregates the resulting values. Rather than claiminguniversal superiority, this study examines the construction as an alternative way of comparing uncer-tain profiles and evaluates its usefulness in medical diagnostic reasoning.The main contributions of this study are summarized as follows:
1. This study introduces a bounded SVNS dissimilarity measure that combines minimum coordi-nate selection with nonlinear normalization.
2. It examines the basic properties and numerical behavior of the measure through examples andcomparisons with existing formulas.
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3. It incorporates the measure into a minimum-dissimilarity procedure for ranking candidate dis-eases represented by SVNS symptom profiles.
4. It explores the feasibility of the procedure through two medical diagnostic applications and acomparative evaluation of the resulting rankings.
Although many measure constructions have been studied for SVNSs, the use of minimum coordi-nate selection followed by bounded nonlinear normalization remains less explored in medical diag-nosis. This approach offers an alternative way to aggregate local deviations when ranking uncertainclinical profiles. Accordingly, this article introduces the proposed dissimilarity measure, examines itsbasic properties, and explores its diagnostic feasibility. Section 2 presents the required concepts andexisting formulas, Section 3 develops the proposed measure, Section 4 describes the diagnostic pro-cedure, Section 5 reports the applications, and Section 6 concludes the article.

2. Preliminaries

2.1 Basic Concepts

Definition 1 ([1]). Let Ξ = {z1, z2, . . . , zn} be a finite universe of discourse. A fuzzy set (FS) P on Ξ is
defined as

P = {⟨zj, µP(zj)⟩ : zj ∈ Ξ} ,

where µP(zj) ∈ [0, 1] denotes the membership degree of zj in P .

Definition 2 ([2]). An intuitionistic fuzzy set (IFS) P on Ξ is defined as

P = {⟨zj, µP(zj), νP(zj)⟩ : zj ∈ Ξ} ,

whereµP(zj), νP(zj) ∈ [0, 1] denote themembership and non-membership degrees, respectively, and
satisfy

0 ≤ µP(zj) + νP(zj) ≤ 1.

The hesitancy degree is given by

πP(zj) = 1− µP(zj)− νP(zj).

Definition 3 ([4]). A single-valued neutrosophic set (SVNS) P on Ξ is defined as

P = {⟨zj, TP(zj), IP(zj), FP(zj)⟩ : zj ∈ Ξ} ,

where TP(zj), IP(zj), and FP(zj) denote the truth-membership, indeterminacy-membership, and
falsity-membership degrees, respectively. For every zj ∈ Ξ ,

TP(zj), IP(zj), FP(zj) ∈ [0, 1], 0 ≤ TP(zj) + IP(zj) + FP(zj) ≤ 3.

Definition 4 ([4]). Let P andQ be two SVNSs on Ξ . Their inclusion and equality relations are defined
as follows:

1. P ⊆ Q, if and only if TP(zj) ≤ TQ(zj), IP(zj) ≥ IQ(zj), FP(zj) ≥ FQ(zj), zj ∈ Ξ.

2. P = Q, if and only if TP(zj) = TQ(zj), IP(zj) = IQ(zj), FP(zj) = FQ(zj), zj ∈ Ξ.
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Table 1Existing distance measures for SVNSs
Source Distance measure

Broumi and
Smarandache [20] dBS(P,Q) =

1

n

n∑
j=1

max


|TP(zj)− TQ(zj)|,
|IP(zj)− IQ(zj)|,
|FP(zj)− FQ(zj)|



Majumdar and
Samanta [21]

d1MS(P,Q) =
1

3n

n∑
j=1

(
|TP(zj)− TQ(zj)|

+ |IP(zj)− IQ(zj)|+ |FP(zj)− FQ(zj)|
)

d2MS(P,Q) =

√√√√√√√ 1

3n

n∑
j=1


(TP(zj)− TQ(zj))

2

+ (IP(zj)− IQ(zj))
2

+ (FP(zj)− FQ(zj))
2



Ye [25]
d1Y (P,Q) = 1− 1

n

n∑
j=1

Cot

π

4
+

π

4
max

|TP(zj)− TQ(zj)|,
|IP(zj)− IQ(zj)|,
|FP(zj)− FQ(zj)|




d2Y (P,Q) = 1− 1

n

n∑
j=1

Cot

π

4
+

π

12

|TP(zj)− TQ(zj)|
+ |IP(zj)− IQ(zj)|
+ |FP(zj)− FQ(zj)|




Mondal et al. [26] dM (P,Q) = 1− 1

n

n∑
j=1

log2

2− 1

3

|TP(zj)− TQ(zj)|
+ |IP(zj)− IQ(zj)|
+ |FP(zj)− FQ(zj)|




Mishra et al. [33] dMi(P,Q) =
1

2n

n∑
j=1

√√√√√√√√√√√√√√√√√√

(√
TP(zj)−

√
TQ(zj)

)2

+

(√
IP(zj)−

√
IQ(zj)

)2

+

(√
1− IP(zj)−

√
1− IQ(zj)

)2

+

(√
FP(zj)−

√
FQ(zj)

)2

Xu and Zhao [34] dXZ(P,Q) =
1

3n

n∑
j=1



|TP(zj)− TQ(zj)|
TP(zj) + TQ(zj)

+
|IP(zj)− IQ(zj)|
IP(zj) + IQ(zj)

+
|FP(zj)− FQ(zj)|
FP(zj) + FQ(zj)



2.2 Existing Distance Measures for SVNSs

Various distance measures have been developed to quantify the difference between SVNSs. Let
P and Q be two SVNSs on Ξ = {z1, z2, . . . , zn}. The existing distance measures are summarized inTable 1.
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3. Methodology
This section develops and validates the proposed dissimilarity measure for SVNSs. First, the newmeasure is defined and its fundamental properties are established. Subsequently, four numerical ex-amples are presented to verify these properties and compare the proposed measure with existingmeasures under different numerical settings.

3.1 A New Dissimilarity Measure for SVNSs

Definition 5. Let P and Q be two SVNSs on Ξ . The new dissimilarity measure between P and Q,
denoted by d(P ,Q), is defined as follows

d(P ,Q) =
1

n

n∑
j=1

(
2min (|TP(zj)− TQ(zj)|, |IP(zj)− IQ(zj)|, |FP(zj)− FQ(zj)|)

1 + min (|TP(zj)− TQ(zj)|, |IP(zj)− IQ(zj)|, |FP(zj)− FQ(zj)|)

)
. (1)

Unlike a direct sum of the three component differences, Eq. (1) retains the least component-wisedeviation at each zj and then applies a nonlinear normalization. This construction produces a boundedvalue without altering the order of the local deviation.
Theorem 1. Consider three LDFSs P , Q, and R on the UOD Ξ , the proposed measure satisfies the
following properties:

1. 0 ≤ d(P ,Q) ≤ 1;

2. if P = Q, then d(P ,Q) = 0;

3. d(P ,Q) = d(Q,P);

4. if P ⊆ Q ⊆ R, then d(P ,Q) ≤ d(P ,R) and d(Q,R) ≤ d(P ,R).

Proof. 1. For convenience, denote the minimum component difference at zj by
δj(P ,Q) = min (|TP(zj)− TQ(zj)| , |IP(zj)− IQ(zj)| , |FP(zj)− FQ(zj)|) .

Because every membership degree belongs to [0, 1], each absolute difference, and hence itsminimum, lies in the same interval:
0 ≤ δj(P ,Q) ≤ 1.

Let
h(x) =

2x

1 + x
, 0 ≤ x ≤ 1.

Since h(0) = 0, h(1) = 1, and
h′(x) =

2

(1 + x)2
> 0,

the function h maps [0, 1] onto [0, 1] and is strictly increasing. Eq. (1) is the arithmetic mean of
h
(
δj(P ,Q)

) over all zj ∈ Ξ . Therefore, 0 ≤ d(P ,Q) ≤ 1, which proves Property 1.
2. If P = Q, the corresponding truth, indeterminacy, and falsity membership degrees are equalfor every zj . Thus, δj(P ,Q) = 0 for all j, and Eq. (1) gives d(P ,Q) = 0. Property 2 follows.

216



Journal of Expert Systems and Sustainable DevelopmentVolume 2, Issue 1 (2026) 211-228

3. The equality |a− b| = |b− a| holds for each component difference. Hence,
δj(P ,Q) = δj(Q,P),

and substituting the above equation into Eq. (1) establishes Property 3.
4. Assume that P ⊆ Q ⊆ R. By the inclusion rule for SVNSs, each zj ∈ Ξ satisfies

TP(zj) ≤ TQ(zj) ≤ TR(zj), IP(zj) ≥ IQ(zj) ≥ IR(zj), FP(zj) ≥ FQ(zj) ≥ FR(zj).

The component difference between either pair of adjacent sets is no greater than the corre-sponding difference between P andR. Consequently,
δj(P ,Q) ≤ δj(P ,R), δj(Q,R) ≤ δj(P ,R).

The functionh is strictly increasing on [0, 1], so it preserves both inequalities. Applyinghfirst andthen taking the mean over j = 1, 2, . . . , n yields d(P ,Q) ≤ d(P ,R) and d(Q,R) ≤ d(P ,R).These are the two assertions in Property 4.

3.2 Numerical Validation

Example 1. For an arbitrary element zj ∈ Ξ , denote the component-wise deviations between P and
Q by

∆T = |TP(zj)− TQ(zj)| , ∆I = |IP(zj)− IQ(zj)| , ∆F = |FPzj)− FQ(zj)| .

Taking∆F = 1 and allowing∆T and∆I to vary over [0, 1] gives the boundary surface

d(P ,Q) =
2min{∆T,∆I, 1}

1 + min{∆T,∆I, 1}
.

The resulting values are displayed in Figure 1.
The surface remains between 0 and 1 for all∆T,∆I ∈ [0, 1]. Its minimum value is 0, and it reaches

1 only when ∆T = ∆I = ∆F = 1. When ∆F < 1, the distance remains within the same interval.
Therefore, the average over all elements also lies between 0 and 1, satisfying Property 1.

Example 2. Let Ξ = {z1, z2, z3} and consider

P = Q = {⟨z1, 0.20, 0.60, 0.70⟩, ⟨z2, 0.40, 0.50, 0.50⟩, ⟨z3, 0.55, 0.25, 0.35⟩},
R = {⟨z1, 0.30, 0.50, 0.60⟩, ⟨z2, 0.60, 0.30, 0.30⟩, ⟨z3, 0.80, 0.00, 0.10⟩}.

Since P = Q, the proposed measure gives

d(P ,Q) = 0, d(P ,R) = d(R,P) = 0.3051.

The zero value obtained for the identical sets verifies Property 2, while the equal distances for P and
R verify Property 3.

Example 3. Consider the following SVNSs on Ξ:

P = {⟨z1, 0.20, 0.70, 0.80⟩, ⟨z2, 0.30, 0.60, 0.70⟩, ⟨z3, 0.40, 0.50, 0.60⟩},
Q = {⟨z1, 0.35, 0.55, 0.65⟩, ⟨z2, 0.45, 0.45, 0.55⟩, ⟨z3, 0.55, 0.35, 0.45⟩},
R = {⟨z1, 0.60, 0.30, 0.40⟩, ⟨z2, 0.70, 0.20, 0.30⟩, ⟨z3, 0.80, 0.10, 0.20⟩}.
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Fig. 1. The boundedness of the proposed dissimilarity measure
It is clear that P ⊆ Q ⊆ R. The proposed measure gives

d(P ,Q) = 0.2609, d(Q,R) = 0.4000, d(P ,R) = 0.5714.

Therefore,
d(P ,Q) ≤ d(P ,R), d(Q,R) ≤ d(P ,R),

which verifies Property 4.

Example 4. The proposed measure is compared with the eight existing measures listed in Table 1. Let
Ξ = {z1, z2, z3}, and consider the four cases presented in Table 2.

The values produced by the nine measures are reported to four decimal places in Table 3.
As shown in Table 3 and Fig. 2, several existing measures cannot distinguish between cases with

different component structures. In particular, dBS , d1MS , d1Y , dMi, and dXZ return the same values for
Cases 1 and 2, whereas d1MS , d2MS , d2Y , dM , and dXZ remain unchanged for Cases 3 and 4. In compar-
ison. The proposed measure gives 0.2913, 0.3239, 0.3683, and 0.3440 for the four cases, respectively,
and therefore distinguishes all of them. This outcome demonstrates its stronger sensitivity to varia-
tions in the component-wise deviations and highlights its advantage when finer discrimination among
SVNSs is required.

4. Dissimilarity-Based Medical Pattern Recognition
This section develops a dissimilarity-based algorithm for medical pattern recognition with SVNSinformation.

Problem statement: Let S = {s1, s2, . . . , sn} denote the clinical criteria and C = {C1, C2, . . . , Cq} thecandidate diseases.The classification procedure consists of the following steps, and its overall workflow is illustratedin the flowchart in Fig. 3.
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Table 2SVNS data for the four illustrative cases
Case Element P Q

z1 ⟨0.35, 0.30, 0.45⟩ ⟨0.65, 0.70, 0.55⟩
1 z2 ⟨0.41, 0.41, 0.39⟩ ⟨0.59, 0.59, 0.61⟩

z3 ⟨0.38, 0.28, 0.28⟩ ⟨0.62, 0.72, 0.72⟩

z1 ⟨0.38, 0.30, 0.41⟩ ⟨0.62, 0.70, 0.59⟩
2 z2 ⟨0.29, 0.28, 0.34⟩ ⟨0.71, 0.72, 0.66⟩

z3 ⟨0.45, 0.39, 0.41⟩ ⟨0.55, 0.61, 0.59⟩

z1 ⟨0.38, 0.38, 0.29⟩ ⟨0.62, 0.62, 0.71⟩
3 z2 ⟨0.34, 0.37, 0.32⟩ ⟨0.66, 0.63, 0.68⟩

z3 ⟨0.25, 0.31, 0.41⟩ ⟨0.75, 0.69, 0.59⟩

z1 ⟨0.45, 0.31, 0.29⟩ ⟨0.55, 0.69, 0.71⟩
4 z2 ⟨0.37, 0.34, 0.32⟩ ⟨0.63, 0.66, 0.68⟩

z3 ⟨0.36, 0.28, 0.33⟩ ⟨0.64, 0.72, 0.67⟩

Table 3Comparison of the existing and proposed dissimilarity measures
Measure Case 1 Case 2 Case 3 Case 4

dBS 0.3533 0.3533 0.4267 0.4067
d1MS 0.2778 0.2778 0.3222 0.3222
d2MS 0.3015 0.3006 0.3363 0.3363
d1Y 0.4390 0.4390 0.5154 0.4966
d2Y 0.3599 0.3582 0.4107 0.4107
dM 0.2171 0.2178 0.2536 0.2536
dMi 0.2195 0.2195 0.2344 0.2505
dXZ 0.2778 0.2778 0.3222 0.3222

d (proposed) 0.2913 0.3239 0.3683 0.3440

Step 1. Construct the SVNS profiles. The disease profiles and the patient’s symptom profile are as-sumed to be available before the distance evaluation. For Ck, write
Ck(sj) = ⟨τkj, ιkj, ϕkj⟩ , j = 1, 2, . . . , n, k = 1, 2, . . . , q,

while the patient profile on the same criterion set is expressed as
A(sj) = ⟨aj, bj, cj⟩ , j = 1, 2, . . . , n,

where all membership components belong to [0, 1].
Step 2. Calculate the diagnostic dissimilarities. For each pair (A, Ck), set

ρkj = min {|aj − τkj|, |bj − ιkj|, |cj − ϕkj|} . (2)
Collecting these values for all candidates and criteria gives the deviation matrix

R = [ρkj]q×n =


ρ11 ρ12 · · · ρ1n
ρ21 ρ22 · · · ρ2n... ... . . . ...
ρq1 ρq2 · · · ρqn

 .
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Fig. 2. Comparison of the existing and proposed measures across the four illustrative cases
The kth row ofR is then aggregated to obtain the diagnostic distance

Λk = d(A, Ck) =
1

n

n∑
j=1

2ρkj
1 + ρkj

, k = 1, 2, . . . , q. (3)
Step 3. Rank the candidates and determine the diagnosis. Arrange {Λ1,Λ2, . . . ,Λq} in ascendingorder and determine

k⋆ ∈ argmin
1≤k≤q

Λk, Ĉ = Ck⋆ . (4)
Hence, the candidate attaining the lowest distance is selected.
Algorithm 1: Dissimilarity-based medical pattern recognition
Input : Candidate disease profiles C1, . . . , Cq and patient profileA on S
Output: The candidate ranking and selected disease pattern ĈForm Ck(sj) = ⟨τkj, ιkj, ϕkj⟩ andA(sj) = ⟨aj, bj, cj⟩;
for k = 1 to q do

for j = 1 to n doCompute ρkj using Eq. (2);
Compute Λk = d(A, Ck) using Eq. (3);

Rank C1, . . . , Cq in ascending order of Λk;Determine k⋆ using Eq. (4);
Set Ĉ = Ck⋆ ;
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Fig. 3. Workflow of the proposed method
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5. Applications in Medical Diagnosis
This section applies Algorithm 1 in two settings: symptom-based diagnosis and respiratory differ-ential diagnosis.

5.1 Diagnosis from Symptom Profiles

The SVNS assessments reported by Ye [15] are used to examine the proposed diagnostic procedure.
Step 1. Construct the SVNS profiles. Let

C = {C1 (viral fever), C2 (malaria), C3 (typhoid), C4 (gastritis), C5 (stenocardia)},
S = {s1 (fever), s2 (headache), s3 (stomach pain), s4 (cough), s5 (chest pain)}.

The five disease profiles are listed in Table 4.
Table 4SVNS profiles of the candidate diseases

Candidate s1 s2 s3 s4 s5

C1 ⟨0.4, 0.6, 0.0⟩ ⟨0.3, 0.2, 0.5⟩ ⟨0.1, 0.3, 0.7⟩ ⟨0.4, 0.3, 0.3⟩ ⟨0.1, 0.2, 0.7⟩
C2 ⟨0.7, 0.3, 0.0⟩ ⟨0.2, 0.2, 0.6⟩ ⟨0.0, 0.1, 0.9⟩ ⟨0.7, 0.3, 0.0⟩ ⟨0.1, 0.1, 0.8⟩
C3 ⟨0.3, 0.4, 0.3⟩ ⟨0.6, 0.3, 0.1⟩ ⟨0.2, 0.1, 0.7⟩ ⟨0.2, 0.2, 0.6⟩ ⟨0.1, 0.0, 0.9⟩
C4 ⟨0.1, 0.2, 0.7⟩ ⟨0.2, 0.4, 0.4⟩ ⟨0.8, 0.2, 0.0⟩ ⟨0.2, 0.1, 0.7⟩ ⟨0.2, 0.1, 0.7⟩
C5 ⟨0.1, 0.1, 0.8⟩ ⟨0.0, 0.2, 0.8⟩ ⟨0.2, 0.0, 0.8⟩ ⟨0.0, 0.0, 0.8⟩ ⟨0.8, 0.1, 0.1⟩

The patient profile on the same symptom set is
A(s1) = ⟨0.8, 0.2, 0.1⟩, A(s2) = ⟨0.6, 0.3, 0.1⟩,
A(s3) = ⟨0.2, 0.1, 0.8⟩, A(s4) = ⟨0.6, 0.5, 0.1⟩,
A(s5) = ⟨0.1, 0.4, 0.6⟩.

Step 2. Calculate the diagnostic dissimilarities. Equations (2) and (3) give

R =


0.1 0.1 0.1 0.2 0.0
0.1 0.1 0.0 0.1 0.0
0.2 0.0 0.0 0.3 0.0
0.0 0.1 0.1 0.4 0.1
0.1 0.1 0.0 0.5 0.3

 .

For example, the dissimilarity associated with malaria is
Λ2 =

1

5

[
2(0.1)

1.1
+

2(0.1)

1.1
+

2(0.0)

1.0
+

2(0.1)

1.1
+

2(0.0)

1.0

]
= 0.1091.

The complete results are presented in Table 5.
Step 3. Rank the candidates and determine the diagnosis. The ascending order is

C2 ≺ C3 ≺ C1 ≺ C4 ≺ C5,

According to Eq. (4),
k⋆ = 2, Ĉ = C2.

Since Λ2 = 0.1091 is the unique minimum, the patient is assigned to C2, corresponding to malaria.The case above illustrates a direct application of the proposed measure. The following case exam-ines whether the same decision is retained under other SVNS dissimilarity measures.
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Table 5Dissimilarity-based diagnostic resultsCandidate disease Λk RankViral fever (C1) 0.1758 3Malaria (C2) 0.1091 1Typhoid (C3) 0.1590 2Gastritis (C4) 0.2234 4Stenocardia (C5) 0.2984 5

5.2 Respiratory Differential Diagnosis

Patients with respiratory diseases often share several common symptoms, which can make earlydifferential diagnosis difficult. For example, fever and cough can be found in patients with acute bron-chitis, influenza, bacterial pneumonia, and pulmonary tuberculosis. Symptoms such as shortness ofbreath or chest discomfort may also appear in asthma. According to clinical guidelines, respiratorytract infections, asthma, and pneumonia are among the conditions that should be considered whenevaluating adults with cough [37]. Dyspnea is also not specific to a single disease and may occur invarious cardiopulmonary conditions [38]. Therefore, relying only on the symptoms reported duringthe first clinical visit may not provide enough information to distinguish one respiratory disease fromanother. Previous outpatient studies have shown that the assessment of pneumonia usually requiresa combined consideration of symptoms, vital signs, and physical examination findings [39]. In addi-tion, symptom duration and severity vary from patient to patient, while information obtained fromself-reports, clinical examinations, and preliminary tests may contain different degrees of uncertainty.For these reasons, respiratory differential diagnosis provides an appropriate example for Algorithm 1,where a patient is classified according to the disease profile that produces the minimum dissimilarityvalue.
Step 1. Construct the SVNS profiles. The candidate set contains acute bronchitis, influenza, bacterialpneumonia, pulmonary tuberculosis, and asthma, denoted by C1, C2, C3, C4, and C5, respectively. Theassessment uses four clinical criteria:

S = {s1 (fever), s2 (cough), s3 (dyspnea), s4 (chest discomfort)}.
The corresponding disease data and the observations for patientA are listed in Table 6.

Table 6SVNS assessments of the respiratory diseases and patient
Criterion C1 C2 C3 C4 C5 A

Fever (s1) ⟨0.11, 0.65, 0.10⟩ ⟨0.36, 0.41, 0.38⟩ ⟨0.41, 0.31, 0.48⟩ ⟨0.68, 0.11, 0.70⟩ ⟨0.28, 0.17, 0.29⟩ ⟨0.44, 0.33, 0.46⟩
Cough (s2) ⟨0.17, 0.61, 0.06⟩ ⟨0.62, 0.37, 0.27⟩ ⟨0.55, 0.27, 0.35⟩ ⟨0.75, 0.07, 0.11⟩ ⟨0.68, 0.47, 0.55⟩ ⟨0.53, 0.30, 0.37⟩
Dyspnea (s3) ⟨0.30, 0.52, 0.57⟩ ⟨0.74, 0.29, 0.34⟩ ⟨0.64, 0.23, 0.27⟩ ⟨0.45, 0.45, 0.50⟩ ⟨0.51, 0.05, 0.40⟩ ⟨0.66, 0.20, 0.25⟩

Chest discomfort (s4) ⟨0.14, 0.79, 0.14⟩ ⟨0.56, 0.51, 0.52⟩ ⟨0.49, 0.39, 0.47⟩ ⟨0.70, 0.68, 0.69⟩ ⟨0.62, 0.28, 0.57⟩ ⟨0.46, 0.42, 0.44⟩

Step 2. Calculate the diagnostic dissimilarities. Using Eq. (2), the criterion-level deviations between
A and the five disease profiles are

R =


0.32 0.31 0.32 0.30
0.08 0.07 0.08 0.08
0.02 0.02 0.02 0.03
0.22 0.22 0.21 0.24
0.16 0.15 0.15 0.13

 .
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Each row ofR is then aggregated by Eq. (3). This gives
Λ1 = 0.4761, Λ2 = 0.1438, Λ3 = 0.0440,

Λ4 = 0.3639, Λ5 = 0.2569.

Step 3. Rank the candidates and determine the diagnosis. The ascending order is
C3 ≺ C2 ≺ C5 ≺ C4 ≺ C1.

According to Eq. (4),
k⋆ = 3, Ĉ = C3.

Thus, the patient is assigned to the bacterial pneumonia profile.
Comparison with existing measures. The same profiles are evaluated using the proposed measureand eight existing measures. Here, dr denotes the rth measure, r = 1, 2, . . . , 9, and Cj0 denotes thecandidate disease attaining the minimum dissimilarity under dr. The degree of confidence (DoC) [35]is calculated as

DoC(dr) =
5∑

k=1
k ̸=j0

|dr(A, Ck)− dr(A, Cj0)| . (5)
The DoC is the total difference between the selected candidate and the other four candidates. A largervalue means that the selected profile is more clearly separated in the calculation.The comparative results and DoC values calculated using Eq. (5) are presented in Table 7, while theDoC comparison is visualized in Fig. 4. The minimum value in each row is shown in bold.

Table 7Diagnostic values for the patient profile
Measure C1 C2 C3 C4 C5 Ranking Result DoC

dBS 0.3625 0.0925 0.0300 0.2525 0.1650 C3 ≺ C2 ≺ C5 ≺ C4 ≺ C1 C3 0.7525
d1MS 0.3317 0.0858 0.0250 0.2392 0.1558 C3 ≺ C2 ≺ C5 ≺ C4 ≺ C1 C3 0.7125
d2MS 0.3325 0.0863 0.0255 0.2397 0.1564 C3 ≺ C2 ≺ C5 ≺ C4 ≺ C1 C3 0.7128
d1Y 0.4528 0.1356 0.0460 0.3346 0.2305 C3 ≺ C2 ≺ C5 ≺ C4 ≺ C1 C3 0.9693
d2Y 0.4209 0.1265 0.0385 0.3194 0.2190 C3 ≺ C2 ≺ C5 ≺ C4 ≺ C1 C3 0.9318
dM 0.2616 0.0633 0.0181 0.1838 0.1171 C3 ≺ C2 ≺ C5 ≺ C4 ≺ C1 C3 0.5531
dMi 0.2794 0.0652 0.0201 0.1890 0.1255 C3 ≺ C2 ≺ C5 ≺ C4 ≺ C1 C3 0.5786
dXZ 0.4759 0.1095 0.0343 0.3190 0.2288 C3 ≺ C2 ≺ C5 ≺ C4 ≺ C1 C3 0.9959

d (proposed) 0.4761 0.1438 0.0440 0.3639 0.2569 C3 ≺ C2 ≺ C5 ≺ C4 ≺ C1 C3 1.0649
The agreement in both the diagnosis and the complete ranking with the existing measures sup-ports the consistency and reliability of the proposed measure in this application. Moreover, the pro-posed measure achieves the highest DoC among the nine measures, indicating a stronger ability todistinguish bacterial pneumonia (C3) from the remaining candidate diseases. It therefore providesclearer disease separation, less diagnostic ambiguity, and greater confidence in the obtained diagno-sis.

6. Conclusions
This study proposed aboundeddissimilaritymeasure for SVNSs and applied it tomedical diagnosticreasoning. Theoretical and numerical analyses showed that the measure is symmetric, bounded in

[0, 1], and monotonic under set inclusion. In the two medical applications, the method identifiedmalaria with a dissimilarity value of 0.1091 and bacterial pneumonia with a value of 0.0440.
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Fig. 4. Comparison of the degree of confidence obtained by the nine dissimilarity measures
For the respiratory case, the proposed measure produced the same disease ranking as the eightexisting measures and achieved the highest degree of confidence, 1.0649. This result indicates thatthe proposed method provided clearer separation between bacterial pneumonia and the other can-didate diseases for the examined data. Therefore, it offers a feasible approach for ranking uncertainmedical profiles represented by single-valued neutrosophic information. Future studies should testthe method on larger clinical datasets and examine the possible information loss caused by selectingonly the minimum component difference.
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