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ABSTRACT

When a correlation between datasets is presented, it is clear from this statement that it quantifies
how strongly these datasets are connected. Meanwhile, this coefficient is a well-known metric for
assessing the link between two sets. The Fermatean fuzzy set is a significant extension of the extant
intuitionistic and Pythagorean fuzzy sets, with the benefit of more comprehensively characterizing
ambiguous data. In other words, Fermatean fuzzy sets are powerful and useful tools for
representing imprecise information. The purpose of this work is to generate novel correlation
coefficients using Fermatean fuzzy sets. These coefficients specify the degree and kind of
correlation (positive or negative) between two Fermatean fuzzy sets. The new coefficient values
will similarly be in the [-1,1] range. During formulation, pairs of membership and non-membership
degrees were viewed as a vector representation containing the two elements. Furthermore, the novel
approach was compared to existing methods. A medical diagnosis application and pattern

Fermatean Fuzzy Set recognition as a data mining application were used to exemplify the effectiveness of the proposed

method.

1. Introduction

Several applications are used in the research in the literature to address decision-making (DM) issues. The
correlation coefficients (C), which are utilized to assess the degree of dependence between two sets, are one of
the techniques for determining the best choice. Any statistical association between two random variables or
bivariate data, whether causal or not, is referred to in statistics as a "correlation." Calculating the covariance
value, which depicts how these two variables have changed in relation to one another, is the easiest technique to
determine whether two variables are connected. To further understand the covariance, it is helpful to consider
the variance. The variance of a variable is a measure of how far the averaged data are from the mathematical
mean. The change of two variables with regard to one another, or their relationship, may be demonstrated by
computing the covariance value. The covariance is often negative when both variables are below the mean. In
this instance, we may conclude that the two variables do not have a positive association. Nevertheless,
employing covariance has a drawback since covariance is dependent on the unit of the variables. We will have
trouble comprehending the covariance value if the two variables are measured in different units. It becomes
challenging to define what being huge or tiny entails. We must normalize the covariance value in order to solve
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the unit problem in covariance. Each unit must be able to be converted to a common value in some way. We
must make use of the standard deviation to do this. The correlation value is obtained by dividing the covariance
formula by the standard deviation values.

Cs are used to gauge how strongly two variables are correlated. Because of this, there are several different
areas of work, including engineering, physics, medicine, and economics. Current probabilistic methods have
several benefits but some downsides as well. On a large scale, the complex system contains a lot of fuzzy
ambiguity, making it difficult to understand the whole range of possible outcomes. Outcomes according to
probability do not every time ensure helpful info to specialists due to the constraint of only being able to act on
guantitative information. Also, there are times when there is not enough data to properly operate parameter
statistics in day-to-day operations. Due to these limitations, the probabilistic approximation is insufficient to
take into account the inherent uncertainties in the data, and the conclusions based on probability do not always
offer experts valuable info. There are several approaches to overcoming these challenges. One of these choices'
most successful outcomes for overcoming ambiguities and imprecision in DM is Fuzzy set (/F) theory-based
methods.

Uncertainty is an important concept in DM problems. Unpredictable events are what define uncertainty. In
unclear conditions, routine decisions may not be debated. Under vagueness situations, it is critical to weigh both
the benefits and downsides of prospective results. At this point, it is critical to conduct a detailed examination of
the environmental factors. Even when final judgments are not in dispute, utilizing past experiences and
decisions is not every time beneficial, when there is uncertainty. Because of Zadeh's development of the F
concept, language phrases that we inadvertently use on a daily basis are now calculable [42].

The classification system was able to transcend the restrictions of math, which had beforehand been limited
to precision since fuzzy logic was used. This idea started a mode change that diffuse around the world as an
outcome of its accomplished application in world circumstances. A distinct-function component is either an
insider of a set in the conventional sense or it is not. Nevertheless, the F notion assesses whether or not a body is
interested in a set by using a membership function(MF) that appoints an item a membership degree(MD) in [0,
1]. If the MD of an element of a set is m,, its non-membership degree (ND) is 1 — m,, according to ‘F-A.

Hence, the sum of the degrees of belonging and non-belonging is equal to one. Yet, this situation falls short
of fully addressing the uncertainty in a number of areas. As a result, the intuitionistic fuzzy set (I'’f) theory
improved the generalization of the F theory [5].

Whereas ‘Fis intended to simply expose the MD specified in [0,1], IF defines the ND in addition to the MD.
IF states that MD and ND are in [0, 1]. Yager [41] was the first to introduce Pythagorean fuzzy sets (PF),
which were occasionally created as extensions of J'F5 since s were insufficient for expressing uncertainty.
Since MD and ND cannot be combined together to make a decision, PFs use the idea that MD? + ND? < 1. The
literature has a number of studies on F and its several extensions ([ D).

The Fermatean fuzzy set (‘(FFS) with 0 < MD3 + ND3 < 1 has been initiated by Senepati and Yager [32].
FFS is better at explaining uncertainties than I'Fs and PF. This work was continued by Senapati and Yager
[33], who looked at a variety of new operations and arithmetic mean procedures over FFSs. To solve MCDM
difficulties, they also applied the ‘FF-weighted product model. ‘F’FS-related new aggregation operators have
been defined and [34] has examined the properties that go along with them. In a short time, many studies on
JFFS have entered the literature [ ]

In [9], a formula for C of Fs is guaranteed, while the correlation for fuzzy info based on traditional statistics
is provided. According to the accepted concept of Cs, the C of fuzzy info has been investigated in [29]. IF and
PF produced more thorough and precise results on the basis of the results produced by the F theory. Cs derived
from IF and PF have been utilized in a wide variety of applications in the literature [

].

In real-world implementations, FFNs have a very large capacity to duplicate uncertain and imprecise
information; hence, our study improves the FFN-based C to solve MCGDM challenges. By taking into
account MD and ND, the new Cs between the two F¥Ss have been determined. The FF environment served as
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the first definition of new informational energy (I’E) in this work. JF measures a random variable's level of
uncertainty and increases as randomness drops. IE is precisely convex at all times. As the novel Cs and other
sets have different weights in reality, weighted Cs have been developed according to J£. Many methods have
been developed to find the Cs between F5. Nevertheless, these tactics fail when certain values are both MDs
and NDs of the same element. As it may show the link between the ‘FFSs, this study is interested in identifying
the correlation between FFE. Our results fall inside the [0, 1] interval since we have left out the equation's
negative part, commonly known as the reverse correlation because we are working in a fuzzy environment. The
hypothesis that C belongs to ‘FFSs was developed and put out in light of the fact that FFSs are useful tools for
figuring out relationships between pieces of confusing information. To demonstrate the success of the new

strategies, two applications were used: Medical diagnosis and pattern recognition. The old and new Cs were
contrasted.

Originality: The traditional Cs have undergone a number of extensions, including F, I'F, and PF Cs. The
Cs are now performing better thanks to these extensions. Considering I'f5, PF and ‘FFSs shows that ‘FFSs are
better able to deal with uncertainty and missing information issues. In this work, the JF Cs and PF Cs
investigations were taken into consideration for developing the FF Cs. F'FSs have the potential to encompass
more components than IFs and Pf5 since they satisfy the MD3 + ND3 < 1 criteria for an object. There is a
medical application for the new Cs. We compared newly suggested Cs with Cs based on I’Fand P’F from prior
trials.

The contributions of this study can be given as follows:

I Most correlation coefficients that are now used in fuzzy or nonstandard fuzzy theory have
values between 0 and 1, which merely shows the strength of the connection. Uncertain concepts
like ugly vs. beautiful (negatively correlated), heavy vs. big (positively correlated), etc. can be
easily correlated using a correlation coefficient with a value in [1, 1], but the correlation
coefficient with a value in [0, 1] is insufficient to describe the correlation between ugly and
beautiful.

Il. The bulk of studies on fuzzy and non-standard fuzzy sets use fabricated data to support their
comparative measures. The current J7F and P ‘F-based correlation coefficients do not satisfy all
or some of these requirements. In this study, we thus propose some new correlation coefficients
for FFSs that exceed the existing correlation coefficients while accounting for these aspects.

Il For FFSs with values in [1, 1], we suggest four new correlation coefficients, and we also go
over some of their attractive characteristics.

V. With the help of our proposed ‘F¥-correlation coefficients, medical diagnostics, and data
mining applications are studied. Further, the proposed F‘F Cs are compared with various

measures of compatibility already existing under FF conditions.

2. Preliminaries

In this section, we introduce some basic concepts related to ‘FFSs.
Definition 1. The set M = {(u, fi;(w), gy (W)):u € U}is called FFS with fi,, gy €[0,1],0 < fi + gy <
1. The hesitation degree is represented as hy, = (1 — fi3 — ga)/3.
Fermatean fuzzy number (FFN) and the set of all FFS s in U are denoted by (fy;(w), gu (w)), and T'(V),
respectively.

Fortwo FFNsM = (fy, gu) and N = (fy, gn),
a M= (gM'fM)’

b. MXN = (fM fu (g + gn —g%-gﬁ)é)
c. MEN = ((fi+fi—fi- DY gign)
d. zM=(1-(1-FfHY, g)
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e M*=(fi (1-(1-giH"?)

Definition 2. For two FFNs M = (fy, gu) and N = (fy, gn),
a. MUN = (max{fy, fv}, min{gm, gn})
b. M nN = (min{fy, fv}, max{gm, gn})

c. M= (gum fu)
d. M < Nifandonlyif fy < fy. 9u < gn-

Definition 3. For two FFNs M = (fy, gu) and N = (fy, gn), the score functions, and the accuracy functions
are:
SC(M) = fii—gi,  SCIN) = £ — gi,
ACM) = fiz + gy,  AC(N) = fy + gi-
Lemma 1. Fortwo FFsM = (fy, gu) and N = (fy, gn)»
a. IfSC(M) < SC(N),thenM < N,
b. 1fSC(M) = SC(N), AC(M) < AC(N), then M < N,
c. IFSC(M) = SC(N), AC(M) = AC(N), then M = N.

3. Novel Statistical Concepts

In this section, a few brand-new correlation coefficients for F¥Ss that, in addition to the degree of
connection, also indicate whether the two FFSs are positively or negatively associated have been offered.
Throughout this paper, let I'(U) denote the set of all FFSs in the universe of discourse U = {t4, t,, ..., t;}.

First, FF-type correlation coefficients based on variance and covariance have been offered. In order to
define the correlation coefficients for F'FSs, some terms like average, variance, and covariance of FFSs have
been defined.

Definition 4. For any M, N € T'(U),

a. Ort(M) is said to be the average of M, where

n n
_ 1 1
k=1 k=1
b. VRNC(M) is said to be the variance of M, where

1 © _ _
vRNCO) = —— " ([fdw) — | +[ok e - g7]) @)
c. K(M, N)is called thek;variance of M, for
1 < . . — —
K(M,N) = mZ({[ff/}(tk) — ] % [f5 ) = R} + {lomt) —gm] < [on) —9x]}) 3
k=1

Proposition 1. For any M, N € I'(U),
a. K(M,N)=K(N,M),
b. K(M,M) = VRNC(M),

c. |[VRNC(M)| < /[VRNC(M)VRNC(N).

Proof: a.

1 < _ —_ — —
KON = —— > ({[f ) = ] % [0 = 31} + {{g (60 — 9] % 9% &0 — gR]})
k=1

1 - — - -
D (Ao - 11 x [fido = 57l + (93 @0 — 93] % [92 6 = g ]}) = KV, w0,
k=1

n—1
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b. KM, M) = -5, ([0 — Fa] x [ — fal) + (g3 o) — g3] % [93 0 — 93 1)
1 n
= > (1@~ FT" +lghtt0 - gh1") = VRNC )
k=1

1

¢. K(M,N)* = (E = ({[fir ) _E] X [fy () — fi ]} +{[gm(t) - gM] x [g3 (i) = gN]}))
S <n 12{[fM(tk) fur ] + g (tr) — gM]}) (mZ{[fN () — fa ] + g8 (t) — gN]}>

k=1
= VRNC(M)VRNC(N).
Therefore, [VRNC(M)| < \/VRNC(M)VRNC(N).

Definition 5. For any M, N € T'(U),
K(M,N)
C(M,N) = (4)
JVRNC(M)VRNC(N)

is called the C of M,N where K(M, N) and VRNC(M) utilized as defined by (2) and (3), respectively.

The new C will be more universal if the FFS hesitation degree h is also employed for it (3.4). This definition
of C will make it much easier to categorize the sample and will greatly improve its ability to address practical
situations. We now provide a revised definition of C.

Definition 6. For any M, N € I'(U), then the C between M, N,

Ci(M,N) = Ky (M, V) ©
T [VRNC;(M)VRNCy (N)
where
1 n
VRNG, ) = ——= " ([fitt0) = 5] +[ght0) — g7 + [k (e — E]") (6)
k=1
and

Ky(M,N) = 12({[fM(tk) fM] X [fN (tx) — fz\?]} + {[gM(tk) gM] X [gN(tk) gN]}
+{[hM(fk) hi] % 13 (6 = B3 ]}) @)

Z hy (), Z hy ().

Theorem 1. Forany M,N € I'(U), the followmg conditions are held:

a. K(M,N)=K(N,M),
b. —1 <K(M,N) <1,
c. If M = aN for some o, then

C(M,N) = {_11

and also

a>0
a < 0.

4. Novel Pearson type Correlation Coefficients Formula

Karl Pearson's Coefficient of Correlation is also known as the Product Moment Correlation Coefficient and
was developed by Karl Pearson. Along with the scatter diagram and Spearman's rank correlation, it is one of the
three most effective and widely used techniques for determining the degree of correlation. The quantitative Karl
Pearson correlation coefficient method provides a number to determine the strength of the linear relationship
between X and Y. In this section, new Pearson type-correlation coefficients pertaining to ‘F’FSs have been
presented.
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Let’s start by outlining a few of the equations that will be utilized in this section:

_ Sl — £if] x [ () - K1}

. — — ®)
J (i (6 - fﬁ]_\/ ORI
A, = 2:1{[91%/1@]() ;glzl] X [gli(tk) :9131]} 9)
Jlsiseo 581 loi w0 ~ 53]
/13 1{[hM(tk) - h}?/l] X [hN(tk) h3 ]} (10)

J[h (60 - ] W e - A

Definition 7. Take M, N € I'(U). Using Equations (8) and (9),
1
is obtained. The Equation (11) is said to be C.
Definition 8. Take M, N € I'(U). Using Equations (8), (9), and (10),
1
Cp(M,N) 25(11"'/12"‘13) (12)
is obtained. The Equation (12) is said to be C.

Theorem 2. Take M, N € T'(U).
a. Cp(M,N) = Cp(N, M),
b. —1 <Cp(M,N) <1,
c. IfM = aN, for some «, then

1, a>0
Co(M,N) = {

-1, a < 0.
Proof: The proof is item a is clear.

b. Let’s utilize the Cauchy-Schwarz inequality:

%y=<"ﬂmm)f][mm)fﬂ>
(o -7 e -7
=(Z 1{[fM(tk)—f1vﬂ 5 () — fnﬂ})

(ﬁmW)f]ﬁEW)ﬁJf
_[Zhalrieo - ml xSl -]

[zk @ - Rl < Tli e - 5]
Then, [(11)?] < 1. Similarly, |(1,)?| < 1. Therefore
1
Co (M, W) = |5 0 +2,)
Hence Cp(M,N) € [—1,1].

c.If M =aN, then fu(ti) = afy(t), gu(tx) = agy(ty). Fora >0,
1{[fM(tk) v ] X [fN(tk) fn ]} Xk 1{[an(tk) —afy ] X [fN (tx) — fN]}

ﬁmm>f]ﬁmm>f] st - T I 0 - 7

1 1
s§(|/‘tl| + |2, 55(1+ 1) = 1.

M=
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Sheal [t 0 — fidl x [ ) = 7]} _

J[fM(tk> il e - 7Y
Similarly, 1, = 1. Hence, Cp(M,N) = E(Al +1,) =1
Take ¢ > 0. Choose a = —a for ¢ > 0. Therefore,

(_1)a322=1{[fM(tk) f]x[fN(tk) f]}
3J [ 60 = £ J [Fi) - 131

Likewise, 1, = 1, and the proof is complete.
Theorem 3. Take M, N € I'(U). Then,

d. CPH(M,N)=CPH(N,M),

e. —1 <Cpy(M,N) <1,

f. If M = aN, for some «a, then

1,
CPH(MiN) = {_1

M= =(-13=

a>0
a < 0.

5. Applications
5.1. Medical Application

For this study, Kirisci and Simgek [28] example of infectious illness was was modified to illustrate how the
recommended strategy in MCDM may be applied. The illness state of the patients will be determined by taking
into account their symptoms and using the distance, similarity, and correlation criteria. The ailment from which
the patient suffers the most will be identified based on the findings.

Let H = {H,H,,H;, H,} and
U = {Hepatitus C,Crimean Hemorrhagic Fever(CCHF), influenza(H1N1), sandly fever,norovirus}
= {U1; UZ' U3' U4' US}
be the set of patients and the set of five infectious diseases, respectively. Further, let
S = {chest pain, cough, stomach pain, headache, temprature} = {s;, S5, S3, S4, S5} be the set of symptoms.

The links between disease-symptoms (DS) and patient-symptoms (PS) will be analyzed using the
maximization of correlation, minimization of distance, and maximization of similarity.

Table 1. Disease-symptoms

S1 Sy S3 Sy S5
U, (0.1,0.9 (0.2,0.9 (0.8, 0.5) (0.4,0.5) (0.9,0.2)
U, (0.2,0.7) (0.7, 0.6) (0.7,0.4) (0.8, 0.4) (0.9,0.1)
U, (0.4,0.6) (0.9,0.2) (0.1,0.7) (0.7, 0.5) (0.8, 0.4)
U, (0.5,0.7) (0.2,0.7) (0.6, 0.6) (0.8, 0.3) (0.9,0.1)
Us (0.3,0.7) (0.2,0.8) (0.8, 0.5) (0.9,0.1) (0.4, 0.6)

Table 2. Patient-symptoms

sq s, S5 A S
H, (0.0, 0.6) (0.6, 0.3) (0.8,0.1) (0.2, 0.6) (0.8,0.3)
H, (0.1,0.4) (0.4,0.5) (0.6,0.3) (0.7,0.4) (0.8,0.1)
H, (0.1,0.5) (0.8,0.1) (0.3,0.7) (0.5,0.7) (0.8,0.2)
H, (0.3,0.5) (0.0, 0.8) (0.2,0.6) (0.6, 0.5) (0.9,0.1)
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Table 3. Values of C

U, U, U, U, Us
H, 0.6347 -0.1614 0.7791 -0.0138 0.5217
H, 0.1290 -0.3876 0.7958 -0.2451 0.4592
H, 0.2193 0.2682 0.5135 -0.1405 0.1470
H, 0.5315 0.3758 0.5016 0.4816 0.6973

Table 4. Values of Cy

U, U, Us U, Us
H, 0.4233 -0.5857 0.7225 -0.0079 0.2851
H, 0.0894 -0.3165 0.7143 -0.2017 0.1928
H, 0.0065 0.1436 0.2619 -0.0291 0.0790
H, 0.5315 0.3758 0.5016 0.4816 0.6184

Table 5. Values of Cp

U, U, U, U, Us
H, 0.6198 0.5983 0.3704 -0.2177 0.1912
H, 0.7354 -0.1508 0.1005 0.1606 -0.0810
Hs 0.2268 0.1325 0.4913 -0.0190 -0.0125
H, 0.1798 0.6784 0.0672 0.1609 0.7164

Table 6. Values of Cpy

U, U, U, U, Us
Hy 0.6829 0.4136 0.1184 | -0.0189 | 0.0463
H, 0.3381 0.6932 0.1057 | 0.2460 | -0.1340
H 0.0136 0.1695 0.2656 | -0.1298 | -0.0450
H, 0.1073 0.3407 0.0506 | -0.2741 | 0.4713

5.2.Data Mining Application: Pattern Recognition

Pattern recognition on the other hand is an engineering application of data mining and machine learning, it
is a process of recognizing patterns such as images or speech. Once a neural net is trained using machine
learning algorithms it can be used for pattern recognition. Other methods, even ones not related to machine
learning and data mining can be used for pattern recognition such as a fully handcrafted pattern recognition
system.

Pattern recognition can be defined as the classification of data based on knowledge already gained or on
statistical information extracted from patterns and/or their representation. One of the important aspects of
pattern recognition is its application potential. In this context, pattern recognition refers to the classification of
an unknown pattern into some known patterns with the help of compatibility measures. Here, use of our
proposed correlation coefficients in pattern recognition has been made.

Now, we take some known patterns M; = {(u, far (i), g (u)): e €U, k=12,..,1} for i=
1,2, ..., m. Further, we chooses an unknown pattern N = {(uy, fy (w), gy (wi)): ux € U, k =1,2,...,1}.

In this application, our aim is to classify the unknown model N to one of the known models M;. In order to
achieve this goal, the unknown N model will be assigned to one of the known M; (i = 1,2,...,m) models
according to the following methods:

Firstly, we will use the distance method. Let D(M;, N) denote the distance between the known pattern. M;
and the unknown pattern N. According to this method, N is assigned to M;:, where i* = argmin;D(M;, N) for
i=12,..,m.

Secondly, we will use the correlation method. Let C(M;, N) denote the correlation between the known
pattern. M; and the unknown pattern N. According to this method, N is assigned to M;-, where i* =
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argmax;C(M;,N) fori =1,2,..,m

Thirdly, we will use the similarity method. Let S(M;, N) denote the similarity between the known pattern.
M; and the unknown pattern N. According to this method, N is assigned to M;+, where i* = argmax;S(M;, N)
fori=1,2,..,m

Shahzaib et al’s [35] distance measures:
Dspan1(M,N) = 2101 Z (it = f3| + lgir — gi| + | — h¥])

u; eV

Dsyanz(M,N) = 4|U| Z(|fM fal+ g% — gx| + |y — A |) + Z(lfM il +gw — 9)

u; €U u;eU

Kirisci’s [24] Euclidean distance measures:

2

1
Diiriscii(M,N) = n Z (lfza _fz\?l + |91%4 - gl%ll + |h1%/1 - hz%ll)

u;EV

1
Dkiriscii(M,N) = o Z wi(|f1\§1 —f13| + |91?4 - gl?\’ll + |h1?\’4 - hl%ll)

u;EU

Shahzaib et al’s [35] similarity measures:

Ssuam1(M,N) = 1—mZ(|fM fN|+|gM gN|+|hM_hN|)

u; el

Sstan2(M,N) = 1_m Z(lfM fN|+|gM gN|+|hM_hN|)+Z(|fM fN|+|gM gN|)

u;ev u; el

Kirisci’s [24] cosine similarity measures:

¢ M) = Z fau)f3w) + g3 W) g ) + hi (u)hd (w)
KIRISCTL (F&(u) + g8 (up) + RS W) B (fE(uy) + g8 (wp) + hG (u) /3

TL

1 z fir i ) + giy (w) gi () + by (uy) by (w;)
(fM(u ) + gy (w) + hy )3 (fy (W) + gy () + hyy(u))/3

Skirisci2 (M N ) =

Example 1. Let M;, M, and M5 be three known patterns and U = {u,, u,, u3, u,}. Then, the known patterns M;
iS given as

M; = {(u4,0.46,0.68), (u,,0.55,0.73), (u3,0.38,0.84), (uy, 0.70,0.25)}

M, = {(uy,0.81,0.34), (u,,0.24,0.91), (u3,0.27,0.79), (uy, 0.35,0.65)}

M3 = {(u4,0.18,0.85), (u,,0.43,0.67), (u3,0.54,0.39), (uy,0.70,0.25)}

An unknown pattern N is shown as
N = {(u4,0.67,0.33), (u,,0.39,0.44), (u3, 0.51,0.55), (uy, 0.42,0.29)}
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Our aim is to find out the pattern to which N belongs. For this, we calculate the
correlation/distance/similarity between N and M; (i = 1, 2, 3), and the results are listed in Table 7. Weights are
w = {0,36, 0.14, 0.22,0.28}.

Table 7. Calculated values of various measures

(M{,N) | (M,,N) (M3, N) | Outcomes
C(M,N) 0.403 0.485 0.332 M,
Cy(M,N) 0.462 0.617 0.378 M,
Cp(M,N) 0.681 0.734 0.543 M,
Cpy(M,N) 0.605 0.698 0.499 M,
Dspay1(M,N) 0,378 0.500 0,434 M,
Dspag2(M,N) 0.279 0.386 0,312 M,
Dyiriscii(M,N) 0.422 0.422 0.4221 Not Classified
Dyirisciz(M,N) 0.026 0.022 0.035 M,
Ssran1(M,N) 0.622 0.500 0.566 M,
Ssnanz2(M,N) 0.721 0.614 0.688 M,
Skiriscii(M, N) 0.031 0.038 0.025 M,
Skiriscz(M,N) 0.007 0.007 0.007 Not Classified

5.3. Comparative Analysis

The Cs suggested in this work will be contrasted with previously with previously investigated measuring
methods.

First method [7]:

n

1 h h
Contonans ) = 1= )~ (U(6) = ] x |1 = 2122
k=1
h h
[ f furti) — (el dx ] [ ulte) + ”(t")] (13)
where
1, if x=fy(ty) =1—gy(ty),
_ 1—gu(ty) —x ) _
fMtk(x) - 1 _fM(tk) _ gM(tk)’ lfx € [fM(tk)! 1 gM(tk)];
0, otherwise.
Second method [31]:
1 [(Art)” A U )” + (9w @) ) A (9w (80))
CPENGl(M' N) = —Z 2 2 2 2 (14)
| (fu )V (@) + ((gn €0)”) v (g (t))°)
n 2 2 1— 2 1— 2
o = % 3 () A ()" + (1= (gm())") A (1 = (an(t))) s

= | ()" v (v ()" + (1= (9mt)*) v (1 = (g (t))°)

Third method [40]:
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() ()" + (o 0)) ((on@0)?) |

n |
Cwer(M,N) = %le

(16)
(@) + (m@)" + ()" + (o @)
Fourth method [43]:
CZHAA;IG (M,N)
1 Z [fu(6)? — gn (6?1 + 1 gm (6)? — fv (8% + [ha (8)? — Ay (8:)? 1] an

N ;k:1 [lfM(tk)z — v )2+ lgm (E)? — gy (E)?] + T (E)? — hy (G2 | + [ (E)? — gn ()2
Ham(t)? — fn(te)?] + Thy (te)? — hy (t)?]

Table 8 shows that all tests produced the same results, proving that patients H; and H, had the norovirus
and influenza A (H1N1) viruses, respectively. Six measurements for the H; patient revealed that he had hepatitis
C, two measurements revealed that he had influenza A (H1N1) disease, and one measurement revealed that he
had sandfly fever disease when the findings of all techniques were combined. Similarly, five tests revealed
Hepatitis C, three revealed influenza A(H1N1), and one revealed Crimean-Congo Haemorrhagic Fever (CCHF)
in patient H,. The findings obtained using the Cs indicated in this investigation were discovered to be identical
to the measurements of (13) — (17).

Table 8. Comparison results

Hy H, H; H,

C U, U, Us; Us

Cy U, U, Us; Us

Cp Uy U, Us; Us

Con Uy U, Us Us
Cchene cHENG Uy Uy Us Us
Crengi Uy Uy Us Us
Creng? Uy Uy Us Us
Cwer U, Us Us Us
Czuane Uy Uy Us Us

6. Discussion

There are several applications for fuzzy and non-standard fuzzy C implementations, including image
segmentation, cluster analysis, pattern classification, etc. While appearing to have the same effects, these acts in
this scenario lead to different results. Various findings are achieved using various similarity, distance, and
correlation measurements. This discrepancy results from these metrics' inability to assess the full degree of
uncertainty or needed accuracy in such sets.

The benefits of the suggested techniques can be explained as follows: A beneficial, useful, and greatly
generalized model of I'Fs and P’Fs is the F'FS method. In this situation, professionals offer their opinions
concerning the degree of membership with more independence. If uncertain data are forced to adopt the
constrained form of I'FNs and PFNs, then the ability to choice the optimal alternative from a collection of
alternatives is hindered. Data mutilation would result from the aforementioned situations. To offer effective
answers in such pressing situations, a more comprehensive version is required. Given that they are a useful

extension of I'Ffs and PF5, FFSs produce more accurate and precise results when applied to real-world
MCGDM situations that contain ‘FF information.

The first differentiating aspect of FF-based Cs is that they are more comparable to human judgment due to
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the presence of additional cognitive ambiguity features such as MD, ND, and neutrality. Once they get their
values in the range [-1, 1], the new Cs are able to appreciate two negatively associated qualities. Given these
advantages, the proposed Cs appear to be useful for estimating real-world knowledge in data challenges.

Notwithstanding all of the benefits, the new Cs have several restrictions. The Cs for FFSs are difficult to
implement to the clean data present in storages and other places. This may be achieved via transformation
equations or by establishing a multi-dimensional language database.

Weakness of the new approach: The proposed extension of the C method uses variance and covariance.
When C is calculated according to the values obtained in these concepts, the formation of equal values will
complicate the decision-making process. In this case, the variance and covariance values need to be
reconsidered.

7. Conclusion

First, let us go through the benefits of the provided strategy and how it differs from others. FFSs, as is well
known, can examine situations with ambiguity and insufficient info more effectively than IFs. Given that the
sets of Pythagorean and intuitionistic MDs are not as large as the sets of Fermatean FMs [32], it is obvious that
FFSs will have far more comprehensive options for finding and resolving uncertainty than 7‘Fand PF.

As defined by MD + ND < 1, I'F is a accomplished extension of ‘F for dealing with ambiguity. In some
circumstances, it will be MD+ND>1. The IF approach will be inadequate to fix this problem in these
circumstances. 2F, which Yager pioneered, has evolved to address this shortcoming. PF is a natural expansion
of ‘Ftheory that yields positive outcomes. However, there are some cases where MD?*+ ND?*>1 becomes. In this
case PF will not be an effective solution technique.

In the literature, there exist Cs derived using I'Fs and PF5, as well as methods established employing these
Cs. As previously stated, some instances may not be represented by I'Fs and PF5, and therefore suitable
outcomes from their respective algorithms may not be produced. The Cs acquired with I'F5s and PFs are a
subset of the Cs obtained with F'FSs. The proposed C is hence more generic than current ones and better suited

to handling real-world situations.
Correlation is a statistical method that reveals the relationship between two components. A C is the primary

consequence of a correlation. This research is devoted to characterizing a C for FFS. In this paper, the
restriction criteria MD+ND < 1 for 7 and MD? + ND? < 1 for PF were extended to the FFS C. The numerical
example that demonstrates supplied C may readily operate in situations where the existing Cs in the I’Fand PF
structures fail. The essential properties of F’FSs are that each F’FS has an MF and an NF based on the items in
the sample space. As a result, the association between FFSs has distinct properties. The Cs of FFSs according
to both MFs and NFs are examined, as have the results acquired by numerous researchers in prior studies. The
example cases demonstrate how the provided C in the FFS structure may easily operate the real-life problem
with their goals. The benefits of Cs characterized in the FFS are demonstrated by computed outcomes as

follows: The findings obtained with the proposed Cs are more sensitive. As a consequence, computational
overheads are decreased, and the outcomes are more applicable to real-world settings.

Conflict of interest: The authors declare that they have no known competing financial interests or personal
relationships that could have appeared to influence the work reported in this paper.



M. Kirisci / FOMJ 4(1) (2023) 1-14 13

References

1.

2.

10.
11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

30

31.

32.
33.

34.

Akram, M., Ali, G., Alcantud, J. C. R., & Riaz, A. (2022). Group decision-making with Fermatean fuzzy soft expert
knowledge. Artificial Intelligence Review, 55(7), 5349-5389.

Akram, M., Amjad, U., Alcantud, J. C. R., & Santos-Garcia, G. (2022). Complex fermatean fuzzy N-soft sets: a new hybrid model
with applications. Journal of Ambient Intelligence and Humanized Computing, 1-34.

Akram, M., Shahzadi, G., & Ahmadini, A. A. H. (2020). Decision-making framework for an effective sanitizer to reduce COVID-19
under Fermatean fuzzy environment. Journal of Mathematics, 2020, 1-19.

Arora, R., & Garg, H. (2018). A robust correlation coefficient measure of dual hesitant fuzzy soft sets and their application in
decision making. Engineering Applications of Artificial Intelligence, 72, 80-92.

Atanassov, K. (2016). Intuitionistic fuzzy sets. International Journal Bioautomation, 20, 1.

Bustince, H., & Burillo, P. (1995). Correlation of interval-valued intuitionistic fuzzy sets. Fuzzy sets and systems, 74(2), 237-244.
Chen, S. M., & Chang, C. H. (2015). A novel similarity measure between Atanassov’s intuitionistic fuzzy sets based on
transformation techniques with applications to pattern recognition. Information Sciences, 291, 96-114.

Chen, Y., Peng, X., Guan, G., & Jiang, H. (2014). Approaches to multiple attribute decision making based on the correlation
coefficient with dual hesitant fuzzy information. Journal of Intelligent & Fuzzy Systems, 26(5), 2547-2556.

Chiang, D. A., & Lin, N. P. (1999). Correlation of fuzzy sets. Fuzzy sets and systems, 102(2), 221-226..

Ejegwa, P. A. (2020). Distance and similarity measures for Pythagorean fuzzy sets. Granular Computing, 5(2), 225-238.

Ejegwa, P. A, & Jana, C. (2021). Some new weighted correlation coefficients between Pythagorean fuzzy sets and their
applications. Pythagorean Fuzzy Sets: Theory and Applications, 39-64.

Augustine, E. P. (2021). Novel correlation coefficient for intuitionistic fuzzy sets and its application to multi-criteria decision-
making problems. International Journal of Fuzzy System Applications (1JFSA), 10(2), 39-58.

Farhadinia, B. (2014). Correlation for dual hesitant fuzzy sets and dual interval- valued hesitant fuzzy sets. International Journal of
Intelligent Systems, 29(2), 184-205.

Garg, H. (2016). A novel correlation coefficients between Pythagorean fuzzy sets and its applications to decision-making
processes. International Journal of Intelligent Systems, 31(12), 1234-1252.

Garg, H. (2016). A new generalized Pythagorean fuzzy information aggregation using Einstein operations and its application to
decision making. International Journal of Intelligent Systems, 31(9), 886-920.

Garg, H. (2018). Novel correlation coefficients under the intuitionistic multiplicative environment and their applications to decision-
making process. Journal of industrial & management optimization, 14(4), 1501.

Garg, H., & Kumar, K. (2018). A novel correlation coefficient of intuitionistic fuzzy sets based on the connection number of set pair
analysis and its application. Scientia Iranica, 25(4), 2373-2388.

Garg, H., & Rani, D. (2019). A robust correlation coefficient measure of complex intuitionistic fuzzy sets and their applications in
decision-making. Applied intelligence, 49, 496-512.

Garg, H., Shahzadi, G., & Akram, M. (2020). Decision-making analysis based on Fermatean fuzzy Yager aggregation operators with
application in COVID-19 testing facility. Mathematical Problems in Engineering, 2020, 1-16.

Garg, H., & Kaur, G. (2022). Algorithm for solving the decision-making problems based on correlation coefficients under cubic
intuitionistic fuzzy information: a case study in watershed hydrological system. Complex & Intelligent Systems, 1-20.

Gupta, R., & Kumar, S. (2022). Intuitionistic fuzzy scale-invariant entropy with correlation coefficients-based VIKOR approach for
multi-criteria decision-making. Granular Computing, 7(1), 77-93.

Kamaci, H. (2020). Simplified neutrosophic multiplicative refined sets and their correlation coefficients with application in medical
pattern recognition, Neutrosophic Sets and Systems, 41, 270-285.

Kirisci, M. (2021). Q-soft sets and medical decision-making application. International Journal of Computer Mathematics, 98(4),
690-704.

Kirigci, M. (2023). New cosine similarity and distance measures for Fermatean fuzzy sets and TOPSIS approach. Knowledge and
Information Systems, 65(2), 855-868.

Kirisci, M. (2022). Data Analysis for Lung Cancer: Fermatean Hesitant Fuzzy Sets Approach. In Applied Mathematics, Modeling
and Computer Simulation (pp. 701-710). 10S Press.

Kirisci, M., Demir, 1., & Simsek, N. (2022). Fermatean fuzzy ELECTRE multi-criteria group decision-making and most suitable
biomedical material selection. Artificial Intelligence in Medicine, 127, 102278.

Kirisci, M. (2022). Correlation coefficients of fermatean fuzzy sets with a medical application. Journal of Mathematical Sciences
and Modelling, 5(1), 16-23.

Kirisci, M., & Simsek, N. (2022). Decision making method related to Pythagorean Fuzzy Soft Sets with infectious diseases
application. Journal of King Saud University-Computer and Information Sciences, 34(8), 5968-5978.

Liu, S. T., & Kao, C. (2002). Fuzzy measures for correlation coefficient of fuzzy numbers. Fuzzy Sets and Systems, 128(2), 267-275.

. Peng, X., & Selvachandran, G. (2019). Pythagorean fuzzy set: state of the art and future directions. Artificial Intelligence Review, 52,

1873-1927.

Peng, X., Yuan, H., & Yang, Y. (2017). Pythagorean fuzzy information measures and their applications. International Journal of
Intelligent Systems, 32(10), 991-1029.

Senapati, T., & Yager, R. R. (2020). Fermatean fuzzy sets. Journal of Ambient Intelligence and Humanized Computing, 11, 663-674.
Senapati, T., & Yager, R. R. (2019). Some new operations over Fermatean fuzzy numbers and application of Fermatean fuzzy WPM
in multiple criteria decision making. Informatica, 30(2), 391-412.

Senapati, T., & Yager, R. R. (2019). Fermatean fuzzy weighted averaging/geometric operators and its application in multi-criteria
decision-making methods. Engineering Applications of Artificial Intelligence, 85, 112-121.



14

35

36.

37.

38.

39.

40.

41.

42.

43

44,

M. Kirisci / FOMJ 4(1) (2023) 1-14

. Ashraf, S., Naeem, M., Khan, A., Rehman, N., & Pandit, M. K. (2023). Novel Information Measures for Fermatean Fuzzy Sets and
Their Applications to Pattern Recognition and Medical Diagnosis. Computational Intelligence and Neuroscience, 2023.

Singh, S., & Ganie, A. H. (2020). On some correlation coefficients in Pythagorean fuzzy environment with
applications. International Journal of Intelligent Systems, 35(4), 682-717.

Smarandache, F. (2003). A unifying field in logics: Neutrosophic logic. Neutrosophy, neutrosophic set, neutrosophic probability and
statistics, Phoenix, Xiquan.

Xuan Thao, N. (2018). A new correlation coefficient of the intuitionistic fuzzy sets and its application. Journal of intelligent & fuzzy
systems, 35(2), 1959-1968.

Wei, G. W., Wang, H. J., & Lin, R. (2011). Application of correlation coefficient to interval-valued intuitionistic fuzzy multiple
attribute decision-making with incomplete weight information. Knowledge and Information Systems, 26, 337-349.

Wei, G., Wei, Y. (2018) . Similarity measures of Pythagorean fuzzy sets based on the cosine function and their applications.
International Journal of Intelligent Systems. 33(3), 634-652.

Yager, R. R. (2013). Pythagorean membership grades in multicriteria decision making. IEEE Transactions on fuzzy systems, 22(4),
958-965.

Zadeh, L. A. (1978). Fuzzy sets as a basis for a theory of possibility. Fuzzy sets and systems, 1(1), 3-28.

.Zhang, X. (2016). A novel approach based on similarity measure for Pythagorean fuzzy multiple criteria group decision
making. International Journal of Intelligent Systems, 31(6), 593-611.

Zulgarnain, R. M., Xin, X. L., Saglain, M., & Khan, W. A. (2021). TOPSIS method based on the correlation coefficient of interval-
valued intuitionistic fuzzy soft sets and aggregation operators with their application in decision-making. Journal of
Mathematics, 2021, 1-16.

Kirisci, K. (2023). Fermatean Fuzzy Type Statistical Concepts with Medical Decision-
Making Application. Fuzzy Optimization and Modelling Journal, 4 (1), 1-14.

https://doi.org/10.30495/FOM].2023.1982256.1082

Received: 12 March 2023 Revised: 1 April 2023 Accepted: 20 April 2023

Licensee Fuzzy Optimization and Modelling Journal. This article is an open access
article distributed under the terms and conditions of the Creative Commons
Attribution (CC BY) license (http:/ /creativecommons.org/licenses/by/4.0).


https://doi.org/10.30495/fomj.2021.1931398.1028
https://doi.org/10.30495/fomj.2021.1931398.1028

