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Abstract: Digital education is very important and valuable because it is a subpart of artificial intelli-
gence, which is used in many real-life problems. Digital education is the modern utilization of digital
techniques and tools during online purchasing, teaching, research, and learning and is often referred
to as technology-enhanced learning or e-learning programs. Further, similarity measures (SM) and
complex fuzzy (CF) logic are two different ideas that play a very valuable and dominant role in the
environment of fuzzy decision theory. In this manuscript, we concentrate on utilizing different types
of dice SM (D-SM) and generalized dice SM (GD-SM) in the environment of a CF set (CFS), called CF
dice SM (CFD-SM), CF weighted dice SM (CFWD-SM), CF generalized dice SM (CFGD-SM), and CF
weighted generalized dice SM (CFWGD-SM), and also derived associated outcomes. Furthermore, to
evaluate or state the supremacy and effectiveness of the derived measures, we aim to evaluate the
application of artificial intelligence in digital education under the consideration of derived measures
for CF information and try to verify them with the help of several examples. Finally, with the help of
examples, we illustrate the comparison between the presented and existing measures to show the
supremacy and feasibility of the derived measures.

Keywords: artificial intelligence; digital education; complex fuzzy logic; generalized dice similarity
measures; decision-making

MSC: 03B52; 68T27; 94D05; 03E72; 28E10

1. Introduction

In recent years, artificial intelligence has emerged as an indispensable tool utilized by
a multitude of companies, such as YouTube, Amazon, and Netflix, as well as within search
engines, translation companies, online marketing and advertisements, and education.
Scholars and businesses are no strangers to using it. In essence, artificial intelligence acts as
a substitute for the lengths with which human intelligence can reach and exists to complete
the same tasks that humans can. The term “artificial intelligence” concerns technology
that can imitate “human” cognitive skills, ranging from “learning” to “problem solving”.
Its wide-ranging possibilities have altered the future landscape of education, learning,
and teaching as techniques change to incorporate such advanced technology. Artificial
intelligence can be utilized to improve aspects of education as well as aid in the future
understanding of the brain and cognition.

Clustering analysis, or clustering algorithms, which allow companies to mine invalu-
able discrete data to pool information on customers, the population, and transactions,
amongst other targets, is one of these powerful tools within artificial intelligence. Cluster-
ing analysis can also take the form of an evaluative statistical technique. Information is
organized into collectives, or clusters, centered on careful associations, which would prove
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an extraordinarily difficult activity for scholars to arrange such masses of data based on
similar attributes.

Much inspection of clustering analysis has utilized classical information, but various
problems are yet to be resolved. One major issue involves the loss of masses of information
in the process of forming clusters. Addressing this, Zadeh [1] established the main theory
of fuzzy sets (FS) in 1965 by altering the function of the classical set and inventing a novel
function termed the membership grade, where the derived values fit into the unite interval
[0, 1]. Furthermore, Mahmood and Ali [2] modified the theory of FS and derive the theory
of fuzzy superior mandelbrot information. Akram et al. [3] merged the theory of FS with
N-soft information and originated the novel theory of fuzzy N-soft information. The theory
of multi-fuzzy N-soft information emerged from work conducted by Fatimah and Alcan-
tud [4] that combined the multi-fuzzy set theory with the N-soft set theory. Furthermore, a
non-iterative reasoning technique under the consideration of fuzzy cognitive function was
invented by Al Farsi et al. [5], Karimi et al. [6] examined the perceptual computer for hierar-
chical portfolio consideration in the presence of type-2 fuzzy information, and Tian et al. [7]
evaluated the canonical triangular interval type-2 fuzzy linguistic distribution assessment.

Through the various usages of fuzzy information across multiple fields and scholars,
the important question of what occurs when the range of FS is altered requires an answer.
Ramot et al. [8] hence manipulated the range of FS and, in using the unit disc in lieu of
the unit interval, generated the notion of complex fuzzy set (CFS). CFS possesses only
one grade, but the resultant value is in the form of a complex number where real and
unreal parts are contained in the unit interval [0, 1]. Further, Liu et al. [9] established
methods to ascertain distances and values, which were titled cross-entropy measures based
on CFS. Newly created complex fuzzy N-soft sets by Mahmood and Ali [10] fused CFS
with N-soft information. Following on from this, the theory of a complex multi-fuzzy set
was discovered by A-Qudah and Hassan [11], while Tamir et al. [12] created the theory of
similarity measures reliant on complex fuzzy logic and CFSs. Moreover, Ghorbani et al. [13]
exposed the semantic interoperability based on type-2 fuzzy sets; Jan et al. [14] evaluated
the evaluation of digital systems for complex fuzzy soft information and their applications;
Yahya et al. [15] derived the S-box based on image encryption for complex fuzzy frank
operators; and Zeeshan et al. [16] evaluated the distance function for complex fuzzy soft
information and their application in signals.

Similarity measures (SMs) play an essential role in evaluating the closeness be-
tween any two pieces of information, and based on their supremacy and advantages,
certain people have utilized them in the environment of different fields. For instance, Lee-
Kwang et al. [17] derived SMs for fuzzy information. In addition, Xuecheng [18] evaluated
entropy, distance, and SMs for fuzzy information, while Wang [19] proffered two new SMs
regarding fuzzy information. Beg and Ashraf [20] identified SMs for FSs; Chen et al. [21]
contrasted a multitude of SMs for fuzzy information; Couso et al. [22] assessed the SMs and
dis-SMs for fuzzy information; and Zhang and Fu [23] gleaned SMs based on three types
of FSs. Moreover, Guo et al. [24] exposed the cosine SMs for CFS and their importance in
robustness, whereas Hu et al. [25] conducted work on the theory of distance, similarity,
and continuity with regard to complex fuzzy information and its application in digital
education. In response to the aforementioned discoveries, it became evident that it was
a complex challenge to develop new SMs based on CFS, and thus the core theme of the
following analysis should be to discern the various forms of D-SMs [26] and GD-SMs for
CFS. Before proposing the derived techniques, we have three major queries:

1. How do we invent new similarity or distance measures based on complex fuzzy logic;

2. How do we evaluate the problem of digital education based on distance or similarity
measures for complex fuzzy logic;

3. How do we evaluate the best optimal form of the collection of finite values.
Evaluating or addressing the above queries is a very challenging task for young re-

searchers because the structure of a complex fuzzy set is very complicated and ambiguous.
Many scholars have derived the different types of measures based on fuzzy sets, but the
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dice and generalized dice similarity measures are more formal and valuable for depict-
ing uncertain and unreliable information in genuine life problems. Therefore, the major

advantages and disadvantages of the proposed work are stated in Table 1.

Table 1. Advantages and disadvantages of the proposed work.

Advantages of the Proposed Measures

Disadvantages of the Proposed Measures

Similar measures based on fuzzy sets are
the special cases of the proposed theory.
Similarity measures based on complex
fuzzy sets are the special cases of the
proposed theory.

With the help of proposed measures, we
can easily find the interrelationship
between any two fuzzy or complex
fuzzy numbers.

Dice similarity measures based on fuzzy
sets and complex fuzzy sets are the
special cases of the proposed work.

The presented measures can also use for

The proposed measures have failed to
depict the data which contained
membership and

non-membership grades.

The proposed measures have failed to
aggregate the collection of information
into a singleton set.

The proposed measures will be the
special cases of these measures which
will be proposed based on complex
intuitionistic fuzzy sets and

their extensions.

evaluating two-dimension information.

In the presence of the above information, it is clear that the proposed measures have
many advantages. Moreover, we used the proposed measures and tried to evaluate the
problem of digital education in northern areas based on their attributes. Therefore, the aim
is to utilize them within the realms of digital education and artificial intelligence. Some
important theories presented are listed below:

1.  To expose the theories of CFD-SM and CFWD-SM and evaluate their valuable conclusions;

2. To examine the theory of CFGD-SM and CFWGD-SM and discuss the overarching themes;

3. To evaluate the problems of education with the help of artificial intelligence in digital
education in the presence of the presented measures;

4. To contrast the proposed discussions with numerical evidence to conclude the superi-
ority and effectiveness of the suggested methods.

The main structure of this analysis is of the form:

1. InSection 2, the concepts of D-SM and CFS and their operational laws will be reviewed;

2. In Section 3, the theories of CFD-SM, CFWD-SM, CFGD-SM, and CFWGD-SM will be
introduced;

3. In Section 4, the discussion will tackle the problems of artificial intelligence in digital
education, relying on assessed methods for complex fuzzy set theory;

4. In Section 5, the suggested measures will be evaluated using numerical evidence
alongside the existing measures;

5. In Section 6, the conclusion will be featured.

2. Preliminaries

The main influence of this section is to revise the existing theory of dice similarity
measures for the collection of positive integers, which is used for evaluating the interrela-
tionship between any two positive numbers. Moreover, we stated the idea of fuzzy sets and
complex fuzzy information and their operational laws. We also explained all parameters
in Table 2.
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Table 2. Meaning of all parameters used in this manuscript.
Parameter Meanings Parameter Meanings
Vi Representation of vector ¢¢ 7 Fuzzy sets
X, Y; Element of vectors X Universal set
0Cef Complex fuzzy sets x Element of a universal set
- - Complex membership = The real shape of
ER (x)+iB1() grade (Cartesian form) Er (¥) membership grade
= (x)eiz’T(E}(x) ) Complex membership (%) The imaginary shape of
R grade (Polar form) membership grade
= () Amplitude term of = (x) Phase term of
R membership grade -l membership grade
0>1 Scaler

Definition 1 [19]. For any two vectors Vi = (x1,x2,...,%Xn) and Vo = (y1,Y2,...,Yn), D-SM
is given by
AR 2571 L xiy;
D—5SM(W,V2) = 21 2 2= v é“Z] p @
Wallz + [[Vall2 j=1% T Li—1Y;

2 2 .
where V1'-V2 = Y1 Xjyj and HVl‘H2 = -1 xJZ, V2l = Eiq y]Z represent the inner prod'uct
and Euclidean norm under the consideration of vectors Vi and V,. The theory of D-SM is undefined

forxj =y;=0.
Further, we also need to recall the basic idea of FS.

Definition 2 [1]. Under the presence of universal set X, the FS is given by

¢ ={(Er(x)) : x € X} @

where the term Eg(x) represent the membership function and defined it from universal set X to
unit-interval [0, 1]. Furthermore, we are also able to write the short form and call it a fuzzy number
(FN), ggf,j = (x, ‘E%;)’j =1,2,...,n. Furthermore, we discussed some operational laws for
complex fuzzy information.

Further, we also need to recall the basic idea of CFS and their valuable laws under the
consideration of algebraic information, such as algebraic t-norm and t-conorm.

Definition 3 [5]. Under the presence of universal set X, the CES is given by

8Cr = {(Br(x) +iBi(x)) : x € X} = { (ER(x)e? &) x € X} 3)

where the terms Eg (x) and Ej(x) represent the real and imaginary part of the complex-valued
membership function and the terms Z (x) and E}(x) represent amplitude and phase grade of the

1 =
membership function, and Ei (x) = (2% (x) + 23(x)) 2 and E}(x) = tan™! :;((’;)) Here, we are

27(, )

also able to write the short form and call it C-FN, C@Cffj = (x, E%jel j ),] =1,2,...,n

Furthermore, we discussed some operational laws for complex fuzzy information.

27 (E
Definition 4 [5]. For C-FNs, éécffj = <x, E%jel ( ’f)>,]‘ =1,2,...,n, we have

8Ccr1UGCr 0= (x, max (5;{1, 5%2) J2(max(Z, ,5'12))) @
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Cgcf 1 N Cgcf ) = (x min (HR ,:kz)eiZH(min(-E?l,E;z))) (5)
27 (1-&]
Cécf = (x 1-E} el ( ’f)) (6)
- = = o\ i27(E] +E —E) B

f:Ccffl @‘:‘:cffz = <X, (dizl + ‘:‘%z — \:.}{1.:‘%2)61 ( L | Iz)) 7)

o\ 27 (8]
Cgcf—l ® Cgcf—Z e ( (“‘Rldkz)el 71'( Il 12)) (8)

- 0\ 2r0-(i-z))"
08Ccr—j = (xr (1_ (1_53@) )‘32”(1 " )> )
A iZH(E’,;)
ggcf ] X, ':'R] e ] (10)

Now we aim to extend the theory of D-SM and GD-SM based on CFS and also try to
describe their valuable results and properties.

3. Generalized Dice Similarity Measures for Complex Fuzzy Sets

In this section, we examined the ideas of CFD-SM, CFWD-SM, CFGD-SM, and
CFWGD-SM. Moreover, some valuable results are also discussed in detail.

2 (&
Definition 5. For C-FNs Cgcf—j = < ,HRe i IJ)),]' = 1,2,...,n and Céjf_j

277 (2%
= (x, :*% ¢ ( If)),j =1,2,...,n, D-SM! is denoted and defined as:

2":’:
n —T

CFD — SM' (‘:gcffj' 553—1‘) - %

v
- 2 -/ 2 —_
j=1 (:_u —i—a +<a*}{

gl

Further, D-SM ! given in Equation (11) satisfies the following properties:

1. 0<CFD-SM! (éécffj, gg:f—j> <1
2. CFD-SM! (ggcf,]-, ggjf,]«) = CFD - SM! (é‘éé‘fﬁ» CCCH)-
3. CFD-SM! (Cffcf_,-, Cf:?,ff,j) =160 j=CCer -

Example 1. For C-FNs (C.r = (x, 0.7ei2”(0'9)) and Céff = (x, O.3ei2”(0'5)), then by using the
theory in Equation (11) that is D-SM !, we have

« 2(0.740.340.9%0.5
CFD — SM! (‘Z‘:Cf' ng) - 1 Z 072+092) +(0.32+o).52)

_ 2(0.21+0.45)
= (0.49+0.81)+(0.09+0.25)

_ 2(0.66)
= (1.30)+(0.34)

— 132
~ 164

= 0.8048.
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Theorem 1. CFD — SM! (ggcf,j, @ij_]) satisfies the properties of similarity measures.

Proof. Recall that

_1y
CFD — SM! (ggcf*]" C@Zf—j) = n}; (E%jz n 5/1j2> + (E*éjz +E*’Ijz)

By definition, it is clear that CFD — SM? (ggc i gcjf_].) > 0,and

=2 =2 ey Ay =/ =%/ =/ =%/
<HR +HI )—i— (a R, T2 >2 ERER, T ELE

But according to the inequality, we know that a2 4+ b% > 2ab, thus, 0 < CFD —
SM! (&8, 88e-;) < 1.

Further, we prove that CFD — SM!
for this, we use Equation (11), such as:

(Cffcf—j/ Cﬁpj) = CFD — SM! (Cﬁszj' §§Cf—f);

n . .

_ 1 EEr. Y =1 /
CFD SM (C‘:cfsz(f‘:cff]) ,,IZ <E%,2+E’2 +(E*}{,2+ ‘2>
] j J
2(5*% '+ ’,JE)

1y =
= ”El <: 2 o z> <:% Jer

) = CFD — SM! (égjf—j’ égcf*i)'

Finally, we prove that CFD — SM! (@é‘cf_]-, géﬁf—j) =168 = ggjf_]-; for this,

G&is ;. then we prove that CFD — SM* (&8crp88ir ;) = 1.

we consider if ééjcf,j =
iy and k 1] = E*’Ij. Then, by using the

Let {Cor_j = GGgp_j, which means that E%j ==

information in Equation (11), we have

CED — SM! (ggcf,]-, ggj;f_j) -1

=1 <:>§§cf i égcf ]
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27 (2
Definition 6. For C-FNs cfé,‘cf_]- = (x, E%jel ( I ),]‘ = 1,2,...,n and
27t (B*"
C’::f—j — <x, E*%jel ( If)>,j =1,2,...,1n, WD-SM 1 is denoted and defined as:
o 2(BR &R +EE)
CFWD — SM' (&8s 885r) = 13 N (12)

=TT (2 a2 mel 2| s 2
= (a%j +E ) + (d*%f +E, )
where flj € [0,1]. Further, WD-SM ! is defined in Equation (12) satisfies the following properties:

1. 0<CFWD - SM' (C{:,‘Cffj, Cé‘?f_]-) <1
2. CPWD —SM' (g8, 885;) = CFWD — SM* (88, &.r ).
3. CPWD = SM' (888t ;) =1 E8epy = CCir -

Theorem 2. CFWD — SM! (c;‘écffj, gé;f—j) satisfies the properties of similarity measures.

Proof. Straightforward.[]

Here, it is worth noticing that the theory given in Equation (11) is a special case of

11 1
i

Equation (12), then we can easily derive the theory in Equation (11). Moreover, from
the information in Equations (11) and (12), we can easily derive the theory of distance

measures such as CFD — DM! (Cgcf_j, ngf—]) =1-CFD - SM! (ggcf—jl €§Zf—j) and
CPWD — DM (88es—;,885;) =1~ CEWD — SM' (88, 88y )-

the theory given in Equation (12), because if we put the value of ij = ( in

i271(Z))

Definition 7. For C-FNs g‘:cf—j = (x,E;{]_e f),j = 1,2,...,n and

27 (2

‘:C;f—j = <x, E*}{je j >,] =1,2,...,n, the notion of D-SM? is denoted and defined as:

CFD — SM?(88.s—;, 682r;) = (13)
Further, D-SM 2 defined in Equation (13) satisfies the following properties:

1. 0<CFD—SM (88,88 ) <1.

2. CFD— SM? (ggcf,]-, ggjf,j) = CFD — SM? (é‘éé‘f,j, CCCH).

3. CFD — SM (88 1,88l ;) =1 & 8oy = 885y -

Theorem 3. CFD — SM? <§Ccf—j/ §§§f_]-) satisfies the properties of similarity measures.

Proof. Straightforward. [
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CFGD — SM' (& 883;) =

27(Z
Definition 8. For C-FNs Lfé,‘cf_]- (x/E%jel ( 1]»),]- — 12,....n and

27t (B*"
C’::f—j — <x, E*%jel ( If)> ,j=1,2,...,n, the notion of WD-SM? is denoted and defined as:

cEE)

CFWD — SM? (&8s, 88 j) = ——
( of =jr 56cf ]) ?Zlij(EkaJrE/IjZ) +X 3 (E*%j2+3*/1j2)

where El]- € [0,1]. Further, WD-SM? defined in Equation (14) satisfies the following properties

1. 0< CFWD — SM? (ggcf,j, ggjf,j) <1
2. CEWD - SM?(&8_; &8, ;) = CPWD — SM2 (8%, 8Cer ).
3. CPWD —SM?(88.s_;, 685y j) =1 Eesy = 88is-

Theorem 4. CFWD — SM? (Cécffj, Q‘ijfj) satisfies the properties of similarity measures.

Proof. Straightforward. OJ

Furthermore, the information in Equation (13) is the particular case of the infor-

11 l). Moreover, from

mation in Equation (14), if we use the value of 5]- = (ﬁ, Sreeer

the information in Equations (13) and (14), we can easily derive the theory of distance
measures such as CFD — DM? (gch, C‘:fo]) = 1— CFD — SM? ((";’cfcffj, CC;}?O and

CFWD — DM? (GCCf_j, g;‘cj;‘f,j) =1-CFWD — SM? (Cécf_jf ‘;Ig:ffj)'

27 (E
Definition 9. For C-FNs (",‘(fcff]- (&E%jel 7( 1]-)),]- = 1,2,...,n and

27 (2% . . . .
Cé:ffj = (x, 3*%},31 ( fj ),] =1,2,...,n, the notion of GD-SM Lis denoted and defined as:

, ® € [0,05] (15)

GD-SM ! defined in Equation (15) satisfies the following properties:

1. 0<CFGD—SM! (éécﬁl é‘éé‘f_]-) <1.
2. CFGD —SM' (&8, &8l ;) = CFGD — sM' (285, & ).
3. CFGD —SM*(88.rj,28L;) =1 Geep; = ECiy ;.

Furthermore, we can easily derive two different types of results by using the informa-
tion in Equation (15); for instance, by putting the value of ® = 0,1, we obtain

) )

CFGD — SM! (CCCH, Céé‘f_j) = %Z
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1o, (3RE% + 88
CFGD—SMl(gécfszggjf—j):EZ R 17
j=1 (@R/ —|—an

Which represent the asymmetric and projection similarity measures.
Theorem 5. CFGD — SM! (Q‘{,‘Cff]‘, §§;‘f_]-> satisfies the properties of similarity measures.

Proof. Straightforward. [J

Definition 10. For C-FNs §Gopj = (x,E%je f),j = 1,2,...,n and

2 (2*).)

Cﬁjffj = (x, E*%je i ),j =1,2,...,n, the notion of WGD-SM Lis denoted and defined as:

(18)

CFWGD — SM'(&&p_; 68l ) = i

where ij € [0,1). Further, the notion defined in Equation (18) satisfies the following properties:

1. 0<CFWGD —SM! (Cécffj, ééﬁf_]-) <1
2. CPWGD - SM' (8., 48%s;) = CFWGD — SM' (887 8er-; )
3. CPWGD — SM' (88—, 88s) =1 Cep; = 8is -

Furthermore, it is easy to derive two special types of results by using the information
in Equation (18); for instance, by putting the value of ® = 0, 1, we obtain

CFWGD — SM' (¢ 88t ;) = 1 ) (19)

—-/ !
n — (':'R* R: +
. ] /
3
j=1 +

CFWGD — SM* (8., 685y ) = 23]- (20)
=

Which represent the asymmetric and projection similarity measures.

Theorem 6. CFWGD — SM* (CCCf_]-, C@’:f_j) satisfies the properties of similarity measures.

Proof. Straightforward. [

11 1
i
tion (15). Moreover, from the information in Equations (15) and (18), we can easily

derive the theory of distance measures such as CFGD — DM! (ggcff]., éer ffj) =1-
CEGD — sM! (f;’gcf,j, ggjf,j) and CFWGD — DM! (ggcf,]-, ggjf,j) — 1- CFWGD —
SM(88r 8821 )

By putting Ej = ( ) in Equation (18), we obtain the notion given in Equa-
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27 (&

Definition 11. For C-FNs §Gopj = (x,E%je ’f)),j = 1,2,...,n and

27t (B*"
& i = <x, E*%jel ( If)> ,j=1,2,...,n, the notion of GD-SM? is denoted and defined as:

CFGD — SM?(88cs- 1,882 ;) = (21)

ori (5 +?) + 0o (2 + )

And it satisfies the following properties:
1. 0<CFGD-SM? (Cé‘cf_]-, Cé‘if_j) <1
2. CFGD—SM? (&8s, 68ly_;) = CFGD — SM? (8851, 8ey )i
3. CFGD—SM?(8p_;, 88t j) =1 &lepj = ECi -
Theorem 7. CFGD — SM? (ﬁqfc Fojr ﬁéjff j) satisfies the properties of similarity measures.
Proof. Straightforward. [

Furthermore, we can easily derive two different types of results by using the informa-
tion in Equation (21); for instance, by putting the value of ® = 0, 1, we obtain

) o)

CFGD — SM*(88s 68l ;) =

CFGD — SM* (s 6Cl_;) = =) (23)

Which represents asymmetric and projection similarity measures.

2 (2))

Definition 12. For C-FNs §Gopj = (x,E%je J),j = 1,2,...,n and

i27(5*

C@jf_j = <x, E*k}.e i ),j =1,2,...,n, the notion ofWGD—SM2 is given by:

=2
CFWGD - SM2(26.s 1 68,) = _ 113 (8 Tk, + 518 (24)

- 2 — 2 - 2 —t 2
oy, 3 (2 +87) + (1 - @), Ty (2% 2 +297)

where 5]- € [0,1] and it satisfies the following properties.

1. 0<CFWGD-SM? (cCCH, géjf—j) <1

2. CFWGD — SM2 (8. 68y ;) = CEWGD — SM2 (88 &8s )
3. CEWGD = SM? (5,88l ) =1 &8y = GCi -

Theorem 8. CFWGD — SM? (Cg’,cffj, ‘:ngfj) must be justified by the property of similarity
measures.
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Proof. Straightforward. [

Furthermore, we can easily derive two different types of the result by using the
information in Equation (24); for instance, by putting the value of ® = 0, 1, we obtain

=2
noa (B B, + B ax
]:1 j SRR S

CFWGD — SM?2 (Cf’;cf—j/‘:‘:szj) = _<2 i j i J) (25)

n :[,(’:*’ 2_|_":‘*’ 2)

CEAETD)

Z?:l i (ERE"R, +ELET]

CPWGD — SM? (&8s, 68l ) = T 26)

Which represent the asymmetric and projection similarity measures.
Data in Equation (21) is the subpart of the theory in Equation (24) if we consider

the value of Elj = (%, %, ey %) Moreover, we have also the following ideas: CFGD —
DM (&8 ;88 ;) = 1 — CFGD — SM?(y ;88 ;) and CFWGD-

DM? (ggc Y gg;‘f_]) =1- CFWGD — SM? (éécf,j, CCZ}_]->-

4. Artificial Intelligence in Digital Education

With the aid of suggested methods for CF information, the section below will detail
the real-life utilization of artificial intelligence in the context of digital education. Schools,
colleges, and universities experienced vast problems throughout the pandemic; to assess
these problems, algorithms can be employed to evaluate the position of digital education
in such problems in the context of a global pandemic.

4.1. Algorithm-1

The process of clustering analysis for assessing the problems of digital education
within reality is outlined below. It aims to discern valuable evaluations from variable
information about genuine problems in life. The process below attempts to manage complex
and awkward data.

Step 1: Arrange information and compute a decision matrix, whose very information
will be written in the shape of a complex fuzzy number.

Step 2: In the presence of CFD-SM!, we aim to find the closeness between any two

possible pieces of information and write it in a matrix ¢Z.¢_,,, = [rij] "

Step 3: Evaluate the composition of the matrix {Zcr,, such as: &ZZr, =
8Ccf—m CCcf—m, Where

Cgcf—mog‘:cf—m - (rij)mxm = mkax{min{rik, rkj}} (27)

Ifthe &G ¢ °CCcr—m S Ccf—m/ then continues the above process and finds the value

of 88y = GC2p 1w CCop o if the £G2;,°C0%; ,, C &&ir ,, similarly continues this
procedure even if we cannot receive the information in the form:

G B = CCsm (28)

Step 4: After obtaining the ggfj’ifmoggg’;fm = Cﬁ’gffm, we find the a— cutting based on
the information in step 3 based on the below information, such as:

0 rp<aw
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Therefore, we try to utilize this information in practical application to enhance the
worth and stability of the derived measures.

Example 2. Here we aim to resolve the education systems of Saudi Arabia and categorize provinces
based on the parameters of evaluation. We consider a clustering approach to categorize/cluster
provinces based on five education-related parameters:

x1: Gross enrollment ratio.

x2: Drop-out rate.

x3: Schools with boys’ toilets.

x4: Percentage of schools with computers.
xs5: Percentage of schools with electricity.

The main theme of this demonstration is to utilize digital education in the environ-
ments of different provinces in Saudi Arabia. For this, we consider five different regions:
8Ccr-1,6Ccr—2,68cr—3,G8cr—g and GC. 5. Then, using the proposed algorithm, we evaluate
the problems below.

Step 1: Arrange information and compute a decision matrix whose very information
will be written in the shape of a complex fuzzy number such as:

§Ccf—1 _ {(x1,0.9ei2"(0'7)), (x2,0'7ei271(0.8)), (X3, O‘SeiZTC(O.l)), (x4,0.56i27t(0.3)), (x5, O.6ei2"(0'7))}

§§Cf_2 = {<x1,0.26i2”(0'3)), (x2,0.16i2”(0'3)>, <x3, 0.1ei2”(0'2)), (x4,0.3ei2”(0'3)), (x5, 0.2ei2”(0'4))}

§§cf73 _ {(xl,o.lei2”(0'2)>, (leo.zeizn(os)} (x3, 0'361‘271(0.5)), (x4,0'4ei27r(0.4)), (x5, 0‘561‘271(0.1))}

{:gcf% _ {<x1,0.7ei2”(0'3)), (x2,0'6ei27r(0.3)>, (x3, 0‘5ei27r(0.4)>/ (x4,0'4ei27r(0.5)), (x5/ 0.Zei27r(0.6)>}

§§Cf75 _ {<X110.5ei27r(0.8)), (x2,0'6ei2n(0.7)>, <x3, 0‘761'27'((0.6)), (x4,0'86i2n(0.5)), (x5, 0‘961'27'[(0.4))}

Step 2: Under the presence of CFD-SM!, we aim to find the closeness between any two possible
pieces of information and write it in a matrix {C.¢_,,, = (7] ey Which is listed below:

1 0.604 0.6332 0.8713 0.9069
0.604 1 0.8162 0.7214 0.5935
GCcf—m = |0.6332 0.8162 1 0.7083 0.7267
0.8713 0.7214 0.7083 1 0.8212
0.9069 0.5935 0.7267 0.8212 1

Step 3: Evaluate the composition of the matrix (;I(:,'Cffm such as: ‘:‘:gf—m =
‘:gcffmog‘:cffml where

ggcfimoggcffm = (rij)mxm = m]?x{min{f’ik, rkj}}

If the 80 1,°CCcr—m S CCcf—ms then continues the above process and finds the
value of zj@‘gf*m = gféfgffmoé{fgffm, if the gfﬁgffm"é{fgffm - ngffm/ similarly continues this
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procedure even if we cannot receive the information in the shape: @C?}_moé C?}_m = C’g Fme
Therefore, the procedure is continuing as:

[ 1 07214 07267 0.8713 0.9069 T
07214 1 08162 0.7214 0.8162
882 = Clcrm Cepom = (07267 08162 1 07267 07267
08713 07214 07267 1  0.8713
10.9069 08162 0.7267 08713 1

1 08162 07267 0.8713 0.9069
08162 1 08162 0.8162 0.8162
GCorm =G0l 1w GGl = |07267 08162 1 07267 08162
0.8713 08162 07267 1  0.9069
10.9069 0.8162 0.8162 09069 1

1 08162 0.8162 0.9069 0.9069 T
08162 1  0.8162 0.8162 0.8162
ggff,nggff,m"ggﬁf,m: 08162 08162 1 08162 0.8162
09069 0.8162 0.8162 1  0.9069
109069 0.8162 0.8162 0.9069 1

1 08162 0.8162 0.9069 0.9069
08162 1 08162 0.8162 0.8162
GGep =08 CC0 , = 08162 08162 1 08162 08162 | =&, ,,
09069 08162 08162 1  0.9069
09069 0.8162 0.8162 09069 1

Therefore, we proceed to the next steps.
Step 4: After obtaining the §§f§7m°§§2k7m = C@Iéffm, we find the a— cutting based on

C
the information in step 3 based on the below information, such as:

o _JO g <a
(:Ccf—m_{l Tik > &

Therefore, the cutting matrix is given in the shape of Table 3.

Table 3. Classifications of different places.

Value of Parameter & Classifications
®€[0,0.7267) {gécf—lrégcf—zr‘:gcf—?)r Cécf_4fé’écf_5}

« € [0.7267,0.8162] {28cr-1,88cr—2, 88— CCers } {285 }
w€[0.8162,0.8713] {eeera b {28er1,88er—,28cr—s ) {2Cers }
x€[0.8713,0.9069) {éécf,l}, {Cé’cf,z}, {§€Cf73/§€cff4}/ {(chffs}

x€[0.9069,1] {Cé‘cf_l}, {Cé‘cf_z}, {éé‘cf_3}, {Cé‘cf_4}, {Cécf_es}

4.2. Algorithm-2

In this subsection, we considered five unknown pieces of information on the source
of digital education and one known type of digital education information and tried to
evaluate them with the help of derived measures.

Example 3. For instance, five valuable sources for digital education will be addressed §¢ ;1
Mobile phone apps; {G¢_: virtual reality glasses; C.r_3: Holograms; §¢ ¢_4: website and blogs;
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andql ¢ _s: digital books. In assessing such sources, sources will be prioritized by effectiveness
according to various factors, such as x1: feasibility; xo: not time vesting; x3: inexpensive; x4:
time-efficient; andxs: money-saving.

Under the consideration of five features of all digital education, five unknowns are
listed below:

eer 1 = { (41,0962707), (13,0.762709), (1, 0862701, (x4, 0502709)), (5,0.662707)) |
eer 2 = { (¥1,0562709), (13,0.662709), (1,0862709), (x4, 076204, (5,0.66207)) |
eor = { (%1,0262709), (13,0562709), (1, 0862709)), (x,, 076207, (5,0.36270%)) |
eer s = { (11,0467709), (15,0527, (x5, 0.602702)), (1,076270), (5,0.86270) )}

§Ccf—5 _ {<x1,0.96i27((0.1))1 (x2’0_86i271(0.2)>’ (X3, 0.7ei2”(0‘7)>, (x4’0.6ei271(0.4))’ (Xs, 0.5ei2”(0'5)>}

For evaluating the above dilemma, we use one known information, which is
stated below:

g2ty = { (116770, (12,1627, (13,1627, (1,162, (35,1¢270) |

Then, by using the derived measures based on weight vectors 0.2, 0.3, 0.1, 0.3, and 0.1
with ® = 0.4, the evaluated information is listed in Table 4.

Table 4. Values of different types of measures for the data in Example 3.

Methods ggcffl ggcf72 ggcffii ggcffél §€Cf75
CFD — SM1 0.84069 0.81017 0.76768 0.69719 0.79775
CFWD — SM! 0.16915 0.16624 0.15645 0.13646 0.15556
CFD — SM? 0.90149 0.87207 0.85014 0.62494 0.79033
CFWD — SM? 0.91634 0.88266 0.84685 0.60532 0.74813
CFGD — SM! 0.77952 0.73862 0.69212 0.61963 0.72754
CFWGD — SM* 0.15683 0.15171 0.14142 0.12082 0.14143
CFGD — SM? 0.82285 0.78064 0.7457 0.57299 0.72327

CFWGD — SM? 0.83456 0.79344 0.75018 0.55446 0.68778
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Using the information in Table 4, the ranking results are given in Table 5.

Table 5. Ranking information for the data in Table 4.

Methods Ranking Results
CFD — SM' 8Ccf—1>CCcp > GCc5>80cf 3> CCcr g
CFWD — sM* 8Ccf1>CCcp 0> CCcr 3> 80cf 5> 800 4
CFD — SM? GCcr1>GCcp2>CCcp3>GCcr 5> Clcr g
CFWD — SM? GCef—1>CCcp > GCcp3 > 8Ccf5>CCcra
CFGD — SM' 8Ccf1>CCcp 0> G0 5> 8C0cf 3> CCcr 4
CFWGD — SM* GCcf—1 > GCcp2>CCcp5>GCcr3 > Clcra
CFGD — SM? GCcr—1>GCcp2>CCcp3>GCcr 5> Clcr g
CFWGD — SM? 8Ccf1>CCcp 0> GCcr 3> 8C0cf 5> CCcr 4

From the information in Table 5, we noticed that all derived measures are given the
same ranking information, such as: {¢.s_1, where G ¢_; represented mobile phone apps,
which are very beneficial and valuable for all students.

4.3. Algorithm-3

In this sub-section, we select five unknown places and one known place and try to
evaluate the best place for digital education in Saudi Arabia under the consideration of
derived measures.

Example 4. Here, we considered five types of places, such as {G ¢_q: Place-1; £ ¢_o: Place-2;
8Ccf3: Place-3; &8s 4: Place-4; and (C.r 5: Place-5. For evaluating the above problem, we
decided the places needed which kind of digital education was best for their people. For this, based
on the following information, we will be deciding which kind of place needs digital education, such
as: x1: quality of internet services; xo: the price of laptops; x3: quantity of people; x4: feasibility of
employment; and xs: reliability of social impact. Under the consideration of five things in all places,
five unknowns are listed below:

‘:Cch _ {<x1,0.9ei2”(o'7)>, (x2,0'7ei27r(0.8)>’ (x3, 0.8ei27r(0.1)>/ (x4,0.5€i27r(0.3)), (x5, 0.6ei2"(0'7))}

Clofn= { <x L 0‘561'27{(0.9)), (x2,0_6ei2n(o.5)), <x3, 0‘361'271(0.3)), (x 4,0'7ei2n(0.4))l (X5, 0.661'271(0.7)) }

§Ccf—3 _ {<x1,0‘26i2n(0.5)), (x2,0'5ei271(0.4)), (xg., 0‘361'27'((0.6))’ (x4,0'7ei27t(0.7)), (X5, 0‘361‘27((0.8))}

§Ccf—4 _ {<x1,0.4ei27((0.4))1 (x2’0_56i271(0.3)>’ (xs, 0.6ei2”(0‘2)>, (x4’0.7ei271(0.1))’ (Xs, 0.8ei2”(0'3))}

Elops = { <x1/0'96i2n(0.1)>/ <x210.8€i2n(02)>, (x3/ 0‘761'271(0.7)), (x4,0.6€i27r(0.4)>, (XS, 0.561‘271(0.5)) }

For evaluating the above dilemma, we use one known information which is
stated below:
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6@2} _ {(xl,O.zeiZ”(0'3)), (x2,0.1ei27r(0.3)>, (x3, 0‘1ei27r(0‘2))/ (x4,0'3ei27r(0.3)>, (x5/ 0_2ei2n(0.4)) }

with ® = 0.9, the evaluated information is listed in Table 6.

Table 6. Values of different types of measures for the data in Example 4.

Then by using the derived measures based on weight vectors 0.2,0.3,0.1,0.3, and 0.1

Methods 81 8Cef 2 &Cef 3 $Cefa &Cef—s
CFD — SM! 0.60404 0.71062 0.67928 0.65555 0.58463
CFWD — SM! 0.1284 0.13897 0.129 0.13702 0.11595
CFD — SM? 0.68682 0.85532 0.95954 0.43427 0.53639
CEWD — SM? 0.71499 0.81963 0.77573 0.43768 0.49166
CFGD — SM! 0.41026 0.51404 0.46118 0.46157 0.39941
CFWGD — SM! 0.08932 0.10015 0.0874 0.09768 0.07923
CEGD — SM? 0.44364 0.6298 0.67094 0.27817 0.34476
CFWGD — SM? 0.46535 0.59956 0.51394 0.28168 0.31436

Using the information in Table 6, the ranking results are given in Table 7.

Table 7. Ranking information for the data in Table 6.

Methods Ranking Results
CFD — SM' 8Ccf—2>CCcp3>CCcra > CCcp1 > ECcf s
CFWD — sM* 8Ccf2>CCcra>C8cr 3> 80cr 1> 8Ccr s
CFD — SM? GCcr—3 > GCcp2>CCcp1>GCcr 5> Clcr g
CFWD — SM? GCcr—2 > GCcp3>CCcp1>GCcr 5> Clcr g
CFGD — SM' 8Ccf2>CCcr 3> C8cra>8C0cp1 > 8Ccr s
CFWGD — SM" GCef—2 > CCcf—a > GCcf1 > GCcf—3 > CCefs
CFGD — SM? GCcr—3 > GCcp2>CCcp1>GCcr 5> Clcr g
CFWGD — SM* 8Ccf2>CCcp 3> GCcr1 > 8C0cf 5> CCcr g

From the information in Table 7, we noticed that all derived measures are given two
different ranking information, such as: {¢.¢_, and {3, where {G ¢_, represented Place 2
in Saudi Arabia, and ¢ ¢ 3 represented Place-3 in Saudi Arabia, which is a very important
and main feature for constructing any utilization of digital education.

5. Comparative Analysis

Comparative analysis will encompass the comparison between pervasive and recently
introduced methods concerning CFS. In this context, pre-existing methods, including Lee-
Kwang et al.’s [10] examination of the theory of SMs with fuzzy information, serve as the
foundation for this. In addition, Xuecheng [11] established the three varying categories
of methodology, such as entropy, distance, and SMs based on fuzzy information, while
Beg and Ashraf [13] outlined the SMs for FSs, and Chen et al. [14] considered a multitude
of SMs based on fuzzy information. Moreover, the work of Couso et al. [15] resulted in
the theory of SMs and dis-SMs with their existing knowledge of fuzzy set theory, whereas
Zhang and Fu [16] showcased their SMs based on FSs. Guo et al. [17], however, focused
on the theory of cosine SMs based on CFS, while Hu et al. [18] evaluated the distance,
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similarity, and continuity information for CFS. The aforementioned comparative analysis
will feature clearly in Table 8 by employing the information collated in Table 4.

Table 8. Comparison: values of different types of measures for the data in Example 4.

Methods 801 802 $Cef3 $Cefa 8ot s
Lee-Kwang et al. [10] X X X X X X X X X X X X X X X
Xuecheng [11] X X X X X X X X X X X X X X X
Wang [12] X X X X X X X X X X X X X X X
Beg and Ashraf [13] X X X X X X X X X X X X X X X
Chen et al. [14] X X X X X X X X X X X X X X X
Couso et al. [15] X X X X X X X X X X X X X X X
Zhang and Fu [16] X X X X X X X X X X X X X X X
Guo etal. [17] 0.71432 0.68064 0.64483 0.40330 0.54611
Hu et al. [18] 0.35481 0.35070 0.34040 0.32080 0.34041
CED — SM! 0.84069 0.81017 0.76768 0.69719 0.79775
CFWD — SM! 0.16915 0.16624 0.15645 0.13646 0.15556
CED — SM? 0.90149 0.87207 0.85014 0.62494 0.79033
CFWD — SM? 0.91634 0.88266 0.84685 0.60532 0.74813
CFGD — SM' 0.77952 0.73862 0.69212 0.61963 0.72754
CFWGD — SM! 0.15683 0.15171 0.14142 0.12082 0.14143
CEGD — SM? 0.82285 0.78064 0.7457 0.57299 0.72327
CFWGD — SM? 0.83456 0.79344 0.75018 0.55446 0.68778

Using the information in Table 8, the ranking results are given in Table 9.

Table 9. Ranking information for the data in Table 8.

Methods Ranking Results
Lee-Kwang et al. [10] Not applicable
Xuecheng [11] Not applicable
Wang [12] Not applicable
Beg and Ashraf [13] Not applicable
Chen et al. [14] Not applicable
Couso et al. [15] Not applicable
Zhang and Fu [16] Not applicable

Guoetal. [17] GCcr—1>GCcp2>CCcp3>GCcr 5> CCcr g
Huetal. [18] GCcr—1>GCcp2>CCcp5>GCcr 3> Clcra
CFD — SM! GCcr1>GCcp2>CCcp 5> GCcr 3> Clcr g
CFWD — sM* 8Ccf1>CCcp 0> Gl 3> 8C0cf 5> CCcr g
CFD — SM? 8Ccf1>CCcr 0> CCcr 3> 8C0cf 5> 800 4
CFWD — SM? GCcr—1>GCcp2>CCcp3>GCcr 5> Clcr g
CFGD — SM! 8Ccf-1>CCcpn > GCcy5>8C0cf 3> CCcfa
CFWGD — SM* 8Ccf1>CCcp 0> Gl 5>8C0cf 3> CCcr 4
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Table 9. Cont.

Methods Ranking Results
CFGD — SM? 8Ccf-1>CCcp2 > GCcr3 > 8C0cf5>CCcra
CFWGD — SM? C‘gcf—l > gécf—Z > Cgcf—?) > gécf—S > gécf—4

It is important to bring to the reader’s attention that the ranked results in Table 9 are
identical for all suggested measures as well as for the research conducted by Guo et al. [17]
and Hu et al. [18]. With all measures collected from work guided by complex fuzzy infor-
mation, the most appropriate conclusion is {¢._;. However, methods originating from
the research of Lee-Kwang et al. [10], Xuecheng [11], Wang [12], Beg and Ashraf [13],
Chen et al. [14], Couso et al. [15], and Zhang and Fu [16] were unsuccessful as a result of
the fact they emerged from computed data based on fuzzy information as per the unique
situation of the obtained measures.

Hence, such measures are considerably more generalized than the methods derived
from various other scholars [10-18]. Thus, the measures utilized in this paper encom-
pass many employment opportunities in artificial intelligence, machine learning, and
problem solving.

6. Conclusions and Future Studies

Fuzzy set theory has a lot of applications in artificial intelligence, machine learning,
and neural networks, but in many situations, the theory of fuzzy set has not worked
effectively. For instance, if someone provides two-dimensional information instead of
one-dimensional information, then the theory of fuzzy set has failed. For evaluating such
types of problems, the theory of complex fuzzy theory is very effective and dominant in
managing such types of problems. The major influence of this manuscript is stated below:

1.  We derived the theory of complex fuzzy dice similarity measures and assessed the
significant outcomes;

2. We derived the theory of complex fuzzy weighted dice similarity measures and
assessed the significant outcomes;

3. We evaluated the idea of complex fuzzy generalized dice similarity measures;

4. We evaluated the idea of complex fuzzy weighted generalized dice similarity mea-
sures;

5. The issues within digital education were assessed using the obtained measures;

6. The contrasts between existing and suggested methods were showcased to highlight
the flexibility and viability of the obtained and derived measures.

In the upcoming times, we aim to utilize the above measures in the environment of
artificial intelligence, machine learning, game theory, and road signals. Further research
regarding these concepts should evolve the suggested themes using the work of vari-
ous disciplines, including soft expert sets [27], complex multi-fuzzy soft expert sets [28],
m-polar fuzzy soft expert sets [29], Q multi-fuzzy soft expert sets [30], fuzzy soft expert
sets [31], generalized fuzzy soft expert sets [32], cubic soft expert sets [33], complex fuzzy
soft sets [34], data-driven fuzzy active disturbance rejection control [35], and enhanced
p-type control [36]. Combined efforts can only be effective in the fields of artificial intel-
ligence, neural networks, problem-solving, software engineering, computer science, and
game theory.

Author Contributions: Conceptualization, M.A., TM. and Z.A.; methodology, M.A., TM. and Z.A ;
software, M.A., TM. and Z.A ; validation, M.A., TM. and Z.A; formal analysis, M.A., TM. and Z.A ;
investigation, M.A., TM. and Z.A; resources, M.A., TM. and Z.A; data curation, M.A., TM. and
Z.A.; writing—original draft preparation, M.A., TM. and Z.A; writing—review and editing, M.A.,
TM. and Z.A ; visualization, M.A., TM. and Z.A.; supervision, T.M.; project administration, M.A. All
authors have read and agreed to the published version of the manuscript.



Mathematics 2023, 11, 3184 19 of 20

Funding: This research work was funded by the Institutional Fund Projects under grant No. (IFPIP:
1375-130-1443). The authors gratefully acknowledge technical and financial support provided by the
Ministry of Education and King Abdulaziz University DSR, Jeddah, Saudi Arabia.

Data Availability Statement: The data will be available upon reasonable request.

Conflicts of Interest: The authors declare no conflict of interest.

Abbreviations

SM—similarity measures; CF—complex fuzzy; D-SM—dice similarity measure; GD-SM—
generalized dice similarity measure; CFS—complex fuzzy set; CFD-SM—complex fuzzy dice similar-
ity measure; CFWD-SM—complex fuzzy weighted dice similarity measure; CFGD-SM—complex
fuzzy generalized dice similarity measure; CFWGD-SM—complex fuzzy weighted generalized dice
similarity measure; FS—fuzzy sets.

References

1. Zadeh, L.A. Fuzzy sets. Inf. Control 1965, 8, 338-353. [CrossRef]

2. Mahmood, T.; Ali, Z. Fuzzy superior mandelbrot sets. Soft Comput. 2022, 26, 9011-9020. [CrossRef]

3. Akram, M.; Adeel, A.; Alcantud, ].C.R. Fuzzy N-soft sets: A novel model with applications. |. Intell. Fuzzy Syst. 2018, 35, 4757-4771.
[CrossRef]

4. Fatimah, F,; Alcantud, ].C.R. The multi-fuzzy N-soft set and its applications to decision-making. Neural Comput. Appl. 2021,
33, 11437-11446. [CrossRef]

5. Al Farsi, A.; Petrovic, D.; Doctor, F. A non-iterative reasoning algorithm for fuzzy cognitive maps based on type 2 fuzzy sets. Inf.
Sci. 2023, 622, 319-336. [CrossRef]

6.  Karimi, M.; Tahayori, H.; Tirdad, K.; Sadeghian, A. A perceptual computer for hierarchical portfolio selection based on interval
type-2 fuzzy sets. Granul. Comput. 2023, 8, 23-43. [CrossRef]

7. Tian, Y.; Song, S.; Zhou, D.; Pang, S.; Wei, C. Canonical triangular interval type-2 fuzzy set linguistic distribution assessment
TODIM approach: A case study of FMEA for electric vehicles DC charging piles. Expert Syst. Appl. 2023, 223, 119826. [CrossRef]

8.  Ramot, D.; Milo, R,; Friedman, M.; Kandel, A. Complex fuzzy sets. IEEE Trans. Fuzzy Syst. 2002, 10, 171-186. [CrossRef]

9. Liu, P; Ali, Z.; Mahmood, T. The distance measures and cross-entropy based on complex fuzzy sets and their application in
decision making. J. Intell. Fuzzy Syst. 2020, 39, 3351-3374. [CrossRef]

10. Mahmood, T.; Ali, Z. A novel complex fuzzy N-soft sets and their decision-making algorithm. Complex Intell. Syst. 2021,
7,2255-2280. [CrossRef]

11.  Al-Qudah, Y,; Hassan, N. Complex multi-fuzzy soft set: Its entropy and similarity measure. IEEE Access 2018, 6, 65002-65017.
[CrossRef]

12.  Tamir, D.E,; Rishe, N.D.; Kandel, A. Complex fuzzy sets and complex fuzzy logic an overview of theory and applications. In Fifty
Years of Fuzzy Logic and Its Applications; Springer: Cham, Switzerland, 2015; pp. 661-681.

13.  Ghorbani, A.; Davoodi, F.; Zamanifar, K. Using type-2 fuzzy ontology to improve semantic interoperability for healthcare and
diagnosis of depression. Artif. Intell. Med. 2023, 135, 102452. [CrossRef] [PubMed]

14. Jan, N.; Gwak, ].; Pei, ].; Magsood, R.; Nasir, A. Analysis of networks and digital systems by using the novel technique based on
complex fuzzy soft information. IEEE Trans. Consum. Electron. 2022, 69, 183-193. [CrossRef]

15.  Yahya, M.; Abdullah, S.; Almagrabi, A.O.; Botmart, T. Analysis of S-box based on image encryption application using complex
fuzzy credibility Frank aggregation operators. IEEE Access 2022, 10, 88858-88871. [CrossRef]

16. Zeeshan, M.; Khan, M.; Igbal, S. Distance function of complex fuzzy soft sets with application in signals. Comput. Appl. Math.
2022, 41, 96. [CrossRef]

17. Hyung, L-K; Song, Y.-S.; Lee, K.-M. Similarity measure between fuzzy sets and between elements. Fuzzy Sets Syst. 1994,
62,291-293.

18. Liu, X. Entropy, distance measure and similarity measure of fuzzy sets and their relations. Fuzzy Sets Syst. 1992, 52, 305-318.

19. Wang, W.]J. New similarity measures on fuzzy sets and on elements. Fuzzy Sets Syst. 1997, 85, 305-309. [CrossRef]

20. Beg, I; Ashraf, S. Similarity measures for fuzzy sets. Appl. Comput. Math. 2009, 8, 192-202.

21. Chen, SM,; Yeh, M.S.; Hsiao, PY. A comparison of similarity measures of fuzzy values. Fuzzy Sets Syst. 1995, 72, 79-89. [CrossRef]

22. Couso, I; Garrido, L.; Sanchez, L. Similarity and dissimilarity measures between fuzzy sets: A formal relational study. Inf. Sci.
2013, 229, 122-141. [CrossRef]

23.  Zhang, C.; Fu, H. Similarity measures on three kinds of fuzzy sets. Pattern Recognit. Lett. 2006, 27, 1307-1317. [CrossRef]

24. Guo, W.; Bi, L.; Hu, B.; Dai, S. Cosine similarity measure of complex fuzzy sets and robustness of complex fuzzy connectives.
Math. Probl. Eng. 2020, 2020, 6716819. [CrossRef]

25. Hu, B, Bi, L.; Dai, S.; Li, S. Distances of complex fuzzy sets and continuity of complex fuzzy operations. J. Intell. Fuzzy Syst. 2018,

35, 2247-2255. [CrossRef]


https://doi.org/10.1016/S0019-9958(65)90241-X
https://doi.org/10.1007/s00500-022-07254-x
https://doi.org/10.3233/JIFS-18244
https://doi.org/10.1007/s00521-020-05647-3
https://doi.org/10.1016/j.ins.2022.11.152
https://doi.org/10.1007/s41066-021-00311-0
https://doi.org/10.1016/j.eswa.2023.119826
https://doi.org/10.1109/91.995119
https://doi.org/10.3233/JIFS-191718
https://doi.org/10.1007/s40747-021-00373-2
https://doi.org/10.1109/ACCESS.2018.2877921
https://doi.org/10.1016/j.artmed.2022.102452
https://www.ncbi.nlm.nih.gov/pubmed/36628789
https://doi.org/10.1109/TCE.2022.3226819
https://doi.org/10.1109/ACCESS.2022.3197882
https://doi.org/10.1007/s40314-022-01795-5
https://doi.org/10.1016/0165-0114(95)00365-7
https://doi.org/10.1016/0165-0114(94)00284-E
https://doi.org/10.1016/j.ins.2012.11.012
https://doi.org/10.1016/j.patrec.2005.11.020
https://doi.org/10.1155/2020/6716819
https://doi.org/10.3233/JIFS-172264

Mathematics 2023, 11, 3184 20 of 20

26.

27.
28.

29.

30.
31.

32.

33.

34.

35.

36.

Ye, S.; Ye, J. Dice similarity measure between single valued neutrosophic multisets and its application in medical diagnosis.
Neutrosophic Sets Syst. 2014, 6, 9.

Alkhazaleh, S.; Salleh, A.R. Soft Expert Sets. Adv. Decis. Sci. 2011, 2011, 757868-1. [CrossRef]

Al-Qudah, Y.; Hassan, M.; Hassan, N. Fuzzy parameterized complex multi-fuzzy soft expert set theory and its application in
decision-making. Symmetry 2019, 11, 358. [CrossRef]

Akram, M.; Ali, G.; Butt, M.A; Alcantud, J].C.R. Novel MCGDM analysis under m-polar fuzzy soft expert sets. Neural Comput.
Appl. 2021, 33, 12051-12071. [CrossRef]

Adam, F; Hassan, N. Multi Q-fuzzy soft expert set and its application. J. Intell. Fuzzy Syst. 2016, 30, 943-950. [CrossRef]

Ihsan, M.; Rahman, A.U.; Saeed, M.; Khalifa, H.A.E.W. Convexity-cum-concavity on fuzzy soft expert set with certain properties.
Int. ]. Fuzzy Logic Intell. Syst. 2021, 21, 233-242. [CrossRef]

Abdullah, S.; Amin, N.U. Analysis of S-box image encryption based on generalized fuzzy soft expert set. Nonlinear Dyn. 2015,
79, 1679-1692. [CrossRef]

Qayyum, A.; Abdullah, S.; Aslam, M. Cubic soft expert sets and their application in decision making. J. Intell. Fuzzy Syst. 2016,
31, 1585-1596. [CrossRef]

Selvachandran, G.; Hafeed, N.A; Salleh, A.R.; Maji, PK. Mappings on classes of expert complex fuzzy soft sets. Afr. Mat. 2019,
30, 459-467. [CrossRef]

Roman, R.C.; Precup, R.E,; Petriu, E.M. Hybrid data-driven fuzzy active disturbance rejection control for tower crane systems.
Eur. J. Control 2021, 58, 373-387. [CrossRef]

Chi, R;; Li, H.; Shen, D.; Hou, Z.; Huang, B. Enhanced P-type control: Indirect adaptive learning from set-point updates. IEEE
Trans. Autom. Control 2022, 68, 1600-1613. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1155/2011/757868
https://doi.org/10.3390/sym11030358
https://doi.org/10.1007/s00521-021-05850-w
https://doi.org/10.3233/IFS-151816
https://doi.org/10.5391/IJFIS.2021.21.3.233
https://doi.org/10.1007/s11071-014-1767-5
https://doi.org/10.3233/JIFS-151652
https://doi.org/10.1007/s13370-019-00659-2
https://doi.org/10.1016/j.ejcon.2020.08.001
https://doi.org/10.1109/TAC.2022.3154347

	Introduction 
	Preliminaries 
	Generalized Dice Similarity Measures for Complex Fuzzy Sets 
	Artificial Intelligence in Digital Education 
	Algorithm-1 
	Algorithm-2 
	Algorithm-3 

	Comparative Analysis 
	Conclusions and Future Studies 
	References

