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ABSTRACT In recent days, due to the complexities of different diseases of similar types, it becomes very
difficult to diagnose an accurate type of disease, and so medical diagnosis becomes a difficult task for the
experts working in health departments. Many researchers try to develop new methods and techniques to
over the difficulties that come across in the way of medical diagnosis. In this paper, we try to develop
some novel techniques that will help experts to diagnose diseases accurately. Based on a more advanced
structure of intuitionistic fuzzy rough sets, in this article, we establish confidence-level intuitionistic fuzzy
average/geometric aggregation operators to incorporate the familiarity degree of experts with evaluated
objects for an initial assessment while intuitionistic fuzzy rough average/geometric aggregation operators
cannot do so. Moreover, we have given some basic properties of the initiated operators. To show the effective
use of these operators we have proposed an algorithm with an illustrative example. Furthermore, based on
the intuitionistic fuzzy rough model, we have also established a medical diagnosis model to incorporate
the difficulty that occurs in the diagnosis of disease. Furthermore, a comparative analysis demonstrates the
efficiency of our proposed methods.

INDEX TERMS Fuzzy sets, intuitionistic fuzzy sets, rough sets, intuitionistic fuzzy rough sets, confidence-

level aggregation operators, medical diagnosis.

I. INTRODUCTION

The earliest doctors in ancient times made the diagnosis and
suggested treatment based on observation of clinical symp-
toms. Ancient physicians’ observations with their eyes, and
ears, and occasionally by examining human specimens were
the basis for the first medical diagnoses given by humans. The
late medieval era saw the widespread use of the diagnostic
phase by medical professionals. The ancient Greeks believed
that all sickness was caused by disturbances of body fluids
called humours. Later, the microscope revealed both the cel-
lular makeup of human tissue and the pathogenic microor-
ganisms. It wasn’t until the end of the 19th century that more
advanced diagnostic methods and instruments, including the
thermometer for detecting temperature and the stethoscope
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for measuring heart rate, became widely used. In medicine,
the clinical laboratory would not be widely used until the turn
of the 20th century.

It is necessary to be aware of any unexpected changes
to your body. This could be an endless cough or even an
enlarging waistline. Syndromes are often nothing to distress
but sometimes need further inspection. Diagnosis is the pro-
cedure of deciding the nature of a disease and separating it
from other possible conditions. Diagnosis is a Greek term
that comes from a gnosis called knowledge. Symptoms that
appear early in the course of the disease are vague. It is very
difficult in this situation to make an accurate diagnosis. Reach
an accurate decision depends on the medical history and risk
factors for a certain disease.

Fuzzy sets (FSs), defined by Zadeh [1], are an efficient
technique that generalizes the classical set theory (CST)
where any element has membership grade (MG) belonging
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to [0, 1]. Similar to CST, operations, and relations can be
defined for FSs. Since their appearance in 1965, FSs had their
applications in a diversity of ways and any discipline. Uses
of FSs can be seen in artificial intelligence [2], medicine [3],
statistics [4], medical diagnosis [5], and clustering [6]. Some
researchers proposed this notion to aggregation operators
(AOs) like Fahmi et al. [ 7] proposed cubic fuzzy Einstein AOs
and their application to decision making (DM) problems.

An intuitionistic fuzzy set (IFS) was established by
Atanassov [8] in the structure of combining both MG and
non-membership grade (NMG). IFS uses the constraint that
the sum (MG, NMG) belongs to [0, 1]. It is noticed that IFS is
avery valuable structure and it can provide a two-dimensional
scenario in decision-making problems. Based on this notion
many researchers have developed the methods and applica-
tions of IFS in different fields. De et al. [9] established the
use of the notion of IFS in medical diagnosis. Moreover,
Xiao [10] proposed a distance measure based on IFS and
applied it to the pattern classification problem. Yang et al.
[11] proposed belief and plausibility measures on IFSs with
the belief-plausibility TOPSIS. Moreover, based on IFSs,
many new theories like similarity measures and aggrega-
tion operators had been established by researchers. Xu and
Yager [12] introduced some geometric AOs based on IFSs.
Also, some average AOs based on IFSs were introduced by
Xu [13]. Hwang and Yang [14] gave some similarity mea-
sures between IFSs. Nagoorgani et al. [15] introduced the idea
of double domination on IF graphs. Sheikh and Mandal [16]
proposed some Dombi aggregation operators based on IFS.

The rough sets (RSs) model started by Pawlak [17] is a
pair of precise sets called lower and upper approximation of
RSs. A lot of researchers utilize the conception of RSs in
many areas [18], [19]. Afterward, Ayub et al. [20] initiated
the conception of linear Diophantine fuzzy RSs and provide
its application to DM issues. Many researchers had developed
the combined concept of RSs and FSs theory, such as the
idea of the fuzzy rough sets (FRSs) initiated by Dubois and
Prade [21]. Qureshi and Shabir [22] initiated the generalized
rough fuzzy ideals of quantale and roughness in quantale
module.

The idea of intuitionistic fuzzy rough sets (IFRSs) pro-
posed by Cornelis et al. [23] is the generalization for FRSs.
Chowdhary and Acharjya [24] used the IFR notion for the
detection of breast cancer. Chinram et al. [25] used the con-
cept of IFRSs for AOs and established the notion of IFR aver-
age AOs. Based on IFRSs, in this article, we propose some
new AOs like confidence-level IFR average (CIFRA) AOs
and confidence-level IFR geometric (CIFRG) AOs because

of the following reasons:
1. IFRS anticipates more space for decision-makers due to

the combined notion of IFS and RS.

2. IFRS uses upper and lowers approximation spaces that
property lacks in IFS. It means that when decision-makers
come up with data in the form of upper and lower
approximations, then these kinds of data cannot be han-
dled by simple intuitionistic fuzzy numbers in many
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TABLE 1. Abbreviations used throughout the article.

Full Name Abbreviation
Membership grade MG
Non-membership grade NMG
Fuzzy set FS
Intuitionistic fuzzy set IFS
Rough set RS
Fuzzy rough set FRS
Intuitionistic fuzzy rough set IFRS
Intuitionistic fuzzy rough number IFRN
Confidence intuitionistic fuzzy CIFRWA
rough weighted average

Confidence intuitionistic fuzzy CIFROWA
rough ordered weighted average

Confidence intuitionistic fuzzy CIFRWG
rough weighted geometric

Confidence intuitionistic fuzzy CIFROWG
rough ordered weighted geometric

Aggregation operator AO
Multi-criteria decision making MCDM

decision-making problems related to medical diagnosis
where experts use the data in the form of intuitionis-
tic fuzzy rough number (IFRN) to diagnose a disease.
So there is a need to develop the notions of confidence
IFR aggregation operators.

3. IFRS uses the advance condition that the sum (MG, NMG)
of upper and lower approximations must belong to [0, 1].

4. CIFRA and CIFRG AOs can incorporate the familiar-
ity degree of experts with evaluated objects for initial
assessment and that property lacking in IFWA and IFWG
aggregation operators.

5. Taking into account that CIFRA and CIFRG operators are
straightforward and cover the decision-making approach,
this article aims to cover more advance and complex data.

6. The proposed work covers the limitation of all existing
drawbacks.
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FIGURE 1. Diagnosis procedure.

To have clear abbreviations used throughout the paper,
we give Table 1 with these abbreviations. The contributions
of this study are described as follows:

1. To initiate the conception of new AOs like confidence
intuitionistic fuzzy rough average and confidence intu-
itionistic fuzzy rough geometric AOs.

2. Properties of these aggregation operations have been pro-
posed.

3. An algorithm for the MCDM approach has been given
developed to cover more advanced data.

4. Also, we have proposed a medical diagnosis algorithm
based on IFRS and an illustrative example is given to show
the effective define algorithm.

This article is organized as follows. In Section II, we exam-
ine the basic conception of FS, IFS, RS, IFRS, and some basic
operational laws. In Section III, we introduce new aggrega-
tion operators like CIFRWA and CIFROWA. In Section IV,
we discuss the basic notion of CIFRWG and CIFROWG
operators. In Section V, we give an algorithm for the pro-
posed methods along with numerical examples. In Section VI,
we deal with the medical diagnosis algorithm for IFRSs.
In Section VII, we have a comparative analysis of the pro-
posed methods with some existing methods. Finally, we make
conclusions in Section VIII.

Il. PRELIMINARIES

Medical diagnosis is the way to take suitable decisions about
certain diseases based on symptoms. Due to complications
in various diseases, health physicians find some problems in
handling the more complex diseases. To reach an accurate
decision in the medical field is very important for patients and
doctors as well for the survival of medical theory. Based on
the complication of these problems, FS theory takes its part in
this field and it has a wide range of applications cited in [5].
The overall overview of the medical diagnosis procedure has
been presented in Fig. 1.

In the following, we will overview the basic ideas for
IFSs, IFRSs, score function (SF), and accuracy function (AF).
Furthermore, in a later discussion, we will adopt medical
diagnosis procedures as well.
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Definition I [10]: Let X be a general set. An intuitionistic
fuzzy set is the notion of the form

{(T.P(T), @ (7)) ITeX]}

with the condition that sum (P (1), ® (1)) €[0, 1]. Also
D(7), ® (1) are MG and NMG, respectively.

Definition 2 [23]: Let X be a general set and A.€lFS
(X x X) be intuitionistic fuzzy relation. Then, the pair (4, X)
is called IF approximation space. Now for any W CX, the
lower rough approximation (LRA) and upper rough approxi-
mation (URA) of W w.r.t (X, @) are given by

@@ = {{(r+ P, (M 20, M) Irex)}
Q) = {{(1: Pay (M, Pay (1) ITEX)}

where Pq (1) = Acex[Pa (1.0 APu(©)], @q (T) =
V eex[®a (1, ) V®u(©)] and Pay (1) = Veex [Pa (T, 0)
MP&J(C)],‘DW (M = Acex[®a (1, ¢) APu(c)] with 0 <
Doy (1) + Pay (1) = 1,0 = Po (1) + Pq, (1) = L
As 0 (W) and @ (W) are IFSs, so, @, (W), a (W) : IFS (X) —
IFS (X) are LR and UR, approximation operators. Then,
Al = @®).aw®) = {1 (P, @ 20, M),
(Pay (1), Payy (1)) ITEX] is called IFRS.
Definition 3 [25]: Let F = {(pg @), (Pg. ®()] ve
an intuitionistic fuzzy rough number (IFRN). Then, the score
function (SF) and accuracy function (AF) are given by

1 — —

Se® = 7 (2+pp+Dp— &~ B[) . SWelO, 1]
1 _ —

Ac) = 7 2+ +Pp+ 00 +B[) AW E, 11.

Definition 4 [25]: For two IFRNs [ = {(ELI,QLI) )
(§£1’6L1)} and = {(ELz’Qﬁz)’(ﬁLz’gﬁz)}’ we

have the following results:

1) If S (§1) > S (52) then f; > [,
2) If S (f1) < S (i2) then 1 < [,
3) IfS (f;) = S (i) then
i. IfA(5) > A () then f; > [,
ii. IfA (1) < A (1p) then {1 < Iy,
iii. IfA (£1) = A () then [ = fp.

1ll. CONFIDENCE INTUITIONISTIC FUZZY ROUGH (CIFR)
AVERAGE AGGREGATION OPERATORS

All of the researchers in the aforementioned literatures
believed that the decision-makers are certain experts and
aware of the choices that are being examined. However, there
are multiple cases in which this concept fails in problems
from daily life. Some researchers created the concept of
confidence level and also provided some AOs based on con-
fidence level in order to overcome and regulate this type of
constraint. In this section, we discuss confidence intuitionis-
tic fuzzy rough average (CIFRA) AOs. We also discuss the
basic properties of the operators.

VOLUME 11, 2023
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A. CIFR WEIGHTED AVERAGE (CIFRWA) AGGREGATION
OPERATORS

We first discuss confidence intuitionistic fuzzy rough
weighted average (CIFRWA) AOs.

Definition 5: Let & = ((gi,gi),(rni,a-)), i =
1,2,...,n be a family of IFRNs and [; be the con-
fidence level (CL) of & with 0 < 1; < 1. Let
v o= (Y1, Y2, Y3, ..., ¥n)! be the weight vectors for
IFRNs with the condition Z?:l Yi = 1. Then, the
mapping CIFRWA : ©®" — @© operator is given as
CIFRWA ((B1, 1), (B2, 12) - .., Bn, 1)) = D ¥i (1i&) =
Vi1 (1181) Y2 (1282) Y3 (1383) @ . . . ®Yy (1n&n)-

It is called the confidence intuitionistic fuzzy rough weighted
average (CIFRWA) operator.

Theorem 1: Let & = ((p;, ®;) . (Pi, ®;)),i=1,2,....n
be a family of IFRNs and [; be the confidence level of &; with
0<1; <1.Lety = (Y1, V2, ¥3,...., )| be the weight
vectors for the IFRNs with the condition "7, ¥; = 1. Then

CIFRWA ((51’ ]11) s (52 ]12) (5117 ]ln))

(1 - H:l—l (1- gz)ﬂlwl Hz 1 (&, )Mi) ’

= ey

I_Hl ] pl ]Ll//z H (— Livi

Proof: Forn = 2, wehave CIFRWA (31, 11) , 32, 1b)) =
Y1 (1131) ®Y2 (1282). By using the operational laws for

—(1-p)" o),

IFRNs, we get 1181 =
1—(1- Pl)ﬂl, 1]11

(1), (31, %)). Then
Y1 (11&1)

Similarly,we can see that

ZHZ
1— (1 - )w , (92\02]12)
((l _ (1 _p—z)lﬂzﬂz) ’ (52%]12))

Y (k&) =

Then, CIFRWA

(31,11, (32, 12))
= Y1 (1181) ®Y2 (1282)

VOLUME 11, 2023

(1 _ (1 p )\01]11) +(1- (1 pZ)iﬂzﬂz)
I

(-=nh (-0
e ﬂz)

_(1 w.uler(l 1//2]12)
(1= 0=p") (1 0 -m) ).
( ) (@ "’2“2)

CIFRWA ((81,11) , (82, 12))
2 Ill 1 Hl 1
(1—1_[1_1(1 p)"", H:l( )w),
]11 i B2
- Hz— pl v Hl 1 (_ :

Suppose the result is valid for = s, that is,
CIFRWA (31.11) . B2.10) . ... (5..1.))
(1 B Hj:l (1= El)ﬂl% Hl (@ )Mh)’
1— H::l (1-D) ]W’, Hi:l (@) Livi

Then, forn = ++1, we get CIFRWA as shown in the equation
at the bottom of the next page. Hence the result is valid for
n = ¢ + 1. Therefore, the result is valid for any number of
IFRNS. |

Example 1: Suppose & = (((0.3,0.4),0.5),
((0.5,0.2),0.4)),% = (((0.1,0.8),0.6), ((0.2,0.7),0.4)) ,
&5 = ((0.5,0.3),0.3),((0.4,0.2),0.1)) and & =
(((0.7,0.2),0.4), ((0.1,0.6),0.3)) are four IFRNs along
with their confidence level. If ¢ = (0.29, 0.25, 0.22, 0.24),
then

CIFRWA ((81,11) , (32, 12) , (83, 13) , (84, 14))
1= (1 _ 0'3)0.5X0.29 % (1 _ 0.1)0'6X0‘25X
( (1 _ 0.5)0.3><0422 X (1 _ 0-7)0.4><0.24 ) ’
(0.4)0.5><0.29 X (0.8)0'6X0'25X ’
(0_3)0.3><0.22 % (0.2)0.4><0.24
- 1— (1 _ 0.5)0.4><0.29 X (1 _ 0.2)0‘4X0‘25X
( (1 _ 0.4)0.1X0‘22 % (1 _ 0.1)0.3X0.24 ) ’
(0_2)0.4><0.29 % (0.7)0'4X0'25X
(O'Z)O.IXO.ZZ X (0.6)0'3X0'24
= ((0.2045,0.6701) , (0.1144, 0.7448)) .

For a family of IFRNs &; = ((pl, Ql) (ﬁ,-, 51-)) where
i =1,2,...,n and ]; being the confidence level of &; with
0<1; <1.Lety = (Y1, V2, ¥3,...., ¥n)! be the weight
vectors for IFRNs with the condition >}, ¥; = 1. Then
CIFRWA AOs have the following properties:
1) Idempotency: If for all i (&;,1;) = (&, 1), ie., p, =
D, p;=D, @, =Pand &; = P,]; =1, then

CIFRWA ((81,11) , B2, 12) 5 - - -, (Bn, 1n)) =18

Proof: 1f(G;,1;) = (&, 1), then by using Theorem 1,
we get

CIFRWA ((81,11), (%2, 12) , - .-

)

’ (Snv ]ll’l))
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(=TT, -9 1, @™).
I_H:I ]11//: Hllrﬂ%
(1 —(1- 2)“Z=1 " (@) 2o w)
- 5)112; vi (@HZ; Vi

(102" @)Y ) -

=1 I

~(1-9. @
|
2. (Boundedness): Let §~; = ((pmin]l,-&’ pmin l_&_),
(5 O 5)) and 55 = (275, 0myg ),

(p’"'"ﬂi&_, CDm’”Hi&)). Then, for ally;, we have §7; <
CIFRWA (31,11, B2.12) » - - -, (Bns In)) < BT

Proof: For every i, min (P;) < P; < max (p;)) = 1 —
max (P;) < 1 —P; < 1 — min (P;). Now for every ¥, we get
Hl (1 — max (J)(maxﬂz)% < H ( @ﬂiwi < H?:l
(1 —min (2) "V — (1 = max (py)) "B 2= v

<[l (1 —Jﬂ’w < (1 — min @))(’"inﬂz‘) TV -
(l — min (J)(mm]]) < 1 -0, (1 _&)Hﬂ//i < 1 -
(1 — max

@))(max]],‘) ﬂﬂl& S 1 _ 1—[ ( _)]LWI < pmax]ll .
Similarly, for every i, min (D,) < D; < max (Dl) = 1 -
max (D) < 1—D; < 1 — min (P;). Now for every ¥, we get

[T, (1 — max (Pl))(maxﬂ’)w’ <1, (1 - )]1,1//,
(1_mm( ))(mm]lz)% — (l—max( ))(maXH)Z, 1%

< T2, (1= < (1 = min ()" 22V

1 (1 _ m]n( ))(mm]]) < I_H;l:] ( p)ﬂﬂ//z
max (B7)) "W prim o < 1T (1- D) < pmﬂ,s,

Also, mlnu < ®; < max (_) — ( ( ))mmﬂ‘
L (@) = (max (@)™ = ey
[T (@) _

< 9", and min (@ < @&, < max (j =
(min (@)™ = [T, @)"" = (max (@))""" =
omim e < [T, (@ﬂﬂ/h‘ < —q)max]]i&,lf CIFRVKAL(&,]h),
Guh), .o Gl) = &8 = ((2,®), (D, ®)), then
from the above analysis, we get p’”’"ﬂs = P
P e Pig < Dy < DT, @M e < g,

IA

IAIA

Qreny s Drinyg < (D) < Pz Then, by using
the definition of SF, we can conclude that §~; <
CIFRWA ((B1,11) , B2, 12) , ..., Bn.1n)) <37 M
3) Monotonicity: Let &; = ((95«1,95;4[_),
(55.-.1_,65‘4,[))(;': 1,2,3,...,n) be another family
Sf IFliNs ilch that Pz < 25,-,1,,9&295;.1,,5& =<
Pros q>6,2q)5ﬂ. for all ¥;. Then

CIFRWA ((81,11), 32, 1), .. ., Gns 1))
< CIFRWA ((3*1,111) : (s-”z, 112) o

B FZoof,-_Since 193 < I—)ES",-’ @5 296 P, <

’ps-'-iv CD&Z(DSI Hf;r all 1, 1 — 26, < ]]1/1/ _ 2(‘5, —
iV L

[Tz ( 2&) = 1 - J[L (1 —25.'.i) . Also,

CIFRWA ((31,11), B2, 1), - -, (8.5 L) » (Bt Lt1))
(1 . l—L 1 ]]n//z H‘: 1 ‘bl Wz)’
1 Hl_ 1 _pl ]1,1//, H ( l ]Llﬂ:
Vot
] ((1—<1— WY (o)
((1 (1 _ '/f¢+1]]¢+|) ( %Hﬂwl))
(1-TT_ (- gl.)“"“) + (1 -(1

he]

+1 livi +1 livi
(-T12 0 -2 TT @)™).
+1 =\ Livi +1— iy
=110, =3 TT_, ®)
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_2e+1)%+lﬂﬁl) - (1 — Hj 1 (1 _gi)]]n//i) (1 _ (1 _EGH)I//@H]LH) ’
(Hj:l (q)t)]wl @ W’“He“)
(1 -1, (- pl)ﬂn/n) + (1 —(1- -m)x//m]leﬂ) _ (1 -1, (- pl)ﬂn/fz) (1 _(1- EH)MHLH) ’

(H:_l (ai)ﬂﬂ/ﬁ .69+1I//¢+l]]¢+|)

9
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D. D — L
=Dy, = 1-0 = ML(1-9g) = =
H?:] (1 _ﬁ&)ﬂiwi — 1 — H?:] (1 _ﬁ&)ﬂi%‘ < 1-

_ Vi i Livi + (

H?:l (1 - ‘psl) ’ and H?:l (QS:)H v = H?:l (951) ’

n ]li‘/fi n N H[‘/fi " D. Hilﬂi ’

[T (25)" = T, (¢ES"I') -1 CIFRWA (31, 1) + Hi:l (CI)S"'i) =ACHS )

(527 ]12) g e e ey (Sna ]1}’1)) = ((267 96) ) (§57 qDS)) = Thus’

& and CIFRWA ((8"1.11), (8 2.12) ..., (&"nl)) =

((25 g(_s'.') , (ps_, 56_)) = &", then we get SF (8) < CIFRWA ((81,T1) , (.52, ). .. (")) .

SF (ZS) We have two cases: < CIFRWA ((5 1 ]]1) , (5. 2 HZ) R (5' ‘ns H”)) :
Case 1: If SF (8) < SF (&), using SF we get =
CIFRWA (@1 1) » B2, 12) - (B, In)) B. CIFR ORDERED WEIGHTED AVERAGE (CIFROWA)

< CrRwA ((3711) , (372.1) . (5700 1)) AGGREGATION OPERATORS

In this part, we discuss the basic definition of a CIFROWA

operator. Furthermore, we will discuss the basic properties of
n this operator in detail.

! livi Definition 6: Let & = ) D;, ©; | =

sF@ =-(2+{1-]] (1 - 9{5») cfinition 6: Let & = ((B, ®;), (P @), i =

4 i1 ' 1,2, ..., nbeafamily of IFRNs and ]; be the confidence level

of & with 0 <T; < 1. Let ¢ = (Y1, Y2, ¥3, ..., ¥)" be

Case 2: If SF (8) = SF (&), using SF we get

. N A the weight vectors for IFRNs with the condition > | ¥; =
- H (1-Pg) 1. Then the mapping CIFROWA : ®" — © operator is given
=1 as
n n
-T1 @&)Hwi -1 (5&)11,-%). CIFROWA ((81,11) , (82, 12) » - - - » (n> Tn))
i=1 i=1 = Y1 (Ix)Bx (1) ®V2 (Ix 3% @) B3 (I (38 (3))
NI " Lvs ® ... &Y (IinBum) -
SF (57) = Z(2+(1_H(1_25‘") ) . .
il i where (x(1), x(2), x(3), ..., x(n)) is the permutation of
(1,2, 3, .., n) such that for all 7, &y (i—1)>8x()-
N (1 B ﬁ (1 _5 l:)]ln//i) Theorfem 2: Let & = ((gi,gi) , (f)i., 51-)), i=1,2,. ...,n
&; be a family of IFRNs and [; be the confidence level of &; with
= . 0<I < L.Lety = (W1, ¥2, 93, ...., ¥n)! be the weight
1 (q) 4)11,«0,- | (5 4)11,«0,') vectors for IFRNs with the condition 3" v; = 1. Then
= = CIFROWA (31,11 , (B2, 12) , - - -, (B 1))
Since we have 2& = 25"‘1" QS:'ZQS"‘:" ﬁ(_Si]] v : (1 - 1211 (1 - Ex(l’))ﬂw)w’.’ 1211 (Qx(z’))ﬂxmw) ,
Dy, dg >d - forall i, we have 1 — []_ (1 —) ) = = T B o ot
5T E Livi i 1_ v, l - H (1 - p[x(i))]]w}%’ H @K(i))ﬂ o
1 — le'l:l (1 _25-71-) 1= H?:l (1 - ‘p&) h 1 - = = )
n _ Livi n Livi " Livi
[T (1 - pS"'i) and [ i) (ED _l') =iz (gg‘i) ' Proof: The proof is similar to the proof of Theorem 1.
I, (6&)]1"‘/”' =T11Y, (65"“) ’w'_NOW using the definition Example 2: Consider the data from Example 1 and
of AF, we get ! calculate the score values for each IFRN. The score
values are given by Sc(@;) = 055,8@) =
AC (3) 02,8 @) = 06,5@4) = 0.5. Thus, gxa1) =
] . Lvs (((0.5,0.3),0.3),((0.4,0.2),0.1)) , 8x2) = (((0.3,0.4),
S (2 + (1 -1 (1 —p ) ) 0.5), ((0.5,0.2),0.4)),3x3) = (((0.7,0.2),0.4), (0.1,
4 i=l ' 0.6),0.3)), dx@ = (((0.1,0.8), 0.6), ((0.2, 0.7), 0.4)).
n — L We use Definition 2 to find the aggregated result for the
+ (1 - Hizl (1 —P i) ) above-given data as shown in the equation at the bottom of
n " n o T the next page.
+ (Hi: " (Q&)]Wt) + (Hizl ((DS,-)]L 1m)) Here, we discuss the properties of the CIFROWA operator.
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1) Idempotency: If for all i (&;,1;) = (&, 1), ie., p, =
&ﬁi = f), 91‘ = @ and 5,’ = 5, I; = 1, then
CIFROWA ((81,11) , 52, 12) , - - ., (B, In)) = 15.

2) Boundedness: Let 537, = ((p”’"” 5 <I>””'"]L,5i),
(pmax]li&’ q;max]l’_&)) andg*; = ((mﬂ&’ cDmaxﬂi&) ’
(pml‘nﬂi&, @minﬂi&)). Then for all i, 5~; < CIFROWA
((Slv ]]1) ’ (627 ]12) LERE ] (5}17 ]ll’l)) S S+l

3) Monotonicity: Let &; =
(g B5-)) (=1.2.3....,
of IFRNs such that g& < 25,

( 254‘.1_7 gsl) )
n) be another family
Pz =Pr Py, <

I)S,_,E&ZES,_ for all ;. Then CIFROWA ((3,
1), G2 h) ... Gel)) < CIFROWA((&"1,
1), (& 2.02), ... (8 1In)).

IV. CONFIDENCE INTUITIONISTIC FUZZY ROUGH (CIFR)
GEOMETRIC AGGREGATION OPERATORS

In this part, we discuss CIFR geometric AOs. Also, we will
discuss the basic properties of the operators.

A. CIFR WEIGHTED GEOMETRIC (CIFRWG) AGGREGATION
OPERATORS

Definition 7: Let & = ((P, @), (P, i), i =
1,2, ..., nbeafamily of IFRNs and [; be the confidence level
of & with0 < 1; < 1. Let ¥y = (Y1, Y2, ¥3, ...., ) bethe
weight vectors for IFRNs with the condition >}, ¢; = 1.
Then the mapping CIFRWG : ®" — ® operator is given as

n ]1 T//i
CIFRWG (G1,11) . (2. 12) - - (s 1)) = @, (5

- (51“1)1#l ® (52“2)w2 ® (53]13)%
®...® (Esnﬂ")%.

It is called the confidence intuitionistic fuzzy rough
weighted geometric (CIFRWG) operator.

Theorem 3: Let§; = ((gi, Qi) , (f),-, 61-)) be a collection
of IFRNs where i = 1, 2, ..., n and [; be the confidence level
of & with 0<1; < l.Lety = (Y1, ¥2, V3, ...., Un)! be
the weight vectors for IFRNs with the condition > ¥; =
1. Then

CIFRWG ((519 ]ll) ’ (52a HZ) RO} (Snv ]]n))

(ﬁ ( )]]z‘//i’ 1 — H ( )]1,\01) ’
o Livi o T )
[ @)1 o5

Proof: For n = 2, we have CIFRWG ((81,11) , (32, 12))

1 Vi 1 V2 . .
= (&" ® (52 2) .By using the operational laws for

IFRNs we will get

(R -(-2)h),

(ﬁlﬂl’ 1—(1 —51)]]1)
((91’21)’51,31)):‘(51“1)%

(2t 1- (1)),

NG 1—(1_31)]11)

o)". (1=[1=f1-a-e0)]").
(1]11)#/17( _[ {1_(1_j]11}] ))
( W]Hl),(l— wlﬂl))
_ ( 1%111),(1— ml))

Similarly, we can see that

oy (). -0
(5. (10 99°)
Now,

CIFRWG (31, 1), (%2, I2))

- (51‘1')101 ® (&HZ)W

(p ‘//lﬂl) (p 1//2112)
(
(

61111

hell

|
e~

o

|
—

hell

(1-(-2)"™M)+ (1-(1-2)"") |
[\ (-0 o }p;‘lﬂ)l)((mz) @,)"")
(-0« 059
~(1--) ) (1- -3

CIFROWA ((81.11) , (32, 12) , (83, 13) , (84, 14))

1 —(1—0.5)03%029 » (1 —
(1 =0.7)04x0-22 5 (g

0-3)0.5 x0.25 X
_ O.])O'6XO'24 ’

(0_3)0.3)(0.29 % (0.4)0.5><0.25 % (0_2)0.4><0.22 % (0.8)0'6X0'24

1— (1 _ 0.4)0.1><0.29 x (1 _
(1 _ 0'1)0.3><0.22 % (l _

0'5)0.4><0.25 X
0.2)0.4><0.24 ’

(0.2)0.1><O.29 % (0_2)0.4X0.25 % (0.6)0'3X0'22 % (0_7)0.4><0.24

8680

((0.2022, 0.6749) , (0.1064, 0.7591)) .
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Thus, we have that

CIFRWG (&1, 1), (82, I2))

(M2 @)™ 1 =TT, (1 - @)™,
[T )Y 1 =TI (-3

Suppose the result is true for n = +, that is,
CIFRWG (1, 1), B2, ), ..., (5. 1))

(i @), 1 =TTy (1= 2)M"),
Hl ) (pl)]lﬂ//z 1 — H (1 _ )]Lw,

Now, for n = « + 1, we get as shown in the equation at the

bottom of the next page. Hence, the result is true forn = ¢+ 1.

Thus, the result is true for any number of IFRNs. |
Example 3: Using the data of Example 1 with § =

(((0.3,0.4),0.5), ((0.5,0.2),0.4)) , & = (((0.1,0.8) , 0.6) ,

((0.2,0.7),0.4)), & = (((0.5,0.3),0.3),((0.4,0.2),
0.1)) and &4 = (((0.7,0.2),0.4), ((0.1,0.6),0.3))
being the four IFRNs along with their CL. If ¢ =
(0.29, 0.25, 0.22, 0.24), then as shown in the equation at the
bottom of the next page.

For a family of IFRNs & = ((p,, ®;). (P, ®;)) where
i =1,2,...,n and ]; being the confidence level of &; with
0<l; <1l.Letyy = 1,2, ¥3,...., I/In)T be the weight
vectors for IFRNs with the condition Z?: 1 Vi = 1. Then,
CIFRWG AOs have the following properties:

1) Idempotency: If for all i (&;,1;) = (&, 1), ie., p, =

b.pi =D, ;= Pand ®; = P,]; =1, then

CIFRWG ((81,11) , (B2, 12) s - - -, (B, In)) =18

2) Boundedness: Let &; = ((sz lF: ,)

(P"™ )5, P ;) and 57 = ((P’””xu "oyg)
(9715, @7g,) ). Then, for allyi5™; < CIFRWG
(1,10, B2, 1) s -, By 1n)) < 8.

(25, 25.).

3) Monotonicity: Let 5 =

(135,,_,55 )(i: 1,2,3,...,n) be another family
of IFliNs ilch that g& < 26 95 Pg =<
f)sgi, CD&,ZCI)S;,,_ for all ;. Then CIFRWG (31,
I, @ 1), .... Gunln) < CIFRWG((&"1.11),
(5 '21 HZ) ) £ (5 .ns Hl’l))
B. CIFR ORDERED WEIGHTED GEOMETRIC (CIFROWG)
AGGREGATION OPERATORS

In this part of the article, we discuss the basic definition
of a CIFROWG operator. Furthermore, we discuss the basic
properties of these operator in detail.

Definition 8: Let & = ((, @), (D1, ®)), i =
1,2,...,n be a family of IFRNs and [; be the confidence
levelof & with 0 <1; < 1.Lety = (Y1, V2, Y3, . ..., Y) T
be the weight vectors for IFRNs with the condition that

VOLUME 11, 2023

>, ¥i = 1. Then, the mapping CIFROWG : @" — ®
operator is given as

CIFROWG ((&1,11), (52, 12) , ..., GBu, In))
L) L) ley)
= (Sx(l) x( ’) ® (Sx(2) x( )) ® (5[><(3) < ))

1 Yn
R...Q (SD((n) x(n))
where (x(1), x(2), x(3), ..., x(n)) is the permutation of
(1,2, 3, .., n) such that for all i, x (i—1)>8x (i)-
Theorem 4: Let §; = ((Qi, Q,-) , (ﬁ,‘,@i)), i=1,2,...,n
be a family of IFRNs and [; be the confidence levelof &; with

0<I1; < l.Lety = (Y1, Y2, V3, ...., ¥ be the weight
vectors for IFRNs with the condition D", ¥; = 1. Then

CIFROWG ((81,11) » (32, 12) » - - -, Bn> 1))
Lov: Ix¥i
(T (2a) ™" 1 =TT (1= ).
p L i = Iy ¥i
[T~ ®x) R [T (1 = @xp) ™"
4)

Proof: The proof is similar to the proof of Theorem 3. l

Example 4: Consider the ordered data from Example 1

and use Equation (4) to find the aggregated result for the
above-given data. We obtain

CIFROWG ((&1,11) , (82, 12) , (83, 13) , (84, 14))
Iy ¥ Dot
4 4 x (i) Vi
(Hi_l (Elx(i)) A =TT (1= 24)™ )

4 (= Iy vi 4 = Iy Wi
[Tzt Pw) "1 =TTi=y (1 = Pwqpy) ™
= ((0.5634, 0. 2835) . (0.6687, 0. 1852)) .

We next discuss the properties of the CIFROWG operator.
1) Idempotency: If for all i (&;,1;) = (&, 1), ie., p, =
P =D @ = ®and & = @,]; = I, then

CIFROWG ((81,11) , (32, 12) 5 - -+, (Bn, In)) = 1&.

2) Boundedness: Let 3~; = ((p’”"’lﬂi&, it <)
Wﬂi&’ Wﬂi&)) and3*; = ((Lﬂﬂi&’ cDmax]L'& ’
(p”’i”]]i(-si, CDmi"]L,a,)). Then, for ally;, & ; <
CIFROWG ((&1, 1), B2, 1), -+, (B, 1n) < &'

3) Monotonicity: Let &; = Pz QZS",-) ,
(ﬁss_i, 65"',')) (i=1,2,3,...,n) be another family

Sf IFliNs such that p Py = ES‘”NQ&EQS‘I-’ﬁ& <
bz CI>51.Z<I>ZS , for ally;. Then

CIFROWG (51.11) , 52.12) » - - . » Gur Tn))
< CIFROWG ((571.11) . (572 I2) .

’ (51’!7 Hn)) .
V. MULTI-ATTRIBUTE DECISION MAKING (MADM)

TECHNIQUE BASED ON CIFR AVERAGE/GEOMETRIC AOs
Multi-criteria decision-making technique is an effective way

of selecting the best alternative corresponding to their cri-
teria. In this section, we will study the application of the
introduced operators. So, we develop an MCDM algorithm
to show the effectiveness and usefulness of the proposed
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work. Let G* = Gf,Gf,Gf,...,Gjﬁ} denote the
collection of alternatives and C ={C;, C,,Cs,...,C,}
denote the collection of criteria. Also, suppose that ¢ =
W1, ¥, Y3, ..., wn)T is the weight vector of criteria set
with the condition that D7 ¥ = 1 and ; > 0. Let

condition that Z{zlgvs = 1 and ¢, > 0. Suppose
experts provide their assessment for each alternative con-

cerning each criterion in the form of IFRNs (Sijs)mxn =

((ps , D5, ) (ﬁsij, 55,-]-) , ]ll-f). To use the notion of CL, the

experts provide that they are familiar with evaluated alterna-

&,

= {&!., &%, &%, ...

,®/ .} be the set of ‘f* experts
with the weight vector 0, = (0!,.0%,.0%,....,0/,) using  to follow the following steps:

tives and assign the CL with [;* (0 < 1;* < 1). Now, we have

CIFRWG (1. 11), B2 12) , - - ..

(5«” L ) (&4‘1’ ]]H'l))

(- fio-e))

1;[( )M/’ 1— g( )]1,1/,1

e
((E-Hweﬂﬂwl) , ( (1 __)IIIH] Hl))

(H (D)lhw, Ec+1w“'ﬂ‘*“) ’

i—1

(1 ﬁ (1- ﬂt‘/’r)+ (1 _ (1 _gﬂ)‘/feJrl]LH)

=1

( ]L%) (1 _ (1 _ gﬁl)‘ﬂwlﬂwl)
t:l

(fl ()" &H‘”‘*“H”l) ’

i=1

( ( @ ]Ll//,) (1 _ (1 _9;*_1)1/’@-%—1]]@-%—1)
( ﬁ 1 — ﬂlwl)( (1 _9$+1)‘//e+1]]e+1)

i=1

(ﬁ (gl)]]ﬂ//z 1— ﬁ (1 . Q,')Hi%),

— i=1 i=1
1 o1

H (ﬁi)]]ﬂ/fi’ 1 — H (1 _ ai)ﬂilﬁi

i=1 i=1

-

3
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CIFRWG ((&1,11) , (&2, 12) , (83, 13) , (B4, 14))

(HL] (p')ﬂiwi’ 1 — HLI (1 _ )]]ﬂ//z) ’
Hj (pl)]]ﬂ//z 1 — H;] (1 _ )Hﬁ/h

1— (1 _ 0_4)0.5><0.29 x (1 _ 0.8)0'6X0'25X
(1 _ 0‘3)0.3><0.22 % (1 _ 0.2)0.4><0.24
(0.5)0.4><0.29 % (0.2)0'4XO'25X
(0.4)0.1><0.22 X (0‘1)0.3><0.24
1— (1 _ 0'2)0.4><0.29 % (1 _ 0.7)0'4X0'25X
a- 0_2)0.l><0.22 x (1 — 0.6)0'3X0'24
((0.5488, 0.3026) , (0.6522, 0.1952)) .

(03)0 .5%0.29 % (0.1)0.6><0.25 % (0.5)0.3X0.22 % (0'7)0‘4X0‘24’
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Step 1: Collect the expert’s data given in the form of IFRNs
along with their CL and then construct the expert’s assess-

ment matrix as[M*],ux, = ((gs CDS) (ﬁsi, Esi) ,]],f).

l] — 1
Step 2: Use the notion of CIFRWA or (CIFRWG) to
combine all individual matrices of experts into a collective
judgment matrix [M],,x,. That is,

5 = CIFRWA ((5'5.1'5) . (8% 1%) .. (8% %))

(1 (-2 i (o)),
LT, (- T e T (7)1

or

CIrRWA ((8'5.1'5) . (8% 1%) .. (5. 15) )

Lo 1% oi
(e ()T (- 2)).
H (5 )Hu@! _HJ:=1 (1_5si)ﬂx:fai

Step 3: Using the notion of IFRWA or IFRWG oper-
ator to aggregate the execution of alternative of the
matrix [Mlyx, as & = IFRWA (&i1,8i2,...,8in) =

¥ v
(e
Wi Vi
L=TTy (1 =2y) " Tl (Py) ™
IFRWG (81,82, - - - » Bin)

(1 () "1~ 10 (1-2)").
Ty (By) 71 =TT (1= Fy) "

Step 4: Compute the score values for each alternative
& (i =1,2,3,...,m) by using Definition 5 and ranking the
results.

A. ILLUSTRATIVE EXAMPLE BY USING CIFRWA OPERATOR
Suppose a person wants to buy the best cell phone from a set

of four alternatives G* = {Gfé, Gf , G;K, Gf] based on

four criteriaC = {C| = Internet storage, Cy, = Hardware,
Cs = long lasting battry, C4 = crystal clear display}. Let
¥ = (0.32,0.30,0.20,0.18)T and suppose three experts with
their heir weight vector o, = (0.32, 0.42, 0.36). In this
subsection, we consider the illustrative example by using the
CIFRWA operator.

Step 1: Suppose experts provide their assessment val-
ues in the shape of IFRNs along with their CL and then
construct the expert’s assessment matrix with [M®lyxs =
g%sij, gsi) , (fJSi, 6‘2) ,ﬂijs) (s=1,2,3), as shown in

ables 2-4.

Step 2: Using the notion of CIFRWA to combine all indi-
vidual matrices of exerts into a collective judgment matrix as
given in Table 5.

Step 3: Use the notion of the IFRWA operator for data
given in Table 5 to aggregate the performance of the

VOLUME 11, 2023

alternative by using the formula given below

& = IFRWA (81,802 - - - » in)

n w. n "/,'
_ (1 —[lj=1 (1 - Q,-j) ", [Ti= (Qq) J) )
-l (- ﬁij)v,ja [T ‘I’ij)wj

Step 4: Compute the score values for each alternative
& (i=1,2,3,...,m) by using Definition 5 and ranking the
results, as shown in Table 6.

B. ILLUSTRATIVE EXAMPLE BY USING CIFRWG OPERATOR
In this subsection, we consider the illustrative example by
using the CIFRWG operator.

Step 1: Same as above

Step 2: Using the notion of CIFRWG to combine all indi-
vidual matrices of experts into a collective judgment matrix
as given in Table 7.

Step 3: Use the notion of the IFRWG operator for
data given in Table 7 to aggregate the performance of the
alternative.

Step 4: Compute the score values for each alternative
&i(i=1,2,3,...,m) by using Definition 7 and ranking the
results, as shown in Table 8.

VI. MEDICAL DIAGNOSIS APPROACH BASED ON IFRNs
As medical diagnosis is an effective process for the assess-
ment of some diseases, in this section, we elaborate on an
algorithm of medical diagnosis based on IFRNs.

Definition 9: Let C and D be two sets. An intuitionistic
fuzzy rough relation (IFRR) R, from C to D is an IFRS of
C x D characterized by MG Dg,, P, and NMG®g , Dp,.
An IFRR from C to D is denoted by R, (C — D).

Definition 10: 1f J is an IFRS of C, then the max-min-
max composition of IFRR R, (C — D) with J is an IFRS Q
of D denoted by Q = CoD and is defined by Droos d) =

Ve[ (OARg (€| Bros@) = Ve [BOABR, (¢ d)]
and @p ,;(d) = ARV (¢, d)], Pros(d) =
Ac [6‘](6‘) \Y ERK (c, d)] for all deD, where (V = max
and A = min).
Definition 11: Let R, (C — D) and R,* (D — E) be two
IFRRs. The max-min-max composition R,0R.* is an IFRR
from C to E defined by

Do, (€)= Va [P, (.d) APy (d. )]

Proor,* (c.€) = Va [P, (c,d) ADg,* (d, )],

D or, (€. €) = Ag [Pp, (¢, d) Vg« (d, €)], Proor,* (. €)
= Ad[Pr, (c,d) VO (d, e)].

Now, we present the uses of IFRSs theory in Sanchez’s
approach [26], [27] for medical diagnosis. Let S° denote
the set of symptoms and D* denote the set of diagnoses
and P° denote the set of patients. We define “IFR medical
knowledge” as an IFRR R, from the set of symptoms S~ to the
set of diagnosis D* that reveals the degree of association and
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TABLE 2. IFR data by expert 1.

TABLE 3.

{((o 21, 022) 0.3),
((0.19,0.18),0.4)

((0.19, 0 20) 0.2),
(0.51,0.26),0.5)

((0.31, 042) 0.3),
((0.51,0.12),0.6)

((0.14, o 17) 0.2),
((0.58,0.18),0.4)

((0.38,0.32),0.4)

((0.60,0.30),0.4),

((0.35,0.36),0.3),

((0.18,0.35),0.2),
((0.29,0.38),0.1)

{((0 25,0.30),0.7)
{

((0.31,0.37),0.1),
((0.19,0.12),0.7)

((0.41,0.32),0.5),
((0.31,0.37),0.4)

((0.49,0.21),0.6),
((0.27,0.26),0.7)

((0.11,0.12), 05)}}
}
}

{((0 37,0.41),0.8),
((0.61,0.24),0.5)

((0.10,0.20),0.6),
((0.41,0.52),0.9)

%((o 41,0.42),0.7),
{
|

)
)
)
)

((0.49,0.30),0.1),
((0.51,0.42),0.6)

{ ]
{((0 51,0.12), 06)}
{ ]
{ }

((0.37,0.50), 0.8),
((0.49,0.46),0.6)

f ]
{((0 17,0.19), 05)}
{ ]
{ }

IFR data by expert 2.

(0.12, 022) 0.13),
((0.10,0.16),0.14)

(0.29, 030) 0.21),
((0.41,0.36),0.53)

(0.21, 062) 031)}
((0.41,0.42),0.61)

(0.15, 015) 042)}
((0.54,0.28),0.34)

((0.26,0.40),0.27)

((0.21,0.12),0.71),
((0.58,0.16),0.14)

((0.50,0.29),0.14),
(0.66,0.18),0.36)

((0.30,0.31),0.33),
(0.27,0.39),0.45)

i((o 18,0.22),0.25),
{

((0.28,0.55),0.32),
((0.39,0.17),0.41)

((0.49,0.42),0.27)

((0.21,0.27),0.64)

((0.17,0.16),0.67)

{((0. 17,0.51),0.38),

((0.31,0.34),0.45)

((0.50,0.30),0.26),
((0.51,0.22),0.39)

f
f
{((0 64,0.27),0.41),
{

((0.39,0.30),0.71),
((0.41,0.32),0.76)

f
?((0 31,0.62),0.55),
{

((0.27,0.20),0.48),
((0.29,0.26),0.56)

f
?((0 59,0.11),0.26),
{

TABLE 4.

IFR data by expert 3.

((0.22, 037) 0.31),
((0.17,0.19),0.24)

((0.19,0. 20) 0.23),
((0.31,0.46),0.53)

((0.31, 032) 0.32),
((0.44,0.45),0.41)

((0.16,0. 17) 0.32),
((0.14,0.15),0.54)

(0.38,0.42),0.45),

((0.51,0.42),0.75),
((0.68,0.26),0.16)

((0.36,0.48),0.56)

((0.20,0.29),0.15)

((0.78,0.10),0.62),
((0.38,0.19),0.51)

((0.34,0.47),0.47),
((0.40,0.52),0.28)

((0.11,0.19),0.65),
((0.18,0.28),0.74)

((0.39,0.41),0.16),
((0.57,0.17),0.47)

{
{((0 24,0.46),0.37)
f
{

((0.17,0.21), 028)}
((0.33,0.34),0.45)

{((0 60,0.32),0.20),
((0.41,0.42),0.30)

)
)
)
}

((0.30,0.40),0.41),
((0.51,0.12),0.36)

§ ((0.40,0.39),0.24),
f
{

((0.17,0.26),0.68),

§ ((0.10,0.21),0.63),
f
{

((0.28,0.46),0.16)

degree of non-association. We next present our intuitionistic
fuzzy rough medical diagnosis. We have the following main

three steps:

1) Determine the symptoms.
2) Development of medical diagnosis based on IFRR.
3) Determine the diagnosis based on the composition of

IFRR.

Let “J” be an IFRS of the set S° and R, be an IFRR
form §° to D*. Then, the max-min-max composition
of IFRS Q of IFRS “J” with IFRR R, (S° — D*)
denoted by Q = JoR, signifies the state of patients
in the form of diagnosis as an IFRS “Q” of D*
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with MG P,y (d) = Vies [g,(s)/\g& (s, d)] Pold) =
Vies [BADR, G, d)] and Dp(d) = Ages [@,(5)

Vg (5,d)], Po(d) = Ases [Pr(s)V DR, (5,d)] for
all deD*.

A. ALGORITHM

Let P’ {P1. P3Py P} (i=1,2,3,...,n) denote
the set of “n” patients in a hospital. Let R, be an
IFRR (S° — D*) and construct an IFRR R,* from a
set of patients to a set of symptoms. The composition

T~ = R.0R,* describes the state of the patients p; in terms
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TABLE 5. IFR combined expert assessments matrix.

C,

G} ((0.0557, 0 7124)) ((0.0591, 0 7100)) ((0.1033, 0 7582)) ((0.0567,0.5209)),
{((0 0480, 0.6245) )} { ((0.2609,0.5537) ) ((0.3007,0.4736) )} ((0.2221,0.4629) )

G3 ((0.1103,0.5279)), ((0.3168,0.3461)), ((0.1830,0.7347)), ((0.1083,0.5409)),
((0.1264,0. 6206))} {((0 1629,0.7180) ) ((0.3229,0.4429) )} ((0.0963,0.6001) )

G} ((0.3261,0.5160)), ((0.2274,0.6804)), ((0.1791,0.5059)), ((0.2251,0.5532)),
((0.1679, 05267))} {((0 1605,0.5276) ) ((0.1510, 04411))} ((0.2333,0.3271) )

G} ((0.1536,0.6107)), ((0.1494,0.5930)), ((0.1987,0.5869)), ((0.2033,0.4353)),
((0.2484, 0.5449))} {((0.2780, 0.5885) )} {((o 3107, 04825))} ((0.2044,0.6001) )

TABLE 6. Aggregated values by using the IFRWA operator.

Alternatives Aggregated results Score values Ranking results
G1 ((0.0668,0.6811)), Sc(GY) = 0.2613
{((0. 20086, 0.5400)) }
G3 ((0.1916,0.4991)), Sc(G%) = 0.3163 ' | | |
{((o. 1753, 0.6024))} G3 2 G 2 G; 2 G
G3 ((0.2511,0.5655)), Sc(G) = 0.3483
{((0.1746, 0.4668)) }
G} ((0.1707,0.5650)), Sc(GE) = 0.3286
{((0.2626, 0.5538)) }

TABLE 7. IFR combined expert’s assessments matrix.

{((o. 4887, 0.2386)),}
((0.6187,0.1728))

{((o. 5743, 0.1037)),}
((0.6291,0.2672))

{((0.6179, 0.1756)),}
((0.6207,0.2131))

G} ((0.6475, 0 0851)) ((0.7025, 0 0621)) ((0.6372, 0 1996)) ((0.5108, 0 0601))
{ ((0.6058, 0. 0524))} { ((0.5881,0.2328)) } { ((0.6194,0.2230)) } { ((0.5827,0. 0986))}
G3 ((0.5015,0.1260)), ((0.4287,0.2645)), ((0.8308,0.1028)), ((0.4538,0.1373)),
{((0 5202,0.1974)) } {((0 8368, 0.0740)) } {((0 6716,0.1700)) } {((0 5390,0.1355)) }
G3 (0.7144,0.1464)), (0.7431,0.1617)), (0.3946,0.2843)), (0.7797,0.0845)),
{((0 6842, 0. 0824))} {((0 5796, 0. 1515))} {((0 3583,0.2064)) } {((0 4118, 0. 1376))}
Gi

{((0.3858, 0.2563))
((0.6056,0.2018))

J

of diagnosis as an IFRR from P’ to D* given by MG
Pr (77 d) = Vies [Py (9] 5) Ay, (5. )| Br (v}, d) =
Vies [Pr,* (P} 5) AP, (s,d)] and NMG as &, (p;,d) =
Ases: [@p,= (p7+5) V@R, (5, D], B (p;.d) = Ases [P,
(p;.s) V®g, (s, d)] for all deD*. For given R, and R.*, the
relation T~ = R,oR,™ can be calculated. From the informa-

tion of R, and 77, one can calculate an improved version of
IFRR for which the following holds

D) Sk, =4 (24D +Pr. -
2) The equality 7™

Example 5: Suppose we have four patients: Ali, Jabir,
Ubaid, and Umar in the hospital. Their symptoms are

— Dp, ) is the greatest.

= R,0R.* is retamed.
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headache, temperature, stomach pain, cough, and chest pain.
Then, P° = {Ali, Jabir, Ubaid and Umar} is the set of
patients, S° = {Headache, temperature, stomach pain, cough,
chets pain} . Now, IFRR R, (P° — §°) is given in Table 9.
Let D* = {Fever, Malaria, Typhoid, Stomach issues,
Heart issues}. IFRR R,* (S° — D*) is given in Table 10.
Therefore, the composition 7~ = R.0R,* is given in
Table 11. We calculate Sg, as given in Table 12.

From Table 12, we can observe that Ali is suffering from
fever, Jabir and Umar face stomach issue, and Ubaid is suf-
fering from typhoid. Note that, based on the more advanced
structure of IFRSs, we can perform the applications of med-
ical diagnosis. IFRS covers the issues of data loss in terms
of considering the upper and lower operators and provides

8685



lEEEACC@SS T. Mahmood et al.: Confidence Level Aggregation Operators Based on Intuitionistic Fuzzy Rough Sets

TABLE 8. Aggregated values by using the IFRWG operator.

Alternatives | Aggregated results Score values Ranking result
Gy ((0.6338,0.0982)), Sc(G¥) = 0.7454
{((0.5991, 0.1528))
G3 ((0.5199,0.1677)), Sc(G%) = 0.7106 | ’ | |
{((0.6354, 0.1452)) Gi =2 G; 2G; =G}
G3 ((0.6522,0.1700)), Sc(G%) = 0.7162
{((0.5220, 0.1390))
G; ((0.5152,0.1910)), Sc(G¥) = 0.6821
{((0.6198, 0.2152))

TABLE 9. Intuitionistic fuzzy rough relation.

R, Headache Temperature | Stomach pain Cough Chest pain

Ali (0.3,0.4), (0.2,0.1), (0.6,0.2), (0.51,0.14), (0.28,0.14),
(0.2,0.5) { (0.1, 0.5)} { (0.5, 0.3)} (0.12,0.35) { (0.12, 0.65)}

Jabir (0.6,0.1), (0.3,0.5), (0.31,0.4), (0.28,0.24), (0.12,0.24),
{ (0.5, 0.3)} { (0.2, 0.5)} { (0.22, 0.5)} { (0.32, 0.35)} { (0.52, 0.15)}
Ubaid (0.4,0.4), (0.5,0.2), (0.30,0.42), (0.36,0.34), (0.17,0.27),
(0.1,0.8) { (0.1, 0.4)} { (0.26, 0.51)} (0.12,0.15) { (0.28, 0.37)}
Umar (0.4,0.5), (0.1,0.3), (0.22,0.54), (0.11,0.10), (0.39,0.40),
(0.3,0.3) { (0.2, 0.2)} { (0.24, 0.25)} (0.12,0.19) { (0.21, 0.35)}
TABLE 10. Intuitionistic fuzzy rough relation.
R Fever Malaria Typhoid Stomach issues | Heart issues
Headache (0.31,0.44), (0.47,0.21), (0.17,0.28), (0.63,0.10), (0.26,0.24),
(0.29,0.56) { (0.11, 0.65)} { (0.19, 0.27)} (0.22,0.15) { (0.22, 0.61)}
Temperature (0.6,0.1), (0.37,0.25), (0.16,0.26), (0.18,0.46), (0.19,0.14),
(0.52, 0.38)} { (0.21, 0.55)} { (0.60, 0.25)} { (0.21,0.31) { (0.15, 0.18)}
Stomach pain (0.54,0.45), (0.15,0.27), (0.50,0.12), (0.41,0.51), (0.17,0.17),
(0.31,0.18) { (0.16, 0.47)} { (0.13, 0.16)} (0.19,0.13) { (0.16, 0.36)}
Cough (0.24,0.35), (0.18,0.38), (0.14,0.15), (0.16,0.13), (0.19,0.41),
(0.37,0.38) { (0.19, 0.39)} { (0.20, 0.29)} (0.15,0.17) { (0.31, 0.30)}
Chest pain (0.13,0.14), (0.36,0.47), (0.23,0.39), (0.37,0.47), (0.13,0.34),
(0.12, 0.15)} { (0.17, 0.36)} { (0.29, 0.51)} { (0.29,0.41) { (0.21, 0.53)}
TABLE 11. Intuitionistic fuzzy rough relation.

T~ =R.,0R,” Fever Malaria Typhoid Stomach issues | Heart issues
Ali (0.54,0.1), (0.3,0.27), (0.5,0.15), (0.41,0.14), (0.26,0.14),
{ (0.31, 0.3)} { (0.16, 0.39)} { (0.19, 0.3)} { (0.2,0.3) } { (0.2,0.35) }

Jabir (0.31,0.24), (0.47,0.21), (0.31,0.24), (0.6,0.1), (0.26,0.24),
{ (0.32, 0.15)} { (0.2,0.36) } { (0.29,0.3) } { (0.29, 0.3)} { (0.31, 0.35)}

Ubaid (0.5,0.2), (0.4,0.38), (0.5,0.26), (0.4,0.34), (0.26,0.2),

{ (0.26, 0.37)} { (017, 0.37)} { (0.28, 0.29)} { (0.28, 0.17)} { (0.21, 0.3)}

Umar (0.31,0.3), (0.4,0.38), (0.23,0.15), (0.4,0.13), (0.26,0.3),

{ (0.29, 0.25)} { (0.2, 0.36)} { (0.21, 0.25)} { (0.22, 0.19)} { (0.22, 0.2)}

more space to analyze more complex data. So, based on is stronger, more efficient, and can help in many medical
these observations, we can say that this developed algorithm diagnosis problems.
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TABLE 12. Intuitionistic fuzzy rough relation.

R Fever Malaria Typhoid Stomach issues Hear issues

Ali 0.6125 0.45 0.56 0.5425 0.4925
Jabir 0.56 0.525 0.515 0.6225 0.495
Ubaid 0.5475 0.455 0.5575 0.5425 0.4925
Umar 0.5125 0.465 0.51 0.575 0.495

TABLE 13. Comparative analysis.

Methods Score values Ranking result
IFWA X No result
operators [13]
IFWG X No result
operators [12]
IFRWA X No result
operators [25]
IFRWG X No result
operators [25]
IFDWA [16] X No result
IFDWG [16] X No result
CIFRWA Sc(GY) = 0.2613, 122G =G
operators Sc(G3) =0.3163, | =G}
(Proposed) Sc(G3) = 0.3483,

Sc(G}) = 0.3286
CIFRWG Sc(G}) =0.7454, | Gf =G5 =G}
operators Sc(G3) =0.7106, | = G}
(Proposed) Sc(G3) = 0.7162

Sc(G}) = 0.6821

VIl. COMPARATIVE ANALYSIS

In this part of the article, we study the comparative analysis

of our initiated work along with some existing methods to

show the superiority and reliability of our initiated work.

Here, we will compare our work with IFWA [13], IFWG [12],

IFDWA [16], IFDWG [16], IFRWA [25], and IFRWG [25]

operators. The overall analysis of the comparative study is

given in Table 13. From the analysis, we can observe that

1. The IFWA [13], IFWG [12], IFDWA [16], IFDWG [16],
IFRWA [25], and IFRWG [25] operators can only deal
with IF data, and these notions lack the extra characteristic
of handling rough information. While our initiated work
has the advantages of using rough information in their
stricture.

2. Moreover, we can see that established work can provide
more space to decision-makers in the form of an IFR
structure. While existing notions cannot do so. So our
initiated work is more general.

VIil. CONCLUSION

In our daily life, we have to deal with complicated and
advanced data. For this type of data, we need to make such
types of methods and tools that can ease our work and
compute overall information. As aggregation operates are
fundamental tools to convert the overall information into a

VOLUME 11, 2023

single value. So, here in this article, we establish some
new aggregation operators (AOs) called confidence level
intuitionistic fuzzy rough (CLIFR) weighted average, CLIFR
ordered weighted average, CLIFR weighted geometric, and
CLIFR ordered weighted geometric AOs. Furthermore, the
properties of these operators have been discussed in detail.
We also initiate an MCDM algorithm based on the notion of
our proposed work. Moreover, an illustrative example shows
the effective use of these initiated notions in daily life, such
as medical diagnosis. Also, we have given a comparative
analysis of our proposed work with some existing methods
to show the reliability of the established work.
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