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RESEARCH ARTICLE

A Multi-Valued Rough Neutrosophic Approach
for Multi-Criteria Decision-Making: Application
in Hospital Selection

K. Gomathi®, G. Deepa® *

School of Advanced Sciences, Vellore Institute of Technology, Vellore, Tamil Nadu, India

ABSTRACT

Decision-making problems are often characterized by complexity and uncertainty, presenting significant challenges
for individuals or organizations. Traditional aggregation methods often struggle with the imprecise, inconsistent, and
unclear data found in these situations. To address these issues, this study proposes a new multi-criteria decision-making
method based on Multi-Valued Rough Neutrosophic Numbers. We first introduce the fundamental operational laws
for multi-valued rough neutrosophic numbers, based on t-norm and t-conorm. Subsequently, we establish four new
multi-valued rough neutrosophic number-based aggregation operators: the Multi-Valued Rough Neutrosophic Arith-
metic Mean Operator, the Weighted Multi-Valued Rough Neutrosophic Arithmetic Mean Operator, the Multi-Valued
Rough Neutrosophic Geometric Mean Operator, and the Weighted Multi-Valued Rough Neutrosophic Geometric Mean
Operator. We also prove that these proposed aggregation operators satisfy desirable properties, including monotonicity,
idempotency, and boundedness. To determine the optimal weights of criteria, we utilize the Shapley fuzzy measure,
capturing the significance and contribution of each criterion. Following this, specific score and accuracy functions are
developed to facilitate the ranking of alternatives. Finally, a numerical illustration derived from a real-world hospital
selection context is presented to demonstrate the effectiveness and practical utility of the proposed approach.

Keywords: Aggregation operators, Hospital selection, Multi-criteria decision-making, Multi-valued rough neutrosophic
numbers, Rough neutrosophic set, Shapley fuzzy measure

Introduction

Decision-making problems, particularly in healthcare, are highly complex and involve significant ambiguity
and uncertainty.? Existing decision-making techniques struggle to handle imprecise information, which
necessitates the development of more advanced methods. Zadeh® introduced Fuzzy Sets to represent un-
certainty through membership values. Later, Atanassov® extended this concept by proposing Intuitionistic
Fuzzy Sets with both membership and non-membership degrees. Smarandache® introduced Neutrosophic
Sets, characterized by truth, indeterminacy, and falsity components, which further led to the development
of Single-Valued and Interval-Valued Neutrosophic Sets applicable in real-world situations. Peng and Wang®
introduced Multi-Valued Neutrosophic Sets (MVNS) with multiple values for each component.

Simultaneously, Pawlak” introduced Rough Sets to handle incomplete information by using lower and upper
approximations to define sets. Later, Dubois and Prade® combined fuzzy and rough set methods. Broumi
et al.” then expanded rough sets to include neutrosophy, which led to the creation of neutrosophic rough
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sets.'? These developments show the ongoing effort to improve how uncertainty is modeled. To enhance
decision-making under these complex environments, various aggregation operators have been developed. Yao'!
introduced relational interpretations for rough sets. Key operators like t-norms and t-conorms were developed
for fuzzy sets and extended by Atanassov to intuitionistic fuzzy sets, and by Smarandache'? for neutrosophic
sets. Rough neutrosophic aggregation operators were proposed by Mondal.'® Additionally, the Single-Valued
Neutrosophic Dombi Weighted Aggregation Operators (SVNDWAO) have been introduced for multiple attribute
decision-making, offering flexible aggregation structures.'* Other researchers also contributed by proposing
new models, such as those combining ideas for Multi-Valued Rough Neutrosophic Sets (MVRNS).!>'® Awang
et al.!” proposed a normalized Bonferroni mean operator using Shapley fuzzy measures. The Shapley value,
introduced by Shapley, '® helps distribute gains fairly and was adapted to fuzzy environments for evaluating
criteria importance.

Further advancements include geometric aggregation for single-valued neutrosophic hesitant fuzzy ele-
ments, ' hesitant complex neutrosophic sets (HCNS) and their distance measures,?’ and neutrosophic hesitant
fuzzy multi-objective programming models.?! Matrix games with pay-offs have been applied in various neu-
trosophic settings, including single-valued, ?* trapezoidal,?*> and interval neutrosophic matrices.?* New models
like correlation coefficients?® and hypersoft sets?® have improved handling of complex decision problems.
Aggregation operators for material selection were developed by Farid and Riaz.?” Fuzzy normed spaces help
model uncertain data.?® Multi-valued neutrosophic sets with power operators improve decision-making. >°

Neutrosophic rough sets continue to evolve for better decisions. Topological rough sets manage vague data,
and cost-based models increase accuracy.> Neutrosophic matrices assist in site selection,>' and fuzzy rough
sets support smart city plans.*? Group decisions are improved using confidence and two-universe models, 3>3*
and rough sets help in manufacturing choices.*>3® Jun Ye used algebraic and Einstein operators for complex
decisions.®” Kamran introduced Z-rough sine operators for industry evaluation.>® Elsayed studied MCDM for
economic assessment. >° Xu and Zhao proposed a distance measure and used TOPSIS-TODIM for better results. *°
Ali and Bibi worked on waste reduction using neutrosophic rough sets.*! Alias et al. applied entropy-based
multisets, ** and Halim et al. developed Shapley-Einstein operators for uncertain problems. **> Yumashev et al. **
proposed a rough neutrosophic and deep learning-based approach to improve kidney disease diagnosis. In
a similar way, Pratheesha et al.*> employed a TOPSIS technique based on quadripartitioned neutrosophic
aggregation to make decisions with unclear data.

Despite these significant advancements, processing multi-valued, rough, and neutrosophic data within a
coherent framework for complex decision-making processes remains a significant issue for current techniques.
For instance, even when researching advanced neutrosophic clustering using distance measures“® and sus-
tainable management models,*” or prioritizing options using type-2 neutrosophic numbers,*® some studies
might not accurately capture the multi-valued and rough components of expert judgments. While approaches
using Muirhead Mean operators under complex single-valued neutrosophic values*’ or interdependency of
complex fuzzy neighborhood operators®® offer insights, a full framework combining all three dimensions is
still being investigated. This gap is crucial because real-world expert assessments often require a more robust
mathematical model due to their inherent roughness and incorporation of many uncertain opinions.

Furthermore, recent research on fuzzy linguistic Muirhead mean operators, which are used in neural net-
works,! and soft covering-based sets,>? highlights the ongoing need for new aggregation methods in various
areas. Research opportunities are also presented by the possibility of combining ideas such as Fuzzy Superior
Mandelbrot Sets with Neutrosophic Sets, however this integration presents its own set of theoretical and practi-
cal difficulties. The range of issues needing complex MCDM tools is further illustrated by advanced aggregation
operators such as those for renewable energy analysis,> disturbance observer-based control,* trust-driven
consensus models,* and food waste treatment assessments."® Senapati®” offered a strong framework for
managing uncertainty by proposing an Aczel-Alsina aggregation-based outranking technique for multiple
attribute decision-making utilizing single-valued neutrosophic numbers. Wang et al.°® developed the Dual
Generalized Single-Valued Neutrosophic Bonferroni Mean and the Dual Hesitant Single-Valued Neutrosophic
Weighted Geometric Bonferroni Mean Operators. Liu and Zhang®® introduced Neutrosophic Hesitant Fuzzy
Heronian Mean Aggregation Operators, which are especially beneficial for capturing interrelationships among
attributes in group decision-making.

To address this gap, this study proposes an MCDM method using MVRNNS. It introduces new aggregation
operators, proves their properties, and uses the Shapley measure for optimal weights. New score and accuracy
functions are developed, and a hospital selection example demonstrates their effectiveness.
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Definition 1 (Neutrosophic Sets (NS)!?): Let U be the universal set, and each element x € U has a degree of
membership in the neutrosophic set S that is Truth, Indeterminacy, and False. S can be expressed as follows:

S = {(x, Ts(x), Is(x), Fs(x)) : x € U},

Where 0 < Ts(x) + Is(x) + Fs(x) < 3, and the membership functions are defined as follows: Truth Member-
ship function Ts : U — [0, 1], Indeterminacy Membership function Is : U — [0, 1], False Membership function
Fs:U — [0, 1].

Definition 2 (Rough Set”): Let R be an equivalence relation defined on the universal set U. An approximation
space is defined as S = U/R, which is a collection of all equivalence classes of U over R.

Let Y = U be a subset of U. The terms S(Y) and S(Y), which stand for the lower and higher approximations
of U in S respectively, are defined below.

S(Y)={xeU:[x]g S Y}, S(Y) = {xeU: [x]g n Y # &}

where [x]|, represents the equivalence class of x under R that contains an element x. The pair S(Y) =
(S(Y), S(Y)) is known as a rough set of Y in S.

Definition 3 (Rough Neutrosophic Set®): Let U be a universal set, and let each element x € U be a member of a
neutrosophic set S, which includes membership functions for truth Ts, indeterminacy I, and falsity Fg in U. Let
R be an equivalence relation on U. Within the approximation space U/R, the lower and upper approximations
of S are denoted by N(S) and N(S), respectively, and have the following definitions:

N(S) = {¢x, Trys) (%), Ins) (%), Fys) (%)) 2 ¥ € [x]r, x € U}

N(S) = {<x, Trige) (). Iivs) (). Frye) (%)) 1y € [l x € U}

where,

T = T T — T

ne ) = o Ts0) ne ®) = 4, 1)

Ing) ) = v Is(y) Iye () = A Is(y)
Ye[x]r yelx]z

F = I F~ - F

n(s) (%) Jel s(y) fe) (%) o s(y)

Additionally, the following conditions hold:
0< TN(S) (X) + ]IN(S) (X) + FN(S) (X) <3 and 0 < TN(S) (X) + HN(S) (X) + FN(S) (X) <3

Ts(x), Is(x), and Fs(x) represent the truth, indeterminacy, and falsity membership functions, respectively,
for the element x in the neutrosophic set S. The symbols for the minimum and maximum operations are A
and v, respectively. Therefore N(S) and N(S) are two neutrosophic sets in U. The rough neutrosophic set in
the approximation space U/R is the pair (N(S), N(S)). If, for every x € U, N(S) = N(S), then S is a defined
neutrosophic set.

Definition 4 (Shapley Fuzzy Measure'”): Let Q = {1, 2, ..., n} be a set of criteria, and let P(Q) be its power
set. A fuzzy measure p is a function u : P(Q) — [0, 1] satisfying:

1. Boundary: u (&) =0, n(Q) = 1.
2. Monotonicity: If A € B, then n(A) < u(B).

A specific fuzzy measure, called the A-fuzzy measure, is defined for disjoint sets A and B as:
(A UB) =p(A) + n(B) — Au(A)u(B),

where A > —1.
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_ 3 ([sea M+ 2n({S) — 1), if 2 #0,
i (B) {ZSiCAu({Si}), ifA=0

The parameter A can be computed as:

[T @+aedsd) =nr+1. 1

SicA
The Shapley fuzzy measure, representing the importance of each criterion, is computed as:

(19 — W] — 1)t [Ww]!
) Q!

(1 (W o {i}) — u (W)). 2
WcQ\{i}

It satisfies the property: >}, o wi = 1.

Definition 5 (Multi-Valued Rough Neutrosophic Set?): Let U be a universal set, and let each element x € U
be associated with a neutrosophic set S, characterized by the truth membership degree Tg(x), indeterminacy
membership degree Is(x), and falsity membership degree Fs(x). Let R denote an equivalence relation on U.
Within the approximation space U/R, the lower and approximations of the neutrosophic set S are represented
as N(S) and N(S), respectively. The following is the definition of these approximations:

S) = {¢x, Trs) (%), Ins) (x), Fys) (X)) 1 y e [xl €S, xe U},
N(S) = {x, Ty (). Tie) (0 sy (0) = y € [xle n S # @1, x e U}

The components Ty (X), I (%), and Fy g, (x) for the lower approximation, as well as Tgg) (x), Iy (%),
and ]FN(S)( ) for the upper approximation, the values are computed as follows:

) = A Ts(y) Trex) = v Ts(y)
Ye[x]r Ye[x]r
= I I = IL

O = v ED) Ig® - A k)

FN(S)(X) = v Fs(y) Frg®x) = A Fs(y)
ye[x]r ye[x]r

Here, A and v denote the minimum and maximum operations, respectively. The following conditions hold:
0< TN(S) (X) + ]IN(S) (X) + ]FN(S) (X) <3 0< TN(S) (X) + HN(S) (X) + FN(S) (X) < 3.

Furthermore, for any x € U, let y € Ts(x), n € Is(x), & € Fs(x), and let y* = supTs(x), n* = supls(x), §* =
supFs(x). These values satisfy:

0<y,n&<1, 0<yT+nt+&t <3

The pair (N(S), N(S)) represents an MVRNS in U/R. If N(S) = N(S) for any x € U, then S is termed a definable
MVNS.

Methodology

Multi-valued rough neutrosophic numbers and their operations

A Multi-Valued Rough Neutrosophic Number (MVRNN) builds on the concepts of rough and neutrosophic
sets. This helps to better handle uncertainty, indeterminacy, and inconsistency in complex decision-making.
Each element is assigned a set of truth, indeterminacy, and falsity values. To represent the inherent uncertainty,
lower and upper approximations are then used. This feature makes MVRNNSs especially useful when dealing
with incomplete or conflicting information. This section will explain the basic operational rules and important
properties of MVRNNS, specifically using Einstein operators.



1194 BAGHDAD SCIENCE JOURNAL 2026;23(4):1190-1219

We also establish several aggregation operators for MVRNNSs, including the Multi-Valued Rough Neutrosophic
Arithmetic Mean Operator, the Weighted Multi-Valued Rough Neutrosophic Arithmetic Mean Operator, the
Multi-Valued Rough Neutrosophic Geometric Mean Operator, and the Weighted Multi-Valued Rough Neutro-
sophic Geometric Mean Operator.

Definition 6: Algebraic Operations on MVRNNSs:

Let N(S;) = <(TN(S1)’ Iy Fren)s (Trs,ys Iy FN(Sl))> and

N(Sz) = <(TN(Sz)’ ITENE IB‘N(Sz))’ (Tﬁ(sz)v HN(SZ)’ FN(SZ))>’

be two MVRNNSs. Then, the algebraic operations are defined as follows:

(..
1. K(N(S)) — < ues) ETns)

o 20ue)t
(2—&n(s))* + (s )

Q4w —Q—me)* }

2(mys))*
(THynes) + 1 =vues)*

U { 2=y +(mys))*

U Ammorieer

Ry

9
mi(s) €ln(s) én(s) EFn(s)
U { Elﬂ/N(S);:_El_VN(S);A U ( Z(O)Nk(g)? )" ( Z(EN(S)Z )"
Ty )+ A=) J 2=nxe))* + (s 2—=Ex)) +Engs
Y €Thes) © © (s) ) © © Ene ) @)+
U 2(m)* U I+ A=) U (A +én)) " —
C=me)+ne)* §° (T+nne))*+(I—n) )" (1 +&ncs)) ‘+
2. [N(S)]* = Yuu(s) €Tnycs) s Elns) En(s) EFN(s) .
U Z(Vﬁ(s))k U (L) —1—n5e)" U (L&) ) — (1 —Exe))"
=) +rme) S (I +ngs))* +(1—ngs))* (I+&r@E) "+ —&xe)*
1) €Tre) () €l s) &8s €Frs)

N (S1) ®N(Sy)

U

1+7(s1) Y(s2)

{ Yii(sy) Ti(sp)

b

U

"i(s1) MN(sp)

1

+ (1))

(1-ns(s2))

Yn(s1) € (s (s ) (s ) )€Fu(sy)
Yiu(52) € Thu(sy) Mi(5) hi(s2) En(s2) P (sa)

Snu(s1) (s2)
L (1=8ey) ) (1))

U { ICYRRAICY! } U { i(51) "R (53) } U { i(51) 1(52) }
THys ) _ - ’ e e
Yo Sl L) ) g ek L+ (1-m(ey) ) (1-m(sy)) 7(s1) Fi(er) L (1)) (1-8(en))
V() €T (s) M5(s,) €1R (s) 58(s) € (s2)
N(S1) ® N(Sy)
U { CIRAIEY } U { miesy) HNesy) } U { Enesp Hiney) }
(1= j—v— ) FET— T g (|
ey ETer) (T—rmsp)) (T—mucsy)) = menmeE )y 2 &n(s1)(52)
(sy) €Th(sy) N(sy) Els,) &n(sy) EF(sy)

ISCIRAICY)

U

{ 1+ =re;)) T=rre,))

Definition 7. Properties of MVRNNs:
Let N($,)
and N(S3)

1. N(S;) @ N(Sz)

e €Resy)
Vii(sy) € Th(e)

b

= {(Tu)) Inen - Fuen)s (T e

U

MGy ENesy)
MR(s5) €IN(sy)

T4115(s)) M8 (s9)

FN(SQ»: N(SZ)

(sy) TINGsy)

b

U { e TRey)
148N

“C'N(Sl)eFN@]) ( 1) ( 2)

EN(32) EFN(Sz)

= <(TN(Sz)7 Iys,), FN(Sz))v (TN(SZ)’ IN(Sz)’ FN(SZ)»’
= {(Tw(ss)» Iniss)» Fess))s (Tigsy)» INss)» Fiss))) be three MVRNNS. Then, the following properties hold:
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2. N(S1) ® N(S2) = N(S2) ® N(S1);

3. )\.(N(Sl) @N(Sg)) N(Sl) @)\N(Sz), A > O,

4. (N(S1) ®N(S2))*= N(S1)* @ N(S2)*, 4 > 0;

5. )ulN(Sl) @AzN( ) = ()»1 + )»2) Sl) A >0, Ay >0;

6. N(Sl))‘l ®N(S1) = (Sl)kﬁ-}»z A >0, Ay > 0;

7. (N(S1) ®N(S2)) ®N(S3) = N(S1) @ (N(S2) ®N(S3));

8. (N(S1) ®N(S2)) @ N(S3) = N(81) ® (N(S2) ® N(Ss))-
Proof:

1. N(S1) ®N(Sz)

U { mi(sy) Hs,)

T4+ yn(s: ) VN(s ’
yui(sp) €Tueey) HeTE)
Yn(sy) €Thcsy)

U

"IN (S1) IN(S2)

{

sy ) Elnsy )
1IN(Sy) Elnsy)

1+ (1—mycsy)) (T—7ncs,))

"IN (s1) TN(8,)

U { V(s TYRGsy) U
T+vres) Maesy) J 7

Vi) € TR VIR ey Elesy)

Y(s9) ETRGsy) M (s,) €N (sg)

U { JNCIRRAIC)

T+¥n(sy) VNG
¥i(s2) €Tr(s,) E2)7HED
e ETnes))

U { M (sy) HING)
T+yn) ey J
YN(S) € TR (sy) 2 !
sy €Tis))
— N(S2) ®N(S1).

)

1+ (T-ngyes))) (1—xs,))

N(S2) IN(S1)

U

'iN<32> €ln(sy)
N (S7) GIN(SI )

U

{ T4+ (T—nnesy)) (T—1nes; )

TN (S9) IN(S1)

INGSg) €l (s,)
NGy €l )

{ 1+(1=mn(sy) ) (T=1n(s; )

Similarly, it can be proved that the associative property holds:

(N($1) ®N(S2)) ®N(S3) =
N(S1) ® N(S2)

YN(Sq) "YN(S2)

N(S1) @ (N(S2) ® N(S3))

U

yuesy) €Thsy)
(sy) € Thu(sy)

YN(s1) YN(Sp)

{ T+ =) T—rnes,))

b

n(sy) €hesy )
TIN(Sg) Elu(sy)

U

¥y € TR
Vii(sy) €TR(ep)

{

1+ (A=) T=Yre,))

boou

sy €l eey)
R(sy) €I(ey)

{

1Hn(sy ) Mni(sy)

sy TGSy

L1155y MR(s9)

M(sy) T7N(Sy)

b

b

b

b

b

b

U

&nsy) EFGs))
&n(sy) EFu(sy)

U

8ri(sy) sy )
&r(sy) EFRGsy)

U

&n(sy) EFu(sy)
&nesy) EFus))

U

&n(sy) B (s,)
&nsy) €h(s))

U

&n(sy) Elsy)
&n(sy) EFu(sy)

U

EN(Sl ) EFN(Sl )
8ri(sy) €FiN(sy)

En(s) Ensy)

{

5(sp) 5T(s)

1+(1—éncs;)) (T—Engsy))

}

{

En(sy) éN(sy)

1T+ (T—&xs,)) A —&x(s,))

}

{1+(

EN(sy) EN(sy)

1—En(sy) ) (T—Enesy))

}

{1+(

énesy) Hn(sy)
1+8n(sy) Ensy)

{ }

14655, 58 (s9)

{ }

1—En(sy)) (T—énesy))

}

1195
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U { VN(Sy) VN(S1) U IN(Sy) HINGs;) U n(sy) TEnesy)

1+ (1 —esy)) T—mnesy)) §° 1+1N(sy) NG > 1+En(sy)énes
Y1(85) € Thics) HEDRTTEOD T ey Elisy) LR ERY TER e
sy €Thus;) nGsy) Elesy) én(sy) EHu(sy)

U { Y(sy) V(s } U { MR(sy) HIRGs1) } U { Eri(sy) TRGs)) }
1+(1=rr(sp)) A=rms) J LH11(s,) MResy) R ER L)

b
YRi(sy) € T(sy) T (s9) ElR(sy) EN(sp) ¥i(ey)
YR €Ny (1) €N (sy) N(sy) SNGsy)
=N(Sz) @ N(Sy)

Similarly, it can be proved that the associative property holds:
(N(S1) ® N(S2)) ® N(S3) = N(S1) ® (N(S2) ® N(S3)).
(3) Since A > 0,

(1+ym(sl))'\*(1fym(sl))'\ _ (1+Vm(sz) )}“*(1fym(sz) )
(“Vm(s])’“’“‘Vm(sl)’k <1+ym(52)>*+<1—ym(52)>*
Mtry(sy ) —A=ry(sy )t Aiys, )" —Amy(s, )"
(1+Vm(sl))AJr(I*VH(sl))A <1+VH(SZ))A+<I_7VH(SZ))A
Z(UN(Sl)) _ Z(Um(sz))’”
(anm(sl))k+(nm(sl)))‘ (27WH(SZ))A+<nH(S2)>'A

U O ) (n ) ’
My (sp) Eln(sy ) u(sy) EMn(ss) 17(17(27 201y(s;) )(1 2(1y(s,) )
N

(Sl))hr(nm(sl)))” N (Z*UM(SZ)A)}UF(UN(SZ)))‘

Yn(s1) €Tn(sy ) (s2) ETn(sy) | 1

2<5m(s1)’* 2ey(s,))
_ p) o _ A A
U Ctn(sy)) lnGsy))” P tn(sy)) sy
2(¢ ) 2(¢ ) ’
£ eF £ €F (41— N(s1) 1 N(s3) ]
MEDTRE e TG (T (1 @ty ) )\ B agsy)

AN (S1) @ AN (Sz) =

<1+yﬁ(sl)>*—<1wﬁ(sl)>* B (1+75(s,) >*—<1—m(52) »

(1+J’N(sl ) )‘”+(1*J’N(sl ) ) (1+Vﬁ(sz) )hr(lﬂ’ﬁ(sz) *

sy~ (A—ry(s ) (Trrgrs ) —Orys ) [
yﬁ(sl)ETﬁ(sl)m(sz)ETﬁ(sz) 1— T ( 1) . - ( 1) - ; (Z) - - (Z) -
( _Hﬁ(sl)) +( W(Sl)) ( +yﬁ(52)) +( Vﬁ(sz))
st 2ONGsy)”
@ n(sy) NGy B N(sy))" OnGsy))”
2(ng (g, )" 2(ng(5.1)" ’
[N =) SN RN = _[1— N(s1) . (1= N(S2) _
N(s1) 'N(s1) N(s2) SN (s2) | 1 (1 @ r(ey)) sy 1 @ r(s3) ()
Z(EN(SI)))‘ Z(FN(SZ))A
_ A x _ A = A
U (2 FN(SI))A-F(%(SI))A (2 EN(SZ)) +(EN(52))
2(&g ) 2(6< )
o N EF o \Ex e \EF (1 N(s1) q_ N(S2)
5N (s1) SFN(s1) SN (s5) FN(s) | 1 (1 Ty ey )\ T e

(A ves))) A +viese) ) — A=y ) (=g, ) 2(msy)) (Mgsy) )

- U { (T+ynes)) Ty )+ =) (T—ruesy) ) } ’ U { (2=nnsp))* (2= nnsy) )M+ (s ) ) (M csg) )t } ’
i) €Tnsy) USERISITEN)

U { 2(Ensy)) (Enesy) )" } , U { (1-4'}'N(sl))A(1-"'1’N(52))A

—(—rrep) A=rrey)*
(2—En(s1))* (2—En(sy) )"+ (Enesy))* (Bnuesy) )" (T rme)) Ay +0—ry ( ’

) A=Yy )

nesp EFnGs) i) ETRGsy)

U 2(m5i(ey)) (Misy))” U 2(8ns)))" Gy )
(C=m(sy) ) (2= i(sg) )"+ (s ) ey )™ | (2=&r(ep))" C—Eiey) )+ ey ) (Egsy) )

ERTECH) &resp €Fesy
= AN (S1) @ AN(Sy).

Similarly, Egs. (4) to (6) can be proved.
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Aggregation operators

This section introduces the arithmetic and geometric mean aggregation operators specifically designed for
MVRNNSs. We also present a comprehensive methodology for applying these aggregation operators effectively
in MCDM situations.

Deﬁniti_on 8 (Multi-Valued Rough Neutrosophic Arithmetic Mean Operator (Ayvgy)): Let N(S;) =
(N(Si), N(S;)) fori=1,2,...,nbe a collection of MVRNNs. The Multi-Valued Rough Neutrosophic Arithmetic

Mean Operator (Ayvry) is then defined as:
1 _
ey (NS NS2). - NS0) = (- & M6, 7 &)

Theorem 1: Let N(S;) = (N(S;), N(S;)) fori=1,2,...,n be a set of MVRNNs. The aggregated value obtained
using the Ayyrn operator, defined as:

1 n 1 n—
hurvan (N(51). NGS2). .. NS) = (7 & NS, 5 & s @)
It is also an MVRNN.

_ U [Ty (L) =TT A=y " U 21T (nggs)) ™
[Tm1 v Y+ Tim A =rmep)Y™ T —mmasp) ) P+ T Ty (nmags)) V0 (0

sy €Tnsy) sy Elnesy)

U 21T (Engsp) " U Ty (e )" =TT (T rigs) " (4)
T 1 (2—&wesp)V/m+T Timy (s )" ’ TTims Qe )Y+ T A=y |

&n(sp) EFncs;) s €Tmesy

U 2“?:1('7N(§i))1/n U 2H?=1(§N(Si))l/n
= H?:l(Z—WN(Si))1/"+H?:1(’7N(si))l/" ’ H?:l(Z—EN(si))1/"+H?:1(<‘TN(SI-))1/" :
N (sy) N Gs)

s €Fresy

Definition 9: Weighted Multi-Valued Rough Neutrosophic Arithmetic Mean Operator (Afjygy)
Let N(S;) = (N(S;), N(S;)) fori =1, 2,...,n be a collection of MVRNNS, and let w = (w1, wa, ..., w;) be the

weight vector for N(S;), N(Sz), ..., N(Sy), such that w; € [0,1] and >} ; w; = 1. The Weighted Multi-Valued
Rough Neutrosophic Arithmetic Mean Operator (A} y) is then defined as:

Al (N(S1). N(S2). ... N(Sn) = (ig%l wi(s). & wN(Si))

1

Theorem 2: Let N(S;) = (N(S;),N(S;)) for (i=1,2,...,n) be a collection of MVRNNs, and let w =

(W1, w2, ..., wy) be the weight vector for N(S1), N(Sz),...,N(Sp), such that w;€[0,1] and > ; w; = 1. The
aggregated value obtained using the A operator, defined as:

L

AYyrn(N(S1), N(S2), ..., N(Sy)) = (

j WiN(Si), (_-rélwlN(Sl)> (5)

1 i

is also an MVRNN.

_ U { LT (L ymesp)" =TT A=y )™ } U { 21T (s )™ }
T (s )M+ T Tim (T —vmgs)™ S 7 [T (2—mmaqsy) )i+ Tz (mmesp )™ S °

Yuicsp) E€Tnesy ) €l

21T (s } Hin=1(lﬂ’N(si))Wi*HLl(l*VN(si))w"
U {H;;(2—%)>Wi+r1:;1<sﬁ<s,->)% >< U {H?1(1+m(si>)wf+H?1(1—m<s,.>)wi : (6)

nesp EFnGs)) s € Tresy

U 21T, (UN(si) i U 21Ty (EN(si) i
. - [Tt C—ngs) )i+ T (s ) )™ ( Tl 1 (2—ge ) )i+ Tim (s ) )™ :
(s €lmes) ! i i i

&g EFRGsy)
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Proof: Using mathematical induction on n.

i) If n = 2, based on the operations Egs. (1) and (3) in Definition 6,
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If Eq. (6) holds for n = k, then

Apyry (N (S1),N(S2), ..., N(Sk))

k '

— [ Tiz (T = we))™

k b
Hl 1(1 - VN(S))
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Thus, Eq. (6) holds for all n, then A}, .y (N(S1), N(S2),
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The proof ends.
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Properties of aggregation operators

The Ayvry and Ay Operators, along with their geometric counterparts, satisfy the following key proper-
ties:

Property 1 (Idempotency Law): If all MVRNNSs are identical, i.e., N(S;) = N(S) fori =1, 2, ..., n, then:
Apvrn(N(S1), N(S2), ..., N(Sp)) = N(S)
and

Ayrn(N(S1), N(S2), ..., N(Sn))= N(S).
Proof: For N(S;) = N(S), by definition of Ayygy operator:

Anrvrn((NS1), ... N(Sn)) = (1 & N(S),
For Al Operator, given > ;' | w; = 1:
(NS, ... N(S)) = (,@ wiN(S), & wN(S)) _ (N©S).N(S) = N().

This holds because @_,w;X = X when }; w; = 1 for any MVRNN X (based on the definition of weighted
aggregation and scalar multiplication).

Property 2 (Boundedness): Both operators are bounded.

Proof: Fori =1, 2,...,n,let N(S;) be a set of MVRNNSs. Construct the following lower and upper bounds: N(S)~
and N(S)™.

U { min yys,) } .U {m.ax INGS) } .U {m.ax €n(s) } ;
N(S)~ = < M€y L ! M) €y Lt bnesp €Fnes) L > _
U {miin YN } .U {m_ax UGN } .U {max ENGs) } )
VN(si)eTﬁ(si) nN(si)EHN(Si) L EN(Si)E]Fﬁ(Si) !
and

U {max YNGS) } U {m.in UEY) } .U {min §ns) } :
N(S)* = < miep€Tey L mepelne) Lt bnesp€Fne) LY
< U {max VN(si)} .U {miin ”N(si)} .U {miin 5N(si)} )
e €laey b (s sy & SFres)

Then, the aggregated values are bounded as follows:

N(S)7 o= AMVRN(N(SI)» ey N(Sn)) < N(S)Jr

N(S)™ € A% e (N(S1), ..., N(Sp)) < N(S)*.

Property 3 (Monotonicity): If N(S;) < N(S}) fori=1,2,...,n, then:
AMVRN(N(Sl)s e, N(Sn)) < AMVRN(N(S‘T)a e, N(S:)),
And:

Aen(N(S1), - ... N(Sn)) < Apyrn(N(ST), ..., N(S7)).
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Proof: Since N(S;) < N(S}) for alli = 1,2, ..., n, it follows that:
Apmvrn(N(S1), N(S2), ... N(Sn)) < Amvan(N(S1), N(S2), ..., N(S7)),
And similarly:
Ayyrn(N(S1), N(S2), ..., N(Sn)) < Appypn(N(S1), N(S2), ..., N(Sy)).
Definition 10: Multi-Valued Rough Neutrosophic Geometric Mean Operator (Gprygry)

Let N(S;) = (N(S;), N(S;)) for (i=1,2,...,n) be a collection of MVRNNs. The Multi-Valued Rough Neutro-
sophic Geometric Mean Operator (Gyvry) is then defined as:

)

Theorem 3: Let N(S;) = (N(S;), N(Sy)) for (i=1,2,...,n) be a collection of MVRNNs. The aggregated value
obtained using the Gyygrn operator, defined as:

Bl

® (N(Sy))

Guven(N(S1), N(Sz), ..., N(Sp)) = (

I®s
—
2z
«x
=

R

I®s

Gurvan (N(S1), N(S3), ..., N(Sn) = <_® (NSO)E, él(N(Si))i> -

is also an MVRNN.

U ZHLl(VN(Si))l/n U H?:l(l‘knﬁ(si))l/nfn?:l(lfﬂﬁ(gi))Un
T =)+ Ty )V (0 [T (s )P+ Timy L =nmgsp) )™ (0

sy €Tnsy) sy Elnsy)

_ U [Ty (L) " =TT (=) " U 21T (e )" 8
= T (T8 P Iy () | ] T @ ) P H I Um0 ) (8

&nv(s) €Fvesy) sy € TRy

U { 1_[?:1(1+"N(Si))l/"—1_[?:1(1_'7N(si>)1/" } 7 U { [T (L+énes)) Y = TTie s (T—Engsp) " } >

Ty Qg )+ Ty (-, )" T A enep )+ T (L= )V

s €l Enesp €Fnsy)

Definition 11: Weighted Multi-Valued Rough Neutrosophic Geometric Mean Operator (G} )

Let N(S;) = (N(S;),N(S;)) fori =1, 2,...,n be a collection of MVRNNS, and let w = (w1, wa, ..., w,) be the

weight vector for N(S;), N(Sz), ..., N(Sy), such that w; € [0,1] and > ; w; = 1. The Weighted Multi-Valued
Rough Neutrosophic Geometric Mean Operator (G ) is then defined as:

Glivan(N(E1). N(Sa). ... N(S) = ( & 080", & (s )

Theorem 4: Let N(S;) = (N(S;),N(S;)) for (i=1,2,...,n) be a collection of MVRNNs, and let w =

(W1, wa, ..., wy) be the weight vector for N(S;),N(Sz),...,N(Sp), such that w; € [0,1] and > ; w; = 1. The
aggregated value obtained using the G} operator, defined as:

(N(S:)™,

L

Grvrn(N(S1), N(Sp), ..., N(Sp)) = <

I®s
I®s

(M&-))Wﬁ) 9)

1
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is also an MVRNN.

U { 21Ty (s )™ } U { Tl (i) =TTy (T —nnesp )™ }
1ot @=vues) i+ Tims (mgsp)™ f 2 [Tim1 (b amgsy) )i+ T Tima (T—mmgs )™ S °

Yiesp € ) m(s;) €lucsp
U { H;l:l(1+éﬁ(§i) )Wi—HF:1(1—$N(Si) )Wi } U ZH;[:l (VN(Si) )Wi (10)
= T W T A T w; T W .
Enesp EFics)) [Tz (T+én s )" 4T Timy (T—Engsp )™ ’ e € ey i e Pl O ™
U Ty (T )" =TTy (A=) U [T (M 8res))" —TTima (U—tms)™
Ty (T )i+ T T A=) [ £x¢ Tz (U dep )i+ T Tima (1 —Eygs) )™
N(S;

(s IR Gs)) ) €PNy

Proof: Theorem 4 can be proved using mathematical induction.
Similarly, the Gyvrn Operator satisfies the following properties.

Property 4 (Idempotency Law): If all MVRNNSs are identical, i.e., N(S;) = N(S) fori =1, 2, ..., n, then:
Guven(N(S1), N(S2), . ... N(Sp))= N(S)
and

mven(N(S1), N(S2), ..., N(Sq))= N(S).

Proof: For N(S;) = N(S), by definition of Gyygry operator:

(N(S))7,

£

Guvrn(N(S1), ..., N(Sp)) = (

I®s
I®s

<N<S>>i) — (N(ES).N(S)) = N(S).

L5

For G}y Operator, given > | w; = 1:

vven(N(S1), ..., N(Sp)) = (

Lo

S, &FE)") - () FS) - NG,

This holds because ®? ;X" = X when >, w; = 1 for any MVRNN X (based on the definition of weighted
aggregation and scalar multiplication).

Property 5 (Boundedness): Both the Gyygry and Gy gy Operators are bounded. That is, for a given set of
MVRNNs N(S;) (i=1,2,...,n), the aggregated values satisfy:

N(S)7 < GMV]RN(N(SI), Cee, Sn)) < N(S)Jr
and
N(S)™ < GRyrn(N(S1), ..., Sn)) < N(S)*.

Here, N(S)~ and N(S)* are the lower and upper bounds defined previously (refer to Property 2).

Proof: The proof for boundedness follows from the definitions of the geometric aggregation operators and the
properties of Einstein operators, similar to Property 2.

Property 6 (Monotonicity): If N(S;) < N(S}) fori =1, 2,...,n, then:
Gmven(N(S1), ..., N(Sp)) < Guvrn(N(ST), ..., N(S;)),

And:

Greven(N(S1). ... N(Sn)) < Gigyrn(N(ST). ... N(S7)).

Proof: Since N(S;) < N(S}) foralli=1,2,...,n, it follows that:

Gumven (N(S1),N(S2),....N(Sp)) < Gmvan (N(S1),N(S2),....N(Sy)),

And similarly: G, gy (N(S1), N(S2), ..., N(Sp)) < Gijyrn(N(S1), N(Sz), ..., N(S¥)).
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Definition 12: Score function and accuracy function

Let N(S) = {(Tns), Ins)> Fres))s (Tiys)s Ins) Frygs))) be an MVRNN. The associated score function s for N(S)
can be defined as:

1 1 & 1 2 & 2 & 1 & 1
SINS) =7 [ 3+ 2 T+ = 2, Trow — 7 2 e — 7 2 e — 7 2 Fvor — £ D Frr | AD
T 21 T —1 11 Tg—1 Z— F r—1
The accuracy function a for N(S) can then be defined as:
1 1 ZE ZT 2 lﬂ II 2 l]I l’f
a(N(S)) = 4 3+ I Tk + I Z TN(S)k Tl Z Z HN(S)g(l - TN(S)k) T L Z Z HN(S)g(l - TN(S)k)
Lr=1 T k=1 T g—1k=1 I'T g=1k=1
L 1 B &
~ D7 Fueyr(1 — Ingsye) T 20 Py (1 — Tggyg) (12)
FT 2 g1 FT r=1g=1
Proposed MCDM methods

In real-world situations, choosing the best option from a set of possibilities often involves complex criteria
and inherent uncertainties. Traditional approaches may oversimplify these complexities, leading to subop-
timal decisions. The Multi-Valued Rough Neutrosophic Arithmetic Mean Operator (Apygry), the Weighted
Multi-Valued Rough Neutrosophic Arithmetic Mean Operator (Ayjygy), the Multi-Valued Rough Neutrosophic
Geometric Mean Operator (Gyyry), and the Weighted Multi-Valued Rough Neutrosophic Geometric Mean
Operator (Gjy gy) are four advanced multi-criteria decision-making methods based on MVRNNs. These methods
provide a reliable way to evaluate options under uncertainty.

The process includes forming a decision matrix, aggregating values, computing scores, and ranking alterna-
tives, with differences in weights and aggregation operators. In this context, let the set of criteria be represented
by C = {C;,Cs, ..., C,} and the set of alternatives is represented by A = {A;, A, ..., An,}. Decision-makers
assess each alternative A; with respect to each criterion C;, utilizing MVRNNs for evaluation. Tables 1 and 2
show the MVRNN-based relationship and the corresponding decision matrix, respectively. MVRNNs were used
to create the decision matrix, which has the following structure:

The suggested MCDM method’s procedural flow is shown in a unified framework in Fig. 1, which highlights
the similarities and differences between the four aggregation operators.

Table 1. The relation between alternatives and criteria in terms of MVRNNSs.

DMIA|Cq, Cy, Cs, ... ., Cn] = Cy Co Cy

A Ny, I§]11> Ny, I§]12> Ny I§]1n>
Ay (Ny;, Nop) Ny, Noz) - (Nyp, Nony
Am <Nm1’ Nml> <Nm2’ Nr112> s <Nmn’ Nmn>

Method 1: Multi-valued rough neutrosophic arithmetic mean operator

This method uses the MVRNAMO to aggregate the evaluation values. The procedure is:

1. Construct a Decision Matrix: Define the relationship between alternatives A; and criteria C; using an
MVRNN-based decision matrix, see Table 1.

2. Aggregate Evaluations: Apply MVRNAMO (using Eq. (3) and Eq. (4)) to compute aggregated total values
for each alternative.

3. Compute Score and Accuracy Functions: Use Eq. (11) and Eq. (12) to calculate the score and accuracy
values for the aggregated alternative.

4. Rank Alternatives: Sort alternatives by score values in decreasing order. Accuracy values are used to
break ties if needed.



1204

BAGHDAD SCIENCE JOURNAL 2026;23(4):1190-1219

Step 1: Input & Deci-
sion Matrix Construction
Define Alternatives
(A), Criteria (C).

Experts provide
MVRNN evaluations.
Output: MVRNN Decision Matrix.

IF YES:
Compute criteria weights
(Shapley fuzzy measure).
Output: Criteria Weights.

Step 2: Deter-
mine Weights
Weighted oper-
ator selected?

IF NO:
Proceed with un- NO
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) |
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Mean (ApsvrN
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Mean (({

Weighted Arithmetic

Mean (ANiven)

D: Weightel Geometric
Mean ({ )

Output: Aggregated MVRNNs
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Output: Scores &
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.

Step 5: Rank Alternatives
Sort by Score; use
Accuracy for ties.

Output: Final Ranking.

W
M VRN

Fig. 1. Unified framework for multi-criteria decision-making using MVRN aggregation operators.

Method 2: Weighted multi-valued rough neutrosophic arithmetic mean operator

This method extends method 1 by incorporating criteria. The procedure is:

1.

2.

Construct the Decision Matrix: The decision matrix is the same as method 1, representing evaluations
as MVRNNSs Table 1.

Determine Criteria Weights: Calculate weights using an appropriate approach, such as the Shapley fuzzy
measure (e.g., as defined in Egs. (1) and (2)).

Compute Weighted Aggregation: Using the Weighted Multi-Valued Rough Neutrosophic Arithmetic
Mean Operator Egs. (5) and (6) to obtain weighted aggregated values for each alternative.

Compute Score and Accuracy Functions: Use Egs. (11) and (12) to calculate the score and accuracy
values for the aggregated alternative.

Rank Alternatives: Sort alternatives by score values in decreasing order. Accuracy values are used to
break ties if needed.

Method 3: Multi-valued rough neutrosophic geometric mean operator

This method uses the MVRNGMO to aggregate the evaluation values. The procedure is:

1.

Construct the Decision Matrix: The decision matrix is constructed using MVRNNSs, as described in
previous methods Table 1.
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2. Aggregate Evaluations: Apply MVRNGMO (using Egs. (7) and (8)) to compute aggregated total values
for each alternative.

3. Compute Score and Accuracy Functions: Use Eqgs. (11) and (12) to calculate the score and accuracy
values for the aggregated alternative.

4. Rank Alternatives: Sort alternatives by score values in decreasing order. Accuracy values are used to
break ties if needed.

Method 4: Weighted multi-valued rough neutrosophic geometric mean operator

This method combines the geometric mean aggregation with criteria weights, using the WMVRNGMO.

1. Construct the Decision Matrix: The decision matrix is the same as method 1, representing evaluations
as MVRNNSs Table 1.

2. Determine Criteria Weights: Calculate weights using an appropriate approach, such as the Shapley fuzzy
measure (e.g., as defined in Egs. (1) and (2)).

3. Compute Weighted Aggregation: Using the Weighted Multi-Valued Rough Neutrosophic Geometric
Mean Operator Egs. (9) and (10) to obtain weighted aggregated values for each alternative.

4. Compute Score and Accuracy Functions: Use Egs. (11) and (12) to calculate the score and accuracy
values for the aggregated alternative.

5. Rank Alternatives: Sort alternatives by score values in decreasing order. Accuracy values are used to
break ties if needed.

Numerical example: Selecting the best hospital for a patient

In real-world decision-making, uncertainty and vagueness often make it difficult to choose the best option.
This is especially true in critical situations like hospital selection, where both time and accuracy are vital.
Traditional decision-making methods may struggle to deal with such complexity and conflicting criteria.

This study proposes an MVRNNs-based MCDM using aggregation operators and Shapley weights for accurate
decision-making under uncertainty.

Hospital selection scenario

In critical situations, a family must quickly choose the most suitable hospital. The decision is based on 3
criteria:

+ C;: Doctor Availability
+ Co: Waiting Time
* C3: Treatment Success Rate

Four alternatives are considered:

+ A;: Private Hospital

+ Ay: Government Hospital

« Ag: Multi-Speciality Hospital
« A4: Charity Hospital

Expert evaluations are analyzed using MVRNN-based aggregation to handle uncertainty and rank the hospitals.

Table 2. The decision matrix based on MVRNNSs for hospital selection.

DM[A|C1,Cy,C3] € Cy Cs

Ay {({0.7}, {0.3}, {0, 0.2}) {({0.4}, {0.6}, {0.5}) {({0.5, 0.8}, {0.2, 0.3}, {0.1})
({0.9, 1}, {0.1, 0.2}, {0}))> ({0.73, {0.3}, {0, 0.2})) ({0.6, 0.9}, {0.2, 0.4}, {0.2})>

Ap {({0.4}, {0.63, {0.3}) {({0.7}, {0.33, {0.2}) {({0.3}, {0.73, {0.8})
({0.8,1},{0.1,0.2}, {0}) )  ({0.8, 0.9}, {0.1}, {0})) ({0.73, {0.3}, {0.1}))

Az {{0.9, 1}, {0.2}, {0} {{0.5, 0.7}, {0.2, 0.3}, {0, 0.1})  <({0.4}, {0.6}, {0, 0.2})
({0.8, 1}, {0, 0.2}, {0} ) ({.6}, {0, 0.4}, {0, 0.2})) ({0.6, 0.8}, {0, 0.2},{0,0.3}))

Aq {({0.6, 0.7}, {0.3}, {0.1}) {({0.3}, {0.7}, {0.8, 1}) ({0, 0.2}, {0.8}, {0.9})

({0.8, 13, {0.2}, {0})) ({0.6, 0.7}, {0.2, 0.3},{0.1})) ({0.5, 0.8}, {0.2}, {0.3}))
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Proposed MCDM methodology application

This section applies the proposed MCDM framework to the hospital selection problem using four MVRNN
aggregations. Each operator processes the decision matrix to produce a reliable ranking. The procedure for all
operators follows a similar path, including aggregation, score calculation, and ranking.

The individual fuzzy measures for the criteria (i.e., u(e1) = 0.4, u(e2) = 0.25, u(es) = 0.45) were initially
determined using a pairwise comparison method based on expert judgments. Subsequently, these measures
were utilized to compute the Shapley fuzzy measures, as detailed in the following steps.

Fuzzy measure of attributes and criteria weights

The individual fuzzy measures for the criteria are given as:
w(er) =04, u(e2) =0.25, u(es) =0.45

The value of A is calculated using the following equation:
A+1=(1+0.41)(1+0.251) (1 +0.451)

Solving this equation gives:
A= —0.2622

The fuzzy measure of attributes is obtained:

1

——0.2622((1 —0.2622-(0.4))(1 — 0.2622 - (0.25)) — 1) = 0.6238

n(er, e2) =
Similarly, for other combinations:
2 (61, 63) = 08028, 12 (62, 63) = 06705, 2 (61, e, 63) =1

After that, the Shapley fuzzy measures (SFM) can be obtained from Eq. (2) as follows:

wino) = B3 o) o) + C T o) e + B (rer ) - (ea)
+ B2 e en0) — nlen )

1 1 1 1
= 5(0.4-0) + 2(0.6238 — 0.25) + £(0.8025 — 0.45) + = (1~ 0.6705) = 0.364

Similarly,
wa (i, o) = 0.223, w3 (u, a) = 0.413

Thus, the final criteria weights are:

wi = 0.364, wy = 0.223, w3 = 0.413.
Method 1: Multi-valued rough neutrosophic arithmetic mean operator

This method applies the MVRNAMO to aggregate the initial MVRNN evaluations.

Step 1: Construct the MVRNN-based decision matrix.
The decision matrix, which defines the relationship between alternatives and criteria, is established
using MVRNNS as presented in Table 2.

Step 2: Aggregate the decision matrix using the MVRN Arithmetic Mean Operator. We apply the aggregation
operator to each alternative. For alternative A;:
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Let Ni; = (({0.7}, {0.3},{0,0.2}), ({0.9,1}, {0.1,0.2}, {0}))

Let Nip = (({0.4}, {0.6},{0.5}), ({0.7}, {0.3}, {0,0.2}))

Let Ni3 = {({0.5,0.8}, {0.2,0.3}, {0.1}), ({0.6, 0.9}, {0.2, 0.4}, {0.2}))
The aggregated MVRNN for Apyrn[A1]Cy, Ca, Cg] is calculated as:

Apyrn[A1|Cq, Cy, Cs] = <%(NH ®N;,, ®Nyy), %(Nn ® N2 @ Ni3))

_ /3({07},{0.3},{0,0.2}) @ ({0.4}, {0.6}, {0.5}) @ ({0.5, 0.8}, {0.2, 0.3}, {0.1})),
1(({0.9,1},{0.1,0.2}, {0}) @ ({0.7}, {0.3}, {0, 0.2}) ® ({0.6, 0.9}, {0.2, 0.4}, {0.2}))

= {({0.5465,0.6621}, {0.3379, 0.3884}, {0, 0.2221}), ({0.7662, 1}, {0.1836, 0.2904}, {0})).

For alternative A,:

Let Ny = (({0.4}, {0.6}, {0.3}), ({0.8, 1}, {0.1,0.2}, {0}))
Let Ny = (({0.7},{0.3}, {0.2}), ({0.8, 0.9}, {0.1}, {O}))
Let Nas = (({0.3}, {0.7}, {0.8,1}), ({0.7}, {0.3}, {0.1}))

The aggregated MVRNN for Apyrn[A2|Cq, Ca, Cg] is calculated as:

Apyrn[A2|Cq, Cy, Cs] = <%(N21 ® Ny, @ N,3), %(Nzl @® Nap @ No3) )

B <§(({o.4}, {0.6}, {0.3}) ® ({0.7}, {0.3}, {0.2}) @ ({0.3}, {0.7}, {0.8, 1})), >
1(({0.8,1},{0.1,0.2}, {0}) @ ({0.8,0.9}, {0.1}, {0}) ® ({0.7}, {0.3}, {0.1}))

= {({0.4881}, {0.5120}, {0.3813, 0.4248}), ({0.7705, 1}, {0.1460, 0.1678}, {0})}.

For alternative Aj:

Let N3 = (({0.9,1},{0.2}, {0}), ({0.8,1}, {0, 0.2}, {0}))
Let Njp = (({0.5,0.7},{0.2,0.3}, {0,0.1}), ({0.6}, {0, 0.4}, {0, 0.2}))
Let Ns = {({0.4},{0.6},{0,0.2}), ({0.6, 0.8}, {0, 0.2}, {0, 0.3}))

The aggregated MVRNN for Apyrn[A3|Cyq, Ca, C3] is calculated as:

Amvrn[A3|C1, Ca, C3] = (§(N3; ® Nap ® Na), 5(Na1 @ N3z @ Na3))

7 %(({0.9, 1}, {0.2}, {0}) & ({0.5, 0.7}, {0.2,0.3}, {0, 0.1}) & ({0.4}, {0.6}, {0, 0.2})),

- 1(({0.8,1}, {0, 0.2}, {0}) @ ({0.6}, {0, 0.4}, {0, 0.2}) ® ({0.6, 0.8}, {0, 0.2}, {0, 0.3}))
— (({0.6724, 1}, {0.2968, 0.3379}, {0}), ({0.6796, 1}, {0, 0.2542}, {0})).

For alternative Ay4:

Let Na = (({0.6,0.7}, {0.3}, {0.1}), ({0.8, 1}, {0.2}, {0}))
Let N4 = (({0.3},{0.7},{0.8,1}), ({0.6,0.7}, {0.2, 0.3}, {0.1}))
Let Ny = (({0,0.2}, {0.8}, {0.9}). ({0.5, 0.8}, {0.2}, {0.3}))

[

The aggregated MVRNN for Apyry[A4|Cq, Cy, C3] is calculated as:

Amvan[A4]Cq, Cz, C5] = <%(N41 ® Ny ®Ny3), %(Nﬂ @® Naz ®Nyz) )

_ /3((10.6.0.7}. {0.3}, {0.1}) @ ({0.3}. {0.7}, {0.8, 1}) @ ({0, 0.2}, {0.8}. {0.9})).
1(({0.8,1},{0.2}, {0}) ® ({0.6, 0.7}, {0.2,0.3}, {0.1}) @ ({0.5, 0.8}, {0.2}, {0.3}))

= {({0.3223, 0.4300}, {0.570}, {0.4688,0.5191}), ({0.6529, 1}, {0.2, 0.2295}, {0})) .

1207
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Compute score and accuracy metrics. Using Egs. (11) and (12), we calculate each alternative’s score
(s) and accuracy (a) functions for the aggregated MVRNNSs:

s(A1) = 0.7940, s(Ay) = 0.6581, s(A3) = 0.9468, s(A4) = 0.4274.

Since all the score values (SV) are distinct, in this case, there is no need to compute the accuracy
values (AV).

Rank alternatives.

The alternatives are ranked based on their scores in descending order as follows:

A3>A1 >A2>A4.
Therefore, A; (Multi-Speciality Hospital) is identified as the best choice.

Method 2: Weighted multi-valued rough neutrosophic arithmetic mean operator

This method extends Method 1 by incorporating criteria weights to reflect their relative importance, using
the WMVRNAMO.

Step 1:

Step 2:

Step 3:

Construct the decision matrix.

The decision matrix is constructed similarly to Method 1, representing evaluations as MVRNNs
Table 2.

Determine the criteria weights.

The criteria weights (w;, wo, w3) are determined using the Shapley fuzzy measure, as detailed in the
“Fuzzy Measure of Attributes and Criteria Weights” subsection. The weights assigned to the criteria
are as follows:

w; = 0.364, wp = 0.223, w3 = 0.413.

Calculation of weighted aggregation values.

Using Eq. (6), weighted aggregation values are computed for each alternative, showing their MVRNNs
and corresponding weights.

For alternative Aq:

Let Ni; = {({0.7},{0.3}, {0,0.2}), ({0.9, 1}, {0.1, 0.2}, {0}))

Let Ni; = (({0.4}, {0.6}, {0.5}), ({0.7}, {0.3}, {0, 0.2}))

Let Ni3 = {({0.5,0.8}, {0.2,0.3}, {0.1}), ({0.6, 0.9}, {0.2, 0.4}, {0.2}))
The aggregated MVRNN for AYyyry[A1|Cyq, Ca, Cs] is calculated as:

A"vvrn[A1]C1, Ca, C3] = (W1Ny; @ woN;, ®wsNp5, wiNig @ waNis @ wsNys)

_ /(0.364({0.7}, {0.3}, {0, 0.2}) @ 0.223({0.4}, {0.6}, {0.5}) @ 0.413({0.5, 0.8}, {0.2, 0.3}, {0.1})),
~ \(0.364({0.9, 1}, {0.1, 0.2}, {0}) @ 0.223({0.7}, {0.3}, {0, 0.2}) @ 0.413({0.6, 0.9}, {0.2, 0.4}, {0.2}))

— {({0.5629, 0.6982}, {0.3017, 0.3540}, {0, 0.1888}), ({0.7680, 1}, {0.1716, 0.2320}, {0})).

For alternative A,:

Let Nay = (({0.4}, {0.6}, {0.3}), ({0.8, 1}, {0.1,0.2}, {0}))
Let Ny, = {({0.7}, {0.3}, {0.2}), ({0.8, 0.9}, {0.1}, {0}))
Let Nos = (({0.3},{0.7}, {0.8,1}), ({0.7}, {0.3}, {0.1}))

The aggregated MVRNN for AYyyry[A2|C1, Cy, Cs] is calculated as:

A"Mvrn[A2|C1, Cz, C3] = (W1 Ny @ waNy, ® w3Nys, wiNay @ waNay @ wiNas )

_ /(0.364({0.4}, {0.6}, {0.3}) @0.223({0.7}. {0.3}, {0.2}) ® 0.413({0.3}. {0.7}. {0.8,1})),
~ \ (0.364({0.8, 1}, {0.1, 0.2}, {0}) © 0.223({0.8, 0.9}, {0.1}, {0}) ® 0.413({0.7}, {0.3}, {0.1}))

= {({0.4426}, {0.5574}, {0.4321,0.4915}), ({0.7628, 1}, {0.1596, 0.2045}, {0})).
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For alternative Aj:

Let Na; = (({0.9,1},{0.2}, {0}), ({0.8, 1}, {0, 0.2}, {0}))
Let Nsp = (({0.5,0.7}, {0.2,0.3}, {0,0.1}), ({.6}. {0, 0.4}, {0, 0.2}))
Let Naz = (({0.4}, {0.6}, {0,0.2}), ({0.6, 0.8}, {0, 0.2}, {0, 0.3}))

The aggregated MVRNN for AYyyry[As|Cq, Ca, C3] is calculated as:

A"vvrn[A3|C1, Cz, C3] = (w1 N3, ® waNg, ® w3Ngs, wiN3; @ waNsp @ wiNas)

_ /(0.364({0.9.1}, {0.2}, {0}) ©0.223({0.5, 0.7}, {0.2, 0.3}, {0, 0.1}) © 0.413({0.4}, {0.6}, {0,0.2})),
~ \(0.364({0.8, 1}, {0, 0.2}, {0}) @ 0.223({.6}, {0, 0.4}, {0, 0.2}) ® 0.413({0.6, 0.8}, {0, 0.2}, {0, 0.3}))

= {({0.6823,1}, {0.3250, 0.3541}, {0}), ({0.6862, 1}, {0, 0.2350}, {0})).

For alternative Ay4:

Let N4 = {({0.6,0.7},{0.3},{0.1}), ({0.8, 1}, {0.2}, {0}))
Let Naz = {({0.3}, {0.7}, {0.8.1}), ({0.6, 0.7}, {0.2, 0.3}, {0.1}))
Let Ny = {({0,0.2}, {0.8}, {0.9}), ({0.5, 0.8}, {0.2}, {0.3}))

The aggregated MVRNN for AYyyry[A4]|C1, Ca, Cs] is calculated as:

A"Mven[A4|C1, Ca, Cs] = (Wi1N,; @ waNy, ®w3N,s, wiNg @ waNgy ® w3Naz)

_ /(0.364({0.6,0.7}, {0.3}, {0.1}) ©0.223({0.3}, {0.7}. {0.8, 1}) @ 0.413({0, 0.2}, {0.8}, {0.9})),
~ \(0.364({0.8,1}, {0.2}, {0}) @ 0.223({0.6, 0.7}, {0.2, 0.3}, {0.1}) @ 0.413({0.5, 0.8}, {0.2}, {0.3}))

= (({0.3107, 0.4369}, {0.5631}, {0.4471, 0.4866}), ({0.6535, 1}, {0.2, 0.2194}, {0})).

Step 4: Compute score and accuracy metrics. Using Egs. (11) and (12), we calculate each alternative’s score
(s) and accuracy (a) functions for the aggregated MVRNNSs:

s(A;) =0.8402, s(Ay) =0.5958, s(A3) =0.9426, s(A4) = 0.5470.
Step 5: Rank alternatives.
The alternatives are ranked based on their scores in descending order as follows:

A3>A1 >A4>A2.
Therefore, A; (Multi-Speciality Hospital) is identified as the best choice.

Method 3: Multi-valued rough neutrosophic geometric mean operator

This method employs the MVRNGMO for aggregation, offering an alternative perspective to the arithmetic
mean.
Step 1: Construct the decision matrix.
The decision matrix is constructed using MVRNNSs, as described in previous methods Table 2.
Step 2: Aggregate the decision matrix.

We apply the aggregation operator to each alternative.
For alternative Aj:

Let Ny = (({0.7},{0.3}, {0,0.2}), ({0.9, 1}, {0.1,0.2}, {0}))
Let Ny» = (({0.4}, {0.6}, {0.5}), ({0.7}, {0.3}, {0, 0.2}))
Let Ni3 = {({0.5, 0.8}, {0.2,0.3}, {0.1}), ({0.6, 0.9}, {0.2, 0.4}, {0.2}))

The aggregated MVRNN for Gpyry[A1|C1, Cg, C3] is calculated as:

Gmven[A1]Cq, Co, C3] = <(N11 Ny, ®N13)%, (N11 ® Nip ®N13)%>
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<(({0.7}, {0.3}, {0,0.2}) ® ({0.4}, {0.6}, {0.5}) ® ({0.5, 0.8}, {0.2, 0.3}, {0.1}))3, >
(({0.9,1}, {0.1,0.2}, {0}) ® ({0.7}. {0.3}., {0, 0.2}) ® ({0.6, 0.9}, {0.2, 0.4}, {0.2}))3
({0.5244, 0.6185}, {0.3815, 0.4115}, {0.2132, 0.2767}),

<({0.7291, 0.8642}, {0.2014, 0.3022}, {0.0675, 0.1343}) > '

For alternative A,:

Let Ny = {({0.4}, {0.6}, {0.3}), ({0.8, 1}, {0.1,0.2}, {0}))
Let Ny = {({0.7}, {0.3}, {0.2}), ({0.8, 0.9}, {0.1}, {0}))
Let Ny = {({0.3}, {0.7}, {0.8.1}), ({0.7}, {0.3}, {0.1})}

The aggregated MVRNN for Gpyry[A2|Cq, Co, Cs] is calculated as:
Gumvrn[A2|Cq, Co, Cs] = <(N21 ® Ny, ®N23)%, (N21 ® Nay ® st)%>

B <(({o.4}, {0.6}, {0.3}) ® ({0.7}, {0.3}, {0.2}) ® ({0.3}, {0.7}, {0.8,1}))3, >
(({0.8,1},{0.1,0.2}, {0}) ® ({0.8, 0.9}, {0.1}, {0}) ® ({0.7}. {0.3}, {0.1}))3
= {({0.4465}, {0.5534}, {0.4907,1}), ({0.7661, 0.8642}, {0.1669, 0.2014}, {0.0334})).

For alternative Aj:

Let Naj = (({0.9,1}, {0.2}, {0}), ({0.8, 1}, {0, 0.2}, {0}))
Let Nay = {({0.5,0.7}, {0.2,0.3}, {0, 0.1}), ({.6}, {0, 0.4}, {0, 0.2}))
Let Na3 = (({0.4}, {0.6}, {0, 0.2}), ({0.6, 0.8}, {0, 0.2}, {0, 0.3}))

The aggregated MVRNN for Gpvrn[As3|C1, Co, Cs] is calculated as:
Gmven[A3|Cq, Co, C3] = <(N31 ® N3, ®N33)%, (N31 ® N3y ® N33)%>

_ <(({o.9, 1},{0.2}, {0}) ® ({0.5,0.7}, {0.2, 0.3}, {0, 0.1}) ® ({0.4}, {0.6}, {0, 0.2}))3, >
(({0.8,1}, {0,0.2}, {0}) ® ({.6}, {0, 0.4}, {0,0.2}) ® ({0.6, 0.8}, {0, 0.2}, {0, 0.3}))3
= (({0.5801, 0.6777}, {0.3506, 0.3815}, {0, 0.1007}), ({0.6636, 0.7941}, {0, 0.2648}, {0, 0.1691})}.

For alternative Ay4:

Let Ng = (({0.6,0.7}, {0.3}, {0.1}), ({0.8, 1}, {0.2}, {0}))
Let Ny = {({0.3}, {0.7},{0.8.1}). ({0.6, 0.7}, {0.2, 0.3}, {0.1}))
Let Ny = (({0,0.2}, {0.8}, {0.9}), ({0.5, 0.8}, {0.2}, {0.3}))

The aggregated MVRNN for Gpvrn[A4|C1, Cg, Cs] is calculated as:
Gmven[A4]|Cq, Co, C3] = <(N41 Q@ Ny, ®N43)%7 (Ng1 ®Ngo ® N43)%>

) <(({0.6, 0.7}, {0.3}, {0.1}) ® ({0.3}, {0.7}, {0.8, 1}) ® ({0, 0.2}, {0.8}, {0.9}))3, >
(({0.8,1}, {0.2}, {0}) ® ({0.6, 0.7}, {0.2, 0.3}, {0.1}) ® ({0.5, 0.8}, {0.2}, {0.3}))?

— {({0,0.3598}, {0.6402}, {0.7116, 1}), ({0.6270, 0.8309}, {0.2, 0.2339}, {1})).

Step 3: Compute score and accuracy metrics. Using Eqs. (11) and (12), we calculate each alternative’s score
(s) and accuracy (a) functions for the aggregated MVRNNs:

s(A1) =0.6814, s(Ay) =0.5020, s(Asz) =0.8065, s(A4)=0.0847.

Step 4: Rank alternatives. The alternatives are ranked based on their scores in descending order as follows:
Az > Ay > Ay > Ay.
Therefore, A; (Multi-Speciality Hospital) is identified as the best choice.



BAGHDAD SCIENCE JOURNAL 2026;23(4):1190-1219 1211

Method 4: Weighted multi-valued rough neutrosophic geometric mean operator

This method combines the geometric mean aggregation with criteria weights, using the WMVRNGMO.

Step 1: Construct the decision matrix.
The MVRNN-based decision matrix is constructed as in previous methods Table 2.

Step 2: Determine criteria weights.
The criteria weights (w;, wo, w3) are determined using the Shapley fuzzy measure, as detailed in the
“Fuzzy Measure of Attributes and Criteria Weights” subsection. The calculated weights are: w; =

0.364, wy = 0.223, w3 = 0.413

Step 3: Calculate weighted aggregation values.
By utilizing Eq. (10), the aggregation values are computed for each alternative. For clarity, the
aggregation for each alternative is shown with its constituent MVRNNSs and their respective weights.

For alternative Aq:

Let Ny = (({0.7}, {0.3}, {0,0.2}), ({0.9, 1}, {0.1,0.2}, {0}))
Let Nyp = (({0.4}, {0.6}, {0.5}), ({0.7}, {0.3}, {0, 0.2}))
Let N3 = (({0.5, 0.8}, {0.2,0.3}, {0.1}), ({0.6, 0.9}, {0.2, 0.4}, {0.2}))

The aggregated MVRNN for G"pyyry[A1|Cq, Cy, C3] is calculated as:

G"myvrn[A1]C1, Cz, C3] = (N3;)"' @ (N3p)" ® (N33)*2, (N11)" ® (N12)"2 ® (N13)")
(({0.7},{0.3}, {0,0.2})%3%* ® ({0.4}, {0.6}, {0.5})°22 ® ({0.5, 0.8}, {0.2, 0.3}, {0.1})%413),
(({0.9,1}, {0.1,0.2}, {0})*3%* ® ({0.7}, {0.3}, {0, 0.2})°222 ® ({0.6, 0.9}, {0.2, 0.4}, {0.2})°413)
({0.5425, 0.6628}, {0.3372, 0.3757}, {0.1625, 0.2334}),
({0.7267,0.89}, {0.1871, 0.3075}, {0.0835, 0.1282})

For alternative A,:

Let Nj; = (({0.4}, {0.6}, {0.3}), ({0.8,1},{0.1, 0.2}, {0}))

Let Ny, ={({0.7}, {0.3}, {0.2}), ({0.8,0.9}, {0.1}, {0}))

Let Ny3 = (({0.3},{0.7}, {0.8,1}), ({0.7}, {0.3}, {0.1}))
The aggregated MVRNN for G"pyyry[A2|Cq, Cy, C3] is calculated as:

G"mven[A2[Cy, Cz, Cs] = ((Ny)"! ® (Npp)"2 ® (Nypg)™?, (Na1)™ @ (N22)*? @ (Nas)2)

(({0.4}, {0.6}, {0.3})°364 ® ({0.7}, {0.3}, {0.2})°223 ® ({0.3}, {0.7}, {0.8, 1})°413),
(({0.8,1}, {0.1,0.2}, {0})°3* ® ({0.8, 0.9}, {0.1}, {0})°2% ® ({0.7}, {0.3}, {0.1})0413)

= {({0.4088}, {0.5912}, {0.5452, 1}), ({0.7581, 0.8509}, {0.1846, 0.2203}, {0.0414})).

For alternative As:

Let Na; = (({0.9,1},{0.2}, {0}). ({0.8, 1}, {0, 0.2}, {0}))
Let Na; = (({0.5,0.7}, {0.2,0.3}, {0, 0.1}), ({.6}, {0, 0.4}, {0, 0.2}))
Let Nas = (({0.4}, {0.6}, {0,0.2}), ({0.6, 0.8}, {0, 0.2}, {0,0.3}))

The aggregated MVRNN for G yyry[As3|Cq, Cy, C3] is calculated as:
G"mvrn [A3]Cy, Ca, C3] = {(N3; )™ ® (N3p)"? ® (N33)"2, (N31)"* ® (N32)"2 ® (N33)"* )

/0.9, 1}, {0.2}, {0})°3* ® ({0.5, 0.7}, {0.2, 0.3}, {0, 0.1})°*2 © ({0.4}. {0.6}. {0, 0.2})0413),
~ A\ (({0.8.1}, {0, 0.2}, {0})°3% @ ({.6}, {0, 0.4}, {0, 0.2})°?3 ® ({0.6, 0.8}, {0, 0.2}, {0, 0.3})°413)

= {({0.5819, 0.6589}, {0.3845, 0.4046}, {0, 0.1057}), ({0.6697, 0.8236}, {0, 0.2468}, {0, 0.1714})).



1212 BAGHDAD SCIENCE JOURNAL 2026;23(4):1190-1219

For alternative Ay4:

Let N4 = (({0.6,0.7}, {0.3}, {0.1}), ({0.8, 1}, {0.2}, {O}))
Let Nap = (({0.3}, {0.7}, {0.8,1}), ({0.6, 0.7}, {0.2, 0.3}, {0.1}))
Let Nus = (({0,0.2}, {0.8}, {0.9}), ({0.5, 0.8}, {0.2}, {0.3}))

The aggregated MVRNN for G yyry[A4]Cy, Cy, Cg] is calculated as:

G"myry [A4]C1., Ca, C3] = {(Nyy)™ @ (Nyp)"2 ® (Nyg)2, (Nap)"' ® (Na2)™2 @ (Naz)™)

~ /(({0.6,0.7}, {0.3}, {0.1})°%%* ® ({0.3}, {0.7}, {0.8, 1})**** ® ({0, 0.2}, {0.8}, {0.9})*413),
1\ (({0.8,1}, {0.2}, {0})°3%* ® ({0.6, 0.7}, {0.2, 0.3}, {0.1})°222 ® ({0.5, 0.8}, {0.2}, {0.3})0413)

= {({0.00, 0.3595}, {0.6410}, {0.7112, 1}), ({0.6246, 0.8484}, {0.2, 0.2228}, {0.1491})).

Step 4: Compute score and accuracy metrics. Using Eqgs. (11) and (12), we calculate each alternative’s score
(s) and accuracy (a) functions for the aggregated MVRNNSs:

s(A1) =0.7249, s(Ay) = 0.4530, s(A3) =0.7982, s(A4)=0.3017.

Step 5: Rank alternatives. The alternatives are ranked based on their scores in descending order as follows:
Asg > A1 > Ay > Ay4.
Therefore, A3z (Multi-Speciality Hospital) is identified as the best choice.

Results and discussion

The ranking results of four hospitals (A; to A4), using MVRNNs-based methods are presented. Table 3 shows
the scores and ranks for each method.

The Multi-Speciality Hospital consistently attains the highest ranking across all methods, followed by private,
government, and charity hospitals. The consistent results show the method’s effectiveness and stability under
uncertainty. The rankings are presented in Fig. 2, a bar chart created using MATLAB.

Table 3. The ranking results of four MCDM approaches.
Alternative  Method 1 Rank Method2 Rank Method3 Rank Method 4 Rank

Aq 0.7940 II 0.8402 II 0.6814 II 0.7249 1I
Ag 0.6581 III 0.5958 III 0.5020 I 0.4530 111
Az 0.9468 I 0.9426 I 0.8065 I 0.7982 I

Ay 0.4274 v 0.5470 v 0.0847 v 0.3017 v

Discussion on ranking consistency

All four aggregation operators (MVRNAMO, WMVRNAMO, MVRNGMO, WMVRNGMO) produce the same
ranking:

A3>A1 >A2>A4.

This consistency is due to the strong performance of the Multi-Speciality Hospital (A3) across all criteria,
making the results robust to different aggregation methods. Although weighted operators use Shapley-based
weights, they don’t change the final ranking in this case. This shows that when performance differences are
large, results remain stable, while in closer cases, the choice of operator and weights may influence the ranking.

Software used for calculations
All numerical computations, from MVRNN aggregation to score and accuracy calculations, and the final

ranking, were performed using MATLAB. This software offered a robust platform for executing intricate
mathematical operations and confirming the outcomes.
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Fig. 2. MATLAB-generated bar chart showing the rankings of the hospital alternatives.

Comparative analysis

To rigorously validate the effectiveness and robustness of our proposed MVRNN-based aggregation operators,
we conduct a comprehensive comparative analysis with several prominent MCDM methods from the existing
literature. Specifically, we compare our framework against:

1. An Aczel-Alsina aggregation-based outranking method for single-valued neutrosophic numbers (SVNNs)
by Senapati et al.,” including SVNAAWA, SVNAAOWA, and SVNAAHA operators.

2. Single-Valued Neutrosophic Dombi Weighted Averaging Aggregation Operators (SVNDWAA and SVND-
WGA) by Chen and Ye.'*

3. Dual Generalized Single-Valued Neutrosophic Bonferroni Mean (DGSNNWBM) and Dual Hesitant Single-
Valued Neutrosophic Weighted Geometric Bonferroni Mean (DHSVNNWGBM) Operators by Wang et al. °®

4. Neutrosophic Hesitant Fuzzy Heronian Mean Aggregation Operators (NHFIGWHM and NHFIGGWHM) by
Liu and Zhang.>®

Data transformation and method application

To facilitate direct comparison, our initial MVRNN decision matrix Table 2 is transformed into formats
compatible with each comparative method. The transformation process is as follows:

1. MVRNN to MVNN Conversion: First, the MVRNNs are converted into MVNNs using the accumulated
geometric operator as proposed by Martina DJ, Deepa G.? This involves combining the lower and upper
approximations of each MVRNN element into a single set of multi-values.
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2. MVNN to SVNN Conversion: For Senapati’s,®” Chen and Ye’s,'* and Wang et al.’s>® methods (all of which
operate on SVNNSs), these MVNNs are further converted into SVNNs by taking the mean of their multi-
values within each truth, indeterminacy, and falsity component.

3. MVNN to Neutrosophic Hesitant Fuzzy Set (NHFS) Conversion: For Liu and Zhang’s®® methods, these
MVNNSs are converted into NHFSs.

The criteria weights (w; = 0.364, wo = 0.223, w3 = 0.413) derived from the Shapley fuzzy measure are
consistently applied where applicable.

Compatrative ranking results

The final scores and ranking of alternatives obtained from applying the comparative methods, alongside our
proposed MVRNN-based framework, are summarized in Table 4.

Table 4. Comparative ranking results of proposed and existing methods.

Method Ay Ay As Ay Ranking

SVNAAWA Operator*’ 0.8159 0.7615 0.8746 0.7298 A3 > A1 > Ay > Ay
SVNAAOWA Operator °” 0.7588 0.7120 0.8725 0.6609 Az > A1 > Ay > Ay
SVNDWAA Operator 4 0.8243 0.7765 0.9008 0.7556 A3 > A1 > Ay > Ay
SVNDWGA Operator '# 0.7642 0.6971 0.8093 0.5401 Az > A1 > Ay > Ay
DGSVNNWBM Operator °8 0.7653 0.7039 0.8112 0.6015 Az > A; > Ay > Ay
DGSVNNWGBM Operator 8 0.8020 0.7492 0.8364 0.6773 Az > A1 > Ay > Ay
NHFIGWHM Operator >° 0.8175 0.7522 0.8682 0.7257 As > Ay > Aoy > Ay
NHFIGGWHM Operator >° 0.6988 0.6707 0.7565 0.6353 Az > A1 > Ay > Ay

(WMVRNAMO) Proposed Operator  0.8402 0.5958 0.9426 0.5470 Az > A; > Ay > Ay
(WMVRNGMO) Proposed Operator  0.7249  0.4530 0.7982 0.3017 Az > A; > Ay > Ay

Discussion

The comparative analysis reveals a remarkable consistency in the final ranking of alternatives across all
investigated methods, both our proposed MVRNN-based framework and the four prominent existing approaches
(Senapati’s SVNAAWA,>” Chen and Ye’s SVNDWAA, ' Wang et al.’s DGSNNWBM,>® and Liu and Zhang’s
NHFIGWHM. *?) In every instance, Alternative As; (Multi-Speciality Hospital) consistently emerged as the
top-ranked choice, followed by A;, A,, and A,.

In spite of this consistency, the MVRN-based framework presents distinct benefits when modeling the intri-
cacies of real-world scenarios. Unlike SVNN-based methodologies, which tend to simplify expert assessments,
the proposed framework inherently accommodates multi-valued information, rough approximations, and the
complete range of truth, indeterminacy, and falsity. The MVRNN structure, by directly incorporating multiple,
potentially conflicting expert evaluations, facilitates a more detailed and realistic evaluation. Although the
ultimate ranking remained unchanged in this instance, the framework offers a comprehensive and theoretically
sound approach, adept at managing vagueness and uncertainty while yielding more profound insights into the
decision-making process.

Conclusion

This paper proposes a new MCDM framework based on MVRNNs to handle decision-making problems
with uncertainty, vagueness, and inconsistency. Four new aggregation operators (MVRNAMO, WMVRNAMO,
MVRNGMO, WMVRNGMO) are introduced with proven properties such as idempotency, boundedness, and
monotonicity. The Shapley fuzzy measure is used for effective criteria weighting, and new score and accuracy
functions are defined for ranking alternatives. A hospital selection case study demonstrates the effectiveness
of the model, where the Multi-Speciality Hospital consistently ranks as the best alternative, confirming the
stability and reliability of the proposed approach.

Advantages, limitations, and future work

The proposed framework effectively handles different types of uncertainty, such as vagueness, indeterminacy,
and rough information, while providing flexible and consistent rankings through various aggregation operators.
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The use of Shapley fuzzy measures enhances the accurate evaluation of the importance of criteria. However,
the framework may face challenges with large datasets and situations involving highly conflicting expert
opinions. Future work can focus on improving computational efficiency, applying the method to diverse
real-world problems such as energy, engineering, and environmental management, and developing automated
and real-time decision-making tools.
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Appendix A. List of abbreviations

+ MCDM: Multi-Criteria Decision-Making

+ MVRNNSs: Multi-Valued Rough Neutrosophic Numbers

+ MVRNAMO: Multi-Valued Rough Neutrosophic Arithmetic Mean Operator

+ WMVRNAMO: Weighted Multi-Valued Rough Neutrosophic Arithmetic Mean Operator

« MVRNGMO: Multi-Valued Rough Neutrosophic Geometric Mean Operator

« WMVRNGMO: Weighted Multi-Valued Rough Neutrosophic Geometric Mean Operator

* Apvry: Multi-Valued Rough Neutrosophic Arithmetic Mean Operator (in equations)

* Afyry: Weighted Multi-Valued Rough Neutrosophic Arithmetic Mean Operator (in equations)
* Gumvgrn: Multi-Valued Rough Neutrosophic Geometric Mean Operator (in equations)

* GYjyry: Weighted Multi-Valued Rough Neutrosophic Geometric Mean Operator (in equations)
« HCNS: Hesitant Complex Neutrosophic Sets

+ NS: Neutrosophic Set

* SVNNs: Single-Valued Neutrosophic Numbers

« IVNNSs: Interval-valued Neutrosophic Numbers

« MVNNSs: Multi-valued Neutrosophic Numbers

« MVRNNSs: Multi-valued Rough Neutrosophic Numbers
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