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Abstract. Alzheimers disease is an unpredictable and progressive neurodegenerative disorder that initially affects
memory thinking and behavior. Some key features of Alzheimers disease are memory loss, cognitive decline,
behavioral changes, disorientation, and physical symptoms. In this article, we design the procedure of a multi-
attributive border approximation area comparison deep learning algorithm for the diagnosis of Alzheimers Disease.
For this, first, we goal to design the model of complex propositional linear Diophantine fuzzy information with
their basic operational laws. In addition, we analyze the model of complex propositional linear Diophantine fuzzy
power average operator, complex propositional linear Diophantine fuzzy weighted power average operator, complex
propositional linear Diophantine fuzzy power geometric operator, complex propositional linear Diophantine fuzzy
weighted power geometric operator, and also initiate their major properties. Additionally, the key role of this
paper is to arrange relevant from different sources for diagnosing Alzheimers disease under the consideration of
the designed technique. Finally, we compare both (proposed and existing) ranking information to address the
supremacy and strength of the designed models.

AMS Subject Classification 2020: 03B52; 68T27; 68T37; 94D05; 03E72
Keywords and Phrases: Alzheimers Disease, Complex Propositional linear Diophantine fuzzy sets, MABAC
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1 Introduction

Diagnosing Alzheimers disease is very ambiguous and uncertain, connected with memory loss and changing
behavior because of progressive neurodegenerative disorder [1]. The analysis of Alzheimers disease has been
done by different scholars according to consider the information of crisp data [2], but to analyze the best
one among the collection of data, we needed a soft and valuable technique that can help us in the evaluation
of the procedure of decision-making models [3]. A lot of data has been lost in numerous decision-making
procedures because of limited information and due to this, various problems are unsolved [!]. For this, Zadeh
[0] prepared the fuzzy sets (F'Ss). FSs theory developed with just a function, called truth degree, defined from
fixed sets to unit intervals. In addition, it is quite complex to deal with genuine life problems in the presence
of just F'S theory, because truth and falsity, yes and no, supporting and supporting against information are
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the key parts of various real-life scenarios. For this, the model of FSs is not suitable, therefore, Atanassov
[6, 7] designed the intuitionistic FSs (IFSs). IFSs designed with two different functions but with the same
range, called truth degree and falsity degree with a characteristic that is the sum of both functions belonging
to a unit interval.

In genuine life situations, all experts are independent and they are not restricted to following the condition
of IF'Ss, because the provided information of experts will exceed form unit interval. For this, the model of
Pythagorean FSs (PFSs) was designed by Yager [%]. PFSs are constructed with truth and falsity degrees with
a characteristic that is the sum of the squares of both functions belonging to a unit interval. In addition,
Yager [9] designed the g-rung orthopair FSs (q-ROFSs) in 2016. The model of g-ROFSs has also developed
with truth and falsity information with a model that is the sum of the g-power of both functions belonging
to the unit interval. These techniques are very useful and dominant because of their characteristics and
due to this reason, many scholars have utilized them in various fields. Riaz and Hashmi [10] organized
the linear Diophantine FSs (LDFSs) with a truth and falsity function (Fg(t),d5,(T)) with parameters
(¢, (1), 1'%, (T)).The prominent characteristics of LDFSs, such as (%,(7) * Fro, () + ', (1) * dy, (1) € [0,1],
where (,(T) + Iy, (t) € [0,1]. The model of LDFSs is more powerful and more dominant because of their
features, the condition of LDFSs is developed based on linear Diophantine equation az + by = c.

Ramot et al. [11] designed the complex FSs (CFSs), the function in CFSs is developed in the form of
complex-valued information, where the real and unreal parts of the truth function are limited to unit interval.
In various situations, we will cope with complex problems with the help of two-dimensional information, called
the complex-valued truth function. Further, Alkouri and Salleh [12] designed the complex IFSs (CIFSs) with
complex-valued functions, the condition of CIFSs is that the sum of both functions (for both functions, real
and unreal) belongs to the unit interval. Ullah et al. [13] derived the complex PFSs (CPFSs), the projecting
condition of CPFSs is the sum of the square of both functions (for both functions, real and unreal) belonging
to the unit interval. In 2019, Liu et al. [I1] invented the complex q-ROFSs (Cq-ROFSs), the projecting
condition of Cq-ROFSs is the sum of the g-power of both functions (for both functions, real and unreal)
belonging to the unit interval. In 2020, Ali and Mahmood [15] evaluated the Maclaurin Symmetric mean
operators for Cq-ROFSs. In 2022, Kamaci [10] designed the invented the complex LDFSs (CLDFSs), such as

H = {(T’ <}-;;’(T)"7:Z'L;(T)) ) (‘H(;")P(T)’ &%(T)) ) (C;:Jp(’t)’ %(T)) ) (Ffp(’f),r%(’t))> (T E X}, where the model of

complex-valued membership (non-membership) function is defined by: (]—";;), ]-'ip) : X — [0,1], ((&‘;’p, :I‘Z‘;) :

X — [0, 1]) with 2, () * F, (t) + T (1) x50, (T) € [0, 1], ( o (1) * Fio(t) + T, (1) * d7,(7) € [0, 1]) and ¢, (T)+
Iy, (t) € [0,1] ,( (1) + g, (7) € [0, 1]), where, the model of complex-valued parameters is defined by:
G G T30, T - X — [0, 1] where e, () = 1— (¢35, (7) % Frop () + T, (1) % (1)) €5, (T) = 1— ( © (1) * Fio (1)
+15,(T) * \E[‘{;)(T)), called the refusal function.

In 1980, Gottwald [17] designed the fuzzy propositional logic, a modified version of the FSs theory. In
1988, Atanassov [18] derived the intuitionistic fuzzy propositional calculus with two variants. In 2020, Wang
et al. [19] presented the intuitionistic fuzzy propositional logic with novel plausible reasoning-based decision-
making models. In 2024, Kahraman [20] introduced propositional PFSs with analytical hierarchal process
extensions. In addition, Pamucar and Cirovic [21] invented the (multi-attributive border approximation area
comparison) MABAC technique for classical set theory. Further, Yager [22] evaluated the power averaging
(PoA) technique. In 2009, Xu and Yager [23] introduced the power geometric (PoG) technique for classical
set theory. Jiang et al. [24] derived the power operators for IFSs. Wei and Lu [25] examined the power
operators for PFSs. Garg et al. [20] initiated the power operators for Cq-ROFSs. Liu et al. [27] derived the
power Dombi operators for CPFSs. Rani and Garg [28] evaluated the power operators for CIFSs. Ali [29]
presented the power interaction operator for CIFSs. Ali et al. [30] described the power operators for complex
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intuitionistic fuzzy soft sets. Moslem [31] designed the parsimonious spherical fuzzy AHP models. Moslem
et al. [32] evaluated the fuzzy analytical hierarchy model. Moslem and Pilla [33] invented the spherical fuzzy
group decision-making techniques. Acharya et al. [34] designed the stability analysis for neutrosophic fuzzy
information. Singh et al. [35] evaluated the malaria disease model in crisp and fuzzy information. Momena
et al. [30] initiated the generalized dual hesitant hexagonal fuzzy decision-making techniques. Acharya
et al. [37] constructed the neutrosophic differential equation with decision-making techniques. During the
assessment of the existing models, we noticed or missed that the technique of complex propositional linear
Diophantine fuzzy sets (CPLDFS) needed to be introduced because the above techniques are special cases of
proposed models. In addition, we also noticed that to propose the technique of power operators and MABAC
for CPLDFSs. The key and major contributions of the designed techniques are listed below:

1. To design the procedure of a MABAC deep learning algorithm for the diagnosis of Alzheimers Disease.

2. To design the model of complex propositional linear Diophantine fuzzy (CPLDF) information with their
basic operational laws.

3. To analyze the model of CPLDF power average (CPLDFPoA) operator, CPLDF weighted power average
(CPLDFWPoA) operator, CPLDF power geometric (CPLDFPoG) operator, CPLDF weighted power
geometric (CPLDFWPoG) operator, and also initiate their major properties.

4. To arrange relevant from different sources for diagnosing Alzheimers disease under the consideration of
the designed technique.

5. To compare both (proposed and existing) ranking information to address the supremacy and strength
of the designed models. The graphical interpretation of the designed technique is derived in the form
of Figure 1.

abstract of the proposed theory..png abstract of the proposed theory.bb

To propose the
complex
propositionallinear
Diophantinefuzzy

sets

To propose the Dombi power aggregation

To propsoe the
Dombioperational
laws

operators for complex propositional
linear Diophantine fuzzy values

I

Toevaluate the To compare the

To discuss some
properties and
results

problem of proposed ranking

diagnosing the values with some
Alzheimer’s disease existing values

Figure 1: Graphical abstract of the proposed theory
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This article is organized in the following ways: In Section 2, we explained the revised techniques of CLDFSs
with basic definitions. In addition, we also reviewed the PA operator, and PG operator for the group of any
positive integers. In Section 3, we designed the model of CPLDF information with their basic operational
laws. In Section 4, we analyzed the model of CPLDFPoA, CPLDFWPoA, CPLDFPoG, and CPLDFWPoG
operators, and also initiated their major properties. In Section 5, we designed the procedure of a MABAC
deep learning algorithm for the diagnosis of Alzheimers Disease. In Section 6, we arranged relevant from
different sources for diagnosing Alzheimers disease under the consideration of the designed technique. In
Section 7, we compared both (proposed and existing) ranking information to address the supremacy and
strength of the designed models. Some concluding remarks are described in Section 8.

2 Preliminaries

The model of complex linear Diophantine fuzzy information is the reformed version of numerous techniques
and very reliable ideas for controlling imprecise and inexact data. This section goals to explain the revised
techniques of CLDFSs with basic definitions. In addition, we also reviewed the PA operator, and PG operator
for the group of any positive integers.

Definition 2.1. [16] A methodology of CLDFSs for X (universal set), is designed and deliberated by:

H = {(t, (F (1), Fip (1)) , (d5,(0), A5 (7)) 5 (G (D), 6 (D)) 5 (T, (1), T3 (7)) ) = T € X}
Where the model of complex-valued membership (non-membership) function is defined by:

(Fr Fo) : X = [0,1], (5, d5) : X = [0,1])

rp? p

with ¢2,(1) * F2 (1) + T, (1) 4% (1) € [0, 1], ( © (1) % Fo (1) + T% (1) * A5 (1) € [0, 1]) and C2,(1) +T%,(1) €

[0,1], ( ;;,(T) + F%(T) € [0, 1]), where, the model of complex-valued parameters is defined by: (75, 50, ', I'g
X = [0, 1] where £2,(t) = 1—(C%,(t) * F&, (1) + T, (1)  d%,(1)) , £ (1) = 1—( © (1) « F2(1) + T2 (1) &g;,(r)),
called the refusal function. The simple version of CLDFN is mentioned in the following form, such as:

ﬁ& = ((f%&af‘;&> ) <‘E[;J£L7&;;,&> ) (C;:;o&a :;;&> ’ (ngarz&)> & =1,2,--,3

In addition, we goal to describe numerous operational laws for the above existing models, such as algebraic
operational laws, briefly discussed below.

Definition 2.2. [16] Let Hy = ((Fg&]—“;&)( fg,&;;«%),(g;;&, ;;@a),( gfgc,r;;&)),& — 1,2 be two
CLDFN. Thus
o i (Pt + P = P Fap Pt + P = Fo ) (A, a5 22 )
(Gor + G — e + ¢ - o) (e T
o i (P Fep, P Fez) (A + A — A5 dp, )+ 52— A5 457
(Corcam,coicer) (T + T — Tz T 4+ T3 — TS )
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(e () (e ()”),
nelg = ~ . ~ -
(1= =™ a-(1-¢)") (™. (1))

7)% _ <(f%&)ﬁ@ ’ (f?&y) ’ (1 ~ (a1 (1- ﬂz;&f@) ,
(H&> B (( weye (QJJ&Y@) | (1 (1 -Tes)e 1 (1 _F;;&)ﬁ@)

Moreover, we target to revise the information of score value and accuracy value, for evaluating the relationship
among any two complex linear Diophantine fuzzy numbers.

Definition 2.3. [16] Let Hy, = ((]—";;,&,]-";;&) , (&fg,&;‘;&) , ( e ;;)&) , (ryg,r;;&)) & = 1 be a CLDFN.
Thus

sC (He) = % (P + 7o) = (o + ) + (G + ) - (Tos +13%)) € 1,1

Ac (i) = i (P + 7 ) + (s + @) + (G + o) + (T + 1) ) € 0,1

Thus, if SC (I:Il) > SC (ﬁg) = ﬁl > ﬁg, then if AC <ﬁ1) > AC (ﬁg) = I:Il > JEIQ. Further, we goal to
discuss the technique of PoA and PoG techniques.

Definition 2.4. [22, 23] Let ﬁ&, & =1,2,---,3, be a group of non-negative information. Then
iy ) () ()
o) ( 1, Hoy oo, 3) = 22:1 (1+f](f~l&>> 1@23:1 <1+ﬁ(f1&>) DD 2:1 1+ﬁ(~&>> 3
~ (ea(a)
E T (e (a))
signified the PoA operators, and the technique
(Lti()) (1+(7i)) (1+7(775))

PoG (ghg% . ,g3> _ (H1> 31 (+i(Ag) g (Hz) D21 +i(Ag) & ... & (H3> so_,(a(fg))

(1+7(Hg )

- f[ (Frg ) Z2=iCeatm)

n

called PoG operator with 7 (.Ff&> = Z?;é&:l (ﬁi, .Ff&), and S (ﬁi,ﬁ&) =1-D (ﬁl If&), thus
1. S (Fli,}f&> e [0,1].
2. 8 (Hi, He) = (He, ;).

3. When (ﬁ,-, ff&> > 5 (ﬁk, ﬁl), then D (ﬁi, ff&) <D (ﬁk, ﬁl).
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3 CPLDFSs: Complex Propositional Linear Diophantine Fuzzy Sets

This section goals to explain the new techniques of CPLDFSs with basic definitions. Further, we designed
some algebraic operational laws for CPLDFSs.

Definition 3.1. A methodology of CPLDFSs for X (universal set), is designed and deliberated by:
H = {(7, (Fy5(1), Fiy (1)), (A (1), 45, (0) , (G (1), G (D) (T (1), T (D)) ) = T € X
In addition, we define the truth and parameter function according to their real and imaginary parts, such as
Fn(1) = Ly, (45, () + (Fiy (1) = Ly, (5, (1))
and
() = L7, (T, (1), (¢ (1) = L, (T, (7))
Then

L2, (I%, (1) * LY, (32, (1)) +T%, (1) * 4%, (1) < 1

1
172
= Iy, (1) + 45, (1) (L+ Ly, L7)) < 1= 15 (1) + 4y, (1) < TTLLLZ,

Similarly, we have imaginary parts, such as

1
Iy (1)« d5, (1) £ ————5
1+ ]l"ipLip

thus
e (1) = 1= (G, (1) * Frop (1) + Ty (1) + Ay (1) = 1 = (L2, (T (7)) % Ly, (5, (7)) + Ty (1) % 155, (1))
= 1— (g, (1)« I, (1) (1+ L LE))
then
1-— a‘ﬁp('t) = I’fp('r) * &;:’p('t) (1 + ]L%p]L?p)

and

1—e¥(T)

Iw &w — P
P = L)

Similarly, we have

1-— sgfn(’t)

T (1) % 4% (1) = 2
1p 1P (1 n LzlpLZQp>

But if we use the condition of IFSs, thus we have
Ly, (d5,(7)) + i (1) < 1

1
1
= L’_‘-[fp(T> (1 +]L1”p) S 1 = &;t}p(’t) S m
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Similarly, we have imaginary parts, such as

1
a2 (1) < ————
U s

Thus, we have the condition of refusal function in IFSs, such as
el (1) =1 — (F (1) + d2,(1)) =1 — (L, (d2,(1)) + di,(1) =1 — (d2,(1) (1+1L},))
then

1—e2,(t) = d4(7) (1 +1L1,)

and

" 71—5;"(1) " 71—5;"(1)
a7, (1) = m’ (Crp(’f) = (1+£12"p)>

Similarly, we have

1 (1) = 1—ex(T) (1) = 1—ez(T)
LR CEE IR R A (1+13)

if e7,(1) = €5,(1) = 0, thus d7 (1) = (1+i1p) and Jd3 (1) = (1+}L1 - Then
T ip

|
P =L, () (A=, [ L
g p((l +L%p)> Y Y (1+1L}p)

and

w — .2 71 w — .2 71
Crp(T) - Lrp ((1 + Lgp)) ’ zp(T) - sz (1 N L?p)

Then

1 1 1 1 1 1
8 T <<Lrp <1+1L;p) LL <1+L}p>> 7 <1+]L;p7 1+L},p>> ’
H = 1eX
2 1 2 1 1 1
((Lw <1+1L3p) L (1+L§p)> ’ <1+L3p7 1+]L$.p>>

Thus, we have the following final shape, such as

((]Ll& (15?5) Lle (1=t Lerpg et
= TP\ 14L& )T\ 14L& ’ HLE& )7\ 14L& ’
Hy = & i» & i &=1,2,-- 3.

L2« 1—erpg L?& 1—eipg 1—erpg l—cipg
P\ 4L )T\ 1Lk ’ HLE )0\ 1L
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Definition 3.2. For any Hy,

1,2, we have

(e

S

lg
rp

2
rp

(

175”,2’5
1
1+L,§

(

2
1+,

1—erpg

)
)

1lg
9 ip

2¢
9 ’ip

1—5@2’5
T
14+L,

(
(

1-cipg
2
4L %

175@‘5&

1_5ip§2

14L&

)l

l—erpg

)

1+JL};§C

1-cipg

)

2
1+L%

) (

2
4L %

)

&

)

1 1 sﬁfl + 1o 1 57"1192 1L 1_€Tf1 1o 1_571:0
P\ 1+L.} P\ 14L,3 TP\ 14L,} P\ 1413 )
11 (1 51-11,‘f> + L-IQ (1 5“172 ) . 11 1 aizl,l 12 1_51.]1)3:) ’
P\ 1+, P\ 142 P\ 4L P\ 1+L2
((1—5,.pvf> (1 Erps 1—eip \ [ 1—cipy
1 1 ) 1 1 )
~ ~ 1+L.3 141,32 141t 1412
H)®© Hy = N " P N
L2 (1_5T§1 ) + L22 1 5T§2 21 (1L 5T§1 22 1_55p
P\ 1+L7, P\ 1413 TP\ 1+L;} P\ 1412 )
)
2 1781' w 2 1 Ej 2 1 E; 2 1751‘ by
]14~1 < gl>+L2 1272> _L‘1 ( 1271>L2< 1272
w 1+]L2.1} w 1+]Li3 wp 1+L¢$ w 1+]Lip2
1—erp? 1—erp§ 1—¢e;p¢ 1—¢€ips
1+12} L2 )7\ L 14172
1—epp% 1—¢ 1 1—eipy 1 1—¢;
Ll TPl ) Ll2 rp) L:t P1 | [,+2 < P2 )
7 1 r 1 ’ 1 1 I
( P\ 14} P\ 1412 P\ 1L )P\ 14,2
1 sr{ff + 1—5?3’ . 1 ar{ff l—syﬁ,g’
1+L,} 14,2 1+L,} 4L )’
<1—ai€1 ) N (1—5“1,;) B <1—ai,1,‘f> (1_51.71)5) ;
~ ~ 1 2 1 2
iy &y = 141, } 14L;2 1+L;} 14L;2
L2 1_€T51 L2z 1—5217 L2 1_51'127?) L22 1_51'1275
T T Y Y
P\ 1417} P\ 1+L72 P\ 4L PO\ 1412
1—argl + 1 arg‘g . 1 arg‘l" 1—£T§‘2"
14153 1412 1417} 14L72 )7
<151€1 > + (1 sig‘g> . <1 sig;’) (1 51'12,3’
1+L;} 1+L;2 1+L;} 1+L;2
ne U ne ne
_mlg 175sz"6 1—(1= 1 1—8@‘@2 175sz"c 1—6ip&
P\ 14L, ¢ ’ P\ 14LE ’ 14L& A\ 4L ’
ne e ne ne
1— LQ& 1—erpg 1- (1= [[42& 1—eipg 1—erpg 1—eipg
2 2 2 2
PO\ 14L¥ ’ PO\ 141k ’ 14L& ’ 1+L.§
e ne e e
1—erpg, 1g [ 1—cipg 1—-(1= 1—erpg, 1— [ 1=Eipg
1+L,§ AP\ 1L ’ 4L ¥ ’ 4L ’
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<<L1& (15?3) Lle (1wt 1-enpg 1-cip
. ~ PO\ 14L& )T\ 14L& ’ 14L& )7\ 14L& ’
Definition 3.3. For any Hg, = " v ’ v & =1,
]LQ& l—erg& ]LZ& 1—51-5& l—srg& l—aig&
P Ly )P\ 4L ’ 4L )7\ 14LE
we have

Ll& Hrpfz) —1—1[}& (1 slp&>) <<1 srp&> i <1€¢p§>>) +
~ 1 <( Tp < Lg ip L L Te
S (H&) == 1+L,§ 1+L 1+L,% 1+L,4 ) ) € [-1,1]

2 l—erpg 2& 1—eipg 1—erpg l—sip‘gz
( (s () o () - () - (g
Ll& l—erpg —i—]L}& 1— ew& + 1—erpl 1—cipg. +

- 1 << rp < g ip L& g L
A (H&) -3 ( 1+Lr5 - 1+L,; <1ng1, 1:r]L: y €[-1,1]

- P& —Cipg
2 ) (7))

ip

Thus, if SC <H1) > 8 (m) = [, > Hy, it SC (Eh) SC( ) then if AC <H1> > AC (ﬁ2> = >
Ho.

N
N——

4 CPLDF Power Aggregation Insights

This section is famous for the analysis of the power operators for CPLDFSs, called the CPLDFPoA operator,
CPLDFWPoA operator, CPLDFPoG operator, CPLDFWPoG operator, and their genuine properties.

< <L1& ( 1_5??& > Lle 1_5iffc 1_8?21 1_81'{??5
oy ; P\ 1+LE )P\ 1+L % ’ 4L )7\ 14L& ’
Definition 4.1. Let Hg, = P P p ip &=1,2,--- 3,
2 l—erpg 2¢ [ 1=¢€ipl 1—erpg 1—eipg
L\ e )L | e ) ) el I Te
1415 P\ 4L 141§ 1418

be a group of CPLDF information. Then

CPLDFPoA (H1H2 ,Ffa) =

)
S (1 + 17 (ﬁ&))

Signified the CPLDFPoA operators with 7 (ﬁ&) = Z?;é&:l S (ﬁz, ﬁ&), and S <I§Q, I:I&) =1-D (ﬁ[z, I:I&),
thus

1. S (H f[&> e [0,1].

3. When (f[i,fl&> > 5 (A, A ) then D (HH&) <D (ﬁk,ﬁl).
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(s () () () ()
Theorem 4.2. Let Hg, = P P " » 7& =12,--,3,
LQ& 1—erpg LQ& 1—eipg 1—erpg 1—cipg
TP\ 14LrE )P\ 14LlE ’ HL2E )0\ 4L

be a group of CPLDF information. Then, using the information in Def. (6), we evaluate the information in
Def. (8), such as

CPLDFPoA (ﬁl, Hy,--- FIa)
5 ( +i(Hg)) 5 3(1+ﬁ(ﬁ&))
o 7 lg 1— Erp& Z 1+’7(H& _ 7l 1*5ipt§2 Z&:1(1+ﬁ(ﬁ1&))
(e (R >> - (- () |
_ (4a(Ag)) (1+7(Hg)) ’
13—[ 1- Erp& E 1+77(H& 13—[ 1— szp& 22:1(1_“7(}}&))
&o1 141, &1 14L&
— S "r”]( & 5 3(1+ﬁ(ﬁ&))
2 1—er 2 1+77(H& 1—¢cipy, Sg—1(1+i(Hg))
- (s ()0 g (e (55)) O )
, G Gl
I 1—ep% z& L(1+a(Ag,)) I 1—eip% \ | T2oi (1+i(fg))
=1 \\ L "o A\ L
(( (1 E’“f%) s () (i) (1))
~ & ip & ’ & ’ & ’
Property 4.3. Let Hg, = L b Ly Pl & =12,
1—erpg 2¢ [ 1—€ipQ l—erpg 1—eipg
1L Lip e ) )\ sy )\ e

be a group of CPLDF informat

tio

1. If H, = H,& =1,2,--- ,3, thus CPLDFPoA (ﬁl,ﬁg, .- ,ﬁ3) = H, called the idempotency.

2. If Hy < HY,& =1,2,--- 3, thus CPLDFPoA (ﬁl,ﬁ2, . ,Eg) < CPLDFPoA (H{Hg Hg)
called the monotonicity.
3. If H. = min (ﬁl,ﬁg,--- ,ﬁa), and H, = max (ﬁl,ﬁg,--- ,ﬁg,) & = 1,2,---,3, thus H_ <
CPLDFPoA (ﬁ[l, Hy, - ,f[a) < I;Lr, called the boundedness.
(e G o () ) () (528))
~ p & 7 TTp & ’ & & ’
Definition 4.4. Let Hg, = LtLrp iy Lty L 9.
2 l—erpQ ]Lg& 1—cipg, l—erpg 1-¢eipg,
P 1+]Lf;§f 7Tp 1+]Lf;§é ’ 1+JLE;§,< ’ 1+]L2&
be a group of CPLDF information. Then
N N1<1+~<ﬁ1> . N2<1+~<~2> .
CPLDFWPoA (Hy, Hy,- -+ 1) = — Lo — L Hy @
St (14 () Zha e (147 (7))
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H

&)7

Signified the CPLDFWPoA operators with 7 (ﬁ&) = Z%&&:l S (I:IZ-, fl&>, and S (ﬁi, fl&> =1-D (lfli,

5 (o fi) €
5 (i) =

6. When S(

(H&v i)
) > 5 (HkHl) then D (HH&> <D (HkHl)

Where chzl Ng = 1, called weight vector.

<<L1& <1—a,~fg Lle (1=eut 1—enp 1=zt
~ P\ 1L ) TP\ 14k ’ 1+L%¢ )7\ 14L& ’
Theorem 4.5. Let Hg, = P P i P & =1,2,---,3
l—erp 2 [ 1—eip® l—erp l—eip®
L2 | —%k | L% ( —%% ) ), s rulll I8 T
P\ 14LrE P\ 1LY +LF 4L

be a group of CPLDF information. Then, using the information in Def. (6), we evaluate the information in

Def. (9), such as

CPLDFW PoA (f]l, Hy, - ,ﬁa)
(147 (fg)) N 3&&(14"7(5’&))
_ 1y [ 1=&rp =2 N& (+a(fg)) 1 e [ e TP Re(1+i(Hg,))
1 ( — L ( 1+L¢ >> )1 &1_:[1 1=Lag 14L& ’
5 & (1+7(Hg)) N Rg (14+7(Hg,)) )
11 l—erpg 23 1 R (1+7i(Hy, ) 11 1—eipg Yo Re (1+i(fig,))
&1 14L& " oor \\ 14L&
= ; N& 14+7(fg,)) N 3N&(1+ﬁ(ﬁ&))
_ 1—erpg T Re(1Hi(fg)) o _ 1—€ipg TR o1 Re (1+i(Hg))
- (- () e t)) ’
N N& 1+7(Hg,)) 5 Rg, (1+7(Hg,))
H le'rp& E& 1 N&(1+77 H& H 1_81'1722 22:1 N&(1+ﬁ(ﬁ&))
2\ Lty o1 \\ LHL7%

& Zp & ?
Property 4.6. Let Hy, = 11+]L 11+]L”’w
Ep —E&;
+L;& 14+L;8

be a group of CPLDF 1nformatlon

1. fHy, =H,&=1,2,--

.3, thus CPLDFW PoA (ﬁl, -

((

((

i

2. If Hy < HY, & = 1,2, -+ ,3, thus CPLDFW PoA (ﬁl,ﬁb, .
called the monotonicity.
3. If A = min (ﬁl,ﬁg,... ,ﬁa), and H, = maz (ﬁl,ﬁz,...

CPLDFW PoA (ﬁl, Hy, -

71:—]3

l—erpl 1—eip§
1 ) 1 )
14+Lpg 14L%
. pr 7&:172’...
l—srp& 1787;17&
LY )7\ 1L

) —H , called the idempotency.

ﬁa) < CPLDFW PoA (ﬁ{,ﬁg, N

,.F~I3> < fl+, called the boundedness.

.3, thus H_ <
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l—Eip&
14L&

lg

)
)

(1+a(H1))

175@‘5&
1
14L&

lg

(e (
(s (o

be a group of CPLDF information. Then

(
(

Definition 4.7. Let Hy =
2¢

2g
ip

Tp

2
4L %

CPLDFPoG (Fll, Hy,---

Signified the CPLDFPoG operators with 7 (I:I&) = Z?#&zl
thus

1-cipg

~i7ﬁ

5(

e 1—erpg 1—eipg
R R i
l—sTp&‘ﬁ’é 1— azp&
’ 1+LE )7 1+]L2&
(1-+4(3)) (1+a(A3)) (1+7(Ag))

&), and S (ﬁi,ﬁ&) —1-D <FIZ»,FI&),

S (Hl ﬁ&) e 0,1]
s (# F[&> =5 (ﬁf ﬁi).
3. When S S , then D (H H&> D (Hk Iffl).
[+ ”1”‘) () () ()
p & 747 & & ) & ?
Theorem 4.8. Let Hg, = - - Ly iy & =1,2,--- 3.,
1 Erpg. 1—eipg 1—erpg 1—eipg
Tp 1+]L,%;§‘ ZP 14L& HLE )0\ L

be a group of CPLDF mformatwn Then, using the mformatzon in Def. (6), we evaluate the information in

Def. (10), such as

CPLDF PoG <H , })
5 3(Hﬁ(ﬁ&)) 5 3(Hﬁ(ﬁ&))
le [ 1=erpg | | T (H+i(Hg)) le [ 1=gipg | | Zo=1(1+i(Ag))
&1_:[1 <Lrp +L§ )) 7&1_:[1 Lrp 1+Lo§ ’
5 (1+7(fg)) 5 (1+7(Hg,))
111 (1- 1—erpg, Y2, (1+i(Hg,)) 1- 1 (1- 1=\ | T2oi (1+i(fg))
=1 14L1E Pt 14L&
- 5 (1+7I(H& 5 (1+7(fg))
IT (L2 1—erpg SR (1a(Hg)) II Ieipg | | S2oi(+a(Ag))
N (1+ﬁ(H&)) N 3(1+77(f1&))
_ [ 1=enp} Yoo (i) 4 _ [ lzeing = (1(Hg )
- (- () -0 <1 <1+Lz§>>
(i) (80 () ()
Property 4.9. Let Hg, = AL P\ Ly Lo )7\ Ly ’ &=1,2,---.,>
l—erpg 1—eipg. l—erpg 1—eipg ’ T Y
1412 Zp 14L& 1+L7s )7\ 14LeE
be a group of CPLDF informatio
1. If H, = H,& =1,2,--- ,3, thus CPLDF PoG (ﬁl,ﬁg, e ,ﬂ}) = H, called the idempotency.

2. If Hy < Hy, & =1,2,---
called the monotonicity.

,3, thus CPLDF PoG (Fh,

Hy, -, M5

) < CPLDFPoG (ﬁ{, -

/
7H3

)

SR (14a(fg))

ﬁa) _ ﬁ122:1(1+ﬁ(ﬁ&)) ? ﬁ222:1(1+ﬁ(1"1&)) D& ﬁazzzl(wﬁ(ﬁ&)) _ ®Z&:11€I&
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8.0 H- = min (A, Hy,eo  H5), and By = maz (Hy, oo Hh) & = 1,203, thus A <
CPLDFPoG (ﬁl, Hy, - ,.ﬁ[a) < lEI+, called the boundedness.
(o (5) 0 620 () ()
~ rp & > TTp & ’ & ’ & ’
Definition 4.10. Let fg, = Frry i b LN =12, 3,
L2 l—erp ]Lg& 1—eip§ 1—erpg 1—eipg
o\ Ly )\l ) )\ )0 ke
be a group of CPLDF information. Then
(i) L Ra(tiliz)) 3“3(1+’7(f’3)_)
CPLDFW PoC: (ﬁl, Hy, - ,ﬁa) _ ﬁlz&zln&(un(H&)) 2 E[2Z&=1N&(1+W(H&)) Q@ ﬁaz&zll‘t&(Hn(H&))
R (147 (Ag )
_ ®§5:1H—&Z‘2:1 Rg (1+7(Hg))
Signified the CPLDFWPoG operators with 7 (FI&> = Z;&:l S (f[i, fl&>, and S (f[i, fl&) =1-D (IEI“ ﬁ&>,
thus
5 (i) €0
- 5 (M fie) = (H&’ )

6. WhenS( ) >S(Hk,Hl> thenD(.ﬁIi,fI&> SD(ﬁlmﬁl>

Where 22521 N¢, = 1, called weight vector.
(e () s () ) () - ()
~ TP & ’Tp & ’ & ’ & ’

Theorem 4.11. Let Hg, = Ly iy Ly iy & =1,2,--- 3.,

2 1—erp§ 2¢ [ 1—€ipg 1—erp§
((LT;; <1 LQ;L) A () ) ()
+Llrp +lp 1+Lrp

1—5-;:,,&

5))

1417

be a group of CPLDF information. Then, using the information in Def. (6), we evaluate the information in

Def. (11), such as

CPLDFW PoG

N&(1+7] H&)

Rg (1+7(Hg))

1*67;1,25&

Ll :
1+L,§

TP

d
Y2 Re (1+7(Ag)) I
T =1

(v

1+7y

>> S N (1Ha(Ag))

Ng (1+7(Hg ) ’

) T2 e (1+i(fg,)

Ng (147 (Hg))

g, (147 (Ag))
) Z& 1 Ng (1471 (Hg,))

- 11

10

2
1+L.%

3H <1 &>> S 1+n<H&>> L <1 <1—eipzz>

g, s+ T - 1g,
&=1 14+Lrp &1 14L&
- Re (14+71(Ag))

13—[ L2 (1 z—:Tp&)) So_y Re (1+a(Ag)) 13_[ < 2 (1—5“,&

&=1 b L Tgr \ P\ 1L

w >> Ty e (14i(fg))
2 bl

1—c€ipg

@ )) T2, (1+a(fg))

(1+(Hg))
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() (128)). (). )
- TP & b P & b & ) & b
Property 4.12. Let Hg, = Ly i Ly P & =1,2,---

L2& l—erpg ]LQ& 1—eipg. l—erpg 1—eipg
P\ g ) s ) )\ ey )\

be a group of CPLDF information.

1. If H, = H,&=1,2,---,3, thus CPLDFW PoG (ﬁl,flg, ‘e ,f[3> = H, called the idempotency.

2. If Hy < HY,& = 1,2, ,3, thus CPLDFW PoG (ﬁl,ﬁg, . ,I:I3> < CPLDFW PoG (ﬁ;,ﬁg, . ,ng),

called the monotonicity.

3.1t H = min(ffl,flg,--- ,f]a), and ﬁhr = max(ffl,flg,--- ,f[3>,& = 1,2,---,d, thus H_ <

CPLDFW PoG (f{l, Hy,--- ,I~{3) < ﬁ+, called the boundedness.

5 CPLDF MABAC Techniques

In this section, we analyze the MABAC technique for designed operators, called CPLDFPoA operator and
CPLDFPoG operator to deliberate the consistency of the suggested theory. The graphical interpretation of

the proposed application is given in the form of Figure 2.

For this, we have a group of alternatives Hy, Ho, ..., Hy with Ay, Ao, ..., Ay, called attributes for each alterna-
tive with the same order of weighted information, such as Rg, € [0, 1] with Z?z:l Ng, = 1, thus, we design a

matrix by putting their information in the form of CPLDFSs, such as

H = { (7, (F5(0), Fip() , (45,(1), d55(7)) , (G (1), € (1)) 5 (T3 (1), T (7)) = T € X}

In addition, we define the truth and parameter function according to their real and imaginary parts, such as

Frp (1) = Ly, (45, (7)), (F3p (1) = L, (45, (D))

and

i (1) =12, (T, (1), (¢ (v) = L, (T%, (1))
Then

L2, (%, (1)) * LY, (2, (1)) +T%, (1) * 42, (1) < 1

1
172
= Ty, (1) 3y, (1) (1+ Ly L) < 1= T3 (1) + 3, (1) < T+LLLE,
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form of the proposed technique..png form of the proposed technique.bb

Compute the decision Normalize the
matrix matrix if need

‘ ‘ e Scaler power
Find the weighted Scaler multiplication for CPLDF

decision matrix for CPLDF values

values

Find the distance

Find the aggregated CPLDFPoA CPLDFPoG values among the
matrix operator operator weighted and

aggregated matix

Figure 2: Graphical form of the proposed technique.

Thus, we have the following final shape, such as

~ PO\ 14+L-g P\ 14LE 14L& 14L&
H&: +Lp +7,pw +Lp +zpw ’&:1,27...,3
LQ& ]-_Erzpwg: L2& 1—51'53: 1-&;:22 1_51'5&
P L )P\ 4L ’ 4L )7\ 14L;%
After constructing the decision matrix, we goal to design the procedure of the decision-making model for

evaluating numerous genuine life problems. Therefore, we will follow the following technique for evaluating
any type of problem, such as

Step 1: Construction of matrix: We focus on designing a matrix, where the value of the matrix must be the
form of CPLDFNs, such as

15111 P:I12 e Hipy
- Hyy Hyp -+ Hoa
DM = || =1
nx>d
f{nl I;[n2 f{n3

After the construction of the complex propositional linear Diophantine fuzzy matrix, we goal to normalize
the data.
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Step 2: Unvarying the matrix: We goal to normalize the data, if Cost types of data occurrences, such as

((Ll& (1—@{,;& Lle ((1=eut 1—ny =it
P 1Ly )P 4Lk ) ) T\ 4Ly )\ 4L ,
v " i benefit
2 1—£T§& 2 1—615& , l—arg& : 1- slg&
j7 PO\ 14L& P\ 4L 4L 14+L;%
1—erpg 1—eipg Ll 1—erpg 1— azp&
L )7\ 1+ PP\ 4L Zp L cost
l—erpz 175@‘;& LQ& 1—5rp§i 1— Elp&
2y, | o 2, ) rp \ 77 2& 7,p 2¢&
i 14L& 1418 1+L7& 1418

In another case, we goal to go to the next step.
Step 3: Weighted matrix construction: We goal to develop the weighted matrix, such as

1 1 1
PO\ 14L& PO\ 14L& 14L&

neHg
1 (1 pte (1=emt o 1 (1o (et o e )\ 7 ey ) )
14L& P\ 1L ’ 141, A\ 4LE ’
B 1— 1—L2& 1—erpg e 1 1—L2& l—€ipg e 1—erpg e l—€ipg e
TP\ 14L& P\ 14L7% ’ 14LE ’ 14LY
-\ T7e
(f1e)
(5 ()" o5 ()" o ) e

| (-0
(0 ()™ (0 (0)") (- (-

After evaluating the weighted decision matrix, we goal to address the aggregated matrix.

=5)7))
=)))

1—erp,

)"

2
14L&

1—67;1,22
2
1+L ¥

1—cerpg,
2
O

2g
p

2g
rp

2
Y

Step 4: Aggregation matrix construction: We goal to construct the aggregated values matrix by using the
CPLDFPoA operator and CPLDFPoG operator, such as

7}}3)

CPLDFPoA (ﬁl, Hy, -

(1+n( &) N 3(1+’7(H&))
_ 1—erpg Z 1+’7(H& _ _ 1—cipg YR (Hi(Hg))
SACE (w)) g (e () |
1+71(H& (1+7(Hg)) )
13—[ l—Erpzi E 1+77 H& 13—[ 1— €zp& 22:1(1+ﬁ(ﬁ&))
&o1 1+L,¢& &1 14L&
- N _ (4a(fg)) 5 3(1+77(1’:1’&))
_ T 2 [ 1Erpg =2 1*”(H& _ 12 [ 1mEpg ) ) oo, (1Hi(Ag)
o (- (mﬁ) - (- () ’
5 (1+n( &) 5 (147 (fg))
1—57‘7)& Z 1+’7(H& H 1757;pz 22:1(1+ﬁ(f{&))
o1 \\ 1HLeE "o \\ 4L
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and

CPLDFPoG

(1+7(Hg))

)
W> =3

3
1g [ 1=erpg 1(1+i(Hg)) Ll
&1_:[1 <Lrp <1+1L11"§5 > &H1< P <
5 3(1+77(H&)) 5
1—epp% TRmq (1Hi(H,))
1 — 1 _ P& &=1 1 _ 1
&1—:[1 < (H]L?lv&f >> ’ &1;[1 (
- 5 ( +ii(Hg)) 5
20 [1=erp% | | Z2=1 (Hi(Ag)) L2
&1;[1 (Lrp <1+LZ§& >> ’&1_:[1 "’
5 3(1+ﬁ( Hg)) 5
1—erp¥ S (1+i(Hg,))
1— 1— [ i=gi ) ) Ze= 1— 1-—
&1_:[1 ( <1+L3§5 >> ’ &1_:[1 <

weighted value and aggregated values.

E)

l—EipEi

14L&
1—8@2‘2
1+L,&

)

1751';,&
1+L%

lfsipz
2
O

(

(1+a(fg))

)) T3, (1+(fig))

(1+(Hg))

) T2, (1+a(fig,))

(1+7(Hg))

@ >> T2 (+a(fig))
2 bl

(1+7(Hg))

)) T3, (1))

To assess the values of the aggregated matrix, we will find the distance values among the information of

Step 5: Distance matrix construction: We goal to design the values by distance function, such as

D (f{&,f{k) fo{& > I{Ik

Hgp = 0

if Hy,

_D (FI&,fIk> ifHe < Hy

where

r7 7 1 Erps 1—¢,.% 1—¢e. ¥ 1—g. @
D(H&vﬂk): (Ll& S ) e (ST Ek ) e (DT 5 ) gL (27 Fipk

+ 1—67‘;)?5 1—57'1)2] + I_EZPZ; 1—574)(‘]:

14 Li§ 1+ Lo 1+LE T
gy (o) - (Aol ) o () - (o
1+Lr}% 1+LTI’§ 1+Lz’1§& 1+Lz’1’;

+ <1_€W’f§:> (1_57“197@)) + (1_5@?&2) (1—&‘1)7:)‘)
112 |\ 1L Torze ) T\ Tz
L+ Loy 1+ L% 1+ L 1+ L7

Step 6: Appraisal matrix: We goal to address the appraisal information, such as
12
=3 2D (fie. 1)
k=1

Step 8: Ranking matrix: Calculate the ranking data according to the appraisal function for addressing the
best one amid the group of a finite number of values.

6 CPLDF MABAC Deep Learning for Diagnosis of Alzheimers Disease

In this section, we goal to address the problem of the CPLDF MABAC deep learning model for diagnosis of
Alzheimers disease for initiated techniques. Alzheimers disease is an unpredictable and progressive neurode-
generative disorder that initially affects memory thinking and behavior. The analysis of Alzheimers disease
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has been done by different scholars according to the information of crisp data, but to analyze the best one
among the collection of data, we needed a soft and valuable technique that can help us in the evaluation of
the procedure of decision-making models. Some key features of Alzheimers disease are memory loss, cognitive
decline, behavioral changes, disorientation, and physical symptoms. In this article, we design the procedure
of a multi-attributive border approximation area comparison deep learning algorithm for the diagnosis of
Alzheimers Disease. Application point of view, we target data collection for diagnosing Alzheimers disease
involves collecting a brief set of data from different sources, thus with the help of the above model, we aim
to select the major means the best and worst ones among the collecting five, such as

1. Cognitive Assessments.

2. Neuroimaging Results.

3. Genetic Information.

4. Biomarkers.

5. Clinical History and Physical Examination.

Once selected, this information can be integrated into machine learning or deep learning models to analyze
patterns and support diagnostic decision-making. Further, we have some attributes for the above alternatives,
such as

1. Memory Loss.

2. Cognitive Decline.
3. Behavioral Changes.
4. Disorientation.

5. Physical symptom.

Therefore, to evaluate the above problems, we have a group of alternatives Hy, Ho, - - - , Hy with A1, Ag, -+ , A,,
called attributes for each alternative with the same order of weighted information, such as Ng, =€ [0, 1] with
22:1 Ng, = 1, thus, we design a matrix by putting their information in the form of CPLDFSs, such as

H = {(v, (75,0, Fp (1) » (45,(0), 45,(7)) - (G(0), G (1) » (T3, (1), T, (1)) = 7 € X

In addition, we define the truth and parameter function according to their real and imaginary parts, such as
Frp(1) = Ly, (d5,(7)) » (Fip (1) = L, (d5,(7)))
and
Cion(T) = L7, (T (1)), (o (0) = L, (T5,(0))
Then
L2, (I%,(1)) * LL, (2,(1)) +T%,(1) * 5, (1) < 1

1
= T3 (1) + &5y (1) (14 Ly L7,) < 1= Ty (1) + d5(1) < oo
T+LLLE
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Similarly, we have imaginary parts, such as

1

thus

e (1) =1 — (G (1) # F (1) + 415, (1) # (1)) = 1 — (L2, (T,(7)) * Ly, (45, (1)) + T, (1) * o1, (7))
=1— (I%, (1)« de,(1) (1 + Ly, L2))

Tprp
then
L (1) = T%,(1) * d5,(1) (1 + L1, L2)
and
1—e¥(T)
% (1) * d% (1) = ——20r
PO Il = L)
Similarly, we have
1-— E;‘;(T)

% (1) % d% (1) = P/
v v (1 + LgpLgp)

But if we use the condition of IF'Ss, thus we have
LL, (d4%,(1)) + d2,(7) < 1

1
=4y (1) (1+ L)) <1=d¢ (1) < L)

Similarly, we have imaginary parts, such as

1
(1 + ]L}p>

Thus, we have the condition of refusal function in IFSs, such as

er (1) =1 — (Fo (1) + d5,(1)) = 1 = (Ly, (d5,(1)) + i, (1)) =1 — (de,(1) (1 +L},))

di (1) <

then

1 —¢g(T) = d3,(7) (1+ ]L%p)

and

" _1—5;"(”() " _1—5;"(”()
a7, (1) = (1+7£71«p)7 (Crp(’f) = (1+£%p)>

Similarly, we have

1—e¥ (1) 1—¢e¥(7)

W p

ip(T) = my Cip('f) = m

p
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If &5, (1) = €5,(T) = 0, thus dy, (1) = (1+i}p) and Jd,(1) = (1—&-}1.1%)' Then

1 1
PGSy u Sy Iy (520 R (.
8 8 ((1 + L%p)> g Y (1 + L}p)

and

1 1
w0 gy ) (S0 =14 (1)
D z'p)

Then

1 1 1 1 1 1
© ((Lw (i) L (1%)) ! (ww)) ’
teX
2 1 2 1 1 1
((Lrp <1+L2p) >]I‘ip <1+L§p>> ’ <1+L2p7 1+]Lgp>>

Thus, we have the following final shape, such as

((Ll& <1—5T{,5§ Lle (1=t 1—erp 1—cig
= PO\ 14LE )T\ 4Lk ’ HLE )7\ 14L& ’
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Therefore, we will follow the following technique for evaluating any type of problem, such as
Step 1: Construction of matrix: We focus on designing a matrix, where the value of the matrix must be the
form of CPLDFNs, see Table 1.

H=

Table 1: CPLDF information decision matrix.

Aq Ay As Ay Aj
Hi ((4,3),(4.2) ((5,1).(5,3) ((6.2),(6,3)) ((7,4),(7,4) ((1,3),(8,5))
Hy ((1,3),(2,6)) ((2,2).(3,5) ((3.4),(4,4) ((4,4).(53) ((1,1),(8,5))
Hs ((3,3),(1,5) ((4,2),(4,4) ((5.3),(3,3)) ((7,4),(5,2) ((1,3),(6,1))
Hy ((6,4).(1,2) ((5,1),(2,1) ((4,2),(3,2)) ((3,3),(1,2) ((1,3),(21))
Hs ((1,5),(2.5) ((2,4).(3,4) ((3.3),(43) ((1,2),(1,2)) ((1,3),(2,1))

Step 2: Unvarying the matrix: We goal to normalize the data, if Cost types of data occurrences, such as

( <L1& (1_&5;& > Ly <1_Eifz ) > < (1_&@ (1-&5;& > > >
rp & L) & ’ & ? & ’
( L )P\ L L)\ ) > bene fit

2 l—erpg 2¢ [ 1—€ipg l—erpg 1—eipg

) 9

i P\ L )P\ gLl 1412 14L2&
l—erpg l—cipg, Lle L—erpg Ll& L—¢cipg
1 Ll& ) 1 ]Ll& ) rp 1 ]Ll& ) ip 1 ]Ll& 9
+Lyp + ip +Lp + ip cost
l—erpg 1—¢ipg L2& 1—erpg L2& 1—cipg
2& 9 2& 9 D 2& 9 7 2&
i 1+L-% 1+L;0 1+L% p 1+L,)
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In another case, we goal to go to the next step. So here we have benefit types of data in Table 1, so we will
go to the next step.

Step 3: Weighted matrix construction: We goal to develop the weighted matrix, where 7jg = 2, see Table 2

Table 2: CPLDF weighted information matrix.

A1 A2 A3 A4 A5

(0.96,0.9375), (0.9722,0.75), (0.9796,0.8889), (0.9844,0.96), (0.75,0.9375),
F (0.36,0.4375), (0.3056,0.75), (0.2653,0.5556), (0.2344,0.36), (0.75,0.4375),
(0.64,0.4444), (0.6944,0.5625), (0.7347,0.5625), (0.7656,0.64), (0.7901,0.6944),

(0.04.0.111) (0.0278,0.0625) (0.0204,0.0625) (0.0156,0.04 (0.0123,0.0278)

(0.75,0.9375), (0.8889,0.8889), (0.9375,0.96), (0.96,0.96), (0.75,0.75),
J7; (0.75,0.4375), (0.5556,0.5556), (0.4375,0.36), (0.36,0.36), (0.75,0.75),
2 (0.4444,0.7347), (0.5625,0.6944), (0.64,0.64), (0.6944,0.5625), (0.7901,0.6944),

(0.1111,0.0204) (0.0625,0.0278) (0.04,0.04) (0. 0278 0.0625) (0. 0123 0.0278)

(0.9375,0.9375), (0.96,0.8889) (0.9722,0.9375), (0.9844,0.96), (0.75,0.9375),
7 (0.4375,0.4375), (0 3056,0.4375), (0.2344,0. 36 0 75,0. 4375
(0.5625,0.5625), (0.6944,0. 4444 0 7347,0.25),

(0.36,0.5556),
(0.25,0.6944),
(0.25,0.0278) (0.0625,0.0625) (0.0278.0. 1111) (0.0204,0. 25)

( 0.64,0.64) )
(0.9796,0.96), (0.9722,0.75), (0.96,0.8889), (0.9375,0.9375), (0.75,0.9375),
i, <(0 2653,0.36), ) ((0 3056,0.75), o 36,0.5556), (0.4375,0. 4375) (0.75,0. 4375
) (

NN

(0.04,0. 04)
(0.25,0.4444), 0.4444,0.25), (0 5625,0.4444), (0.25,0.4444), 0.4444,0. 25
(0.25,0.1111) (0.111,0.25) (0.0625,0.1111) (0. 2501111 (0. 1111025)

(0.75,0.9722), (0.8889,0.96), (0.9375,0.9375), (0.75,0.8889), (0.75,0.9375)
i ( (0.75,0.3056), > (0.5556,0. 36),) ((0.4375,0.4375),) ((0 75,0. 5556),) < (0.75,0.4375) )
5 (0.4444,0.6944) ) (0.64,0.5625), ( )
(0.111,0.0278) (0.04,0.0625)

(0.5625,0.64),
(0.0625,0.04

0.25,0.4444),
(0.25,0.1111)

0.4444,0.25),
0.1111,0.25)

Step 4: Aggregation matrix construction: We goal to construct the aggregated values matrix by using the
CPLDFPoA operator and CPLDFPoG operator, see Table 3.

Table 3: CPLDF aggregated information matrix.

CPLDFPoA CPLDFPoG Weighted vector obtained with the help of power operators

(0.9618,0.9154), (0.9261,0.8913),
; (0.4214,0.5317), (0.3458,0.4916),
H, <(0 7226 0. 5735)7> <(0 7296.0.5883). ) 0.2011,0.199,0.2044,0.2024,0.1931
(0.0214,0.0548) (0.0233,0.0615)
(0.8891,0.9231), (0.8534,0.8965),
) (0.6002,0.5177), (0.5462,0.4716),
Ho <(0 6139.0. 6623)’> ( 0.6442,0.67), > 0.1991,0.2036,0.2932,0.1995,0.1946
(0.0397,0.0331) (o 0515,0. 0358)
(0.9525,0.9358), (0.9186,0.9618),
, (0.4499,0.4497), (0.3813,0.4416)
Hjy <(0 5400.0.4916). ) ( (0.605.0.5442), > 0.1962,0.204,0.2065,0.2026,0.1907
(0.0513,0.0712) 0.084,0.1005)
(0.9491,0.9156), (0 9164,0.8918),
. (0.4579,0.531), (0.3936,0.491),
Hy <(0 3602,0.3546) ) ( 0.4022,0.375) > 0.2014,0.1973,0.2024,0.2037,0.1953
(0.1374,0. 1528) (o 1612,0. 1685)
(0.8389,0.9457) (0.8114,0.9391),
5 (0.67,0.4247), (0.6341,0.4099),
Hs <(0 1475, 04893 ) ( 0.4848.0.5436) > 0.2027,0.2022,0.1988,0.1968,0.1996
0.0947,0. 0716 0.1176,0. 1018)

Step 5: Distance matrix construction: We goal to design the values by distance function, see Table 4.
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Table 4: CPLDF distance values.

CPLDFPoA CPLDFPoG

H;  0.0583,0.0704,0.032,0.0695,0.1102 0.056,0.0691,0.0294,0.0609,0.115

H, 0.0887,0.0286,0.0577,0.0909,0.1169  0.0902,0.0327,0.0522,0.0845,0.1187
Hs 0.0972,0.0675,0.0363,0.0782,0.1452  0.1036,0.0569,0.0324,0.0723,0.148
Hy  0.1002,0.1079,0.07,0.0638,0.1137  0.0948,0.1054,0.0663,0.0665,0.1151
Hs 0.0729,0.0716,0.0852,0.0992,0.0784  0.0733,0.0647,0.0804,0.1061,0.0869

Step 6: Appraisal matrix: We goal to address the appraisal information, see Table 5.

Table 5: CPLDF ranking values.

CPLDFPoA CPLDFPoG

H, 0.0681 0.0654
H, 0.0765 0.0757
Hsy 0.0849 0.0826
H, 0.0911 0.0896
Hs 0.0815 0.0823

Step 8: Ranking matrix: Calculate the ranking data according to the appraisal function for addressing the
best one amid the group of a finite number of values, see Table 6.

Table 6: CPLDF ranking values.

Methods Ranking values Best idea
CPLDFPoA operator fI4 > f{g, > ﬁg > ﬁz > ﬁl fI4
CPLDFPoG operator ﬁ4 > fIg, > lEI3 > fIQ > ﬁl lEI4

According to the data in Table 6, the most preferable decision is Hy, called the Biomarkers for the MABAC
model based on both operators. The simple representation of the data in Table 5 is available in the form of
Figure 3.
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form of data in Table 5..png form of data in Table 5.bb

Figure 3: Graphical form of data in Table 5.

In addition, we will consider the data in Table 1 and, will evaluate it with the help of operators without the

MABAC technique. Thus, the aggregated values matrix by using the CPLDFPoA operator and CPLDFPoG
operator, see Table 7

Table 7: CPLDF aggregated matrix.

CPLDFPoA CPLDFPoG

0.8046,0.7091),
0.2393,0.3157),
0.8501,0.7573),
0.1462,0.2341)

(0.6669,0.7227),
(0.3677,0.3055),

0.7607,0.6843),
0.1954,0.2909),
0.8538,0.7659),
0.1499,0.2427)

(0.6323,0.6945),
(0.3331,0.2773),
0.7835,0.8138) 0.8007,0.8181)
0.1993,0.1819) 0.2165,0.1862)

2 ==
e
X0
o)
]

0.7355,0.7011) 0.7734,0.7331)
0.2266,0.2669) 0.2645,0.2989

(0.7744,0.7095), (0.7363,0.6849),
(0.2637,0.3151), (0.2256,0.2905),
0.6077,0.5955), (0.6294,0.6091),
0.3706,0.3909) 0.3923,0.4045)

(0.5986,0.7671), 0.5744,0.7585),
(0.4256,0.2415), 0.4014,0.2329),
0.669,0.6995), 0.6923,0.7325),
0. 3077 0.2675) 0.331,0.3005)

Score value matrix: We goal to address the Score information, see Table 8.
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Table 8: CPLDF ranking values.

CPLDFPoA CPLDFPoG

H, 0.5464 0.5464
H, 0.4832 0.4832
Hsy 0.4888 0.4888
H, 0.3367 0.3367
Hs 0.373 0.373

Ranking matrix: Calculate the ranking data according to the Score function for addressing the best one amid
the group of a finite number of values, see Table 9.

Table 9: CPLDF ranking values.

Methods Ranking values Best idea
CPLDFPoA operator Hs > Hy > Hy > Hs > H, H;
CPLDFPoG operator ﬁg > ﬁz > I:Il > IEI5 > ﬁ4 E[g

According to the data in Table 9, the most preferable decision is Hs, called the Genetic Information for both

operators. The sensitivity of the proposed information for different values of parameters 7o is described in
Table 10.

Table 10: Representation of the sensitive analysis.

ne Ranking values Best idea
2 Hs;>H,>H, >Hs;> H, H;
4 Hy>Hy,>H,>Hs;> H, H;
6 Hs;>H,>H,>H;> H, H;
8 Hs;>Hy,>H, > H; > H, Hy
10 Hs > Hy > Hy > Hs > Hy Hy
12 Hs> Hy > Hy > Hs > Hy H;

According to the data in Table 10, the most preferable decision is Hs, called the Genetic Information for both
operators for different values of parameters, anyhow, the proposed model is stable for all possible values of
parameters, and the best value is Hs for all values of the parameter. The simple representation of the data
in Table 8 is available in the form of Figure 4.
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form of data in Table 8..png form of data in Table 8.bb

Figure 4: Graphical form of data in Table 8.

Additionally, we will compare the proposed ranking data with the ranking information of various existing
techniques to discuss the efficiency of the invented theory.

7 Comparative Analysis

In this section, we scrutinize and deliberate the supremacy and validity of the designed technique and models
by comparing their ranking values with the ranking values of various models. For this, we goal to collect
various necessary techniques based on fuzzy models and their extensions, then we will evaluate the data
in Table 1 with the help of considered information, such as Pamucar and Cirovic [21] invented the (multi-
attributive border approximation area comparison) MABAC technique for classical set theory. Further,
Yager [22] evaluated the power averaging (PoA) technique. In 2009, Xu and Yager [23] introduced the power
geometric (PoG) technique for classical set theory. Jiang et al. [24] derived the power operators for IFSs.
Wei and Lu [25] examined the power operators for PFSs. Garg et al. [20] initiated the power operators for
Cqg-ROFSs. Liu et al. [27] derived the power Dombi operators for CPFSs. Rani and Garg [28] evaluated
the power operators for CIFSs. Ali [29] presented the power interaction operator for CIFSs. Ali et al. [30]
described the power operators for complex intuitionistic fuzzy soft sets. Thus, the final ranking values are
illustrated in Table 11.
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Table 11: CPLDF comparative model.

Methods Score values Ranking values
Pamucar and Cirovic [21] 0.0,0.0,0.0,0.0,0.0 No

Yager [22] 0.0,0.0,0.0,0.0,0.0 No

Xu and Yager [23] 0.0,0.0,0.0,0.0,0.0 No

Jiang et al. [21] 0.0,0.0,0.0,0.0,0.0 No

Wei and Lu [25] 0.0,0.0,0.0,0.0,0.0 No

Garg et al. [20] 0.0,0.0,0.0,0.0,0.0 No

Liu et al. [27] 0.0,0.0,0.0,0.0,0.0 No

Rani and Garg [28] 0.0,0.0,0.0,0.0,0.0 No

Ali [29] 0.0,0.0,0.0,0.0,0.0 No

Ali et al. [30] 0.0,0.0,0.0,0.0,0.0 No
CPLDFPoA-MABAC 0.0681,0.0765,0.0849,0.0911,0.0815 Hy > Hs > Hy > Hy > H,
CPLDFPoG-MABAC 0.0654,0.0757,0.0826,0.0896,0.0823 Hy > Hs > Hs > Hy > H,
CPLDFPoA 0.5464,0.4832,0.4888,0.3367,0.373  Hs > Hy > H, > Hs > H,
CPLDFPoG 0.5464,0.4832,0.4888,0.3367,0.373  Hs > Hy > H, > Hs > H,

According to the data in Table 6, the most preferable decision is H,, called the Biomarkers for the MABAC
model based on both operators. But, according to the data in Table 11, the most preferable decision is

Hs, called the Genetic Information for both operators. In addition, the limitation of the existing models is
described in Table 12.

Table 12: CPLDF theoretical comparison.

Methods Truth value Falsity value Crisp function Parameters for both function Aggregation operators Techniques/methods Strong condition/not failed Periodic function
Pamucar and Cirovic [21] no no yes no Yes yes no no
Yager [22] no no yes no Yes no no no
Xu and Yager [23] yes yes yes no Yes no no no
Jiang et al. [21] yes yes yes no Yes no no no
Wei and Lu [27] yes yes yes no yes no no no
Garg et al. [20] yes yes yes no yes no no yes
Liu et al. [27] yes yes yes no yes no no yes
Rani and Garg [25] yes yes yes no yes no Yes yes
Ali [29] yes yes yes no yes no no yes
Ali et al. [30] yes yes yes no yes no no yes
Proposed models yes yes yes Yes yes yes Yes yes

Finally, from the information in Table 12, we analyze that the existing techniques and models contain various
limitations because of their features. Every point of view, we have discussed in Table 12, and from the data
in Table 12, and Table 11, we concluded that the existing models are the special cases of the proposed theory.
Hence, the designed techniques are more powerful and more reliable compared to existing models.

8 Conclusion

The complex propositional linear Diophantine fuzzy technique is a very powerful model for handling vague
and uncertain data. The technique of complex propositional linear Diophantine fuzzy sets is the combination
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of numerous valuable ideas, where the key and major contributions of the designed techniques are followed,
such as designing the procedure of a MABAC deep learning algorithm for the diagnosis of Alzheimers Disease.
Further, we design the model of CPLDF information with their basic operational laws. In addition, we analyze
the model of the CPLDFPoA operator, CPLDFWPoA operator, CPLDFPoG operator, and CPLDFWPoG
operator, and also initiate their major properties. Moreover, we arrange relevant from different sources for
diagnosing Alzheimers disease under the consideration of the designed technique. Lastly, we compare both
(proposed and existing) ranking information to address the supremacy and strength of the designed models.
In the future, we will begin the model of complex propositional (p, q) Diophantine fuzzy sets with some
new extensions. In addition, we will evaluate the model of operator, measures, and methods for designed
models and discuss their application in decision-making, artificial intelligence, and data mining to improve
the worth of fuzzy set theory.
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