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Correlation provides a relationship between two quantities with the help of cer-tain statistical data. It shows the strength of the relationship amongst different al-ternatives. q-rung orthopair fuzzy setting offers extended space for the selectionof values of the two components. There is no iota in the fact that the multipo-larity factor reduces the chances of error. We study correlation in the frameworkof q-rung orthopair m-polar fuzzy set to judge the efficiency of this system inreal-life problems and decision-making. We present some major characteristicsof the correlation measure in the said setting. An application to pattern recogni-tion is also incorporated. To elaborate on the ideas of correlation measures andq-rung orthopair m-polar fuzzy set, we instigate a comparison analysis to probethe supremacy and dominance of propound abstraction.Keywords:Correlation and Weighted Correla-tion Measures; Pattern Recognition;Optimization and Decision Making;q-Rung Orthopair m-Polar Fuzzy Set.

1. Introduction

To manage daily life situations involving vagueness, imprecision, and uncertainty, [1] expanded thetraditional notions of classical sets to fuzzy sets and initiated the basis of fuzzy mathematics. A fuzzyset allocates partial grades (known as membership degrees) that fall in [0, 1] to convey the extent of anelement’s membership in a set concerning specific characteristics. The fuzzy set caught the attentionof the researchers. In today’s world, the notions of fuzzy sets are widely employed in numerous areasinclusive of artificial intelligence, engineering, neural networks, information fusion, computationalintelligence, linguistics, pattern recognition, medical analysis, machine learning, and decision-making
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problems.According to [2], and [3], an intuitionistic fuzzy set (IFS) is an expansion of a classical (traditional)fuzzy set. An IFS is a very beneficial and proficient model that allocates non-membership degrees(NMDs) in addition to membership degrees (MDs) to each member of the underlying set with therestriction that the aggregate of these grades lies within the real interval of unit length(Magnitude,norm). [4] coined the Pythagorean fuzzy set (PFS) notion. PFSs can handle the problems when theaggregate of MD and NMD exceeds unity, but the sum of their squares still falls in [0, 1]. The conceptof Pythagorean m-polar fuzzy set (P-m-PFS) is introduced by [5]. Further generalized the notion toPythagorean m-polar fuzzy soft set (P-m-PFSS) [6].Building on the effectiveness of PFSs, [7] proposed an even more robust model called a q-rungorthopair fuzzy set (q-ROFS) [8]. Utilized GRA and TOPSIS to model uncertainties in COVID-19 usingq-rung orthopair m-polar fuzzy soft information. Demonstrated the application of q-rung orthopairm-polar fuzzy sets in multi-criteria decision-making in robotic agri-farming [9]. As the studied of somenew score functions for MADM in the framework of generalized orthopair fuzzy membership grades[10]. To analyzed weighted aggregation operators for q-rung orthopair m-polar fuzzy with applications[11]. Making use of using rough mF bipolar soft environment, [12] presented a hybrid decision-makingframework. In the framework of q-ROFSs, [13] utilized neutrality aggregation operators for the purposeof multiattribute group decision making. q-rung orthopair fuzzy soft topology for MADM was studiedby [14, 15].Two variables are usually related or associated with each other in some way or to some degree. Forinstance, the income and expenditures of an individual are related to each other. Likewise, the heightand weight of a person depend on each other. In daily life, we observe that a commodity’s pricechange depends upon its supply and demand in the market. Such relationships between two or moreobjects may be studied using correlation. Correlation measures the interdependence, relationship, orassociation between two objects, in which changes in one object’s values are affected by the changesmade in the value of the other object. In statistics, the degree of correlation is measured using thecorrelation coefficient, r, where r ∈ [−1, 1]. The positive value of r indicates that the two variablesare mutually influenced. Two variables are a perfect match if the value of r is 1. If 0 < r < 1, then twovariables are mutually influenced and if −1 < r < 0, two variables are inversely related.In the context of different fuzzy sets expansions, the correlation measure’s value, r, lies in [0, 1].Some correlation measures for IFSs were suggested by [16, 17]. Later, [18] proposed correlation mea-sures for PFSs. On the basis of shapley weighted divergence measure, [19] extended IF TODIM tech-nique for MADM. Under Pythagorean fuzzy soft environment, [20] studied similarity measure with uti-lizations. [21] and [22] pointed out some deficiencies in the former correlations and coined new direc-tional correlations for PFSs. [23] utilized correlation measures to develop an extended TOPSIS methodbased on the PFS environment. For the mask selection procedure, correlated TOPSIS was exploredby [24,25]. Weighted correlation for MCDM was introduced by [26]. The suggested Pythagorean fuzzyinformation measures with their utilizations in clinical diagnosis, pattern recognition, and clusteringanalysis. Information measures for q-rung orthopair fuzzy sets were presented by [27, 28]. The ex-tended TOPSIS method featuring coefficient for MCDM with IFSS information was established by [29].Recently, unveiled some modified Pythagorean fuzzy correlation measures and their potential applica-tions [30,31]. As fuzzy theory based complementary concept, [32] coined the conception of knowledgemeasure and entropy. To initiated improved correlation coefficients for q-ROFS accompanied by theirutilizations in cluster analysis. Using picture fuzzy setting, [34] unveiled a new similarity measure alongwith their practical utility towards clustering analysis and pattern recognition. In recent times, [35,36]presented fuzzy mean codeword length and similarity measure. Under m-polar neutrosophic environ-ment, [37] studied several information measures for MADM. In recent times, [38] presented practicalutilizations towards movie recommender system and robotics by making use of comparison measures
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for Pythagorean m-polar fuzzy sets. [39,40] initiated an axiomatically supported divergence measuresfor q-ROFSs. On the basis of information entropy, [41] studied group decision making under socialinfluences. In Pythagorean fuzzy environment, [42] studied some correlation coefficients. [43, 44]rendered application to multi-criteria decision-making utilizing generalized hesitant fuzzy knowledgemeasure. A novel entropy and similarity measures in Fermatean fuzzy framework were presentedrecently by [45] for MADM.
2. Review Of Literature

The concept of correlation has been extensively studied in the context of fuzzy set theory and itsvarious extensions. Correlation measures play a crucial role in quantifying the strength and nature ofthe relationships between different variables, which is vital for decision-making, pattern recognition,and other real-world applications. In the realm of classical fuzzy sets, [46] proposed several corre-lation measures for intuitionistic fuzzy sets (IFSs), which extended the notion of correlation to theintuitionistic fuzzy environment [47]. Their work laid the foundation for analyzing the interdepen-dence between IFS components, namely, the membership and non-membership degrees. Building onthis, Gerstenkorn and [48] and [49] further explored correlation measures for IFSs and demonstratedtheir applications in medical diagnostic problems.In this more expanded fuzzy framework, most of the studies of correlation measures started withthe development of Pythagorean fuzzy sets (PFSs) approaches. From all of these the one of the ear-liest studies to address the shortcomings of previous measures was [50], that proposed correlationcoefficients for PFSs that took into account the fact that the total of squares for membership andnon-membership degrees could not equal unity. In order to accurately represent the subtleties of thePythagorean fuzzy environment, [51] and [52] subsequently strongest matches certain shortcomingsin the PFS correlation measures that were already in place and incorporated additional directionalcorrelation coefficients [53, 54].[55] proposed the idea of Pythagorean m-polar fuzzy sets (P-m-PFSs), which expands on PFSs’ abil-ity to handle multi-polar data. The recommendation was then expand to Pythagorean m-polar fuzzysoft sets (P-m-PFSS) by [56], who also looked at similarity metrics in this setting. The examination ofcorrelation measures in the multi-polar fuzzy context was made possible by these important devel-opment. The concept of q-rung orthopair fuzzy sets (q-ROFSs) was introduced by [57], providing aneven more flexible foundation for representing imprecise and uncertain data. Improved correlationcoefficients for q-ROFSs were presented and their uses in cluster analysis were illustrated by [60]. Fur-thermore, [58, 59] investigated axiomatically supported divergence metrics for q-ROFSs, that addedto the collection of analytical resources in this specific field.As noted by [61–64], q-rung orthopair m-polar fuzzy sets (q-ROm-PFSs) are the result of incorpo-rate multi-polarity and q-rung orthopair fuzzy sets. This hybrid construct is a practical framework forcorrelation analysis since it offers an improved capacity to manage complicated, unpredictable, andalso the multifaceted information. Be that as it may, a thorough discussion of correlation measurescreated especially for q-ROm-PFSs and their real-world applications is lacking in the literature straight-away in the publication [65]. By presenting new correlation and weighted correlation measures for q-ROm-PFSs and providing a comprehensive and detailed analysis of their theoretical characteristics andalso their application in pattern recognition and decision-making scenarios, the current study seeks toclose this gap. Building on the groundwork established by prompt research on correlation measures infuzzy and multi-polar fuzzy environments, this work introduces novel methods particularly designedfor the q-ROm-PFS framework approaches [66].
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3. Methodology
Now the creation of new correlation and weighted correlation measures for q-rung orthopair m-polar fuzzy sets (q-ROm-PFSs) is one of the main focuses of this research project in this paper. Theobjective of these metrics is to measure the degree and type of relationships that exist among manyof the variables or alternatives that are included in the q-ROm-PFS framework. A q-ROm-PFS is char-acterized by m pairs of membership and non-membership functions that satisfy the condition that thesum of their q-th powers does not exceed unity, where q > 1.The proposed correlation measure between two q-ROm-PFSs A and B captures the covariance be-tween the corresponding membership and non-membership degrees, normalized by the product ofthe standard deviations. The weighted correlation measure further incorporates the relative impor-tance of different components through assigned weights. These measures range from -1 to 1, indicatingperfect negative correlation, no correlation, and perfect positive correlation, respectively. The mea-sures are sensitive to changes in the q-ROm-PFS values and satisfy desirable mathematical propertiessuch as symmetry, boundedness, and normalization [67, 68].The general procedure involves representing the alternatives or decision criteria as q-ROm-PFSsto apply the proposed correlation measures, calculating the correlation coefficients, and ranking thealternatives based on the obtained correlation values. If necessary, sensitivity analyses can be con-ducted to examine the robustness of the rankings with respect to changes in the q-value or the com-ponent weights. The detailed mathematical formulations, properties, and step-by-step proceduresestablish a robust methodological framework for utilizing the proposed correlation measures in q-ROm-PFS-based decision-making and pattern recognition problems [69–71].In several real-life scenarios, we come across uncertain information that is multi-polar, and thusthere arises a need to identify the correlation between them. This article aims to provide correlationmeasures within the framework of q-rung m-polar fuzzy sets to address this issue. The hybrid structureof the q-rung orthopair m-polar fuzzy set is more fruitful and productive in handling imprecision anduncertainty. The insights related to correlation and weighted correlation measures for the q-rungorthopair m-polar fuzzy set have been introduced. For the sake of ranking the feasible choices, weused the score function. Practical utility to pattern recognition is also incorporated here to examinemulti-criteria decision-making (MCDM) [72].The discussion is based on six sections. Section 2 covers the basics of the q-rung orthopair m-polarfuzzy set. Section 3 offers correlation and weighted correlation measures associated with the q-rungorthopair m-polar fuzzy set accompanied by their premier characteristics. Section 4 deals with anapplication to pattern recognition gleaned from correlation measures for a q-rung orthopair m-polarfuzzy set. Section 5 concludes the article.

4. Preliminaries

This section comprises q-rung orthopair m-polar fuzzy set (q-ROm-PFS) and its imaginative char-acteristics to work out for the running document.

Definition 1. [66] We consider X as a classical set. A well known q-rung orthopair fuzzy set (q-ROFS)with q > 2 may be discussed as
R =

{
⟨χ, µℜ(χ), νℜ(χ)⟩ : 0 ≤ µℜ(χ)

q + νℜ(χ)
q ≤ 1, χ ∈ X

}
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Table 1Tabular form of a q-rung orthopair fuzzy set

R

χ1

(
µ
(1)
ℜ (χ1), ν

(1)
ℜ (χ1)

)
. . .

(
µ
(m)
ℜ (χ1), ν

(m)
ℜ (χ1)

)
χ2

(
µ
(1)
ℜ (χ2), ν

(1)
ℜ (χ2)

)
. . .

(
µ
(m)
ℜ (χ2), ν

(m)
ℜ (χ2)

)
... ... . . . ...
χs

(
µ
(1)
ℜ (χs), ν

(1)
ℜ (χs)

)
. . .

(
µ
(m)
ℜ (χs), ν

(m)
ℜ (χs)

)
where 0 ≤ µℜ(χ) ≤ 1 and 0 ≤ νℜ(χ) ≤ 1, depict the membership degree and the non membershipdegree of χ ∈ X.In general,

Υℜ = q
√

1− µℜ(χ)q − νℜ(χ)q

is said to be hesitancy degree for χ to ℜ. The pair (µℜ(χ), νℜ(χ)), for every χ ∈ X, which is knownas q-rung orthopair fuzzy number (q-ROFN). When we concentrate upon the definition of q-ROFS,then we are in a position to split q-ROFS into a class of orthopair fuzzy numbers by assigning differentinputs to q. For instance, when q = 1 we get intuitionistic fuzzy number (IFN) and if q = 2 then we getPythagorean fuzzy number (PFN). Now we are in a position to say that IFN and PFN both are specifickinds of q-ROFN.
Definition 2. [22] We consider X be a classical set and a q-rung orthopair m-polar fuzzy set R, trun-cated as (q-ROm-PFS) upon the classical set can be expressed by the mapping µ(i)

ℜ : X → [0, 1] (known
as membership functions) and ν

(i)
ℜ : X → [0, 1] (known as non-membership functions) satisfying the

requirements that the aggregate of their qth power will not surpass unity i.e. (µ(i)
ℜ (χ)

)q
+
(
ν
(i)
ℜ (χ)

)q
∈

[0, 1], (q > 1) for i ∈ {1, 2, . . . ,m}.A q-rung orthopair m-polar fuzzy set may be expressed in the form
R =

{〈
χ,
((

µ
(1)
ℜ (χ), ν

(1)
ℜ (χ)

)
, . . . ,

(
µ
(m)
ℜ (χ), ν

(m)
ℜ (χ)

))〉
:
(
µ
(i)
ℜ (χ)

)q
+
(
ν
(i)
ℜ (χ)

)q
∈ [0, 1], χ ∈ X

}
or in more specific format

R =

{
χ((

µ
(1)
ℜ (χ), ν

(1)
ℜ (χ)

)
, . . . ,

(
µ
(m)
ℜ (χ), ν

(m)
ℜ (χ)

)) : χ ∈ X

}

=

{
χ((

µ
(i)
ℜ (χ), ν

(i)
ℜ (χ)

)) : χ ∈ X; i ∈ {1, 2, . . . ,m}

}

We can express this in another way if X = {χ1, χ2, . . . χs} with the cardinal number s in X, andits tabular form for R is shown as in table 1.
This may also be written in matrix notation as

R =


(
µ
(1)
ℜ (χ1), ν

(1)
ℜ (χ1)

)
. . .

(
µ
(m)
ℜ (χ1), ν

(m)
ℜ (χ1)

)(
µ
(1)
ℜ (χ2), ν

(1)
ℜ (χ2)

)
. . .

(
µ
(m)
ℜ (χ2), ν

(m)
ℜ (χ2)

)
... . . . ...(

µ
(1)
ℜ (χs), ν

(1)
ℜ (χs)

)
. . .

(
µ
(m)
ℜ (χs), ν

(m)
ℜ (χs)

)


This s×m matrix is known as q-ROm-PF-matrix.
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5. Correlation coefficient with q-ROm-PFSs
This section is based upon correlation coefficient with q-ROm-PFSs, its functionality and effec-tiveness in the daily life routine matters. In statistics we discuss the firm relationship between twovariable’s variation withe the help of correlation coefficient and its value lies in between -1 to +1. Acorrelation have three kinds.

Positive Correlation:-In such correlation, both the variables swap alongside and the correlation coefficient lies between 0and +1. For example, when the hight of a boy increases its weight also increases
Negative Correlation:-In such correlation, both the variables will contrariwise and the correlation coefficient lies between -1and 0. For example, the tiredness will be decreases by increasing the ingestion of coffee.
Zero Correlation:-In such correlation, both the variables are independent. That means there is no relation betweenthem and the correlation coefficient is 0. For example, by consuming more coffee the hight of a boywill not increase.
Definition 3. We consider a q-ROm-PFS R upon the classical set χ, where

R =

{〈
ϑ,
(
µ(i)(ϑ), ν(i)(ϑ)

)〉m

i=1

: ϑ ∈ χ

}
.

The mean or average of R may be discussed as
R =

{〈(
µ(i), ν(i)

)〉m

i=1

}
=

{〈(
1

|χ|
∑
ϑ

µ(i)(ϑ),
1

|χ|
∑
ϑ

ν(i)(ϑ)

)〉m

i=1

}
Now we consider χ = {ϑ1, ϑ2, ϑ3, ϑ4, ϑ5} and q-RO3-PFS as

R =



(
µ(1)(ϑ1), ν

(1)(ϑ1)

) (
µ(2)(ϑ1), ν

(2)(ϑ1)

) (
µ(3)(ϑ1), ν

(3)(ϑ1)

)
(
µ(1)(ϑ2), ν

(1)(ϑ2)

) (
µ(2)(ϑ2), ν

(2)(ϑ2)

) (
µ(3)(ϑ2), ν

(3)(ϑ2)

)
(
µ(1)(ϑ3), ν

(1)(ϑ3)

) (
µ(2)(ϑ3), ν

(2)(ϑ3)

) (
µ(3)(ϑ3), ν

(3)(ϑ3)

)
(
µ(1)(ϑ4), ν

(1)(ϑ4)

) (
µ(2)(ϑ4), ν

(2)(ϑ4)

) (
µ(3)(ϑ4), ν

(3)(ϑ4)

)
(
µ(1)(ϑ5), ν

(1)(ϑ5)

) (
µ(2)(ϑ5), ν

(2)(ϑ5)

) (
µ(3)(ϑ5), ν

(3)(ϑ5)

)



Here, the average of R which may be represented as
R =

((
µ(1), ν(1)

)
,

(
µ(2), ν(2)

)
,

(
µ(3), ν(3)

))
where

µ(1) = 1
5

∑5
i=1 µ

(1)ϑi), ν(1) = 1
5

∑5
i=1 ν

(1)(ϑi)

µ(2) = 1
5

∑5
i=1 µ

(2)(ϑi), ν(2) = 1
5

∑5
i=1 ν

(2)(ϑi)

µ(3) = 1
5

∑5
i=1 µ

(3)(ϑi), ν(3) = 1
5

∑5
i=1 ν

(3)(ϑi)
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Definition 4. We are considering two q-ROm-PFSs RA and RB upon the classical set χ, where

RA =



(
µ
(1)
A (ϑ1), ν

(1)
A (ϑ1)

)
· · ·

(
µ
(m)
A (ϑ1), ν

(m)
A (ϑ1)

)
(
µ
(1)
A (ϑ2), ν

(1)
A (ϑ2)

)
· · ·

(
µ
(m)
A (ϑ2), ν

(m)
A (ϑ2)

)
... . . . ...(

µ
(1)
A (ϑj), ν

(1)
A (ϑj)

)
· · ·

(
µ
(m)
A (ϑj), ν

(m)
A (ϑj)

)


and

RB =



(
µ
(1)
B (ϑ1), ν

(1)
B (ϑ1)

)
· · ·

(
µ
(m)
B (ϑ1), ν

(m)
B (ϑ1)

)
(
µ
(1)
B (ϑ2), ν

(1)
B (ϑ2)

)
· · ·

(
µ
(m)
B (ϑ2), ν

(m)
B (ϑ2)

)
... . . . ...(

µ
(1)
B (ϑj), ν

(1)
B (ϑj)

)
· · ·

(
µ
(m)
B (ϑj), ν

(m)
B (ϑj)

)


.

We are defining here the covariance of RA and RB as
C(RA→RB) =

1

3m

m∑
j=1

(
C
(j)
µ(RA→RB) + C

(j)
ν(RA→RB)

)
where

C
(j)
µ(RA→RB) =

j∑
i=1

(
µ
(j)
A (ϑi)− µ

(j)
A

)(
µ
(j)
B (ϑi)− µ

(j)
B

)
,

C
(j)
ν(RA→RB) =

j∑
i=1

(
ν
(j)
A (ϑi)− ν

(j)
A

)(
ν
(j)
B (ϑi)− ν

(j)
B

)
for j ∈ {1, 2, . . . ,m}.Covariance tells us about the way of linear interrelation betwixt two variables.
Definition 5. We are considering a q-ROm-PFS RA and upon the classical set χ as we have discussedin definition 4 to express the variance as

V(RA) =
1

3m

m∑
j=1

(
V(j)

µ (RA) +V(j)
ν (RA)

)
where

V(j)
µ (RA) =

j∑
i=1

(
µ
(j)
A (ϑi)− µ

(j)
A

)2

,

V(j)
ν (RA) =

j∑
i=1

(
ν
(j)
A (ϑi)− ν

(j)
A

)2

for j ∈ {1, 2, . . . ,m}.

Proposition 1. We are considering two q-ROm-PFSs RA and RB upon the classical set χ. The
following properties hold for variance and covariance for both of these q-ROm-PFSs.

(a) | C(j)
µ(RA→RB) |≤

√
V

(j)
µ (RA)V

(j)
µ (RB), | C(j)

ν(RA→RB) |≤
√

V
(j)
ν (RA)V

(j)
ν (RB).
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(b) C

(j)
µ(RA→RA) = V

(j)
µ (RA), C

(j)
ν(RA→RA) = V

(j)
ν (RA)

(c) C
(j)
µ(RA→RB) = V

(j)
µ(RB→RA),C

(j)
ν(RA→RB) = C

(j)
ν(RB→RA)

Proof. (a) By virtue of famous inequality due to Cauchy-Schwarz, we know that( n∑
l=1

cldl

)2
≤
( n∑

l=1

c2l

)( n∑
l=1

d2l

)
for cl, dl ∈ R.Thus, (

C
(j)
µ(RA→RB)

)2

=

( k∑
i=1

(
µ
(j)
A (ϑi)− µ

(j)
A

)(
µ
(j)
B (ϑi)− µ

(j)
B

))2

≤
k∑

i=1

(
µ
(j)
A (ϑi)− µ

(j)
A

)2 k∑
i=1

(
µ
(j)
B (ϑi)− µ

(j)
B

)2
= V(j)

µ (RA)V
(j)
µ (RB)

⇒| C(j)
µ(RA→RB) | ≤

√
V

(j)
µ (RA).V

(j)
µ (RB).

On the same track we may prove the other part.The proof of (b) and (c) are quite simple.
Definition 6. We are considering two q-ROm-PFSs RA and RB cited in Definition 4. We are defininghere the correlation coefficient of RA and RB as

ϱ(RA,RB) =
1

3m

m∑
i=1

(
ϱ(i)µ (RA,RB) + ϱ(i)ν (RA,RB)

)
(1)

where
ϱ
(j)
µ (RA,RB) =

∑k
i=1

(
µ
(j)
A

(ϑi) − µ
(j)
A

)(
µ
(j)
B

(ϑi) − µ
(j)
B

)
√∑k

i=1

(
µ
(j)
A

(ϑi) − µ
(j)
A

)2∑k
i=1

(
µ
(j)
B

(ϑi) − µ
(j)
B

)2
,

ϱ
(j)
ν (RA,RB) =

∑k
i=1

(
ν
(j)
A

(ϑi) − ν
(j)
A

)(
ν
(j)
B

(ϑi) − ν
(j)
B

)
√∑k

i=1

(
ν
(j)
A

(ϑi) − ν
(j)
A

)2∑k
i=1

(
ν
(j)
B

(ϑi) − ν
(j)
B

)2

and j ∈ {1, 2, . . . ,m}.There are some special cases:
If µ(j)

A (ϑi) = constant, then µ
(j)
A = constant, so that C(j)

µ(RA) = 0, and V
(j)
µ (RA) = 0 for every

j ∈ {1, 2, . . . , n}. Hence, C(j)
µ(RA→RB) = 0. Thus, we cannot describe the correlation ϱ

(j)
µ (RA,RB).

Likewise, if ν(j)
A (ϑi) = constant for each i = 1, 2, . . . , n, then ν

(j)
A = constant and thusC(j)

ν(RA) = 0.
Hence, V(j)

ν (RA) = 0 and hence C
(j)
ν(RA→RB) = 0 and V

(j)
ν (RA) = 0. Therefore, we cannot describe

the correlation ϱ
(j)
µ (RA,RB).

Theorem 1. We are considering two q-ROm-PFSs RA and RB upon the classical set χ, then for any
correlation ϱ we have

1. ϱ lies among−1 and 1, and may be written as−1 ≤ ϱ(RA,RB) ≤ 1.
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2. If A = B, then ϱ(RA,RB) = 1 .

3. ϱ(RA,RB) = 1 if A = λB, λ > 0.

4. ϱ is symmetric, i.e. ϱ(RA,RB) = ϱ(RB,RA).
Proof. (1) We have already discussed in the proposition (1) that

| C(j)
µ(RA→RB) | ≤

√
V

(j)
µ (RA)V

(j)
µ (RB)

⇒
| C(j)

µ(RA→RB) |√
V

(j)
µ (RA)V

(j)
µ (RB)

≤ 1

⇒ −1 ≤
C
(j)
µ(RA→RB)√

V
(j)
µ (RA)V

(j)
µ (RB)

≤ 1

⇒ −1 ≤ ϱ(j)µ (RA,RB) ≤ 1 .

Likewise,
ϱ(j)ν (RA,RB) ∈ [−1, 1].

Hence,
ϱ(RA,RB) ∈ [−1, 1].

(2) If we consider A = B, then µ
(j)
A (ϑi) = µ

(j)
B (ϑi) and ν

(j)
A (ϑi) = ν

(j)
B (ϑi). So,

ϱ(j)µ (RA,RB)

=

∑k
i=1

(
µ
(j)
A (ϑi)− µ

(j)
A

)(
µ
(j)
B (ϑi)− µ

(j)
B

)
√∑k

i=1

(
µ
(j)
A (ϑi)− µ

(j)
A

)2∑k
i=1

(
µ
(j)
B (ϑi)− µ

(j)
B

)2

=

∑k
i=1

(
µ
(j)
A (ϑi)− µ

(j)
A

)(
µ
(j)
A (ϑi)− µ

(j)
A

)
√∑k

i=1

(
µ
(j)
A (ϑi)− µ

(j)
A

)2∑k
i=1

(
µ
(j)
A (ϑi)− µ

(j)
A

)2

=1.

Likewise,
ϱ(j)ν (RA,RB) = 1

Hence,
ϱ(RA,RB) = 1.

(3) If A = λB then µ
(j)
A (ϑi) = λµ

(j)
B (ϑi), and ν

(j)
A (ϑi) = λν

(j)
B (ϑi), then

ϱ(j)µ (RA,RB)

=

∑k
i=1

(
µ
(j)
A (ϑi)− µ

(j)
A

)(
µ
(j)
B (ϑi)− µ

(j)
B

)
√∑k

i=1

(
µ
(j)
A (ϑi)− µ

(j)
A

)2∑k
i=1

(
µ
(j)
B (ϑi)− µ

(j)
B

)2
=

∑k
i=1

(
λµ

(j)
B (ϑi)− λµ

(j)
B

)(
µ
(j)
B (ϑi)− µ

(j)
B

)
√∑k

i=1

(
λµ

(j)
B (ϑi)− λµ

(j)
B

)2∑k
i=1

(
µ
(j)
B (ϑi)− µ

(j)
B

)2
=1.

Likewise,
ϱ(j)ν (RA,RB) = 1.

Hence,
ϱ(RA,RB) = 1.

(4) We can prove it easily.
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Definition 7. We are considering two q-ROm-PFSs RA and RB upon the classical set χ. For any cor-relation coefficient ρ of RA and RB can be designated as

ρ̃(RA,RB) =
1

3m

m∑
j=1

(
ρ̃
(j)
µ (RA,RB) + ρ̃

(j)
ν (RA,RB)

)
(2)

where
ρ̃
(j)
µ (RA,RB) =

∑k
i=1

(
µ
(j)
A (ϑi)−µ

(j)
A

)(
µ
(j)
B (ϑi)−µ

(j)
B

)
max

{∑k
i=1

(
µ
(j)
A (ϑi)−µ

(j)
A

)2

,
∑k

i=1

(
µ
(j)
B (ϑi)−µ

(j)
B

)2}
and
ρ̃
(j)
ν (RA,RB) =

∑k
i=1

(
ν
(j)
A (ϑi)−ν

(j)
A

)(
ν
(j)
B (ϑi)−ν

(j)
B

)
max

{∑k
i=1

(
ν
(j)
A (ϑi)−ν

(j)
A

)2

,
∑k

i=1

(
ν
(j)
B (ϑi)−ν

(j)
B

)2} .

Example 1. Taking q-RO3-PFS over χ = {z1, z2, z3, z4} as
RA = (z1, 0.337, 0.488), (z2, 0.225, 0.332), (z3, 0.722, 0.575)

and
RB = (z1, 0.453, 0.514), (z2, 0.811, 0.110), (z4, 0.677, 0.266)

By using equation (2) we will get the result
C(RA,RB) =

[
1

n

∑
z∈χ

(
µRA

qµRA
q + νRA

qνRA
q

)]1/q
We can also manage the informational energy for RA, i.e.

Γ(RA) = C(RA,RA) =

[
1

n

∑
z∈χ

(
µRA

2q + νRA
2q

)]1/q
Also, we have the correlational coefficient as

ϱ(RA,RB) =

[
C(RA,RB)√
Γ(RA)Γ(RB)

]
So, finding the values
C(RA,RB) = 3

√
0.3373×0.4533+···+0.5753×0.2663

4
= 0.3844,

Γ(RA) =
3
√

(0.3376+0.4886+0.2256+0.3326)+(0.7226+0.5256+1)
4

= 0.6655,

Γ(RB) =
3
√

(0.4536+0.5146+0.8116+0.1106)+1+(0.6776+0.2666)
4

= 0.7061.

ϱ(RA,RB) =
C(RA,RB)√
Γ(RA)Γ(RB)

= 0.5608.

Definition 8. Let RA and RB be two q-ROm-PFSs as cited in Definition 4. We choose the weightsreferred as “ωi”for i ∈ {1, 2, . . . , n} having the obvious restrictions that∑n
i=1 ωi = 1 and ωi ∈ [0, 1].We are also well aware that ϑi for i =∈ {1, 2, . . . , n} as alternatives are also affected by these givenweights ωi.Now we are in a position to discuss the weighted covariance of RA and RB as

ωC(RA→RB) =
1

3m

m∑
j=1

(
ωC

(j)
µ(RA→RB) +

ωC
(j)
ν(RA→RB)

)
(3)
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We have here,

ωC
(j)
µ(RA→RB) =

k∑
i=1

ωi

(
µ
(j)
A (ϑi)− µ

(j)
A

)(
µ
(j)
B (ϑi)− µ

(j)
B

)
,

ωC
(j)
ν(RA→RB) =

k∑
i=1

ωi

(
ν
(j)
A (ϑi)− ν

(j)
A

)(
ν
(j)
B (ϑi)− ν

(j)
B

)
for every j ∈ {1, 2, . . . ,m}.
Definition 9. We are considering a q-ROm-PFS RA upon the classical set χ. We are suggesting herethe weights referred as “ωi”for i ∈ {1, 2 . . . , n} having the restrictions that ∑n

i=1 ωi = 1 and each
ωi ∈ [0, 1]. We are also well aware that selection of “ϑi”for i ∈ {1, 2 . . . , n} as alternative is alsoaffected by these given weights ωi.Now we are in a position to discuss the weighted variance of RA.

ωV(RA) =
1

3m

m∑
j=1

(
ωV(j)

µ (RA) +
ωV(j)

ν (RA)

)
We have here,

ωV(j)
µ (RA) =

k∑
i=1

ωi

(
µ
(j)
A (ϑi)− µ

(j)
A

)2

,

ωV(j)
ν (RA) =

k∑
i=1

ωi

(
ν
(j)
A (ϑi)− ν

(j)
A

)2

for every j ∈ {1, 2, . . . ,m}.
Theorem 2. We are considering two q-ROm-PFSsRA andRB upon the classical set χ, then the corre-
lation ρ̃ have these results:

(a) ρ̃ is symmetric, i.e. ρ̃(RA,RB) = ρ̃(RB,RA).

(b) ρ̃must be in [−1, 1], i.e. −1 ≤ ρ̃(RA,RB) ≤ 1.

(c) ρ̃(RA,RB) = 1 when A = B.

(d) ρ̃(RA,RB) = 1 when A = λB, for λ > 0.

Proof. (a) may be proved easily.(b) As we have already discussed in proposition ?? that
| C(j)

µ(RA→RB) | ≤
√

V
(j)
µ (RA)V

(j)
µ (RB)

⇒
| C(j)

µ(RA→RB) |√
V

(j)
µ (RA)V

(j)
µ (RB)

≤ 1

⇒ −1 ≤
C
(j)
µ(RA→RB)√

V
(j)
µ (RA)V

(j)
µ (RB)

≤ 1

⇒ −1 ≤ ρ̃(j)µ (RA,RB) ≤ 1.
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Likewise,

−1 ≤ ρ̃(j)ν (RA,RB) ≤ 1.

Thus, we have
−1 ≤ ρ̃(RA,RB) ≤ 1.

(c) When we have A = B, then µ
(j)
A (ϑi) = µ

(j)
B (ϑi), and ν

(j)
A (ϑi) = ν

(j)
B (ϑi), so that

ϑ̃(j)
µ (RA,RB)

=

k∑
i=1

(
µ
(j)
A (ϑi)− µ

(j)
A

)(
µ
(j)
B (ϑi)− µ

(j)
B

)
max

{
k∑

i=1

(
µ
(j)
A (ϑi)− µ

(j)
A

)2

,
k∑

i=1

(
µ
(j)
B (ϑi)− µ

(j)
B

)2}

=

k∑
i=1

(
µ
(j)
A (ϑi)− µ

(j)
A

)(
µ
(j)
A (ϑi)− µ

(j)
A

)
max

{
k∑

i=1

(
µ
(j)
A (ϑi)− µ

(j)
A

)2

,
k∑

i=1

(
µ
(j)
A (ϑi)− µ

(j)
A

)2} = 1.

Likewise,
ρ̃(j)ν (RA,RB) = 1.

Therefore, we have
ρ̃(RA,RB) = 1.

(d) When we take A = λB, then we have µ
(j)
A (ϑi) = (λ)µ

(j)
B (ϑi), ν(j)

A (ϑi) = (λ)ν
(j)
B (ϑi), so that

ρ̃(j)µ (RA,RB)

=

k∑
i=1

(
µ
(j)
A (ϑi)− µ

(j)
A

)(
µ
(j)
B (ϑi)− µ

(j)
B

)
max

{
k∑

i=1

(
µ
(j)
A (ϑi)− µ

(j)
A

)2

,
k∑

i=1

(
µ
(j)
B (ϑi)− µ

(j)
B

)2}

=

k∑
i=1

(
(λ)µ

(j)
B (ϑi)− (λ)µ

(j)
B

)(
µ
(j)
B (ϑi)− µ

(j)
B

)
max

{
k∑

i=1

(
(λ)µ

(j)
B (ϑi)− (λ)µ

(j)
B

)2

,
k∑

i=1

(
µ
(j)
B (ϑi)− µ

(j)
B

)2}
= 1.

Likewise,
ρ̃(j)ν (RA,RB) = 1.

Thus, we have
ρ̃(RA,RB) = 1.

The concept of uncertainty performs a significant part in decision making. The weights also pro-duce effects in the decision making. The mathematical models require data which is established prop-erly. To overcome such problems, here we are introducing Weighted Correlation Coefficients (WCCs).
Proposition 2. Weare considering two q-ROm-PFSsRA andRB upon the classical setχ. The following
properties hold for weighted variance and weighted covariance for these both q-ROm-PFSs.
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(a) | ωC
(j)
µ(RA→RB) |≤

√
ωV

(j)
µ (RA) ωV

(j)
µ (RB), | ωC

(j)
ν( ωRA→RB) |≤

√
ωV

(j)
ν (RA) ωV

(j)
ν (RB).

(b) ωC
(j)
µ(RA→RA) =

ωV
(j)
µ (RA), ωC

(j)
ν(RA→RA) =

ωV
(j)
ν (RA)

(c) ωC
(j)
µ(RA→RB) =

ωV
(j)
µ(RB→RA),

ωC
(j)
ν(RA→RB) =

ωC
(j)
ν(RB→RA).

Proof. (a) As we have already discussed Cauchy-Schwarz inequality, i.e.( n∑
l=1

cldl

)2
≤
( n∑

l=1

c2l

)( n∑
l=1

d2l

)
for cl, dl ∈ R. We are using this Cauchy-Schwarz inequality to verify our result (a).Consider (

ωC
(j)
µ(RA→RB)

)2

=

( k∑
i=1

ωi

(
µ
(j)
A (ϑi)− µ

(j)
A

)(
µ
(j)
B (ϑi)− µ

(j)
B

))2

=

( k∑
i=1

√
ωi

(
µ
(j)
A (ϑi)− µ

(j)
A

)√
ωi

(
µ
(j)
B (ϑi)− µ

(j)
B

))2

≤
k∑

i=1

ωi

(
µ
(j)
A (ϑi)− µ

(j)
A

)2 k∑
i=1

ωi

(
µ
(j)
B (ϑi)− µ

(j)
B

)2
= ωV(j)

µ (RA)
ωV(j)

µ (RB)

⇒| ωC
(j)
µ(RA→RB) |≤

√
ωV

(j)
µ (RA) ωV

(j)
µ (RB)

On the same track we may prove the other part.(b) and (c) can be proved in simple way.
Definition 10. We are considering two q-ROm-PFSs RA and RB given in Definition 4. We express theweighted correlation coefficient(WCC)of RA and RB as

ωϱ(RA,RB) =
1

3m

m∑
j=1

(
ωϱ(j)µ (RA,RB) +

ωϱ(j)ν (RA,RB)

)
(4)
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with

ωϱ(j)µ (RA,RB)

=

k∑
i=1

ωi

(
µ
(j)
A (ϑi)− µ

(j)
A

)(
µ
(j)
B (ϑi)− µ

(j)
B

)
√

k∑
i=1

ωi

(
µ
(j)
A (ϑi)− µ

(j)
A

)2 k∑
i=1

ωi

(
µ
(j)
B (ϑi)− µ

(j)
B

)2
,

ωϱ(j)ν (RA,RB)

=

k∑
i=1

ωi

(
ν
(j)
A (ϑi)− ν

(j)
A

)(
ν
(j)
B (ϑi)− ν

(j)
B

)
√

k∑
i=1

ωi

(
ν
(j)
A (ϑi)− ν

(j)
A

)2 k∑
i=1

ωi

(
ν
(j)
B (ϑi)− ν

(j)
B

)2

for every j ∈ {1, 2, . . . ,m}.

Theorem 3. LetRA andRB be as given in Definition 4. Then,

(a) Weighted correlation ωϱ always falls in between−1 and 1, i.e. −1 ≤ ωϱ(RA,RB) ≤ 1.

(b) ωϱ(RA,RB) = 1 when A = B.

(c) ωϱ(RA,RB) = 1 when A = λB, λ > 0.

Proof. The proof follows a similar structure to the proof of proposition 4.
The role of weights in correlation is undeviating. To show this situation we observe that theweighted alternatives can be observed as dissimilar.

ωϱ(j)µ (RA,RB)

=

k∑
i=1

ωi

(
µ
(j)
A (ϑi)− µ

(j)
A

)(
µ
(j)
B (ϑi)− µ

(j)
B

)
√∑k

i=1 ωi

(
µ
(j)
A (ϑi)− µ

(j)
A

)2 k∑
i=1

ωi

(
µ
(j)
B (ϑi)− µ

(j)
B

)2

=

k∑
i=1

1
n

(
µ
(j)
A (ϑi)− µ

(j)
A

)(
µ
(j)
B (ϑi)− µ

(j)
B

)
√

k∑
i=1

1
n

(
µ
(j)
A (ϑi)− µ

(j)
A

)2 k∑
i=1

1
n

(
µ
(j)
B (ϑi)− µ

(j)
B

)2

=

k∑
i=1

(
µ
(j)
A (ϑi)− µ

(j)
A

)(
µ
(j)
B (ϑi)− µ

(j)
B

)
√

k∑
i=1

(
µ
(j)
A (ϑi)− µ

(j)
A

)2 k∑
i=1

(
µ
(j)
B (ϑi)− µ

(j)
B

)2

= ρ(j)µ (RA,RB).
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6. Practical Utility of the Proposed Correlation Measures
Correlation is actually a statistics based topic and it plays a dynamic role in innumerable fields ofour routine life. Correlation may be applied in psychology, engineering and in so many fields of medicalsciences. Correlation supports us to collect required information about the topic. These informationmay be materialized without any experimental work. Correlation measure can be used ideally forcollecting data in an ordinary way. We can use this data collection to generalize our findings to solvethe real life related issues. Correlation may be used in multi criteria decision making (MCDM) issues.The most essential thing is the data collection that will provide the validity and reliability about theresults.At present, we are going to use correlation in pattern recognition and a usage in medical diagno-sis. Pattern recognition is usually used to analyze the data. Algorithms based upon pattern recognitionfurnish the appropriate result for all provided inputs to carry out ”most likely” to contest the given in-tuition considering to contemplate the data. A customary illustration for pattern recognition is knownas “deep learning ”that delivers corroboration to obtain the massive and dependable outcomes.

6.1 Execution for Pattern Recognition

Before we start the execution of pattern recognition, we establish an Algorithm for this purposethat will support us in a way to apply q-ROm-PFSs in our proposed decision making and receiving therequired information.
Algorithm: (To recognize the Pattern)

Step 1: Study the case carefully to recognize the pattern as a q-ROm-PFS for B.
Step 2: We have to manage a well known pattern in a sequence format as B(1),B(2), · · · ,B(n).
Step 3: As the format already discussed B(1),B(2), · · · ,B(n) may be used to discover the correlationcoefficient with the help of formula either (1) or (2).
Step 4: If we consider a q-ROm-PFS upon the classical setχhave weighted alternatives, then the weightedcorrelation coefficient formulas either (3) or (4) may be used.
Step 5: A recognized patternB related toB(j), whereB(j) provides the largest correlation with respectto B.
Example 2. We analyze pattern recognition in this example. It is a matter of great concern that how weuse pattern recognition in our daily routine life. Pattern recognition is a way to recognize a number ofpatterns by the use of machine learning algorithms. Pattern recognition may be used in speaker iden-tification, voice recognition, machine aided medical diagnosis and multimedia document recognition.We collect data that is known as raw data may be transferred to machine language. It also includescluster and classification of patterns. An utmost vital and substantial task in machine learning, roboticand security management. We consider a particular issue of pattern recognition, also known as, facialrecognition.To identify a recognition method we are discussing different options for the use of fingerprints.Fingerprint is a multifaceted and surprisingly supple method for personage identification. It’s an al-ternate way of key cards or passwords. Nowadays, the most advanced system of fingerprint is used insmart phones. As the fingerprints of every person in the world are unique, so this way of identificationmay be used exceptionally in every field of life for the recognition of human beings. Due to its prac-ticality, we are free to move in the markets without carrying money, wallets and credit/debit cards.
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Fig. 1. Flow chart of Algorithm: To recognize the Pattern.
This process is based upon pattern recognition. This recognizing technology is most authoritative inthe field of biometric applications. The use of biometric device provide us timeliness and swiftness,wherever the purchasers feel a sense of modernity when buying some items with the move of a finger.We are considering a biometric device, where we have inserted three different patterns B(1),B(2)

and B(3) in the form of q-ROm-PFS for three distinct individuals,to recognize a person. The fingerprintwill be examined by the device, first to scan the finger then scrutinize about the unknown person,peruse and transform the data into a q-ROm-PFS model, lets pick B, that may be presented as inTable 2.
Table 2Standard q-ROm-PFS B

B q-RO3-PFS
ϑ1 (0.222, 0.306), (0.306, 0.599), (0.703, 0.015)
ϑ2 (0.431, 0.366), (0.900, 0.088), (0.763, 0.222)
ϑ3 (0.402, 0.500), (0.112, 0.464), (0.811, 0.135)

Table 3Appraisal for pattern B(1) in the form of q-ROm-PFS
B(1) q-RO3-PFS
ϑ1 (0.506, 0.421), (0.480, 0.352), (0.600, 0.234)
ϑ2 (0.700, 0.111), (0.566, 0.222), (0.498, 0.378)
ϑ3 (0.333, 0.444), (0.311, 0.600), (0.118, 0.559)

To establish a mathematical model, we take three different patterns as shown in Table 3, Table 4and Table 5.Here we are in a position to sort out the correlations of an unrevealed pattern by considering awell known pattern, to find out that which pattern is well matched to the unfamiliar pattern. By usingthe algorithm we have to feed the whole procedure in the machine to find out the related personal.The correlation coefficients for the recognition B for B(1),B(2),B(3) (by applying these formula(1) and (2) respectively) represented as in Table 6.But when the alternativesϑ1, ϑ2, ϑ3 having weightsω = (0.24, 0.36, 0.40), at that time the weightedcorrelation coefficients may be calculated (using the formula (3) and (4) respectively) as in Table 7.
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Table 4Appraisal for pattern B(2) in the form of q-ROm-PFS

B(2) q-RO3-PFS
ϑ1 (0.511, 0.114), (0.123, 0.744), (0.421, 0.456)
ϑ2 (0.087, 0.799), (0.436, 0.047), (0.330, 0.049)
ϑ3 (0.811, 0.224), (0.515, 0.100), (0.802, 0.122)

Table 5Appraisal for pattern B(3) in the form of q-ROm-PFS
B(3) q-RO3-PFS
ϑ1 (0.418, 0.133), (0.542, 0.116), (0.703, 0.204)
ϑ2 (0.332, 0.235), (0.403, 0.206), (0.434, 0.015)
ϑ3 (0.700, 0.113), (0.453, 0.015), (0.328, 0.048)

The correlation coefficients ofB from the known patternsB(1), B(2) andB(3) under the proposedcorrelations are given in the Table 8.The results presented in Table 8 collectively indicate that the patternB finds the largest correlationfrom B(3). Hence, the facial recognition machine spots the person B as B(3), and then the evaluatorsdetermines the physical presence of the anonymous individual.
Also to demonstrate the practical utility of the proposed correlation measures for q-rung orthopairm-polar fuzzy sets (q-ROm-PFSs), we consider an application in the domain of pattern recognition.

Fig. 2. Alternative ranking for the different values.
Pattern recognition is a crucial technique in various fields, such as biometrics, computer vision,and machine learning, where the goal is to identify and categorize objects, signals, or behaviors basedon observed data. In this example, we will focus on the problem of facial recognition, which involvesmatching an unknown facial pattern to a set of known patterns stored in a database.Let’s assume we have a biometric device that has been programmed to store three different facialpatterns, denoted as B(1), B(2), and B(3), represented in the form of q-ROm-PFSs. These patternscorrespond to three distinct individuals, as shown in Tables 3, 4, and 5, respectively.Now, the device is presented with an unknown facial pattern, denoted as B, which needs to berecognized and matched to one of the stored patterns. The q-ROm-PFS representation of the unknownpattern B is given in Table 2.
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Table 6Values of correlation coefficients betwixt B and Bk, k = 1, 2, 3

ϱ(B,B(1)) = 0.09 ρ̃(B,B(1)) = 0.07
ϱ(B,B(2)) = −0.29 ρ̃(B,B(2)) = −0.28
ϱ(B,B(3)) = 0.36 ρ̃(B,B(3)) = 0.23

Table 7Values of weighted correlation coefficients betwixt B and Bk, k = 1, 2, 3
ωϱ(B,B(1)) = 0.10 ωρ̃(B,B(1)) = 0.06

ωϱ(B,B(2)) = −0.31 ωρ̃(B,B(2)) = −0.29
ωϱ(B,B(3)) = 0.39 ωρ̃(B,B(3)) = 0.27

To determine the best match, we will calculate the correlation coefficients between the unknownpattern B and each of the known patterns B(1), B(2), and B(3), using the proposed correlation mea-sures (Equations 1 and 2).The unweighted correlation coefficients between B and the known patterns are presented in Table6. The results show that pattern B has the highest correlation with B(3), indicating that the unknownfacial pattern is most similar to the third stored pattern.Additionally, we can consider the case where the alternatives (facial features) have different weights,reflecting their relative importance in the recognition process and shown in the figure 2. In such a sce-nario, we can employ the weighted correlation measure (Equation 3), as shown in Table 7, assuming aweight vector ω = (0.24, 0.36, 0.40).The results in Table 8 confirm that the unknown pattern B has the strongest correlation with thethird stored pattern B(3), under both the unweighted and weighted correlation measures. Therefore,the facial recognition device will identify the unknown individual as the person corresponding to thethird stored pattern.This application example demonstrates the effectiveness of the proposed correlation measures inthe context of pattern recognition, where the q-ROm-PFS framework allows for the representationof complex, multi-polar facial features, and the correlation analysis enables the identification of theclosest matching pattern and its comparison shown in the figure 3. The ability to incorporate weightedcomponents further enhances the decision-making capabilities of the recognition system.

Fig. 3. Comparison for the correlation values.
The comprehensive case study presented here illustrates the practical utility of the developed cor-relation measures and their potential to be applied in various real-world pattern recognition problemsinvolving uncertain, imprecise, and multi-faceted data.
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Table 8Comparison analysis

Correlation Ranking Optimalmeasures pattern
ρ B(3) ≻ B(1) ≻ B(2) B(3)

ϱ̃ B(3) ≻ B(1) ≻ B(2) B(3)

ωρ B(3) ≻ B(1) ≻ B(2) B(3)

ωϱ̃ B(3) ≻ B(1) ≻ B(2) B(3)

7. Conclusion
MCDM methodology have been explored by various researchers. The methodologies outlined toachieve this end are usually affected by the judgment operational structure employed. Majority ofits main problems are under the influence of imprecise, vague, uncertain, and multi-polar statisticswhich cannot be elaborated to an acceptable degree through fuzzy set only. An m-polar fuzzy set(m-PFS) has the capability to handle imprecision by multi-polarity accompanied by the framework ofq-rung orthopair fuzzy environment. To cope with realistic uncertain circumstances, we make use ofq-rung orthopair m-polar fuzzy environment. We offer two novel correlation measures (unweightedand weighted) in this context. Certain characteristics of covariances and correlation measures arealso studied. The major mastery of the suggested correlation measures is that these can be utilizeddexterously in the presence of uncertain multipolar information. We posited practical utilization ofthe suggested techniques in pattern identification.The key innovations and contributions of the current research work lie in the development ofnovel correlation and weighted correlation measures specifically tailored to the q-rung orthopair m-polar fuzzy set (q-ROm-PFS) framework. This represents a significant advancement compared to theexisting literature on correlation measures in fuzzy and multi-polar fuzzy settings.The primary innovation of this research is the extension of correlation analysis to the generalizedq-ROm-PFS construct. Previous studies have explored correlation measures in the context of classicalfuzzy sets, intuitionistic fuzzy sets (IFSs), and Pythagorean fuzzy sets (PFSs). However, the q-ROm-PFS framework offers a more robust and flexible representation of uncertainty, as it combines thecapabilities of q-rung orthopair fuzzy sets and m-polar fuzzy sets.By proposing correlation measures for q-ROm-PFSs, the current work overcomes the limitationsof existing approaches, which were primarily designed for less generalized fuzzy set extensions. Theq-ROm-PFS framework allows for a broader range of membership and non-membership degree com-binations, as well as the incorporation of multi-polarity, which is particularly important in real-worlddecision-making and pattern recognition problems.The unique theoretical properties and behavioral characteristics of the proposed correlation andweighted correlation measures are another key innovation. These measures satisfy desirable math-ematical properties, such as symmetry, boundedness, and normalization, ensuring their theoreticalvalidity and applicability. Moreover, the weighted correlation measure introduces the ability to in-corporate the relative importance of different components, which is crucial in multi-criteria decision-making scenarios.Another significant contribution of this research is the demonstration of the practical utility of theproposed correlation measures in pattern recognition problems. The comprehensive case study onfacial recognition, involving the identification of an unknown pattern among a set of known patterns,showcases the effectiveness of the q-ROm-PFS-based correlation analysis. This application highlightsthe potential for the developed measures to enable new types of analysis, modeling, and insights that
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were not feasible with previous correlation measures designed for less generalized fuzzy set frame-works.Furthermore, the comparative analysis presented in the paper, which compares the results ob-tained using the proposed measures against other well-established MCDM techniques, such as TOPSISand VIKOR, further underscores the unique strengths and advantages of the q-ROm-PFS-based corre-lation measures. This comparative assessment helps position the current work within the broadercontext of decision-making under uncertainty. In summary, the key innovations and contributions ofthis research include:

• The extension of correlation analysis to the q-rung orthopair m-polar fuzzy set (q-ROm-PFS)framework, which offers a more comprehensive and flexible representation of uncertainty com-pared to previous fuzzy set extensions.
• The development of novel correlation and weighted correlation measures for q-ROm-PFSs, whichsatisfy desirable mathematical properties and overcome the limitations of existing measures.
• The incorporation of the multi-polarity aspect into the correlation analysis, enabling the han-dling of complex, multi-faceted information in decision-making and pattern recognition prob-lems.
• The demonstration of the practical utility of the proposed measures in a comprehensive casestudy on facial recognition, showcasing their effectiveness and potential for enabling new typesof analysis and insights.
• The comparative analysis against other MCDM techniques, which highlights the unique strengthsand advantages of the q-ROm-PFS-based correlation measures.

These innovations and contributions significantly advance the state of the art in correlation analysiswithin the realm of generalized fuzzy set theory, with potential applications across various domains,including decision-making, pattern recognition, and beyond.
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