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ABSTRACT

A database management system (DBMS) is a piece of software that makes it
easier to create, organize, store, retrieve, and manage structured data. It
functions as a central system for effectively managing data storage and
access, ensuring data integrity and security, and offering tools for querying
and reporting. Because of its multi-criteria nature, choosing an optimal
DBMS is a multi-attribute decision-making (MADM) dilemma. Thus, in this
script, we devise some elementary operations and interpret probability AOs
within the cartesian form of complex fuzzy set (CFS) such as probability
complex fuzzy weighted averaging (P-CFWA), probability complex fuzzy
ordered weighted averaging (P-CFOWA), immediate P-CFOWA (IP-
CFOWA), probability complex fuzzy weighted geometric (P-CFWG),
probability complex fuzzy ordered weighted geometric (P-CFOWG),
immediate P-CFOWG (IP-CFOWG) operators. Further, we devise a

technique of MADM within the structure of CFS to tackle complicated and
awkward genuine life MADM dilemmas that contain extra fuzzy
information. After that, in this article, we investigate a numerical example
“selection of the optimal database management system” to cope with a
MADM dilemma within CFS. In the last of this article, we compare the
invented theory with certain other prevailing theories to reveal supremacy
and dominance.
Keywords: Database management system; probability
averaging/geometric aggregation operators; complex fuzzy set; MADM

approach.

1 | INTRODUCTION

A DBMS is a piece of software that enables the systematic and effective generation, maintenance,
organization, and retrieval of data. It acts as a link between the users and the data storage itself by providing
an abstraction layer that allows users and programmers to interact with the data without having to be aware
of the underlying technical details. DBMS can be beneficial in many ways where users can store, update,
design, and retrieve data. By using DBMS, users can perform complex searches and protect the integrity
and security of data. The significance of a DBMS is its capacity to produce a structured and centralized
approach to data management. Data has become a crucial resource for individuals, businesses, and

companies in the digital era. To ensure data integrity, DBMS imposes referential integrity conditions,
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standards for the coherence of data, and verification standards. DBMS provides a shield while managing
data manually against errors and differences that might take place. In addition, simultaneous access by
multiple users and applications is a characteristic of a well-designed DBMS which makes sure that the data
will remain consistent and accessible in case of huge demand. Ogli [1] investigated the difference between
the concept of DBSM and database. Fichte et al.[2] devised DBMS and treewidth for counting. Huang et
al.[3] analyzed probabilistic DBMS.

DBMSs provide a substantial contribution to data privacy and security. They offer tools for access
control, enabling administrators to specify which data pieces may be accessed by which people. This
restricted access stops unauthorized people from altering or obtaining sensitive data. To ensure that data
can be restored to a prior state in the event of unintentional data loss or system failure, DBMSs frequently
provide backup and recovery procedures. Business-wise, DBMSs provide improved decision-making skills.
They allow for the storing of enormous volumes of historical and real-time data, which can then be
examined to glean insightful information. DBMSs provide reporting, data analysis, and business
intelligence by enabling complicated queries and aggregations. This enables firms to make defensible
decisions based on accurate and current information. Fry and Sibley [4] discussed the evolution of DBMSs.
Selinger et al. [5] interpreted an access path selection in a relational DBMS. Pavlo et al. [6] devised self-
driving DBMS.

In circumstances when category or membership boundaries are ambiguous, classical set theory, which
deals with definite, well-defined differences between components, is frequently insufficient. The Zadeh [7]
theory's fuzzy set (FS) comes into play in this situation. To cope with uncertainty, ambiguity, and
imprecision in diverse fields, the theory of FS offers a more practical and flexible framework. Decision
experts may use it to integrate a human-like knowledge of uncertainty into their procedures, resulting in
more informed and reliable judgments. Each element within the structure of FS has a degree of support that
placed in [0, 1]. Gholamizadeh et al. [8] discussed the applications and contributions of FS theory. Stefanakis
and Sellis [9] diagnosed DBMS for GIS with FS approaches. The fuzziness in DBMSs was discussed by
Kacprzyk et al. [10]. Touzi and Hassine [11] interpreted the architecture of fuzzy DBMSs. A complex fuzzy
set (CFS) invented by Ramot et al. [12] is a kind of mathematical structure that modifies the notion of FS by
allowing elements to have a degree of support in the unit disc of the complex plane rather than [0, 1]. Within
the structure of CFS invented by Ramot et al. [12] the elements have the degrees of support in polar form.
In 2011, Tamir et al. [13] discussed a novel interpretation of the degree of support within the structure of
CFS by transforming the range of CFS from unit circle to unit square of a complex plane. The degree of
support of each element within the structure of CFS devised by Tamir et al. [13] is in the cartesian form. In
several areas, such as decision-making (DM), pattern recognition, artificial intelligence, and control systems,

CFS may be utilized to simulate increasingly complex interactions and uncertainties. It's important to keep
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in mind that compared to FS, working with CFS can involve more complex mathematics and computation,
and applying them may call for a thorough grasp of fuzzy logic and related ideas. Sobhi and Dick [14]
presented an investigation of CFS for large learning. Bi et al. [15] devised entropy measures for CFS and
Lugman et al. [16] diagnosed hypergraph for CFS. Imtiaz et al. [17] discussed CF morphisms.

In data analysis and database administration, aggregate operators (AOs) are mathematical functions
that integrate and summarize various data values into a single output. In processes like producing reports,
summarizing information, and extracting valuable data from huge databases, aggregation is crucial. It
simplifies complicated data into relevant metrics that may be used for analysis and DM. Thus, various
scholars developed numerous AOs such as Bi et al. [18] diagnosed arithmetic AOs for CFS, Bi et al. [19]
interpreted geometric AOs for CFS, and Hu et al. [20] devised power AOs for CFS. Liaqat et al. [21] devised
Aczel-Alsina AOs under the setting of an interval-valued complex single-valued neutrosophic set. Ozer [22]
discussed prioritized AOs for complex picture FS by employing Hamacher t-norm and t-conorm.

A notion of probabilistic information dominates the inquiry to manage the subjective and objective
information more evidently. Thus, Merigo et al. [23], [24] devised the theory of probability into the AOs to
handle the probabilistic information in DM dilemmas. Yager et al. [25] discussed immediate probabilities
and Engemann et al. [26] invented a DM approach employing immediate probabilities. Probability
intuitionistic fuzzy AOs were diagnosed by Sirbiladze and Sikharulidze [27]. Garg [28] devised immediate
probabilities under the setting of Pythagorean FS. Further, in the prevailing literature, we observed that
there are a few AOs within the structure of CFS that cope merely with the complex fuzzy (CF) information
in polar form and there is no operator in the cartesian structure of CFS in the literature. Moreover, for
tackling genuine life dilemmas, probabilistic information with uncertainty and ambiguity plays a critical
role. Therefore, there is a requirement to construct some AOs which can cope with probabilistic information,
while aggregating the given CF information. Motivated by the requirement of AOs in the setting of CFS and
the need for AOs that can handle the probabilistic information, in this article, we devise probabilistic AOs
in the setting of CFS. These operators are P-CFWA, P-CFOWA, IP-CFOWA, P-CFWG, P-CFOWG, and IP-
CFOWG. We also devise the elementary operation for CFS and discuss the proposition of the invented
operators. Additionally, in this script, we demonstrate a technique of MADM dilemma and then we
investigate a MADM dilemma “Selection of the optimal database management system”.

The other article is constructed as: In section 2, we investigate the theory of FS, CFS, and its operations.
In section 3, we inaugurate fundamental operations, score, and accuracy functions under CF information.
We also inaugurate the average and geometric AOs under the CF setting based on probability. In Section 4,
we devise an approach of MADM within CFS and explain a numerical example “selection of optimal
database management system”. The comparative study of the proposed theory is also part of Section 4. In

Section 5, the conclusion of this article is interpreted.
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2 | PRELIAMINARIES
In this part, we investigate the theory of FS, CFS, and its operations.
Definition 1: [7] The below given model
Crs = {(& MCFS({))) | £ € L}
Interprets the model of FS, where ¢ .. (£) is demonstrated as the degree of support placed in [0, 1].

Definition 2: [13] The below-given model.
Cers = {(£ beces (D)) 1€ € £} = {(€.1,0s (D) + 11t (D) | £ € £}

Interprets the model of CFS, where ¢, (£) = (,ugcp SO+ Lub crs ({’)) is demonstrated as the degree of
support placed in a unit square of a complex plane and ug_. (), ut.(£) € [0,1]. Cers = (peps) =
(ug.. + 1) would be revealed as CF number (CFN)

Definition 3: [13] For two CFSs Cpps_q = {({’, ﬂcCFs_l(f’)) | ¢ € [,} = {(e, e o (D) +1 ugm_l(f)) |¢€ ,c}
and Ceps_y = {(&“Ccps-z ({’)) | £ € L} = {(f, ugm_z )+ uécps_z(f)) | ¢ € L}, we have
Cers) = {(61 = e, (O +1 (1= tih,p () 12 € £}

emax (e, (0,1, (0)

, , |2 €L
+t max (‘ucCFS—l (), Hecrs—z ({J))

Ccrs—1 Y Ceps—2 =

'g, min (MgCFS—l (‘g)y I’lgcps_z (‘g))

_ ) , |2 €L
+t min ('uccps—1 (), Heeps—, (f))

Ccrs—1 N Ceps—2 =

3 | PROBABILISTIC AOS FOR COMPLEX FUZZY INFORMATION
Here, we inaugurate the average and geometric AOs under the CF setting based on probability. These
AOs are P-CFWA, P-CFOWA, IP-CFOWA, P-CFWG, P-CFOWG, and IP-CFOWG operators. But first, we
need to develop fundamental operations, score, and accuracy functions under CF information.
Definition 4: For CFNs, Cers—1 = (Hegps ,) = (M8 ps_, + L HEps.,) and Cops—z = (Hegps_,) = (Mo ps, +
Luk or S_Z) and w = 0, then
Cers—1 @ Cers—z = (BB pg_, + BBips_y = MBops Mooy + 1 (B + Bogps, = Hreps Hbors )
Ccrs-1 & Cceps—2 = (H§CFS_1H§CFS_2 + lHéCFS—PuéCFS—Z)
@wCeps—1 = (1 - (1 - lu'gCFS—l)w 1 (1 - (1 - ﬂéCFS—l)w))
C8rs-1 = (1Ers-r)” + 1t (lers_)”)
Definition 5: For a CEN Ccps = (”Ccps) = (ugcm +1 uéCFs) the score and accuracy functions are devised as
$(Cers) = oy = Blory S8(Cers) € [-1,1] €y
H(Ccrs) = chps + #éc,.-s' ‘H(Ccrs) € [0,1] (2)

From Eq. (1) and (2), we have
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If $(Cers—1) < S(Cers—2) then Ceps_1 < Cers—s
If $(Cers—1) > S(Cers—2) then Ceps_1 > Cepss
If $(Crps_1) = S(Ceps_s) then we have
If 'H(Ccps-1) < H(Ccps-2) then Ceps—1 < Ceps—z
If 'H(Ccrs-1) > H(Ccrs-2) then Ceps—1 > Ceps—
If 'H(Ccrs-1) = H(Ccrps-2) then Ceps—1 = Ceps—
3.1 | PROBABILITY CF AVERAGING OPERATOR
In this subsection, we will devise P-CFWA, IP-CFOWA, and P-CFOWA operators and will interpret
related propositions.
Definition 6: For the group of CFNs C¢rs_, = ('“Ccps-u) = (ugm_w + "“écm—u)' v=1,2,..,y, the P-CFWA

operator is devised as

o

y
P — CFWA(C¢ps-1,Ccrs—2» "-'CCFS—Y) = & EfPW—l_XCCFS—l_r
v=1

Where Epy_y = EBpg_y + (1 — )Wy, with & € [0,1] would be a weight vector that combines the
weight Wy = (Qw-1, Qw-2, ., Dw—y) with 0 < @y_, < 1, Zﬁzl Ww-y =1 and probabilities Bpg_, > 0
with ZZ:l Bpg-y = 1in the one formula.

Theorem 1: The aggregated outcome of a group of CFNs Ccrs_, = (‘“C’cps-u) = (u’gm_u +1 uécps_u), w =

1,2, ..., ¥, by utilizing the P-CFWA operator is a CEN that is

y y
]’W w ?W—l_r
P — CEWA(Ceps-1,Cors2 - Cers-s) = | 1= | [ (1= 1ipe.,) 1= (1= ) ®)
u=1 u=1

Proof: This proof will take place by mathematical induction. Let y = 2. From Def (4), we have
Epw-1Ccrs-1 = (1 - (1 - 'ugcpsa):‘?w_l 1t (1 - (1 - 'ué’ch 1 “?’W ' )
Epw-2Ccps—2 = (1 (1=, ,) "+ (1 — (1= pbpps,) )7 2 )

Now,

P — CFWA(Ccrs-1,Cers-2) = Epw-1Ccrs-1 © Epw—2Ccrs-2
= (1 -(1- H§CFS—1)HPW_1 ti (1 -(1- Hécps—JH?W_l))

® (1 — (=) 4 (1-(1- uécps_z)s?w_z»

2

2
Epw-y Epw-y
1_[ 1- ‘uccps u' tel1- 1_[ (1 - 'uéctrs—u)
uw=1

w=1

Let Eq. (3) is valid for y = °F. Then
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°F °F
P — CFWA(C¢ps-1,Ceps—2) - Cers—p) = | 1 — 1_[ (1 - nuchs—l.r)

Epw-y 4+ 1-— 1_[ (1 B ‘ué’czvs—t.r)syw_kr

w=1 u=1

Next, we have to reveal that Eq. (3) is valid for § = °F + 1. Then,

P — CFWA(C¢rs-1,Ccrs—2s -+ Ccrs—cp+1) = P — CFWA(C¢rs—1,Ccrs—2s -+ Cors—or) D Ccps—cp+1

= E ki Epw—
=|1- 1_[ (1 - u({SCFS_U)“W | 1- 1_[ (1 - uéCFs_u) -

w=1 w=1
® (1 B (1 o #gCI'?:>‘—°1<‘+1)S?W_OFJr1 ti (1 - (1 - HéCFs—°F+1)EPW_OF+1)>
41 ~ 41 _

SPW-yw Epw—y
=\1- 1_[ (1 N 'ugcz-'s—u) tul1- l_[ (1 - .ué’c,.-s_u)

u=1 w=1

= P — CFWA(C¢rs-1,Ccrs—2 -+ Ccrs—or: Ccrs—oF+1)
= Eq. (3) is valid for § = °F + 1. This implies that Eq. (3) is valid for all positive integers.
Proposition 1: (idempotency) For the group of CFNs Ccps_y = ('“C’cps-u) = (ugcn_u +1 MéCFS—u)’ v =
1,2,..,¥, ifforall v, Ccrs—y = Ccrs, then
pP— CFWA(CCFS—L Ccrs—2) - cCFS—}"/) = CCFS—L}'
Proof: From Theorem (1), we have

y ~ y -
P— CFWA(CCFS—D Cers—25 - CCFS—}"/) =|11- 1_[ (1 - “gcm_u)ww—u +u| 1- 1_[ (1 - #écps—u) o

w=1 u=1

As CCFS—L_I’ = Ccps, then
y y
P - CFWA(CCFS—p Cers—2s - CCFS—ﬁ) ={1- 1_[(1 - chm)upw—u +o|1- 1_[(1 - MéCFS)H?W_u
u=1 w=1

= ()™ 57 () = (g + )
Where ¥ Sy = Xy (§Bppoy + (1 = OWwy) = X0, Bppy + A= DT Oy =E+1 -
&E=1.
Proposition 2: (Monotonicity) For two groups of CFNs Ccps_y = (”CCFs—u) = (pthFS_L_r 'Hﬂécm—u)' and

* R 1 o . R R 1 1
= * = * * = < * < *
Cers—y (uccps_u) (“ecps_u + ‘”em_u)f w=12,...5 it fecps , S Hegps o Hecps—, < Heges., then

P — CFWA(Ccrs—1,Ccrs—2, - Cers—y) < P — CFWA(Ctrs_1, Cors—2, - Cops—g)
Proof: As
R R
Hecps_y SH ClFs—uw

R R
=1- Hecps—y >1- “C’Eps—u
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u’=1
y y
-1 1_[(1 _ ’ugCFS u?w < q 1_[ _ #CCFS --Pw—t.r
u=1 =
Similarly,
¥
1— 1_[(1 :uCCFS u?w v < q 1_[ 1 #CCFS --PW "
u=1
This implies that

P— CFWA(CCFS—IJCCFS—Zl CCFS—}"/) sP- CFWA(CEFS—IJCEFS—Z' "'CEFS—)"I)

Proposition 3: (boundedness) For the group of CFNs Ccps_ = (“C’cps—u) = (‘u'g(JFS—Lr-l_LMéCFS—u')’ v =

1,2,..,¥,if Cops = (ml;n {ugcm_u} +1 muin {y’c”s_u}) and Clps = (ml?x {ugcm_u} + 1 max {MéCFs—u})’ then

Cips < P — CFWA(Ceps-1,Ccps—2, - Cers—y) < Clrs

Proof: This can be proved by employing Propositions (1) and (2)
Definition 7: For the group of CFNs Ccrs_ = (“Ccps—u) = (u{?ﬂrs_l_r + t#éCFS—l_r)' v=12..,¥, the -CFOWA
operator is devised as

y
pP— CFOWA(CCFS—LCCFS—Z' ""CCFS—Y) = & EPW—QCCFS—IIJ(Q‘)
=1

Where Epyy_ = Bpp_y + (1 — )Wy, with & € [0,1] would be a weight vector that combines the
weight Wy = (Qw-1, Ow—2, ., Dw—y) with 0 < @y, < 1, Zfr:l @Ww-y =1 and probabilities Bpg_, > 0
with Z};zl%?g_u = 1 in the one formula. Further, (11)(1),11)(2), ...,1/1()"1)) is signified as a permutation of
(1,2,..,y) such that forw = 2,3, ...,y Y(w — 1) = Y (w).
Theorem 2: The aggregated outcome of a group of CFNs Ccrs_,, = (“Ccps—u) = (ugcn_*r +1 uéCFs_u), w =
1,2,...,¥, by utilizing the P-CFOWA operator is a CFN that is

P — CFOWA(C¢rs—1,Ccrs-2, - Cers—g)

y

y D Epw—u
B 1_[ (1 - “gcps—ww)) (- 1_[ (1 B “éCFS—wm)) o
w=1

w=1

Proof: Omitted.
The notion of immediate probability is employed for adding the decision expert’s attitude in a
probabilistic DM dilemma. The rationale for doing so is that since probabilistic information is objective but
unreliable, it cannot be based on anticipated outcomes. To get this in this article, we invent immediate

probability CF-weighted AOs.
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Definition 8: For the group of CFNs C¢ps_, = (‘uCCFS—u') = (ugcps_u + tuéCFs_u), v=12,..,7¥ the P-CFWA

operator is devised as
y
IP — CFOWA(CCFS—L CCFS—Z» iy CCFS—Y) = & XJP—uCCFS—w(l_r)
v=1

Where Xyp_,, = _OwBriv i dentified as TP provided to CFN, ) = ((1)W_1, Ww—2, ) (x)w_}o,) with

3 Wy Bppoy
0<Ww-y=1, Zf}:l Ww-_y = 1is the linked weight, Bpg_, > 0 with Zf;:l Bpp_y = 1 is linked probability.
Further, (1/)(1),1/)(2), ...,1/)(}"/)) is signified as a permutation of (1,2,..,¥) such that for w=2,3,..,y
Y —1) =ypw).
Theorem 3: The aggregated outcome of a group of CFNs C¢ps_y = (uecps_w) = (“gcm-u +1 yéCFS_u), v =
1,2, ..., ¥, by utilizing I>-CFOWA operator is a CFN that is
y

y
1—[ Xgp—y Xgp—y
IP - CFOWA(Ccps_l, Ccps_z, CCFS—}D/) = 1 - (1 - #gCFS—IIJ(L_l‘)) +1 1 - (1 - ‘LléCFS—Ip(U‘))
=1

w=1 w
Proof: Omitted.
Proposition 4: (idempotency) For the group of CFNs Ccps—_y = (‘“C’cps-u) = (ug A s or s—u)’ v =
1,2,..,y, ifforall v, Ccps— = Ccrs, then
IP — CFOWA(Ccrs-1, Ccrs—2, - CCFS—}"/) = Ccrs—y
Proposition 5: (Monotonicity) For two groups of CENs Ccps_y = (“Ccps—u) = (ugcm_h‘r _H“écm—u)' and
Cers—y = (‘“CEFS—u) - ('“géps-u + l”ééps—u)’ w=12..yi “gcm—u = “géps—u’ H éCFS—».r = MéEFS—l_r’ then

IP — CFOWA(Ccps-1,Cers—2, - Ccrs—y) < IP — CFOWA(C¢ps_1, Corps—2, - Cips—g)

Proposition 6: (boundedness) For the group of CFNs Ccps—_, = (“Ccps—u) = (”gcps—u+L“éCFs—u)’ v =

1,2,..,9, if Cops = (mgn {ugm_u} +1 lein {'uéCFS—t,r}> and Clrg = (mé,lx {ugm_u} + ¢ max {“écn—u})' then
Cops < IP — CFOWA(Cips—1,Cers—2, - Cers—y) < Cdrs
3.21 PROBABILISTIC GEOMETRIC AOS FOR CENS
In this subsection, we will devise P-CFWG, IP-CFOWG, and P-CFOWG operators and will interpret

related propositions.
Definition 9: For the group of CFNs C¢rs_, = ('“Ccps—u) = (MECFS_W + L'uéCFS—u')’ v=1,2,..,y the P-CFWG

operator is devised as

y .
P — CFWG(Ccrs—1,Ccrs—2s > C(:FS—\?) = ® (CCFS—L_X) e
r=1
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Where Epyy_y = {Bpp_y + (1 — )Wy, with & € [0,1] would be a weight vector that combines the
weight Wy = (Ww-1, Ww—2, .., Dw—g) With 0 < Wyy_y <1, XV Wy, = 1 and probabilities Bpz_, > 0
with Zf;:l Bpg_y = 1in the one formula.

Theorem 4: The aggregated outcome of a group of CFNs Ccrs_, = (/‘Ccys-u) = (MIC_\’CFS—L.\' +1 yéCFS_u), v =

1,2, ..., ¥, by utilizing the P-CFWG operator is a CFN that is
y ~ y ~
SPW -y SPW—y
P— CFWG(CCFS—D Cers—2) - CCFS—}"/) = 1_[ (.“gcps_u) +1 1_[ (.“écps_u) 4
1

w=1 u=

Proof: This proof will take place by mathematical induction. Let § = 2. From Def (4), we have
(CCFS—l)EfPW_1 = ((M§CFS_1):'PW_1 +1 (‘u'ICcps_l):‘Pw_l)

(Cops_p)ZPw-2 = ((#gcps—z)‘:?w_z +1 (,uécps_z)&yw'z)
Now,
P — CFWG(Ccrs-1,Ccrs—2) = (Cers-1)*W1 @ (Ceps—2) W2

= (s )™+ 1 () ) © (o) ™7 ¢ (b))

2 2

R _.gaw w HiPW—u
- ('uccz-"s v T #Ccps u

w=1 u=1

Let Eq. (4) is valid for y = °F. Then

°F °F
-PW—L,r I Epw-u
P — CFWG(Ccrs-1,Cers—2, - Ceps—r) = l_[ HEps. u +1 H(Mecps_g)
w=1

w=1

Next, we have to reveal that Eq. (4) is valid for § = °F + 1. Then,

P — CFWG(Ccrs—1,Ccrs—2» - Cops—op+1) = P — CFWG(Ccrs—1,Ccrs—2s -+ Cops—or) @ Cops—opt1

°F °F
Epw—y Epw—y Epyy_o Epyy_o
— R i 1 : R SPW—F+1 1 SPW—F+1
- | | (MCCFs—u) T | | ('UCCFS—u) ® ((‘uCCFS—°F+1) T (‘UCCFS—°F+1) )
w=1 u=1
°F+1 _ °F+1 _
SPW—u SPW-vw
— R . 1 ;
- | | (‘ucCFS—L_r) t | | (HCCFS—L_r)
w=1 w=1

= P — CFWG(Ccrs-1,Cers—2, -+ Cers—o Cers—r+1)
= Eq. (4) is valid for y = °F + 1. This implies that Eq. (4) is valid for all positive integers.

Proposition 7: (idempotency) For the group of CFNs Ceps_y = ('uCCFS—u') = (,ug s TLHE S_u), =
1, 2, ey }OI, lf fOI‘ all w, CCFS—l_X’ = CCFSI then
pP— CFWG(CCFS—ll CCFS—Z' CCFS—S’/) = CCFS—LI’

Proposition 8: (Monotonicity) For two groups of CFNs Ccps—y = (:“Ccps—u) = (HECFS_W +L,uéCFS_u), and

* _ N _ R 1 _ o :r R R I 1
CCFS_L-" - (HCCFS—U') - (HCEFS—U’ + L'uc(f'FS—t_r)' v=12..y N 'uCCFS—L,r = 'uCEFS—t_r' 'uGCFS—l.r = 'uCZ'FS—\.l‘I then
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P — CFWG(C¢rs—1,Ccrs—2, - Cers—y) S P — CFWG(Céps_1, Clps—2» - Clrs—g)

Proposition 9: (boundedness) For the group of CFNs Cips_y = (u@CFS_u) = (ugcps_w+t,uécm_u), =

1,2,..,y,if Cops = (muin {,ugcm_u} +1 muin {,u’cCFS_“D and Clrg = (mc;ix {ugm_u} + ¢ max {uécm_u}), then

Cirs < P — CFWG(Ccps—1, Cops—2, - Cerps—y) < Clrs
Definition 10: For the group of CFNs Ceps_y = (u@CFS_u) = (u'gm_u +1 uécps_w), v=1,2,..,y, the P-
CFOWG operator is devised as

P — CFOWG(Ccps—1,Ccrs—2) -+ Cors—yv) = & (CCFS—w(Ly)):‘PW_u
=1

Where Epyy_y = {Bpp_y + (1 — )Wy, with & € [0,1] would be a weight vector that combines the
weight Wy = (Qw-1, Qw-2, ., Dw—y) with 0 < @y, < 1, Zﬁzl Ww-y =1 and probabilities Bpg_, > 0
with Zf’rzl%:pr_u, = 1 in the one formula. Further, (11)(1),11)(2), ...,l,b(j’/)) is signified as a permutation of
(1,2,...,y) such that forw = 2,3, ...,y (v — 1) = Y (w).

Theorem 5: The aggregated outcome of a group of CFNs Ccps_,, = (‘uCCFS—u’) = (/.thFS_l_r +1 yéCFs_u), v =

1,2,...,¥, by utilizing the P-CFOWG operator is a CFN that is

y y _
H?’W—l_r I SPW -y
P — CFOWG(Cers-1,Crs-2, - Cers-y) = 1_[ “C’cps w(u) i ﬂ (MCCFs—lp(L.r))
u=1

w=1
Proof: Omitted.
Definition 11: For the group of CFNs Ccps_y = (“C’cps—u) = (ugcps_u +L”écps—u)’ v=12,..,y, the IP-
CFOWG operator is devised as
IP — CFOWG(Ccrs—1,Ccrs—2s -+ CCFS—Y) = é 1(C'czrs—zp(gr))XW_L'r
w=

Where X;p_, = L e is identified as IP provided to CEN, (), = ((QW 1, Ww—o, - ,(l)w-y) with

Sher Ow-yBpp_y
0<®Ww_=<1, Zﬂzl ®w-y = 1is the linked weight, Bpz_, > 0 with Z?_X:l Bpp—y = 1is linked probability.
Further, (1/)(1),1,[)(2),...,1,[)(}"/)) is signified as a permutation of (1,2,..,¥) such that for v=2,3,..,y
Y -1 2 ypw).
Theorem 6: The aggregated outcome of a group of CFNs Ccrs_,, = (MC’CFS—\;) = (M}C?(:Fs—\_r +1 “é’cm—u)' w=

1,2,...,¥, by utilizing IP-CFOWG operator is a CFN that is

y y
Xw w Xj?—u
IP — CFOWG(CCFS 1 Cers—-2, - Ccrs— y) 1_[ llccps w(u) +1 1_[ #CCFS w(u)
u’=1 u'=1

Proof: Omitted.
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Proposition 10: (idempotency) For the group of CFNs Ccps_y = (‘uCCFS—u') = (ugcps_u + ok CFS_u), v =
1, 2, ey }o,, lf fOI‘ all w, CCFS—I:I’ = Ccps, then
IP — CFOWG(GCFS—L Cers—2, - CCFs—s’z) = Ccrs—y

Proposition 11: (Monotonicity) For two groups of CFNs Ccps—_ = (M€CFS—u') = (u@CFs_u + l”éCFS—u')’ and

* _ _ R 1 _ o - R R 1 1
Cers—y = (#CEFS—l.r) - (#Céps—u + lﬂcéps—u)’ w=12..53if Hers-y = Hetps y Hecrs-w = Hegps_y then
IP — CFOWG(Ccrs—1,Crs—20 -+ Ccrs—y) < IP — CFOWG(Clps—1, Cirs—20 - Cors—y)

Proposition 12: (boundedness) For the group of CFNs Ccps_y = (MCCFs—u) = (y@CFs_u +lHéCFS—u')’ v =

1,2,..,¥,if Cops = (mwin {“gcm-u} +tmin {yéms_u}) and Clps = (mjlx {ugcm_u} + ¢ max {Méa-‘s—u})’ then
Cips < IP — CFOWG(Ccps-1, Ccrs—2s -+ Cers—y) < Clrs

4 | APPROACH OF MADM WITHIN CF INFORMATION

Consider there are ¥ number of alternatives Pyg = {7’91(5—1: Pog—z, '7’?105—9} and Z number of attributes
Ryg = {Raz-1, Raz—2, ..., 2} on which the provided alternatives would be evaluated. Further, there is a
weight vector Wy = (Qw-1, Ow-2, ..., Ow—-;) with 0 < ®y_, <1, Zgﬂ Ww-y =1 for attributes
demonstrated by the decision expert by his/her choice. After that, the decision expert would give the
evaluation values of these alternatives keeping in mind the interpreted attributes in the model of CFNs
Cers—uy = ('“CCFS—W) = (,ugcps_w + l‘uICCFS—w)’ v=12,..,y, v=1,2,..,Z which will devise a CF decision
matrix D¢rs. Underneath are the steps for tackling such sort of MADM dilemmas

Step 1: In such sort of DM dilemmas, the attributes are of two kinds that are benefit kind or cost type.

Thus, the decision expert needs to standardize the CF decision matrix which will be done by employing the

underlying formula.

Dy (ugcm_w + lﬂéCFS—u'v) for beyefit type
Dcrs)” = - -
(1 - ygm_w +1 (1 - yéCFS_W)> for cost type

Ow—yBpp_y
Z€=1 @W—V%PB—V

Step 2: Compute Epyy_y = EBpp_y + (1 = ) Wyy_y and Xyp_, = by utilizing the interpreted

weight vector and probabilistic information.

Step 3: To aggregate every alternative, employ any of the invented operators (P-CFWA, P-CFOWA, IP-
CFOWA, P-CFWG, P-CFOWG, and IP-CFOWG).

Step 4: To get the optimal alternative, determine the score values of the aggregated outcomes.

Step 5: With the assistance of score values, rank the alternatives and determine the optimal one.

4.11 NUMERICAL EXAMPLE

The goal of this MADM issue is to choose the optimal database management system among given

database management systems Pyg_,, & = 1,2, 3,4 which is explained below.
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Pye-1: A reputable commercial DBMS with a reputation for excellent performance and scalability
capabilities. It does, however, cost more to obtain a license and its administration calls for specific
knowledge.

Pae—2: A DBMS that is open-source and has a good reputation for scalability and community support
is option B. Although it saves money, continual maintenance and optimization may take more work.

Pae-3: A DBMS that is cloud-native and focuses on automation and simplicity of use. Although it has
a pay-as-you-go price structure, there are issues with data security and management.

Pac-4: A new player that positions itself as a user-friendly and economical option. Its promises about
performance and scalability need to be verified, and there may be hazards involved with employing a less-
proven technology.

To make a selection of optimal database management system, the decision expert requires key attributes
Ryz-vv=1,2,3,4 which are discussed below

Rogz-1: Performance: Performance measures how quickly and effectively a DBMS can retrieve data,
perform queries, and carry out transactions. Faster response times and more system efficiency are indicated
by a higher performance score.

Rorz—»: Scalability: The DBMS's capacity to manage growing workloads, data quantities, and user needs
without compromising performance is measured. Greater flexibility to changing requirements is indicated
by a higher scalability score.

Ragz-3: Cost: The cost characteristic includes DBMS-related upfront and continuing expenditures such
as license fees, hardware requirements, maintenance fees, and support charges. Better cost-effectiveness is
indicated by a lower cost score.

Ragz-4: Ease of Use: This characteristic evaluates how user-friendly the DBMS is, including how simple
it is to install, configure, and manage. An easier-to-use system has a higher ease-of-use score.

Keep in mind the priorities of attributes the decision expert assigns weight (0.32,0.2,0.26,0.22) and
the probabilistic information of the decision expert is (0.1, 0.2,0.3,0.4). The decision expert evaluated the
performance of every DBMS across these attributes and interpreted the evaluation values in Table 1.

Table 1.

The evaluated values of each DBMS.

Rauz-1

Rauz—2

Rauz-3

Roz-a

Pac-1

(0.346 + 1 0.364)

(0.356 + 1 0.856)

(0.334+1:0.33)

(0.456 +1:0.633)

Pue—2

(0.23441:0.567)

(0.5744+10.567)

(0.673+410.563)

(0.634 4+ :0.745)

Poue-3

(0.686 + 1 0.254)

(0.364+1:0.674)

(0.3564+10.563)

(0.645+10.563)

Puc-4

(0.345+:0.785)

(0.2344+:0.976)

(0.463+:0.563)

(0.443 4+ :0.745)
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To handle this MADM, we have the underneath steps

Step 1: All attributes are benefit types, so we are skipping this step.

Step 2: Computed Epyy_, and Xyp_, v =1,2,3,4 as

Zp = (0.21,0.2,0.28,0.31) X;p = (0.13,0.17, 0.33,0.37)

Step 3: The aggregated values of each DBMS after employing P-CFWA, P-CFOWA, IP-CFOWA, P-

CFWG, P-CFOWG, and IP-CFOWG operators are displayed in Table 2.

Table 2.

The aggregate values of every DBMS.

Operators Pae-1 Pag-2 Poue-3 Poc-a
0.381

P-CFWA ( (0.573+10.632) (0.5414+:0.539) (0.392+1:0.822)
+10.596)
(0.379

P-CFOWA (0.537+10.626) (0.51+:0.554) (0.362+10.869)
+10.652)
(0.386

IP-CFOWA (0.514+:0.636) (0.4734+10.579) (0.342+10.892)
+10.691)
(0.375

P-CFWG (0.513+1:0.616) (0.493 +10.494) (0.375+4+10.735)
+10.499)
(0.374

P-CFOWG (0.462+1:0.611) (0.463+10.504) (0.342+4+10.775)
+10.543)
(0.381

IP-CFOWG +10.591) (0.435+1:0.619) (0.433+1:0.541) (0.324+:0.807)

Step 4: The score value of each DBMS is demonstrated in Table 3.

Table 3.
The score values of DBMSs.

Operators S(Pye-1) S(Pye-2) S(Puc-3) S(Puc-4)
P-CFWA —-0.21 —0.06 0.002 —0.43
P-CFOWA —0.27 —-0.09 —0.04 —-0.51
IP-CFOWA -0.3 —0.12 —-0.11 —0.55
P-CFWG —0.124 —0.103 —0.0004 —0.361
P-CFOWG —0.168 —0.149 —0.04 —0.433
IP-CFOWG —-0.21 —0.185 —0.107 —0.482

Step 5: With the assistance of score values, the ranking of various DBMS is portrayed in Table 4.

Table 4.

The ranking among considered DBMSs.

Operators Ranking
P-CFWA Pyg-3 > Puc-2 > Pac-1 > Puc-4
P'CFOWA :PQ[@_3 > :PQ[@_Z > ?Q[(g_l > ?916_4_
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IP-CFOWA Pucs > Puc_z > Puc_1 > Puss

P-CFWG Pag-3 > Pug-2 > Pauc-1 > Puc-4
P-CFOWG Puss > Puc_z > Puc_1 > Puss
IP-CFOWG Puss > Puc_z > Puc_1 > Puss

According to all the utilized operators in the MADM technique within CFS, the database management
system Py _3 is the optimal choice.

4.2 COMPARATIVE STUDY

To reveal the dominance and supremacy of the devised theory, here in this part of the article, we will
compare the devised theory with three prevailing theories which are given below.

The theory of arithmetic AOs for a polar form of CFS was established by Bi et al. [18].

The theory of geometric AOs for a polar form of CFS was devised by Bi et al. [19].

The theory of power AOs under the polar form of CF information was interpreted by Hu et al. [20].

Let us consider the information displayed in Table 1 and apply the devised operators as well as the AOs
invented by Bi et al. [18], Bi et al. [19], and Hu et al. [20]. The necessary result is displayed in Table 5.

Table 5.

The comparison among considered prevailing theories and invented theories.

Source S(Pauc-1) S(Puc-2) SPauc-3) S(Puc-4) Ranking
Bi et al. [18] KKK KKK KKK KKK KKK
Bi et al. [19] pZEe D7€e 974 KKK KKK pZEe D7¢e 374 KKK
Hu et al. [20] KKK p2ge D2¢a 974 KKK KKK p2ge D2¢a 974
P-CFWA —-0.21 —0.06 0.002 —0.43 Pag-3 > Pue-2 > Pac-1 > Pug-4
P-CFOWA —0.27 —0.09 —0.04 —0.51 Pac-3 > Poug—2 > Pac—1 > Pag-a
IP-CFOWA -0.3 —0.12 —-0.11 —0.55 Pac-3 > Poug—2 > Pac-1 > Pug-a
P-CFWG —0.124 —0.103 —0.0004 —0.361 Pag-3 > Pue-2 > Pac-1 > Pug-4
P-CFOWG —0.168 —0.149 —0.04 —0.433 Pac-3 > Pug—2 > Pac—1 > Pug-a
IP-CFOWG —-0.21 —0.185 —0.107 —0.482 Pag-3 > Pue-2 > Pac-1 > Pug-4

The Theories invented by Bi et al. [18], Bi et al. [19], and Hu et al. [20] are in the structure of CES but in
polar structure and not in a cartesian form. Thus, these prevailing theories fail to cope with the information
that contains extra fuzzy information in the form of an unreal part of the degree of support. More, there are
no AOs in the setting of CFS that can handle the information that is in the form of real and imaginary parts.
This shows how much the invented AOs and MADM techniques are necessary for coping with such sort of
information. The invented theory can also cope with fuzzy information by letting the unreal part equal to

zero in the degree of support.
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5 | CONCLUSION

The creation, organization, storage, retrieval, and administration of structured data are all made simpler
using a database management system (DBMS), a piece of software. In addition to providing tools for
querying and reporting, it serves as a central system for efficiently managing data storage and access.
Choosing the best DBMS is a MADM challenge due to its multi-criteria nature. As a result, in this script, we
developed some fundamental operations and diagnosed probability AOs within the cartesian form of the
CFS, including the P-CFWA, P-CFOWA, IP-CFOWA, and P-CFWG and IP-CFOWG operators.
Additionally, we developed a MADM method within the CFS framework to deal with challenging and
uncomfortable real-world MADM conundrums that involve additional fuzzy information (2nd dimension).
After that, we looked into a numerical example of "Selection of the Optimal Database Management System"
in this article to deal with a MADM conundrum in CFS. The created theory is compared to a few other
widely held theories at the end of this article to show which is more dominant and superior.

In the future, our goal is to investigate the notion of bipolar complex fuzzy sets [29], bipolar complex
fuzzy soft sets [30], [31] and complex hesitant fuzzy sets [32] and develop the devised AOs in these models.

REFERENCES

[11 R. A. R. Ogli, “THE DIFFERENCE BETWEEN THE CONCEPTS OF DATABASE AND DATABASE
MANAGEMENT SYSTEM,,” Archive of Conferences, pp. 33-34, Feb. 2022.

[2] J. K Fichte, M. Hecher, P. Thier, and S. Woltran, “Exploiting Database Management Systems and Treewidth for
Counting,” Theory and Practice of Logic Programming, vol. 22, no. 1, pp. 128-157, Jan. 2022, doi:
10.1017/5147106842100003X.

[3] J. Huang, L. Antova, C. Koch, and D. Olteanu, “MayBMS: a probabilistic database management system,” in
Proceedings of the 2009 ACM SIGMOD International Conference on Management of data, Providence Rhode Island
USA: ACM, Jun. 2009, pp. 1071-1074. doi: 10.1145/1559845.1559984.

[4] ].P.Fryand E. H. Sibley, “Evolution of Data-Base Management Systems,” ACM Comput. Surv., vol. 8, no. 1, pp.
7-42, Mar. 1976, doi: 10.1145/356662.356664.

[5] P. G. Selinger, M. M. Astrahan, D. D. Chamberlin, R. A. Lorie, and T. G. Price, “Access path selection in a
relational database management system,” in Proceedings of the 1979 ACM SIGMOD international conference on
Management of data - SIGMOD 79, Boston, Massachusetts: ACM Press, 1979, p. 23. doi: 10.1145/582095.582099.

[6] A.Pavlo et al., “Self-Driving Database Management Systems”.

[71 L. A.Zadeh, “Fuzzy sets,” Information and control, vol. 8, no. 3, pp. 338-353, 1965.

[8] K. Gholamizadeh, E. Zarei, M. Omidvar, and M. Yazdi, “Fuzzy Sets Theory and Human Reliability: Review,
Applications, and Contributions,” in Linguistic Methods Under Fuzzy Information in System Safety and Reliability
Analysis, M. Yazdi, Ed., in Studies in Fuzziness and Soft Computing, vol. 414. Cham: Springer International
Publishing, 2022, pp. 91-137. doi: 10.1007/978-3-030-93352-4_5.

[9] E.Stefanakis and T. Sellis, “Enhancing a database management system for GIS with fuzzy set methodologies,” in
Proceedings of the 19th International Cartographic Conference, Ottawa, Canada, 1999.

[10] J. Kacprzyk, S. Zadrozny, and G. De Tré, “Fuzziness in database management systems: Half a century of
developments and future prospects,” Fuzzy Sets and Systems, vol. 281, pp. 300-307, Dec. 2015, doi:
10.1016/j.fs5.2015.06.011.

[11] A. G. Touzi and M. A. B. Hassine, “New architecture of fuzzy database management systems.,” Int. Arab ]. Inf.
Technol., vol. 6, no. 3, pp. 213-220, 2009.

[12] D.Ramot, R. Milo, M. Friedman, and A. Kandel, “Complex fuzzy sets,” IEEE Trans. Fuzzy Syst., vol. 10, no. 2, pp.
171-186, Apr. 2002, doi: 10.1109/91.9951109.

[13] D.E. Tamir, L. Jin, and A. Kandel, “A new interpretation of complex membership grade,” Int. |. Intell. Syst., vol.
26, no. 4, pp. 285-312, Apr. 2011, doi: 10.1002/int.20454.

[14] S. Sobhi and S. Dick, “An investigation of complex fuzzy sets for large-scale learning,” Fuzzy Sets and Systems,
vol. 471, p. 108660, Nov. 2023, doi: 10.1016/;.fss.2023.108660.



[15]
[16]
(17]
(18]
[19]
[20]

(21]

[22]

[23]
[24]
[25]

[26]

[27]

(28]
[29]
(30]

(31]

(32]

Acaderlieians-Gate s

L. Bi, Z. Zeng, B. Hu, and S. Dai, “Two Classes of Entropy Measures for Complex Fuzzy Sets,” Mathematics, vol.
7,no. 1, p. 96, Jan. 2019, doi: 10.3390/math7010096.

A. Lugman, M. Akram, A. N. Al-Kenani, and J. C. R. Alcantud, “A Study on Hypergraph Representations of
Complex Fuzzy Information,” Symmetry, vol. 11, no. 11, p. 1381, Nov. 2019, doi: 10.3390/sym11111381.

A. Imtiaz, U. Shuaib, A. Razaq, and M. Gulistan, “Image development in the framework of £ — complex fuzzy
morphisms,” IFS, vol. 40, no. 3, pp. 4425-4437, Mar. 2021, doi: 10.3233/JIFS-201261.

L. Bi, S. Dai, B. Hu, and S. Li, “Complex fuzzy arithmetic aggregation operators,” IFS, vol. 36, no. 3, pp. 2765—
2771, Mar. 2019, doi: 10.3233/JIFS-18568.

L. Bi, S. Dai, and B. Hu, “Complex Fuzzy Geometric Aggregation Operators,” Symmetry, vol. 10, no. 7, p. 251, Jul.
2018, doi: 10.3390/sym10070251.

B. Hu, L. Bi, and S. Dai, “Complex Fuzzy Power Aggregation Operators,” Mathematical Problems in Engineering,
vol. 2019, pp. 1-7, Dec. 2019, doi: 10.1155/2019/9064385.

M. Liaqat, S. Yin, M. Akram, and S. Jjaz, “Aczel-Alsina Aggregation Operators Based on Interval-valued Complex
Single-valued Neutrosophic Information and Their Application in Decision-Making Problems,” Journal of
Innovative Research in Mathematical and Computational Sciences, vol. 1, no. 2, pp. 40-66, 2022.

O. Ozer, “Hamacher Prioritized Aggregation Operators Based on Complex Picture Fuzzy Sets and Their
Applications in Decision-Making Problems,” Journal of Innovative Research in Mathematical and Computational
Sciences, vol. 1, no. 1, pp. 33-54, 2022.

J. M. Merigo, “Probabilistic Decision Making with the OWA Operator and its Application in Investment
Management.,” in IFSA/EUSFLAT Conf., 2009, pp. 1364-1369.

J. M. Merigo, “The probabilistic weighted average and its application in multiperson decision making,” Int. |.
Intell. Syst., vol. 27, no. 5, pp. 457476, May 2012, doi: 10.1002/int.21531.

R. R. Yager, K. J. Engemann, and D. P. Filev, “On the concept of immediate probabilities,” Int. |. Intell. Syst., vol.
10, no. 4, pp. 373-397, 1995, doi: 10.1002/int.4550100403.

K. J. Engemann, D. P. Filev, and R. R. Yager, “MODELLING DECISION MAKING USING IMMEDIATE
PROBABILITIES,” International Journal of General Systems, vol. 24, no. 3, pp. 281-294, Feb. 1996, doi:
10.1080/03081079608945123.

G. Sirbiladze and A. Sikharulidze, “Extensions of Probability Intuitionistic Fuzzy Aggregation Operators in
Fuzzy MCDM/MADM,” Int. ]. Info. Tech. Dec. Mak., vol. 17, no. 02, pp. 621-655, Mar. 2018, doi:
10.1142/50219622018500037.

H. Garg, “Some methods for strategic decision-making problems with immediate probabilities in Pythagorean
fuzzy environment,” Int. J. Intell. Syst., vol. 33, no. 4, pp. 687-712, Apr. 2018, doi: 10.1002/int.21949.

T. Mahmood and U. Rehman, “A novel approach towards bipolar complex fuzzy sets and their applications in
generalized similarity measures,” Int | Intell Syst, vol. 37, no. 1, pp. 535-567, Jan. 2022, doi: 10.1002/int.22639.

T. Mahmood, U. U. Rehman, A. Jaleel, ]. Ahmmad, and R. Chinram, “Bipolar Complex Fuzzy Soft Sets and Their
Applications in Decision-Making,” Mathematics, vol. 10, no. 7, p. 1048, Mar. 2022, doi: 10.3390/math10071048.

A Jalil, “WASPAS Technique Utilized for Agricultural Robotics System based on Dombi Aggregation Operators
under Bipolar Complex Fuzzy Soft Information,” Journal of Innovative Research in Mathematical and Computational
Sciences, vol. 1, no. 2, pp. 67-95, 2022.

T. Mahmood, U. Ur Rehman, Z. Ali, and T. Mahmood, “Hybrid vector similarity measures based on complex
hesitant fuzzy sets and their applications to pattern recognition and medical diagnosis,” IFS, vol. 40, no. 1, pp.
625-646, Jan. 2021, doi: 10.3233/JIFS-200418.



