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entail conditions that are not limited in scope and exhibit a considerable level
of uncertainty in scenarios involving multiple dimensions, hence presenting sub-
stantial difficulties. The objective of this research study is to provide a compre-
hensive understanding of similarity measures in the context of mPIVIFSS. Addi-
tionally, we will examine several operations, such as complement, subset, union,
intersection, AND, OR, and De-Morgan’s Laws, as they relate to mPIVIFSS. This
study not only includes theoretical debates but also explores practical applica-
tions. These efforts contribute to the improvement of decision-making, pattern
recognition, and data analysis in settings characterized by ambiguous and uncer-
tain information, hence emphasizing the importance of similarity measures in ef-
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1. Introduction

To facilitate comparisons, classifications, clustering, and information retrieval, similarity measure-
ments estimate the degree of similarity or dissimilarity between data points. They play a crucial role in
analyzing and extracting useful patterns from massive datasets. The ability to deal with ambiguity and
unpredictability is crucial for solutions, and uncertainty underpins industries such as finance, medici-
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ne, and artificial intelligence. When put together with measures of similarity, these ideas offer a robust
framework for dealing with complex, uncertain, and incomplete information, which in turn enhances
the quality of analysis and decision-making process in many contexts. Within the field of mathemat-
ical modeling, there has been a continuous effort to develop all-encompassing frameworks that can
effectively represent the inherent ambiguity, uncertainty, and complexity seen in real-world phenom-
ena. The conventional rigidity of mathematical analysis often proves inadequate when confronted
with real-world scenarios characterized by uncertain situations and imprecise limits. To tackle this
particular difficulty, Lotfi [1] developed the area of fuzzy mathematics in 1965, it provided a pioneering
expansion. Fuzzy mathematics, which was subsequently expanded by Atanassov, underwent further
development to give rise to intuitionistic fuzzy sets (IFS). This advancement introduced the notions of
membership, non-membership, and hesitation degrees [2]. The aforementioned advancements of-
fered a new level of precision in depicting ambiguous data, in contrast to the limitations imposed by
classical symbolic logic. Further investigation was undertaken due to the constraints of current mod-
els, leading Molodtsov [3] to introduce a novel approach in the field of mathematical modeling known
as multi-polar fuzzy mathematics. The aforementioned innovative methodology aimed to address the
limitations of current frameworks and adapt to the intricacies of practical issues. Maji [4] continues the
quest for a more flexible mathematical modeling framework with the creation of fuzzy soft set theory.
By adding operations on fuzzy soft sets (FSS), soft mathematics broadened the scope of mathemat-
ical modeling. The concept and basic operators of intuitionistic fuzzy soft sets (IFSS) were proposed
by [5]. In addition, Agarwal et al. [6] presented the generalization of IFSS, its more generalizations
and decision-making (DM) approaches were introduced by [7-9]. The concept of interval-valued IFSS
was proposed by Jiang et al. [10]. Multi-polar fuzzy graphs were introduced by Akram et al. [11], and
similarity measures to study them were presented by [12]. The topic of intuitionistic fuzzy sets (IFS)
has had substantial advancements in recent years, namely in the investigation of diverse distance and
similarity measures of IFS. Scholars have directed their attention towards enhancing the process of
pattern recognition, multi-attribute decision-making (MADM), medical diagnosis, and group decision-
making through the creation of novel metrics aimed at capturing the fundamental nature of IFS. Pa-
pakostas et al. [13] underscored the significance of selecting suitable distance and similarity measures
for pattern recognition applications in their comparative analysis. Luo and Ren [14] introduced a new
similarity measure, thereby broadening the scope of the use of the Intuitionistic Fuzzy Sets (IFS) in
Multiple Attribute Decision Making (MADM) situations. Dengfeng and Chuntian [15] proposed novel
similarity metrics for Iterated Function Systems (IFS) and showcased their efficacy in the field of pat-
tern recognition. The scholarly contributions made by [16-19] in the years 2000, 2004, and 2005 have
played a substantial role in advancing the field of similarity measures and their utilization in medical
diagnostic reasoning and group decision-making. Cagman and Deli [20] conducted a comprehensive
investigation into the field of intuitionistic fuzzy soft sets, thereby making significant progress in the
development of similarity measures and decision-making approaches. In their study, Muthukumar
and Krishnan [21-22] introduced a similarity measure for IFSS and effectively utilized it in the con-
text of medical diagnostics. The authors Selvachandran et al. [23] proposed the concept of distance
and distance-induced intuitionistic entropy in the context of generalized IFSS. Peng [24] proposed in-
novative decision-making algorithms for intuitionistic fuzzy soft sets, whereas Garg and Kumar [25]
utilized the set pair analysis theory as the foundation of their research, offering sophisticated simi-
larity measures and decision-making tools. In their recent study, Aydin and Enginoglu [26] proposed
the utilization of interval-valued intuitionistic fuzzy parameterized interval-valued IFSS in the context
of decision-making applications. In their study, Zhang et al. [27] presented a new methodology that
utilizes interval-valued IFSS for decision-making. This approach showcases the wide range of potential
applications within the field, as emphasized by the authors [28]. Wu et al. [29] presented a decision-
making approach for MCMDM problems. Additionally, Saglain et al. [30-34] expanded on the idea of
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soft sets by providing novel operators and decision-making similarity measures. In the area of sustain-
able hydrogen production, Saglain [35] also used VIKOR and Intuitionistic Hypersoft Sets. Soft comput-
ing’s involvement in healthcare was expanded by Jain et al. [36]. By introducing diverse extensions and
applications in various fields, Vijayabalaji and Ramesh [37], and Aiwu and Hongjun [12] made major
contributions to the field of IFSS. Collectively, these works show how soft computing models face am-
biguity and complexity due to the multi-polar nature of real-world problems in decision-making. The
abundance of scholarly works emphasizes the increasing importance of multi-polar interval-valued
IFSS and their ongoing application in diverse fields.

i. The literature review shows that the multi-polar nature of real-world data may not be ade-
quately represented by existing mathematical frameworks. Multi-polar information in two sets
(e.g., pictures or data sets) requires comparison in many real-world situations. By contrasting
the two, we may get a sense of how similar they are.

ii. This article presents similarity measures for multi-polar interval-valued intuitionistic fuzzy soft
sets (MPIVIFSS) as a solution to this problem.

iii. In addition to laying out the basics of mPIVIF soft sets, this article presents an application based
on distance-based similarity measures designed specifically for them.

This article’s organizational structure is as follows. We recap some of the basics in Section 2. In
Section 3, we define the definition of the multi-polar interval-valued intuitionistic fuzzy soft set (mPIV-
IFSS). The basic operations are defined in section 4. Distance and similarity measurements between
two mPIVIF soft sets are discussed in Section 5. In Section 6, we have proposed an MCDM algorithm
along with a case study and its solution. Finally, in section 7, conclusions are made with future direc-
tions.

2. Preliminaries

Establishing precise and explicit fundamental definitions is crucial for any academic article or re-
search project. These fundamental ideas act as the cornerstones around which the entire structure of
the paper is built. They give the reader a common place to start and a comprehension of the crucial
concepts and words that will be covered. The paper’s arguments, insights, and conclusions would lack
crucial context and clarity without these precise definitions, making it challenging for readers to un-
derstand the fundamental ideas and recognize the importance of the research. As a result, carefully
articulating core terminology is not only an essential component of academic communication but also
a crucial step in guaranteeing the paper’s readability and the applicability of its findings.

Defintion: Soft Set (SS) [6]. A pair (R, A) is said to be a soft set over initial universe U and A C E,
where E is the set of perimeters. Then the function R can be defined as;

R:A— P(U) (1)

Defintion: Fuzzy Soft Set (FSS)[7]. In equation (1) if we assign a value to each parameter of the pair
(R, A) in the form of fuzzy [0, 1] then it is said to be a fuzzy soft set over initial universe U.

Defintion: Intuitionistic Fuzzy Soft Set (IFSS) [8]. In equation (1) if we assign truthiness and falsity
values {e, T'(e), F'(e)} to each parameter of the pair (R, A) in the form of fuzzy [0, 1] then it is said to
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be an Intuitionistic fuzzy soft set over the initial universe U.

Defintion: Interval-valued Intuitionistic Fuzzy Soft Set (IVIFSS) [10]. Consider a set of parameteres
E =eq,e9,€3,....., e, over the universal set U. Then the mapping

R:A— P(U)=(R,A) ={e,T(e), F(e)} (2)

where T'(e) = [T'(e™), T(e*)] and F(e) = [F(e™), F(e)] C [0, 1] are the fuzzy values in the form of
intervals.

Defintion: m-Polar Intuitionistic Fuzzy Soft Set (mPIFSS) [10]

_ Consider a set of parameteres F' = ey, e, €3, ....., €, over the universal set U. Then the mapping
R:A— P(U)
(R, A) = {e,T(e™), F"(e)} (3)
Where

3. m-polar Interval-valued Intuitionistic fuzzy soft set (mPIVIFSS

Uncertainty and Intuitionistic sets are interrelated ideas that are essential for dealing with real-
world data and making decisions in circumstances where uncertainty, imprecision, and vagueness are
common. They provide more precise modeling and better-informed decisions across a range of areas,
thereby enhancing problem-solving and decision-making.

Definition: m-polar Interval-valued Intuitionistic fuzzy soft set (mPIVIFSS)

_ Consider a set of parameteres £ = ey, e, e, ....., e, over the universal set U. Then the mapping
R:A— PU)
(R A) = {e, [[(e"=), T(e"+)]), [F(e" = F(e"+)]} ()
Where
T(e™) =[[T(e'-), T(e'+)], ..., [T(e™=), T(e™+)]]

! T
[F(er=), F(e'+)], ..., [F(e"—), F(e"+)]]

then the pair (R, A) is called the mPIVIFSS such that T(e™) and F(e") are the interval of
membership and non-membership values respectively.
Example: Let 7 = z;, 2z be the set of cell phones under consideration for the purchasing purpose,
and A be a set of parameters A = {a; = Ram, as = Rom, az = Color,ay = ScreenSize}

then 2PIVIFSS can be defined as;

R(z1) = {(aq, ([0.2,0.6],[0.1,0.3]), ([0.3,0.5],[0.2,0.6])), (asz, ([0.3,0.7], [03,0.1]), ([0.1,0.5], [0.2, 0.4])),
(as,([0.2,0.4],10.7,0.2]), ([0.4,0.6], [0.3,0.7])), (a4, ([0.2,0.6], [0.1,0.3], ([0.3,0.5], [0.2,0.6]) }

F(e™)

R(z) = {(a1, ([0.2,0.6],[0.1,0.3]), ([0.3,0.5], [0.2,0.6])), (as, ([0.3,0.7], [03,0.1]), ([0.1,0.5], [0.2, 0.4])),
(a3, (]0.2,0.4],[0.7,0.2]), ([0.4,0.6], [0.3,0.7])), (a4, ([0.2,0.6],0.1,0.3], ([0.3,0.5], [0.2, 0.6]) }
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4. Some Operational Laws on mPIVIFSS

An illustrative example has been shown (Example 3.2), which will be used as a reference point
throughout this section. The present study will continually refer to this illustrative scenario to clarify
and strengthen the comprehension of the fundamental concepts and approaches covered in the paper.
The utilization of a particular instance as a frame of reference allows readers to establish a stronger
connection between theoretical or abstract ideas and their application in real-world scenarios. This
connection enhances their understanding and facilitates their grasp of the practical ramifications of
the research. This benchmark example acts as a guiding beacon, ensuring that the paper remains
grounded in its application and relevance, while also assisting readers in navigating the complexity of
the subject matter.

Complement of mPIVIFSS: The complement of m-polar Interval-valued Intuitionistic fuzzy soft set
(mPIVIFSS) is denoted by (R", A)C. It can be defined with the mapping R¢ such that.

R:A— PU)

where

(R7 A)c = (Rcv A) (5)

Subset of mPIVIFSS: Let (P A) and (Q), B) be two mPIVIFSS over common universe U. Then (P, A) is
said to be a subset of (Q, B) if and only if (P, A) C (Q, B) with A C B and forall a € A.

R(a) € Q(a) (6)

Equal mPIVIFSS: Let (P, A) and (Q, B) be two mPIVIFSS over common universe U. Then (P, A)is
equal to (@, B) ifand only if (P, A) C (@, B) and (Q, B) C (P, A) andforalla € A,
(P, A) = (Q,B) (7)

Union of two mPIVIF Soft sets: Let (P, A) and (Q, B) be two mPIVIFSS over common universe U. Then
Union of (P, A) and (Q, B) is denoted by (P, A) U (Q, B) such that;

(P,A)U(Q,B) = (R,C). (8)
where C' = A U B, and it is simplified as;
é(a), ae€A— B,
Q(a), a€ B - A;

HO=N mar(Pla), 9w,
min(P(a),Q(a), a€ ANB.

Intersection of two mPIVIF Soft sets: Let (P, A) and (Q, B) be two mPIVIFSS over common universe
U. Then intersection of (P, A) and (@, B) is denoted by (P, A) N (@, B) such that;

(P,A)N(Q,B) = (5.C) (9)
where C' = AN B, and its simplified from is;
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]?(a), a€A—-B;

Q) — Q(a),“ ) a € B— A;
SO =1 min(P(a), G(a),

max(P(a),Q(a), a € AN B.

AND Operation on mPIVIFSS: Let (P,A)and (Q, B) be two mPIVIFSS over common universe U. Then
AND operation of (P, A) and (Q, B) is denoted by (P, A) A (Q, B) such that;

(P,AYA(Q,B) = (T,Ax B) = {z,(P)T(2),( Q)T (2)|z € U} (10)

ifa e ANB.
OR Operation on mPIVIFSS: Let (P, A) and (Q, B) be two mPIVIFSS over common universe U. Then
OR operation of (P, A) and (@), B) is denoted by (P, A) V (@, B) such that;

(P,A)V(Q,B) = (T,Ax B) = {a,(P)T(a),(Q)T(a)|a € U} (11)
ifac AUB.

5. Distance and Similarity measures on mPIVIFSS

Distance and similarity measures are crucial factors in decision-making processes across a wide
range of areas. These measures offer a quantitative approach to evaluate the similarity or dissimilarity
across data points, enabling decision-makers to make well-informed decisions guided by data-driven
insights. In disciplines such as data analysis, machine learning, and recommendation systems, the
careful selection of suitable distance or similarity metrics plays a crucial role in the process of group-
ing comparable data, categorizing objects, and generating recommendations. Through the process
of quantifying the relationships among data points, these measures facilitate the ability of decision-
makers to discern patterns, identify outliers, and observe trends. Consequently, this leads to the for-
mulation of decisions that are characterized by enhanced accuracy, reliability, and a foundation in
empirical evidence. Distance and similarity metrics are crucial tools that play a vital role in connecting
data with educated decision-making. They enable the extraction of relevant information from intri-
cate datasets and contribute to decision processes that are both effective and efficient. The layout of
the proposed algorithm is presented in Figure 2.

Similarity Measure: Consider ¢4 and 1)z be two mPIVIFSS. Then the SM of ¢4 and v is defined
as

1
SM(A, B) = m (12)

where d(A, B) is the distance measure between two mPIVIFS sets A and B.
The two m PIV I F soft sets A and B are similar if and only if
https://www.overleaf.com/project/652771786191863e3fo89ddd

SM(A,B) =1 (13)

Theorem: The SM of A and B over Y satisfies the following.
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M0<SM(A,B)<1
(2) SM(A, B) = SM (B, A)
(3) SM(A,B)=1< ¢4 = Y

Proof.
The proof is straightforward.

5.1 Distance Measures

Hamming Distance

du(A, 2pqr{; ; ; 1% 0 = O () (2] + Ny (€0 (2D = Ay (e5) (2]} <
(14)

Normalized Hamming Distance

dnr (A, B) = Ypar {;;; 0% a = Ot (€) (2D [N (€ () = Ny (e5) (2D} < 1
(15)

Euclidean Distance

P L. 1

dpu(A, B) = 2mg”j1]wg D@8 (€) RPHAG () (k=R () (Nel?}? < Vi

(16)

Normalized Euclidean Distance

dm“g%wZZZW@ =Ty (€ 2+ (e3) (=i (e (P} <4/

i=1 j=1 k=1

6. MCDM Algorithm for mPIVIFSS

In this section, we present an MCDM algorithm to solve decision-making problems. The step-wise
is presented below.
Step 1: Construction of m-polar IVIF Soft Set.
Step 2: Calculation of Hamming Distance between two mPIVIHSS using formula.
Step 3: Calculation of Similarity Measure between two mPIVIHSS by evaluating Euclidean distance.

1
SM(A, B T ye— 18
( )= 1+ d(A, B) (18)
Step 4: Based on the SM, discuss the relation between two mPIVIHSS.
The graphical representation of the proposed algorithm is presented in Figure 1.
6.1 Solved Case Study
The process of selecting instructors for schools is complex, requiring consideration of not just the

candidates’ academic credentials but also their compatibility with the school’s pedagogical stance.
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Calculation
of
Hamming Distance

Calculation
of
Similarity Measure

Fig. 1. Proposed MCDM Algorithm under mPIVIFSS environment

This case study demonstrates the practical utility of sophisticated mathematical ideas in the field of
education by investigating the use of similarity measures based on multi-polar interval-valued intu-
itionistic fuzzy soft sets (mPIVIFSS).

Imagine a well-regarded school in need of a math instructor. Academic credentials, teaching expe-
rience, communication skills, and philosophical compatibility are just a few of the many factors that the
screening committee must consider. The inherent uncertainty and vagueness of the selection process
are expressed in the mPIVIFSS representation of the data for each candidate. Nuanced representa-
tions of membership, non-membership, and hesitation degrees are all possible under the mPIVIFSS
framework. The committee goes beyond simplistic yes/no decision-making by using mPIVIFSS-based
similarity measurements to undertake in-depth analyses. The application of similarity measures based
on the mPIVIFSS greatly improves the teacher selection process by helping the committee zero in on
candidates who best match the requirements and ethos of the school. This case study has the poten-
tial to pave the way for further investigations, perhaps including the incorporation of machine learning
approaches and specialized software tools, all with the end goal of enhancing the quality of teacher
selection in educational institutions. Table 1-4 shows the results of the calculations.

Suppose a set of three potential candidates P = { P;, P, P3} with academic credentials and qual-
ities as attributes A = {a; = Teaching, as = Publications, a3 = Qualification}.

The attributes have the following parametric standard:

a; =Teaching include high school,college and University
as =Publications include WoS, Scopus and other
as =Qualification include Graduation, Master and Doctorate

6.2 Solution
Step 1: Construct a 3-polar IVIFSS as qualifying criteria named A.
Step 2: Calculate Hamming distance between ® 4, and U, i.e.
Step 3: Calculation of Similarity Measure between ® 4 and $ 5.
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Table 1
Calculated Similarity Measure

Candidates Similarity between ® 4, and ®5
P 0.7341
P 0.8095
Py 0.5740

Step 4: Based on the SM, P, is the most ideal candidate that meets the standard of the hiring body.

The findings of this particular study highlight the complex nature of instructor selection in educa-
tional institutions and the potential benefits of utilizing advanced mathematical concepts, specifically
multi-polar interval-valued intuitionistic fuzzy soft sets (mPIVIFSS), to enhance this process. In addition
to the conventional emphasis on academic credentials, this research underscores the significance of
taking into account variables such as teaching background, proficiency in communication, and align-
ment of philosophical perspectives. It acknowledges the inherent ambiguity and lack of precision
associated with the process of selecting teachers. The utilization of mPIVIFSS-based similarity assess-
ments offers a more advanced and nuanced methodology, guiding the selection committee away from
making simplistic binary determinations. Figure 2, presents the calculated results and ranking of each
candidate.

Fig. 2. SM based calculated results and rankings

This methodology has facilitated thorough examinations, providing a more holistic perspective
of every candidate. Candidate P2 stands out as the optimal selection, as evidenced by a significant
similarity score that signifies a strong congruence with the educational philosophy of the institution.
This decision is a notable advancement, as it highlights the significance of considering not only the
candidate’s academic qualifications but also their values and teaching approach during the candidate
selection procedure. Furthermore, this particular case study holds promise for future investigations,
indicating the possible utilization of machine learning methodologies and dedicated software applica-
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tions to enhance the process of teacher selection, hence improving the overall educational standards
inside educational establishments.

7. Conclusions

In conclusion, as the field of mathematical modeling develops, a wide variety of sophisticated
methods emerge to deal with the fuzziness and uncertainty that characterize real-world data. Ap-
plications in areas as varied as decision analysis, pattern recognition, and data comparison further
demonstrate the value of these mathematical developments. There is still a pressing need to find all-
encompassing models that can effectively describe multi-polar information and evaluate the degree
of similarity between data sets. This article introduces a novel approach to tackle this issue head-on:
similarity metrics for multi-polar interval-valued intuitionistic fuzzy soft sets (mPIVIFSS). The diagnos-
tic and data-analysis applications of these metrics show the practical utility and significance of these
mathematical advancements. Further, the creation of open-access software tools and libraries for
mPIVIFSS modeling and analysis can democratize the use of these models and make them more ac-
cessible to researchers, practitioners, and decision-makers across a wide range of disciplines. Getting
the most out of these mathematical advances requires close cooperation between mathematicians,
computer scientists, and domain-specific experts. Future work can continue to broaden the horizons
of mathematical modeling, ultimately delivering more robust solutions to the intricate issues given by
real-world data, by building on the foundations created in this research.
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