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Abstract: The finance supply chain has always been a different supply chain
compared to product supply chain being a service supply chain. Open Banking
(OB) is one of the most important milestones since the beginning of finan-
cial technology innovation and service supply chain. As these are activities
provided by traditional banks, non-bank financial institutions also provide
financial service with access to consumer banking, transactional and other
financial data to develop financial applications and services tailored to their
customers. The development of financial technology, “Open banking”, pro-
motes financial services to begin this transformation.However, evaluating and
selecting open banking business partners from multiple perspectives for banks
are underexplored. Thus, the authors in this research proposed a hybridmulti-
criteria decision-making model which includes a Spherical Fuzzy Analytical
Hierarchy Process (SF-AHP) model and aMulti-Attributive Ideal-Real Com-
parative Analysis (MAIRCA) model with supports from seasoned domain
experts. The contribution of this research is a proposition of a fuzzy deci-
sion model for evaluating and selecting open banking business partners. The
model successfully determined a suitable open bank provider in order to assist
decision makers decide objectively.
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1 Introduction

Banking is an essential service that is often considered a necessity now for many businesses
on different scales. With the continuous improvement of bank services with an increase of the
number of services that banks can deliver, open banking services are able to increase its attraction
to many audiences. Open banking is a collaboration model where businesses’ banking data are
shared through APIs between two or more unaffiliated parties to deliver continuous analysis about
the marketplace [1]. Although the sound of information sharing to unaffiliated parties may sound
daunting and unsafe especially with banking information relating to monetary status, the concept
of open banking has allowed businesses to create opportunities for third parties to have a chance
into further analyze the financial status of businesses.
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All of the aforementioned information shared above, the development application program-
ming interface, or API where Zachariadis defined as a method which two computer applications
is able to communicate through a shared network that can be understood using a common
language [2], have proven to the significant linkage in order for businesses to collaborate with each
other. API has been applied in many industries such as popular social media like Twitter, and
Facebook [3], manufacturing in analytical technology [4], and even software engineering [5]. With
the expansion of API to the banking industries, it creates other opportunities for the API field
to continue growing.

The expansion of API in the open banking services requires a lot of trust built between
businesses which is essential since the exchange of confidential information is involved. Therefore,
the criteria set out to choosing a suitable open banking strategic partner is very important. As
there are numerous methods into choosing alternatives based on a set of criteria, the multicriteria
decision making methods have proven to continuously solve selection problems over the years of
studies especially the Analytical Hierarchy Process (AHP) combined with Fuzzy set to balance the
uncertainties amongst experts’ opinions.

2 Literature Review

The application of multicriteria decision-making (MCDM) methods in solving complicated
decision-making problems has been widely studied across different disciplines and industry sectors.
Especially in the supply chain management discipline, where MCDM methods are frequently used
to solve different complicate decision-making problem such as supplier selection problems [6–10],
facility selection problems [11–15], and procurement order allocation problems [16–20]. There are
also multiple literatures about the application of MCDM methods in other disciplines such as
healthcare [21,22] and renewable energy development [23,24].

MCDM methods are also frequently applied in decision-making processes in the financial and
banking industry. One of the most widely application of MCDM in this industry is risk analysis.
Kou et al. [25] approach the selection of clustering algorithm problem in financial risk with an
MCDM-based approach. An experimental case studied is performed to validate the proposed
approach. The case study involves six clustering algorithms which are applied into three real-world
credit risk and bankruptcy data sets. The result shows that the repeated-bisection method is the
optimal clustering algorithm for the given data set. Wang et al. [26] researched a fuzzy MCDM
model to assist the financial performance evaluation process of domestic airlines in Taiwan. The
proposed model is based on grey relation analysis method and fuzzy Technique in Order of
Preference by Similarity to Ideal Solution (TOPSIS) method. The proposed model is them applied
to analyze the performance of three domestic airlines of Taiwan to demonstrate the applicability
of the model. Peng et al. [27] developed a MCDM approach to evaluate the performance of
eight different machine learning algorithms in predicting credit risk, fraud risk and bankruptcy.
The approached is based on Preference Ranking Organization Method for Enrichment of Eval-
uations (PROMETHEE), TOPSIS and Vlse Kriterijumska Optimizacija Kompromisno Resenje
(VIKOR) methods. An empirical studied is performed using seven real-world credit risk and fraud
risk datasets from six countries. The results suggest that linear logistics, Bayesian Network, and
ensembled methods are the top three algorithms. Ignatius et al. [28] approached the credit scoring
problem by developing a fuzzy decision support system. The proposed system is built upon fuzzy
Analytic Hierarchy Process (AHP) and TOPSIS methods. Tansei Iç [29] introduced a credit limit
allocation model based on fuzzy TOPSIS method and linear programming. Fuzzy TOPSIS is used
to calculate the credit risk scores of customers; then a linear programming model is developed,



CMC, 2022, vol.72, no.3 4559

based on the result of the fuzzy TOPSIS model and other constraints, to determine the credit
limit allocation among the customers. The proposed model was applied to a real-world case study
and obtained satisfactory result. Ouenniche et al. [30] developed an integrated in-sample and
out-of-sample bankruptcy risk evaluation framework based on TOPSIS method. The proposed
framework is applied to a real-world data set of firms listed on the London Stock Exchange (LSE)
during the 2010 - 2014 period. The result demonstrates that the proposed framework has good
predictive capability and can be applied in real-world cases.

Another application of MCDM methods in the banking and finance industry is in company
performance evaluation processes. Fu et al. [31] developed a fuzzy MCDM based benchmarking
tool for the hotel industry. The author employed fuzzy AHP method to calculate the weighting of
individual performance criteria and VIKOR model to evaluate the performance of 26 international
hotels in order to find the benchmarking enterprise. Abdel-Basset et al. [32] has studied an
integrated plithogenic MCDM approach to support the financial performance evaluation process
of manufacturing companies. The proposed approach is developed based on neutrosophic AHP,
VIKOR, and TOPSIS methods. Zhao et al. [33] introduced a novel hybrid MCDM approach
to evaluate innovations strategies of China’s banking industry. The model is built upon the
Decision-making trial and evaluation laboratory (DEMATEL) technique, DEMATEL-based Ana-
lytic Network Process (DANP) and modified VIKOR methods. The authors use DEMATEL and
DANP methods to analyze the interrelationships among six criteria and twenty sub-criteria and
their weights, while the modified VIKOR method is applied to evaluate the performance gaps of
major types of commercial banks in China. Yalcin et al. [34] developed a hierarchical financial
performance evaluation model based on accounting-based performance and value-based perfor-
mance criteria. The model is built using fuzzy AHP, TOPSIS, and VIKOR methods. Wang [35]
developed an MCDM model to assist the financial performance evaluation process of Taiwan
container shipping companies using fuzzy TOPSIS method. The model is then applied to a
real-world case study to demonstrate its feasibility.

While there are many applications of MCDM models in the banking and finance industry,
none have looked into the open banking strategic partners, especially under fuzzy decision-making
environment. This research aims to propose a fuzzy decision model for evaluating and selecting
open banking business partners based on Spherical Fuzzy AHP (SF-AHP) method and Multi-
Attributive Ideal-Real Comparative Analysis (MAIRCA) method. The proposed model is them
applied into a real-world case study in Vietnam.

3 Methodology

3.1 Research Process
A Fuzzy Multi-Criteria Decision Model (F-MCDM) model by using FANP and MAIRCA

in order to decide suitable supplier in garment industry. Three main steps are involved shown in
Fig. 1:

Step 1: From the literature review and experts’ opinions, all of the criteria and sub-criteria
which are used to determine the supplier selection process are identified and listed.
Step 2: FANP is then applied in order to determine the ranking of significance for each
identified criteria and sub-criteria based on literature review and experts’ opinions.
Step 3: MAIRCA is then utilized to determine the final ranking of all options based on
the theoretical and real ratings of each criteria and the scoring of each alternative. The
ranking is used as evidence to support the decision-maker finalize the optimal supplier.
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Figure 1: Research process of the paper

3.2 Spherical Fuzzy Sets Theory
Kutlu Gündoğdu et al. [36] first mentioned Spherical Fuzzy Sets Theory as a particular case

of Neutrosophic sets theories [37]. Since its introduction recently, the spherical fuzzy sets theory
has been utilized in several studies to build MCDM models to solve a multiple of decision-making
issues and problems [38]. The membership function of a spherical fuzzy set B̃S is described by its
degree of membership (mB̃S

(x)), non-membership (nB̃S(x)), and hesitancy (hB̃S(x)). Each of these

parameters can have a value between 0 and 1 independently and the sum of the squared values
of these parameters is at most 1.

A spherical fuzzy set B̃S within a universe U1 is defined as:

B̃S = {x, (mB̃S
(x),nB̃S(x),hB̃S(x))|xεU1} (1)

with:

mB̃S
(x):U1 → [0, 1],nB̃S(x):U1 → [0, 1], and hB̃S(x):U1 → [0, 1]

and

0≤m2
B̃S

(x)+ n2
B̃S

(x)+ h2
B̃S

(x)≤ 1 (2)

with ∀x ∈U1

3.3 Spherical Fuzzy Analytic Hierarchy Process (SF-AHP) Model
SF-AHP method is an extension of the AHP with spherical fuzzy sets. The SF-AHP method

introduced by Kutlu Gündoğdu et al. [36] has five steps:

Step 1: Develop the hierarchical structure of the model

The model’s hierarchical structure consists of three levels. Level 1 is the goal of the model
which is calculated based on a performance index. In Level 2, the performance index is calculated
with regards to N criteria. In Level 3, a set of M alternative B (M ≥ 2) is defined.

Step 2: Develop a pairwise comparison matrix of the criteria using spherical fuzzy judgement
based on qualitative terms using the linguistics measure of importance introduced by Gundogdu
and Kahraman [36] as shown in Tab. 1:
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Table 1: Linguistic measures of significance

(μ, v,π) Score index

Absolute high significance (AH) (0.9, 0.1, 0.0) 9
Very high significance (VH) (0.8, 0.2, 0.1) 7
High significance (HS) (0.7, 0.3, 0.2) 5
Slightly high significance (SM) (0.6, 0.4, 0.3) 3
Equally significance (ES) (0.5, 0.4, 0.4) 1
Slightly low significance (SL) (0.4, 0.6, 0.3) 1/3
Low significance (LS) (0.3, 0.7, 0.2) 1/5
Very low significance (VL) (0.2, 0.8, 0.1) 1/7
Absolutely low significance (AL) (0.1, 0.9, 0.0) 1/9

Then, the performance index (PI) of each equation is determined using Eqs. (3) and (4):

PI=
√
|100 ∗ [(mB̃s

− hB̃s)
2− (nB̃s − hB̃s)

2]| (3)

for AH, VH, HS, SM, and ES.

1
PI

= 1√
|100 ∗ [(mB̃s

− hB̃s)
2− (nB̃s − hB̃s)

2]|
(4)

for SL, LS, VL, and AL.

Step 3: Perform consistency check for each pairwise comparison matrix appropriately

The threshold of the Consitency Ratio (CR) is 10%:

CR= CI
RI

(5)

With the Random Index (RI) is determined based on the number of criteria and the
Consistency Index (CI) is calculated as:

CI = λmax−N
N− 1

(6)

With λmax as the highest value of the matrix.

Step 4: Calculate the fuzzy weights of criteria and options.

The fuzzy weightings of each option with respect to each criterion is calculated as:

SWMw(B̃S1, . . . , B̃SN)=w1B̃S1+ . . .+wNB̃SN =

〈
[
1−

N∏
i=1

(1−m2
B̃Si

)
wi

]1/2
,
N∏
i=1

nwi
B̃Si

,

[
N∏
i=1

(1−m2
B̃Si

)
wi −

N∏
i=1

(1−m2
ÃSi

− h2
ÃSi

)
wi

]1/2
〉 (7)

with w= 1/N.

Step 5: Applying layer sequencing from highest to lowest to calculate the overall weights



4562 CMC, 2022, vol.72, no.3

The performance index of the options is calculated by combining the fuzzy weights at each
level of the model’s hierarchical structure. There are two ways to do this:

The first option is using Eq. (8) to de-fuzzify the criteria weights:

S(w̃Sj )=

√√√√√
∣∣∣∣∣∣100 ∗

⎡
⎣
(
3mB̃s

−
hB̃s
2

)2

−
(nB̃s

2
− hB̃s

)2
⎤
⎦
∣∣∣∣∣∣ (8)

Then, use Eq. (9) to normalize the criteria weights:

w̄sj =
S(w̃sj )∑N
j=1S(w̃sj )

(9)

Apply spherical fuzzy multiplication in Eq (10):

B̃Sij = w̄sj ∗ B̃Si = 〈(1− (1−m2
B̃S

)
w̄sj )

1
2 ,n

w̄sj
B̃S
, ((1−m2

B̃S
)
w̄sj − (1−m2

B̃S
− h2

B̃S
)
w̄sj )

1
2 〉 (10)

The final performance index (P̃) for each option Bi is determined:

P̃=
N∑
j=1

B̃Sij = B̃Si1 + B̃Si2 + . . .+ B̃SiN (11)

The second option is to perform the calculation without defuzzying the criteria weights. The
spherical fuzzy global weights are calculated as:

N∏
j=1

B̃Sij = B̃Si1 ∗ B̃Si2 ∗ . . .∗ B̃SiN (12)

The final performance index (P̃) for each alternative Bi is calculated using Eq. (11)

3.4 MAIRCAMethod
There are a total of six steps in the Multi-Attributive Ideal-Real Comparative Analysis

(MAIRCA) method as applied by Pamucar et al. [39].

Step 1: The decision-making matrix (X ) is initially formed. This starting decision matrix
defines the criteria values (xij, i = 1, 2, . . ., n; j = 1, 2, . . ., m) for each option collected:

X =

C1 C2 . . . Cn
A1
A2
. . .

Am

⎡
⎢⎢⎣
x11 x12 . . . x1n
x21 x22 . . . x2n
. . . . . . . . . . . .

xm1 xm2 . . . xmn

⎤
⎥⎥⎦ (13)

The decision-making matrix (13) is used for the declaration of criteria, which can be calcu-
lated quantitatively (measurable) or described qualitatively (descriptive) depending on the nature
of the criteria. The measureable values of the decision-making matrix (13) is represented by real
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calculated values that are obtained by quantification methods. The descriptive criteria values are
determined by literature and experts’ opinions based on preference.

Step 2: Determining interests for the choice of options, PAi . The decision-maker (DM) is
neutral with no judgmental opinion while the options are being gathered. The assumption
is that the DM do not have any opinions in the selection process and is totally committed
into recognizing the decision based on the calculations.

PAi =
1
m
;
m∑
i=1

PAi = 1, i= 1, 2, . . .,m (14)

where m is the overall selection of the options chosen.

We proceed from the point that the neutrality of the DM for the selection probability of each
option by using a decision-making analysis with priori uncertainties. In such case, all interests for
the selection of every option are equal individually, i.e.,

PA1 =PA2 = . . .=PAm (15)

where m is the overall number of the options chosen.

Step 3: The number of the theoretical values matrix (Tp) calculation method.

The structure of the matrix (Tp) is nxm (where n is defined as the overall number of criteria,
and m is the overall number of options). The number of the theoretical values matrix (Tpij) are
calculated as a product of interests for the culmination of options PAi and criterion weightings
(wi, i= 1, 2, . . .,n)

Tp =

w1 w2 . . . wn
PA1
PA2
. . .

PAm

⎡
⎢⎢⎣
x11 x12 . . . x1n
x21 x22 . . . x2n
. . . . . . . . . . . .

xm1 xm2 . . . xmn

⎤
⎥⎥⎦=

PA1
PA2
. . .

PAm

w1 w2 . . . wn⎡
⎢⎢⎣
PA1 ·w1 PA1 ·w2 . . . PA1 ·wn
PA2 ·w1 PA2 ·w2 . . . PA2 ·wn

. . . . . . . . . . . .

PAm ·w1 PAm ·w2 . . . PAm ·wn

⎤
⎥⎥⎦ (16)

The interests (PAi ) are the same for all options because of the neutrality of the DM. As the
interests (PAi ) are the same for all options, matrix (16) in the format nx1 (where n is defined as
the overall selection of criteria) is defined as follows:

Tp = w1 w2 . . . wn
PAi

[
tp1 tp2 . . . tpn

]= w1 w2 . . . wn
PAi

[
PAi ·w1 PAi ·w2 . . . PA1 ·wn

] (17)

where n are defined as the overall selection of criteria, and tpi are theoretical values.

Step 4: Determining the selection of real values matrix

Tr=

C1 C2 . . . Cn
A1
A2
. . .

Am

⎡
⎢⎢⎣
tr11 tr12 . . . tr1n
tr21 tr22 . . . tr2n
. . . . . . . . . . . .

trm1 trm2 . . . trmn

⎤
⎥⎥⎦ (18)

where n describes the overall selection of criteria, and m the total number of options.
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By utilizing the following equations, the number of the real values matrix(Tr) and the number
of the theoretical values matrix (Tp) are multiplied with the number of the starting decision-
making matrix (X ):

For the preferred higher criterion (beneficial criterion):

trij = tpij ·
(
xij −x−i
x+i −x−i

)
(19)

For the preferred lower criterion (cost criterion):

trij = tpij ·
(
xij −x+i
x−i −x+i

)
(20)

where xij, x
+
i , x

−
i are defined as the number of the starting decision-making matrix (X ), x+i and

x−i are determined as: x+i =max(x1,x2, . . . ,xm), defined as the highest values of the collected cri-

terion by options, x−i =min(x1,x2, . . . ,xm), defined as the lowest values of the collected criterion
by options.

Step 5: The determination of the total difference matrix (G) by calculation. The individual
data points of the G matrix are determined as a vector difference between the theoretical
(tpij) and real values (trij), i.e., a vector difference between the theoretical individual ratings
matrix (Tp) and the corresponding real individual ratings matrix (Tr).

G=Tp−Tr =

⎡
⎢⎢⎣
g11 g12 . . . g1n
g21 g22 . . . g2n
. . . . . . . . . . . .

gm1 gm2 . . . gmn

⎤
⎥⎥⎦=

⎡
⎢⎢⎣
tp11− tr11 tp12− tr12 . . . tp1n− tr1n
tp21− tr21 tp22− tr22 . . . tp1n− tr1n

. . . . . . . . . . . .

tpm1− trn1 tp11− tr11 . . . tpmn− trmn

⎤
⎥⎥⎦ (21)

where n are defined as the overall number of criteria, m is overall number of the options
being chosen.

The difference of gij is determining the value of the interval gij ∈ [0,∞), by Eq. (22):

gij = tpij − trij (22)

The interested option is that gij moves towards zero (gij→0), because the decision maker will
determine the option with the smallest difference between theoretical values (tpij) and real values
(trij). If for criterion Ci, the option Ai has a theoretical rating value and the real rating value
which are equal (tpij = trij), the difference for option Ai, with the corresponding criterion Ci, then

option Ai is the best (ideal) option (A+
i ).

If by criterion Ci option Ai has the value of theoretical values tpij, and the real values trij = 0,
then the gap for alternative Ai, with the corresponding criterion Ci, is gij = tpij. Additionally,

option Ai is the worst (anti-ideal) option (A−
i ) with the corresponding criterion Ci.
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Step 6: The calculation of the final values of criteria functions (Qi) by options. The values
of criteria functions are determined by the summation of the difference (gij) by options,
that is, by adding the numbers of matrices (G) by columns, Eq. (23):

Qi =
n∑
j=1

gij; i= 1, 2, . . .,m (23)

where n is the overall selection of criteria, and m is the overall selection of the options chosen.

4 Case Study

Currently in Vietnam, a new trend is excelling in the financial services industry that offers
a multiple of interesting services that has redefined the structure of the banking industry, which
is open banking. Using open banking, banks can provide financial institutions and other third
parties with seamless access to and communication with customer data through a standards-based
technology called Open Application Programming Interface (Open API).

Figure 2: Information regarding criteria and partners
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In this research, the authors proposed a hybrid multi-criteria decision-making model which
includes a (SF-AHP) model and a (MAIRCA) with supports from seasoned domain experts for
evaluating and selecting open banking business partners.

This study utilizes a domestic bank in Vietnam to model the fuzzy Multi-criteria decision
making model evaluation and selection model. The bank’s operational performance is well-
recognized by domestic and international institutions. To form an opening banking adoption
evaluation model the authors invited domain experts from the banking. All the experts have over
15 years’ working experience in the related fields. In the first step, the authors collect information
from five potential opening bank business collaboration partners. Information regarding criteria
and potential partners is shown in Fig. 2:

To calculate the weighting of the selected criteria, all input data of the SF-AHP model is
determined by the opinions of domain experts from the banking, the weight of criteria is show
in Tab. 2:

Table 2: Results from the SF-AHP model

Criteria Spherical fuzzy weights Crisp weights

Degree of membership Degree of non-membership Degree of hesitancy

C11 0.430 0.544 0.318 0.069
C12 0.345 0.642 0.264 0.055
C21 0.400 0.599 0.256 0.065
C22 0.474 0.536 0.263 0.078
C23 0.514 0.504 0.240 0.086
C31 0.526 0.490 0.242 0.088
C32 0.590 0.432 0.212 0.101
C33 0.605 0.401 0.255 0.102
C41 0.667 0.339 0.204 0.115
C42 0.682 0.318 0.225 0.117
C43 0.706 0.291 0.213 0.122

The MAIRCA model is a multi-criteria decision analysis method that then utilizes the weights
of the criteria from the SF-AHP and combines with the selected options. In this step, the author
applied MAIRCA approach for ranking all five potential opening bank business collaboration
partners. The results of MAIRCA model are shown in Tabs. 3 and 4:

In the final stage, an MAIRCA methodology is utilized to determine the final ranking of the
options and conclude the decision-making process.

As the results from Tab. 5, alternative OB Partner 1 is the best option that the decision maker
should choose to collaborate. From Tab. 4, OB Partner 1 perform well in most of the criteria
which result in the final ranking. Furthermore, Tab. 2 shows that the most important criteria of
the problem are Organization criteria: C41, C42, and C43; with crisp weights of 0.115, 0.117,
and 0.122 respectively. This suggests that to the studied bank in the case study, the impact of the
option to its organization is the most important factor to decide on an open banking partner.
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Table 3: Real ratings matrix

OB partner 1 OB partner 2 OB partner 3 OB partner 4 OB partner 5

C11 0.0110 0.0137 0.0110 0.0000 0.0027
C12 0.0082 0.0055 0.0110 0.0000 0.0000
C21 0.0000 0.0000 0.0130 0.0000 0.0000
C22 0.0157 0.0078 0.0000 0.0078 0.0078
C23 0.0173 0.0086 0.0173 0.0000 0.0000
C31 0.0177 0.0000 0.0000 0.0177 0.0177
C32 0.0202 0.0101 0.0000 0.0101 0.0202
C33 0.0000 0.0102 0.0102 0.0205 0.0205
C41 0.0231 0.0115 0.0231 0.0000 0.0231
C42 0.0235 0.0000 0.0000 0.0157 0.0157
C43 0.0244 0.0244 0.0000 0.0244 0.0244

Table 4: Total gap matrix

OB partner 1 OB partner 2 OB partner 3 OB partner 4 OB partner 5

C11 0.0027 0.0000 0.0027 0.0137 0.0110
C12 0.0027 0.0055 0.0000 0.0110 0.0110
C21 0.0130 0.0130 0.0000 0.0130 0.0130
C22 0.0000 0.0078 0.0157 0.0078 0.0078
C23 0.0000 0.0086 0.0000 0.0173 0.0173
C31 0.0000 0.0177 0.0177 0.0000 0.0000
C32 0.0000 0.0101 0.0202 0.0101 0.0000
C33 0.0205 0.0102 0.0102 0.0000 0.0000
C41 0.0000 0.0115 0.0000 0.0231 0.0000
C42 0.0000 0.0235 0.0235 0.0078 0.0078
C43 0.0000 0.0000 0.0244 0.0000 0.0000

Table 5: Final ranking score

Alternative Final values of criteria function (Qi) Ranking

OB partner 1 0.0390 1
OB partner 2 0.1080 4
OB partner 3 0.1145 5
OB partner 4 0.1038 3
OB partner 5 0.0679 2

5 Conclusion

The study initially wanted to investigate a calculation method that could assist in the determi-
nation of an open bank supplier in the finance supply chain. Due to the nature and the similarities
of the supplier selection problem, the authors applied MCDM methods into a real case study that
helped decision makers in understanding which open banking sources are best for their respective
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businesses. An application of SF-AHP was first introduced in order to determine the weightings
and ranking of the criteria used to judge each alternative. Then the MAIRCA methodology was
introduced in order to determine the final ranking for each of the alternatives, being the open
banking sources. From the results, the ranking was shown accordingly from highest to lowest and
the analysis provided with the Open Banking Partner 1 having the lowest difference between the
theoretical and real ratings from the applied methodology.

While the proposed model has demonstrated its feasibility and applicability, its performance
has not been compared to others MCDM models. Comparative studies can be used to further
understand the relative performance of SF-AHP based models to other fuzzy MCDM models.
For further studies in this area, the authors wish to expand the exploration and compare different
MCDM methods such as FANP, or FAHP in order to have further understanding of how the
behavior of the criteria is managed based on qualitative and quantitative data collection. More
alternatives can also be examined with different properties in order diversify the nature of the
problem.
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