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Abstract: In recent years, bank‑related decision analysis has reflected a relevant research area due to
key factors that affect the operating environment of banks. This study’s aim is to develop a model
based on the linkages between the performance of banks and their operating context, determined by
country risk. For this aim, we propose a multi‑analytic methodology using fuzzy analytic network
process (fuzzy‑ANP) with principal component analysis (PCA) that extends existing mathematical
methodologies and decision‑making approaches. This method was examined in two studies. The
first study focused on determining a model for country risk assessment based on the data extracted
from 172 countries. Considering the first study’s scores, the second study established a bank perfor‑
mance model under the assumption of country risk, based on data from 496 banks. Our findings
show the importance of country risk as a relevant bank performance dimension for decision makers
in establishing efficient strategies with a positive impact on long‑term performance. The study of‑
fers various contributions. From a mathematic methodology perspective, this research advances an
original approach that integrates fuzzy‑ANP with PCA, providing a consistent and unbiased frame‑
work that overcomes human judgement. From a business and economic analysis perspective, this
research establishes novelty based on the performance evaluation of banks considering the operating
country’s risk.
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1. Introduction
Worldwide, there are increasing concerns based on political and economic unrest. Es‑

calating geopolitical differences in various areas of the world, international threat of fi‑
nancial crisis and economic downturn, increasing income inequality, and many other fac‑
tors affect the operating environment of banks. Globalization enhances the propagation of
these factors based on the interconnectedness of “economic structures, financial markets,
and political institutions” [1], thus increasing the urgency of examining country risk and
its connection to bank performance.

Initial investigations havedescribed country risk as thepotential incapacity of a sovereign
state to generate sufficient foreign exchange to reimburse its external debt [2–4]. Explain‑
ing the primary “risk factors, causes, levels, and development trends” in a country or re‑
gion represents the main goal of country risk investigation and assessment [4]. As a mul‑
tifaceted topic, previous empirical investigations have explored country risk in relation to
various contexts, such as environmental issues [5–9], supply chain contexts [10–12], and
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energy [13,14], as well as business contexts related to process effectiveness [15] and firm
exposure [16].

Country risk has also proven to be highly relevant in assessing performance and re‑
lated activities of banks and financial institutions [1,17–20]. To examine country risk and
its potential impact on business operations, previous empirical investigations have used a
wide range of data analysis techniques, such as Copula [21], regression [6–8,10,14,16,17],
analytic hierarchy process (AHP) [15], fuzzy sets [8,15,22], Bayesian Belief Network [11],
Grey‑TOPSIS Model [23], artificial neural networks [24], and principal component analy‑
sis [12,25,26]. Nonetheless, no consensus has been reached in proposing a specific method‑
ology and framework. Therefore, it is of great significance to further develop new method‑
ologies and data analysis techniques to assess country risk and evaluate bank performance.

Examining the core factors that affect country risk and bank performance is critical
given their relevance to business practices and decision making. Thus, this study’s pri‑
mary objective is to establish a model based on the linkages between the performance of
banks and their operating context, determined by country risk. Despite the existence of
various research on these matters [1,27], there is a need to advance empirical evidence for
the evaluation of bank performance, while incorporating country risk.

This study aims to offers multiple contributions to the existing literature. By extend‑
ing previous methodologies [12,26], this paper proposes a new framework by using fuzzy
analytic network process (fuzzy‑ANP) with principal component analysis (PCA) in a multi‑
analytic model, as a form of widening decision‑making approaches. This newly proposed
framework fills the gap regarding mathematical methodologies applied in country risk as‑
sessment and bank performance evaluation, by providing a consistent and unbiased tech‑
nique that overcomes human judgement. This novel approach effectively addressed the
recurrent issues of prejudices and discrepancies that have been prevalent in the broader im‑
plementation of fuzzy‑ANP by contributing a new mathematical framework that proposes
the combination of secondary data in fuzzy‑ANP with PCA.

This study also aims to provide new additions to the relevant literature by propos‑
ing a new methodology for applying fuzzy‑ANP in country risk assessment. Fuzzy‑ANP
is regarded as a valuable research methodology [28] directed at reducing and overcom‑
ing regression‑associated limitations. Specifically, ANP offers a framework that explores
interdependences between elements, whereas regression does not account for interdepen‑
dency [27]. Fuzzy‑logic implies human assessment based on linguistic expressions, with a
focus on minimizing ambiguity and imprecision associated with human judgements [27,28].
Furthermore, as another original development, this study aims to utilize fuzzy‑ANP for ex‑
amining bank performance considering interdependent indicators and incorporating coun‑
try risk scores. Thus, the results of this research aim to provide a novel basis for bank
managers to allow for better decision‑making processes.

The remainder of this manuscript is consolidated as follows. Section 2 provides the‑
oretical framework regarding the country risk assessment, bank performance evaluation,
and existing methodologies. Section 3 details the paper’s methodology and its innovative
frameworks. Section 4 presents the empirical analysis and includes the validation of the
proposed methodology in two studies (country risk assessment and bank performance
evaluation under the assumption of country risk). Section 5 addresses the results of the
analysis and Section 6 highlights the conclusions and the practical recommendations asso‑
ciated with the study’s results.

2. Literature Review
2.1. Country Risk Assessment

The concept of risk assessment gained momentum starting from 1950s due to the risk
implied in foreign lending and financing initiatives of international banks [4]. Especially
during this period, commercial banks and international institutions adopted country risk
evaluation as an essential analysis method aimed at detecting debt issues in a specific na‑
tion [2]. The increase in international loans provided by financial institutions from devel‑
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oped countries to underdeveloped and developing countries was supplemented by debt
defaults, restructuring, and refinancing [4].

Thus, a well‑recognized definition of country risk was provided by Nagy [3], ex‑
plaining it as follows: “Country risk is the possibility of loss in cross‑border loans, which
is caused by events in a particular country, not by private enterprises or individuals”.
Broadly, country risk reflects the likelihood that certain events occurring within a nation
could lead to negative impacts on specific organizations’ operations or individual behav‑
iors [29]. As a result, a growing set of academic research emphasizes the importance of
country risk assessment in decision‑making processes, highlighting resource allocation in
different markets [30]. Previous authors have classified country risks in terms of socio‑
political risk (associated with government, political policy, and social aspects), economic
risk (at macroeconomic and microeconomic levels), and natural risk [31]. Another classifi‑
cation of country risk includes political, economic, and criminal dimensions [32]. Consid‑
ering this multi‑attribute structure, a generally accepted framework [4] highlights that for
a country i, country risk as time t can be identified as a function of multiple factors (rij),
based on the available information set Ω: “CRit = f

(
ri1, ri2, . . . rij, Ω

)
” [4].

To comprehend the primary risk factors, main triggers, and causes, along with progres‑
sion patterns of a particular nation or group of countries, it is necessary to perform a country
risk assessment, based on multiple dimensions and relevant variables. Bouchet et al. [31] pro‑
posed three methodological frameworks for addressing country risk assessment: (1) qual‑
itative analysis focused on “economic, financial and socio‑political fundamentals that can
affect the investment return prospects in a foreign country” and highlighting the abilities
and deficiencies in a country’s structure and advancement prospects [31] (p. 50); (2) ratings
approach, highlighting either global country risk rankings or country credit ratings [31]
(p. 79), [32]; and (3) econometric and mathematical methods. For this latter framework,
Bouchet et al. [31] outlined a wide range of country risk assessment techniques used for
investment strategies, including discriminant analysis, logit and probit models, regression
analysis, Monte Carlo simulations, value at risk (VaR), artificial neural networks, multicri‑
teria, and principal components analysis (PCA). Bouchet et al. [31] noted value in using
PCA to establish new factors that provide the basis for additional analyses.

Despite the wide range of techniques available, prior empirical analyses have mainly
explored country risk based on regression models. For instance, Lee, Lin, and Lee [1] de‑
veloped a regression model for country risk based on globalization indexes (considering
“economic, political, and overall globalization dimensions”) and macroeconomic control
variables, specifically “real GDP per capita, the ratio of government consumption against
GDP, capital formation as investment proxy, percentage change in GDP deflator as infla‑
tion proxy, and secondary gross enrollment rate as a human capital proxy” [1]. Similarly,
Peiró‑Signes et al. [8] explored a regression model based on environmental performance
indicators (environmental health and ecosystem vitality) and country risk. Their study
discovered that environmental performance index scores reflected connections with coun‑
try risk scores [8]. Still in line with the environmental context, Li et al. [10] investigated
the impact of country risk on the cobalt trade pattern (as a strategic mineral used in bat‑
teries), considering a panel regression. Despite the popularity of this technique, previous
authors have recommended extending mathematical techniques to explore country risk in
innovative frameworks [25,29,31].

2.2. Bank Performance and Country Risk
A new strand of research has focused on exploring the impact of country risk on

bank performance. Banks frequently base their decisions on the overall context of a nation
and the prospects of their operating environment. According to Gelemerova et al. [33],
banks’ decision‑making process and overall strategy consider a country’s history, culture,
political climate, macroeconomic environment, and legislation, which highlight the overall
country risk.
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Considering a macroeconomic perspective on country risk assessment, various stud‑
ies have detected a connection between financial crises and lingering economic growth [17].
According to Roe and Siegel [34], Lehkonen and Heimonen [35], and Lee and Lee [17],
country risk factors could display a negative effect on economic activity, leading to an in‑
ferior performance in the banking sector. Similarly, several studies have highlighted that
political instability, a key country risk factor, had a prominent effect on the performance
of banks [1,27,30].

From a microeconomic point of view, country risk, especially reflected in the eco‑
nomic environment, has an adverse impact on the resource allocation and FDIs of inter‑
national companies [36,37] and on the investment opportunities and private consumption
of consumers [38]. Subsequently, these aspects have negative implications for the adoption
of banking services and overall bank performance [17].

Thus, various empirical investigations have demonstrated that banking activities and
country risk should be explored in the same settings [1]. For instance, Lee et al. [1] incorpo‑
rated bank‑related indicators (such as return of assets and bank concentration) to explore
the association between banks and country risk. In a model considering 36 countries, Simp‑
son [20] formulated a risk‑scoring model based on “historical bank‑country economic de‑
velopment, bank‑country economic, and country‑bank financial data”. Specifically, Simp‑
son [20] used bank‑related indicators (liquidity, profitability, capitalization, and bank size)
and country‑related factors (industrialization, trade, GDP growth rate, short‑term debt,
and long‑term external debt). In addition, while addressing the effect of country risk on
bank stability, Huang and Lin [39] examined 500 banks from 39 countries (developed and
emerging nations). In their empirical investigation, the authors incorporated multiple anal‑
yses, including a PCA for establishing bank‑related factors (based on 25 CAMEL indica‑
tors). Huang and Lin [39] discovered that “political, economic and financial risks, as well
as country risk have a negative and significant effect on bank stability”, with a more promi‑
nent impact observed for emerging countries.

Despite escalating studies on ‘country risk’ and ‘bank performance’, authors have
highlighted the need to develop novel methods for integrating country‑specific risk traits
into bank performance evaluation to help with better decision‑making frameworks [40].
Considering the wide spectrum of available methodologies, fuzzy‑ANP could be extended
and incorporated in the evaluation of bank performance under the assumption of country
risk. ANP depicts a “decision‑making problem as a network of elements” (namely, criteria
and alternatives) that are gathered into clusters [41]. As the expanded version of AHP,
ANP reflects a flexible and comprehensive framework [28,42,43] that evaluates “factors,
sub‑factors, goals, and alternatives weight through a single matrix called supermatrix” [44].
ANP overcomes the limitations of AHP due to its capacity to model network structure and
for prioritizing clusters of items.

The general application of ANP involves human judgment using linguistic expres‑
sions. Incorporating fuzzy logic in ANP tackles the issues of ambiguity and imprecision as‑
sociated with human judgements, which further lead to inconsistencies in developing the
pairwise comparison matrices [45,46]. Fuzzy‑ANP has been applied in an expansive set of
contexts, ranging from supplier choice [45], to the selection of an outsourcing provider [47],
to engineering decisions [48]. Moreover, fuzzy‑ANP provides a flexible method that has
been extended in different frameworks, including DEMATEL [45,47,49–51], TOPSIS [45],
and ELECTRE‑IS [52]. Considering these validated extensions, in this research, we pro‑
pose a new framework based on fuzzy‑ANP with PCA to assess bank performance and
country risk. This newly proposed method is presented in the following section.

3. Method
To establish a bank performance model under the assumption of country risk, this

mathematical methodology included a multi‑analytic and integrated effort, focused on
combining fuzzy analytic network process (fuzzy‑ANP) with principal component analy‑
sis (PCA). This multi‑analytic effort (fuzzy‑ANP and PCA) was implemented in two phases:
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(1) firstly, the analysis developed a country risk assessment model (presented in Section 3.2.),
(2) secondly, the results from the country risk assessment were integrated in the banks’ per‑
formance evaluation (presented in Section 3.3). Section 3.1 presents the general application
of this new proposed framework.

3.1. Proposed Method of Fuzzy‑ANP with PCA
As previously mentioned, fuzzy‑ANP depicts any decision‑making problem as a net‑

work of elements arranged in clusters [49]. Nonetheless, general implementation of this
method implies human judgements, which may lead to prejudiced outcomes. Moreover,
due to the complexity of fuzzy‑ANP, Ergu [46] emphasized the need to solve the issues
with inconsistencies in the matrices. To solve these issues of biases and inconsistencies,
this newly proposed methodology integrates an important and objective phase of princi‑
pal component analysis. The PCA results are then integrated in the fuzzy‑ANP framework.
Although the methods of PCA [25,39] and fuzzy‑ANP [53,54] are widely known and ap‑
plied in terms of the evaluation of bank‑related activities for decision selection, they have
been investigated separately. General application of fuzzy‑ANP involves collecting the pri‑
mary data from decision making. In this newly proposed framework of using secondary
data for fuzzy‑ANP with PCA, this method aims to reduce the risk of information gaps
and/or biases that may occur in methodologies relying exclusively on primary data. In
this paper, we propose an innovative integration of these techniques for a multi‑analytical
fuzzy‑ANP with PCA approach. For this newly established multi‑analytic and unbiased
methodology, the following steps are proposed (Figure 1):
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Step 1. Model development and problem formulation

This developing model aims to establish the relative importance weights of the vari‑
ables proposed for evaluating a bank performance model under the assumption of country
risk. Considering an innovative and multi‑analytic dual‑phase model, existing studies pro‑
vided the foundation for variable selection, whereas the principal component analysis was
applied to reduce the variables in every phase to a lower number of factors. The resulting
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PCA factors, together with the initial variables collected from the secondary data, represent
the interconnected elements in a hierarchical network structure (Figure 2).
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Step 2. Principal Component Analysis (PCA)

Initially introduced by Pearson in 1901 [55], principal component analysis is applied
when the main objective is to establish a minimum number of factors that aim to explain
the highest level of variance observed in the data, with the intention to use these newly
developed factors in subsequent analyses [56,57]. In other words, PCA generates new vari‑
ables, i.e., principal components or factors, from “linear combinations of the original vari‑
ables” [58]. As an interdependent procedure, PCA aims to “define the underlying structure
among the variables in the analysis” [59]. Thus, PCA focuses on minimizing the informa‑
tion loss and adequately representing the original dataset [59,60]. Previous studies support
the inclusion of PCA in country risk assessment and bank evaluation [25,31,39]. For PCA,
the following steps are relevant for the analysis.

Step 2a. Establishing the correlation matrix for the continuous predictors

Let X1, X2, …, Xm be m observed variables. The starting point of PCA involves the
development of the correlation matrix R [61–63]:

R =


r11 r12
r21 r21

· · · r1m
. . . r21

...
...

rm1 rm2

rij
...

. . . rmm

 (1)

where

rij =
∑n

k=1

(
Xik − Xi

)(
Xjk − Xj

)
√

∑n
k=1

(
Xik − Xi

)2
× ∑n

k=1

(
Xjk − Xj

)2
(2)

Step 2b. Establishing the eigenvalues and eigenvectors based on the correlation matrix R

For the next step, we compute λ1 ≥ λ2 ≥…≥ λm as the eigenvalues (sorted in descend‑
ing order) and ω1, ω2,…, ωm as their corresponding eigenvectors ofR. The eigenvalues are
calculated based on the following [64]:

|R − λI| = 0 (3)

The corresponding eigenvectors of R are computed as follows:

(R − λi I)ωj = 0 (4)
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Step 2c. Computing the communality of variable i, considering m variables

For PCA, a communality represents the “estimate of its shared, or common, variance
among the variables as represented by the derived factors” [59], calculated as follows [61,65]:

hi =
m

∑
j=1

∣∣λj
∣∣ω2

ij (5)

For each variable included in the PCA, the communality should adhere to a recom‑
mended threshold of 0.5 [59].

Step 2d. Establishing the matrix of factor loadings Λm considering the following equa‑
tion [61,65]:

Λm = ΩmΓ1/2
m (6)

where
Ωm = (ω1, ω2, . . . , ωm), Γm = diag(|λ1|, |λ2|, . . . , |λm|)
Factor loadings reflect the correlation between the examined variables and the devel‑

oped factor [59,65]. To establish the number of relevant extracted factors, previous studies
have recommended retaining all of the factors that have eigenvalues greater than 0.7 [64],
while considering the percentage of variance criterion of a 60% suggested threshold [59].
Thus, by applying principal component analysis in IBM SPSS Statistics v.26 (IBM Corp.,
Armonk, NY, USA), we obtained the following component matrix, corresponding to Equa‑
tion (6):

Λ =

λ1/2
11 . . . λ1/2

1n
... λ1/2

i𝓁
...

λ1/2
m1 . . . λ1/2

mn

 (7)

where Eigenvalue λ𝓁 > 0.7 [64] associated with factor 𝓁 is

λ𝓁 =
m

∑
i=1

λ1/2
i𝓁 (8)

and communality hi, based on corresponding Equation (5), can be expressed by

hi =
m

∑
𝓁=1

λ1/2
i𝓁 , where hi > 0.5 (9)

Step 2e. Determining the rotated solution of the newly developed factors

After establishing and retaining the number of principal components based on recom‑
mended frameworks, the next step in PCA involves the rotation. The rotated solutions of
the factor matrix reflect a more meaningful and significant factor pattern, which is achieved
by redistributing the variance from earlier components to subsequent ones [59]. Varimax
rotation is recommended [58,65] as it “maximizes the sum of variances of required loadings
of the factor matrix” [66]. Factor matrix is normalized by the square root of communali‑
ties [58,61,64,65], considering:

Λ*
m = H−1/2Λm (10)

where
Λm = (λ1, λ2, . . . , λm) is the factor pattern matrix;
H = diag(h1, h2, . . . , hn) is the diagonal matrix of communalities.
Varimax generates i iterations by searching for linear combinations, until the variance

of the square loadings is maximized:

SV(i) =
m

∑
j=1

n
n

∑
k=1

λ∗
kj(i)

4 −
(

n

∑
k=1

λ∗
kj(i)

2

)2
/n2 (11)



Mathematics 2023, 11, 3257 8 of 38

where the initial Λ*
m(1) indicates the original factor pattern matrix. Considering succes‑

sive iterations, the primary value represents the final value of Λ*
m(i−1), once factor pairs

showcase rotation [61].
After rotation, we rearrange the rotated factors so that [61]

m

∑
i=1

∼
λi1

2
≥ . . . ≥

m

∑
i=1

∼
λin

2
(12)

Based on Equations (10)–(12), we have the following rotated matrix with n rotated
factors and m variables:

∼
Λm×n =


∼

λ11 . . .
∼

λ1n
∼

λ21 . . .
∼

λ2n
...

∼
λi𝓁

...
∼

λm1 . . .
∼

λmn

 (13)

From this matrix, the following n factors are obtained:

f𝓁 =
m

∑
i=1

∼
λi𝓁

2
=

m

∑
i=1

v𝓁i (14)

Derived from Equation (14), we have variable v𝓁i with respect to every factor f𝓁 deter‑
mined by the following expression:

v𝓁i =
∼

λi𝓁
2

(15)

As the results of PCA, all factors f𝓁 and variables v𝓁i are integrated into fuzzy‑ANP
to construct pairwise comparison matrices.

Step 2f. Validation Tests of PCA

Before proceeding to the next phase of the fuzzy‑ANP, the accuracy of PCA needs to
be assessed based on relevancy tests. First, Chi‑square value for Bartlett’s test of sphericity
(and its associated significance test) tests the presence of relevant correlations for the set of
examined variables [59,61,62,65,66]:

χ2 = −
(

W − 1 − 2p + 5
6

)
log|C| (16)

with p(p − 1)/2 degrees of freedom.
Second, Kaiser–Mayer–Olkin measure of sample adequacy identifies the appropriate‑

ness of the solution, based on values higher than 0.7 [61,67,68]:

KMOj =
∑i ̸=j r2

ij

∑i ̸=j r2
ij + ∑i ̸=j a2∗

ij
(17)

KMO =
∑i ̸=j ∑ r2

ij

∑i ̸=j ∑ r2
ij + ∑i ̸=j ∑ a2∗

ij
(18)

where a∗ij is the anti‑image correlation coefficient.

Step 3. Pairwise comparison matrices

After validating the PCA, we proceed to the fuzzy‑ANP phase. As a widely popular
technique [41,47,48], fuzzy‑ANP has shown versatility in a broad spectrum of contexts. For
the fuzzy‑ANP method, first, we define a fuzzy number and corresponding linguistic vari‑
ables.

Step 3a. Establishing a fuzzy number
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At this phase in the mathematical technique, a fuzzy number [69] is established:

∼
A∗

i =


(xi − li)/(mi − li),
(ui − xi)/(ui − mi),

0,

li ≤ xi ≤ mi
mi ≤ xi ≤ ui

otherwise
(19)

In Equation (19), li and ui reflect the lower and upper bounds for the fuzzy number
∼
A*

i , and mi indicates the modal value for
∼
A*

i . The triangular fuzzy number (TFN0) [70,71],
is expressed as follows ∼

A*
i = (li, mi, ui) (20)

while the reciprocal of the fuzzy number is as follows:
∼
A*

i

−1

= (li, mi, ui)
−1 = (1/ui, 1/mi, 1/li) (21)

Step 3b. Determining the linguistic variables

The relative importance of the elements is measured based on Saaty’s nine‑point scale [42,
43,72–74]. This scale is further transformed to a fuzzy triangular scale, according to Table 1.

Table 1. Linguistic terms and their corresponding triangular fuzzy numbers [28].

Saaty’s Scale Linguistic Terms Fuzzy Triangular Scale

9 Extremely importance (9, 9, 9)
8 Very, very strong (7, 8, 9)
7 Very strong importance (6, 7, 8)
6 Strong plus (5, 6, 7)
5 Strong importance (4, 5, 6)
4 Moderate plus (3, 4, 5)
3 Moderate importance (2, 3, 4)
2 Weak (1, 2, 3)
1 Equal importance (1, 1, 1)

Step 3c. Obtaining the pairwise comparison matrix of factors resulted from the PCA

Let f 1, f 2, …, fn be n factors resulting from PCA, sorted in descending order, f 1 ≥ f 2
≥ … ≥ fn. To transform the data for pairwise comparison based on Saaty’s scale [28,43],
the following min–max normalization formula is applied [74–76]:

f *
𝓁 =

f𝓁 − minF
maxF − minF

(new_maxF − new_minF) + new_minF (22)

where maxF = max( f1, f2, . . . , fn)
minF = min( f1, f2, . . . , fn)

new_maxF = 9
new_minF = 1

(23)

Following this step, we obtain values f ∗ij that are assigned to fuzzy number
∼
f ∗ij .

f *
ij =

f *
i

f *
j

f *
ji =

1
f *
ij

, where f *
i ≥ f *

j (24)
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Linguistic terms to the pairwise comparisons are assigned by using Equations (19)–
(24), and based on Table 1, the resulting fuzzy pairwise comparison matrix

∼
F is developed:

∼
F =


1

1/
∼
f *
21

...

1/
∼
f *
1n

∼
f *
12
1
...

1/
∼
f *
2n

· · ·
· · ·
. . .
. . .

∼
f *
1n∼

f *
2n
...
1

 (25)

Step 3d.Obtaining the pairwise comparison matrix of variables with respect to factors

Let v𝓁1 , v𝓁2 , . . . , v𝓁n be m variables with respect to factor f𝓁 resulting from PCA. We
use the following min–max normalization formula [74–76] to transform the data:

v∗𝓁i
=

v𝓁i − minV𝓁
maxV𝓁 − minV𝓁

(
new_maxV𝓁 − new_minV𝓁

)
+ new_minV𝓁 (26)

where
maxV𝓁 = max

(
v𝓁1 , v𝓁2 , . . . , v𝓁3

)
minV𝓁 = min

(
v𝓁1 , v𝓁2 , . . . , v𝓁3

)
new_maxV𝓁 = 9
new_minV𝓁 = 1

(27)

Following this, we obtain values v∗cij
that are assigned to fuzzy number

∼
v∗cij

.

v∗𝓁ij
=

v∗𝓁i
v∗𝓁j

v∗𝓁ji
= 1

v∗𝓁ij

, where v∗𝓁i
≥ v∗𝓁j

(28)

Fuzzy pairwise comparison matrix
∼
V𝓁 is constructed in the same manner as the matrix

from Step 3c.

∼
V𝓁 =


1

∼
v∗𝓁12

1/
∼

v∗𝓁12
1

. . .
∼

v∗𝓁1n

. . .
∼

v∗𝓁2n
...

...

1/
∼

v∗𝓁1n
1/

∼
v∗𝓁2n

. . .
...

. . . 1

 (29)

Step 3e. Testing the consistency of the pairwise matrices

The most well‑known consistency test [46,77] for the pairwise comparison matrices
in ANP is the consistency ratio by Saaty [28,43]:

CR =
λmax − n
(n − 1)RI

(30)

where λmax is the maximum eigenvalue of a matrix, n is the order of the matrix, and RI is
the average random matrix index proposed by Saaty [28,43]. The comparison matrix is con‑
sistent if the value of CR is less than 0.1 [28,41,43,46,77]. By integrating PCA, consistency
is assured for the matrices obtained in the preceding steps associated with fuzzy‑ANP.

Step 4. Obtaining the local weights

Let X = {x1, x2, . . . , x𝓉} be an object and U = {u1, u2, . . . , u𝓅} be the goal set. As
stated by Chang’s extent analysis method [69], each object is considered, and extent anal‑
ysis is applied for each goal ui. Then, for each 𝓅 from Chang’s extent analysis, each object
can be expressed by M1

gi
, M2

gi
, . . . , M𝓅

gi , i = 1, 2, . . . , 𝓉, where all of the Mj
gi (j = 1, 2, . . . ,𝓅)

represent TFNs.
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First, the value of fuzzy synthetic extent with respect to i‑th object is as follows [69]:

Si =
𝓅
∑
j=1

Mj
gi ⊗

[
𝓉
∑
i=1

𝓅
∑
j=1

Mj
gi

]−1

(31)

where
𝓅
∑
j=1

Mj
gi =

( 𝓅
∑
j=1

lj,
𝓅
∑
j=1

mj,
𝓅
∑
j=1

uj

)
(32)

[
𝓉
∑
i=1

𝓅
∑
j=1

Mj
gi

]−1

=

(
1

∑𝓉
i=1 ∑𝓅

j=1 uij
,

1
∑𝓉

i=1 ∑𝓅
j=1 mij

,
1

∑𝓉
i=1 ∑𝓅

j=1 lij

)
(33)

Hence,

Si =

( 𝓅
∑
j=1

lj,
𝓅
∑
j=1

mj,
𝓅
∑
j=1

uj

)
⊗
(

1
∑𝓉

i=1 ∑𝓅
j=1 uij

,
1

∑𝓉
i=1 ∑𝓅

j=1 mij
,

1
∑𝓉

i=1 ∑𝓅
j=1 lij

)
(34)

Second, the degree possibility S2 = (l2, m2, u2) ≥ S1 = (l1, m1, u1) is expressed as
follows [48,69,78]:

V(S2 ≥ S1) = sup
[
min

(
µS1(x), µS2(y)

)]
=


1, i f m2 ≥ m1
0, i f l1 ≥ l2

l1−u2
(m2−u2)−(m1−l1)

(35)

According to Chang [69]: “the degree possibility for a convex fuzzy number to be
greater than k convex fuzzy numbers Si(i = 1, 2, . . . , k)”, is defined by the following [69]:

V(S ≥ S1, S2, . . . , Sk)
= V[(S ≥ S1) and (S ≥ S2) and . . . and (S ≥ Sk)]

= minV(S ≥ Si), i = 1, 2, . . . , k
(36)

Assuming that

d′(Ai) = minV(Si ≥ Sk), f or k = 1, 2, . . . , n; k ̸= i. (37)

we obtain the following weight vector:

W ′ =
(
d′(A1), d′(A2), . . . , d′(A𝓉)

)T , where Ai(i = 1, 2, . . . , 𝓉) are 𝓉 elements. (38)

Through normalization, we find the normalized weight vectors:

Wi = (d(A1), d(A2), . . . , d(A𝓉))
T (39)

where Wi indicates a nonfuzzy number.

Step 5. Generating a supermatrix and converting it to a weighted supermatrix

A supermatrix illustrates the impact of a network’s distinct elements on the other el‑
ements in the same network [41]. The columns of the supermatrix are populated with
the weights obtained from previous steps [28]. To attain overall priorities in a system’s
interaction, internal importance vectors are included into columns, based on the connec‑
tion between elements [72]. In this model, the supermatrix representation is provided as
follows [47,79]:

W =

 0 0 0
W21 0 0

0 W32 I

 (40)
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The vector of W21 represents the local weights vector of the factors with respect to the
goal, the vector of W32 represents the local weights vector of the variables with respect to
each factor, and I represents the identity matrix [47].

Step 6. Obtaining the weighted supermatrix

To obtain the weighted supermatrix, entries of the initial supermatrix are divided by
the sum of the weights of their corresponding column. The following weighted superma‑
trix is obtained [44]:

Wn =


W11
d1

. . . W1n
dn

...
. . .

...
Wn1
d1

. . . Wnn
dn

 (41)

where
dj =

n

∑
j=1

Wij (42)

Step 7. Establishing the limit supermatrix and the global weights of the model

The limit supermatrix is computed by multiplying the weighted supermatrix by itself
until the values are stabilized [28,44].

L = lim
g→∞

(W∝
n )

g (43)

The limit supermatrix yields the relative importance weights for each variable in‑
cluded in the model. [28].

3.2. Method for Country Risk Assessment
The fuzzy‑ANP with PCA method proposed in Section 3.1. is adapted for a coun‑

try risk assessment model. To establish this model, this empirical analysis involved data
collection and variable explanations from Refinitiv Thomson Reuters, considering a set of
172 countries with complete data for the variables considered. A set of 17 variables were se‑
lected based on previous examinations [1,4,20,25,27,30,36,39]. The collected data followed
the measurement scale proposed by Refinitiv, ranging from 1 (very low risk) to 5 (very
high risk). This model assessed a 2016–2022 timeframe, for a total of 1204 observations.
Further details on these variables are presented in Table 2.
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Table 2. Country risk variables.

Environment Variable Variable Description Mean SD

Political
environment

X1 Type of governance Progress and transformation process towards
democracy and market economy 2.7749 1.0648

X2
Civil liberties &
political rights

Freedom of individuals in terms of individual
rights and personal autonomy, and

government functioning along with electoral
and political participation

2.8978 1.1917

X3 Freedom of the press Journalistic freedom and free flow of news 2.9111 1.0568

X4 Political stability Likelihood of political destabilization and
interferences in governmental jurisdiction 2.9045 0.9760

X5 Regulatory quality Sound policies to support private
sector activity 2.9668 0.9583

X6 Rule of law Aggregated individual governance indicators
of economies 3.0291 0.9836

X7 Armed conflict Potential conflict based on clashing interests 2.9203 0.9880

X8 Human rights State respect regarding human
rights indicators 2.9543 1.0333

X9 Voice & accountability Perceptions of citizens’ freedom of expression
and association 2.9668 1.0414

Economic
environment

X10 Average earnings Economy classification based on Gross
National Income per capita 3.0739 1.1713

X11 Economic freedom Benchmarks highlighting freedom of trade,
business, investment, etc. 2.9344 1.0168

X12 Sovereign credit ratings Risk level of debt that is guaranteed by
the sovereign 3.0033 0.9181

X13 Competitiveness Economic classification based on the Global
Competitiveness Index 3.0008 1.0351

Criminal
environment

X14 Corruption Abuse level of power for personal gain 2.9236 1.0495

X15
Natural resources
industry controls

Assessment of industry controls in
resource‑rich countries 2.8887 1.1694

X16 Terrorism Assessment of country terrorism fatalities
and threats 2.9618 0.8074

X17 Absence of violence Assessment of ‘peace’ level based on internal
and external conflicts 2.8912 0.9738

The fuzzy‑ANP with PCA provides the mathematical framework for this proposed
model’s country risk assessment. Conceptually, in this paper, the country risk model is
described as a system of 17 dimensions (variables) that interact with each dimension with
respect to n factors obtained with PCA. The fuzzy‑ANP with PCA provides a multicriteria
model of country risk assessment based on the steps presented in Section 3.1. This section
provides the basis for model validation in Section 4.1.

3.2.1. Extracting Country Risk Factors with PCA
To start, we apply thePCAmathematical technique for variables X1, X2, . . . , X17 (Table 2).

Following Steps 2a–f and applying the algorithm based on Equations (1)–(18), the analysis
extracts n factors. In the following step, the 17 variables Xi are pairwise compared with
respect to each factor f𝓁.

3.2.2. Constructing Pairwise Comparison Matrices for Factors and Variables: Obtaining
the Local Weights for the Country Risk Model

From PCA, we obtain factors f1, f2, . . . , fn, with each factor f𝓁 corresponding to variables
v𝓁1 , v𝓁2 , . . . , v𝓁17 . Based on the previously mentioned Steps 3a–3e and Equations (19)–(30),
pairwise comparison matrices for the factors and their associated variables are obtained.
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ConsideringChang’s [69] extent analysis (Step 4), we apply Equations (31)–(39). Based
on this process, the normalized weight vectors are obtained. These vectors showcase the
local weights for the country risk model.

3.2.3. Determining the Unweighted Supermatrix and Converting It to a Weighted
Supermatrix

The weights obtained in previous steps are used to construct the unweighted super‑
matrix, based on Step 5. This matrix is normalized by applying Equation (42) to obtain the
weighted supermatrix (Step 6).

3.2.4. Establishing the Limit Supermatrix and the Global Weights for the Country
Risk Model

By applying Equation (43), the weighted supermatrix of the country risk model’s vari‑
ables is multiplied by itself and the limit supermatrix is generated. This aspect provides
the basis for extraction from the limit supermatrix of the global weights w1, w2, . . . , w17 as‑
sociated with the country risk model’s variables. Thus, based on weights wi, we obtain
the country risk score (Rk score), for each country k from the 172 considered countries, by
applying the following formula:

Rk =
17

∑
i=1

wiXik (44)

3.3. Method for Bank Performance Model under the Assumption of Country Risk
In this section, the fuzzy‑ANP with PCA method proposed in Section 3.1. is adapted

for the bank performance model. The country risk assessment results (namely, country
risk scores R1, R2, . . . , R172) were further integrated in the next phase of this model to
establish a bank performance evaluation model. For this proposed model, the data analysis
included previously established country risk scores (based on fuzzy‑ANP with PCA) and
a set of bank‑related variables collected from Refinitiv Thomson Reuters and International
Monetary Fund (IMF) (Table 3). The data collection process involved filtering the set by
public and listed companies, with the available data on the selected set of variables, for the
timeframe of 2016–2022. For the bank performance assessment, this study included a set
of commonly used indicators selected from the banking literature [1,20,27,30]. The final
sample comprised 496 banks operating across 58 countries. Compared with the previous
study of 172 countries for country risk assessment, this bank performance model retained
a set of 58 countries based on bank‑related data availability.

To examine bank performance, we opted for a straightforward approach. Two sets
of variables were taken into account as the model’s explanatory variables. Firstly, we
established a set of variables relative to the bank’s characteristics, based on previous re‑
search. Consistent with prior research [27,80,81], this study focused on return‑on‑assets
(ROA) as the primary variable to illustrate bank performance. Following previous inves‑
tigations [27,82], variables related to the financial profile of banks were considered, such
as asset quality (AQ), earnings and profitability (E&P), capitalization and leverage (C&L),
and funding and liquidity (F&L). Moreover, using direction from previous empirical stud‑
ies [27,83,84], this analysis included other variables that showcased the characteristics of
banks, namely ratio of equity to total assets (EQUITY) and bank size using the logarithm of
total assets [SIZE]. Secondly, to reflect the impacts connected to economic conditions, two
frequently applied indicators from banking investigations were selected, i.e., a country’s
growth rate (GDP) and inflation rate (INF) [1,27,39]. Table 3 addresses the bank‑specific
variables used in this research.
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Table 3. Variables of bank performance model under the assumption of country risk.

Uvβ
|Uvk v*β maxv minv vβ Description Mean SD

UROAβ
= ROA∗

βe−Rk ROA*
β =

ROAβ−7.83
7.83−(−0.12)

7.83 b −0.12 b ROA
Ratio of net profit to

total assets
(%, 4‑year average)

1.12 0.62

UAQβ
= AQ∗

βe−Rk AQ*
β = 1 − AQβ−0.25

14−0.25
14 a 0.25 a AQ

Ratio of impaired loans to
gross loans

(%, 4‑year average)
2.17 3.34

UE&Pβ
= E&P∗

βe−Rk E&P*
β =

E&Pβ−(−0.25)
5−(−0.25)

5 a −0.25 a E&P
Ratio of operating profit to

risk‑weighted assets
(%, 4‑year average)

4.14 36.78

UC&Lβ
= C&L∗

βe−Rk C&L*
β =

C&Lβ−6
22−6

22 a 6 a C&L Core capital ratio (%) 15.09 4.54

UF&Lβ
= F&L∗

βe−Rk F&L*
β = 1 − F&Lβ−45

250−45
250 a 45 a F&L

Ratio of loans to
customer deposits
(%, 4‑year average)

109.20 63.12

USIZEβ
= SIZE∗

βe−Rk SIZE*
β =

SIZEβ−18.94
19.14−18.94

29.14 b 18.94 b SIZE
Natural logarithm of

total assets
(%, 4‑year average)

23.19 1.98

UEQUITYβ
=

EQUITY∗
βe−Rk

EQUITY*
β =

EQUITYβ−2.46
46.65−2.46

46.65 b 2.46 b EQUITY
Ratio of equity to

total assets
(%, 4‑year average)

10.71 3.39

UGDPk = GDP∗
k e−Rk GDP*

k = GDPk−13.55
13.55−(−15.70)

13.55 b −15.70 b GDP GDP growth rate of
the country (%) 2.07 3.89

UINFk = INF∗
k e−Rk INF*

k = 1 − INFk−2
64.27−2 64.27 b 2 INF Inflation rate of

the country (%) 4.66 5.96

Note: a minimum and maximum levels are provided in accordance with the Fitch Rating methodology for rating
banks [82]; b minimum and maximum of the values set.

Considering the existing framework [74–76], data were preprocessed and standard‑
ized for analysis by applying the min–max normalization formula [74–76] for every vari‑
able in Table 3:

v*
β =

vβ − minv

maxv − minv
normalized by maximizing (45)

v*
β = 1 −

vβ − minv

maxv − minv
normalized by minimazing (46)

where vβ refers to variable v of bank β.
To evaluate bank performance, we determined a model under the assumption of coun‑

try risk based on the following utility functions:

Uvβ
= vβe−Rk , f or banking variables (47)

Uvk = vke−Rk , f or country variables (48)

The fuzzy‑ANP with PCA provides a multicriteria model of bank performance under
the assumption of country risk based on the steps presented in Section 3.1. This section
provides the basis for model validation in Section 4.2.

3.3.1. Extracting Bank Performance Factors with PCA
To begin with, we applied PCA for variables UROAβ

, UAQβ
, UE&Pβ

, UC&Lβ
, UF&Lβ

,
UEQUITYβ

, USIZEβ
, UGDPk , UINFk (Table 3). Following Steps 2a–e and the algorithm reflected

in Equations (1)–(15), the analysis showed n number of factors. In the following step, the
nine variables were pairwise compared with respect to each factor f𝓁.
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3.3.2. Constructing the Pairwise Comparison Matrices for Factors and Variables:
Obtaining Local Weights for the Bank Performance Model under the Assumption of
Country Risk

Factors f1, f2, . . . , fn result from PCA, and each factor f𝓁 has a corresponding variable
from v𝓁1 , v𝓁2 , . . . , v𝓁9 . Considering Steps 3a–e and Equations (19)–(30), pairwise compari‑
son matrix for factors and variables are obtained. Considering Chang’s [69] extent analysis
(Step 4), we apply Equations (31)–(39) to obtain the normalized local weight vectors for the
bank performance model.

3.3.3. Determining the Unweighted Supermatrix and Converting It to a
Weighted Supermatrix

Based on the local weights, we construct the unweighted supermatrix (Step 5), and
after normalization (Step 6), we determine the weighted supermatrix.

3.3.4. Establishing the Limit Supermatrix and the Global Weights of the Bank
Performance Model under Assumption of Country Risk

By applying Equation (43), the weighted supermatrix of the model’s variables is multi‑
plied by itself and the limit supermatrix is generated. This provides the basis for extraction
from the limit supermatrix of the global weights wROA, wAQ, wE&P, wC&L, wF&L, wEQUITY,
wSIZE, wGDP, wINF. Thus, by applying fuzzy‑ANP with PCA, we establish a mathematical
framework for this bank performance model under the assumption of country risk, with
the main scope of determining a performance score, considering the following:

BPβ =



wROA
wAQ
wE&P
wC&L
wF&L
wSIZE

wEQUITY
wGDP
wINF



T


UROAβ

UAQβ

UE&Pβ

UC&Lβ

UF&Lβ

USIZEβ

UEQUITYβ

UGDPk
UINFk


=



wROA
wAQ
wE&P
wC&L
wF&L
wSIZE

wEQUITY
wGDP
wINF



T



ROAβ−7.83
7.95 e−Rk(

1 − AQβ−0.25
13.75

)
e−Rk

E&Pβ+0.25
5.25 e−Rk

C&Lβ−6
16 e−Rk(

1 − F&Lβ−45
250

)
e−Rk

SIZEβ−18.94
0.2 e−Rk

EQUITYβ−2.46
44.19 e−Rk

GDPk−13.55
29.25 e−Rk(

1 − INFk−2
62.27

)
e−Rk



(49)

4. Empirical Analysis and Results
Based on the steps presented above and associated with this multi‑analytic approach

of fuzzy‑ANP with PCA, a bank performance model under the assumption of country
risk was proposed for validation. To obtain this overall model, first we developed the
country risk model that provides the scores corresponding to the operating environment
of the banks. Second, the country risk scores were associated with selected bank‑related
variables, resulting in a bank performance model and its associated scores.

4.1. Country Risk Model
4.1.1. Extracting the Country Risk Factors with PCA

As a first step, we utilized PCA to reduce our selected set of 17 variables (Table 4) to the
lowest number of factors that could describe the highest level of variance observed in the em‑
pirical data [55,59,63–68]. According to Steps 2a–f with their corresponding Equations (1)–(18),
the PCA procedure was applied in IBM SPSS Statistics v.26 (IBM Corp., Armonk, NY, USA),
and the results are presented in Tables 3 and 4.
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Table 4. Total variance explained for the country risk principal component analysis.

Component (𝓁)
Initial Eigenvalues Extraction Sums of Squared Loading Rotation Sums of Squared Loading

Total % of
Variance Cumulative % Total % of

Variance Cumulative % f𝓁
% of

Variance Cumulative %

1 10.5550 62.0885 62.0885 10.5550 62.0885 62.0885 6.0475 35.5738 35.5738
2 1.6996 9.9978 72.0863 1.6996 9.9978 72.0863 4.6261 27.2126 62.7864
3 1.2309 7.2404 79.3267 1.2309 7.2404 79.3267 2.8119 16.5403 79.3267

Extraction method: principal component analysis.

PCA generated three factors that provided an understanding of the variables included
in the country risk assessment model. The PCA results showcased adequacy according to
the 0.951 score for the Kaiser−Meyer−Olkin measure of sampling adequacy (KMO higher
than 0.7) [66] and the significant Bartlett’s test (χ2(300) = 22183.121, p < 0.001) [59]. Per‑
taining to Table 4′s results, all three resulting factors ( f1, f2, f3) had Eigenvalues greater
than 0.7 [64] and total variance explained was 79.3267%, which exceeded the accepted 60%
threshold [59].

Table 4 presents the matrix of rotated factors (using Varimax rotation), in accordance with

Steps 2d–f. The values obtained and presented in Table 5 represent
∼

λi𝓁. We applied Equation
(14) to obtain variables v𝓁i , namely the values for variable Xi with respect to factor f𝓁.

Table 5. Rotated factors matrix for country risk.

Description Variables Communalities (hi) f1 f2 f3
Type of governance X1 → v1 0.8034 0.3881 0.7871 0.1824

Civil liberties and political rights X2 → v2 0.8979 0.3195 0.8614 0.2319
Freedom of the press X3 → v3 0.8739 0.2151 0.8821 0.2225

Political stability X4 → v4 0.8039 0.5103 0.3823 0.6303
Regulatory quality X5 → v5 0.8805 0.8325 0.4010 0.1633

Rule of law X6 → v6 0.8500 0.7716 0.4262 0.2702
Armed conflict X7 → v7 0.7570 0.3405 0.2769 0.7512
Human rights X8 → v8 0.7735 0.2915 0.7078 0.4330

Voice and accountability X9 → v9 0.9192 0.4076 0.8475 0.1865
Average earnings X10 → v10 0.7621 0.8271 0.1665 0.2242
Economic freedom X11 → v11 0.7516 0.7765 0.3111 0.2279

Sovereign credit ratings X12 → v12 0.5925 0.7043 0.2246 0.2143
Competitiveness X13 → v13 0.7506 0.8347 0.1936 0.1279

Corruption X14 → v14 0.8077 0.7149 0.4880 0.2417
Natural resources industry controls X15 → v15 0.7408 0.8082 0.2929 0.0436

Terrorism X16 → v16 0.7957 −0.0102 0.1327 0.8820
Absence of violence X17 → v17 0.7252 0.4341 0.3846 0.6236

4.1.2. Constructing Pairwise Comparison Matrices, and Obtaining Local Weights for the
Country Risk Model

The resulting factors f𝓁 (Table 4) and variables v𝓁i (Table 5) were further used for the next
steps of fuzzy‑ANP. Considering Step 3c and Section 3.2.2, we applied Equations (22)–(25) to
construct the fuzzy pairwise comparison matrix of the country risk factors (Table 6).
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Table 6. Fuzzy pairwise comparison matrix of country risk factors.

Linguistic Pairwise Comparison Corresponding TFNs
(

3
∑
j=1
lij,

3
∑
j=1
mij,

3
∑
j=1
uij

)
Wf

f1 f2 f3 f1 f2 f3
f1 1 2 9 (1, 1, 1) (1, 2, 3) (9, 9, 9) (11, 12, 13) 0.9489
f2 1/2 1 6 (1/3, 1/2, 1) (1, 1, 1) (5, 6, 7) (6.3333, 7.5, 9) 0.0511
f3 1/9 1/6 1 (1/9, 1/9, 1/9) (1/7, 1/6, 1/5) (1, 1, 1) (1.254, 1.2778, 1.3111) 0.0000
Σ (18.5873, 20.7778, 23.3111)

Note: Consistency ratio = 0.0089 < 0.1 [28,41,43,46,77].

The relative importance weights vector from the fuzzy pairwise comparison matrix
was obtained using the extent analysis method [69] of the fuzzy‑ANP. The result is shown
in Table 6, and its compilation is based on the calculations explained below (based on Step 4
and Section 3.2.2):

S f1 = (11, 12, 13)⊗
(

1
23.3111

,
1

20.7778
,

1
18.5873

)
= (0.4719, 0.5775, 0.6994) (50)

S f2 = (6.3333, 7.5, 9)⊗
(

1
23.3111

,
1

20.7778
,

1
18.5873

)
= (0.2717, 0.3610, 0.4842) (51)

S f3 = (1.2554, 1.2778, 1.3111)⊗
(

1
23.3111

,
1

20.7778
,

1
18.5873

)
= (0.0538, 0.0615, 0.0705) (52)

Then, we applied Equations (35) and (36) to compute the degree possibility:

V
(

S f1 ≥ S f2

)
= 1, V

(
S f1 ≥ S f3

)
= 1 (53)

V
(

S f2 ≥ S f1

)
=

0.4719 − 0.4842
(0.3610 − 0.4842)− (0.5775 − 0.4719)

= 0.0538, V
(

S f2 ≥ S f3

)
= 1 (54)

V
(

S f3 ≥ S f1

)
= 0, V

(
S f3 ≥ S f2

)
= 0 (55)

Finally, Equations (37)–(39) were utilized to obtain the relative weight vector:

d′
(

S f1

)
= minV

(
S f1 ≥ S f2 , S f3

)
= min(1, 1) = 1 (56)

d′
(

S f1

)
= minV

(
S f2 ≥ S f1 , S f3

)
= min(0.0538, 1) = 0.0538 (57)

d′
(

S f1

)
= minV

(
S f3 ≥ S f1 , S f2

)
= min(1, 0) = 0 (58)

Therefore,
W ′ = (1, 0.0538, 0)T (59)

The normalized relative weight vector attained via normalization of W ′ is as follows:

W∼
F
= (0.9489, 0.0511, 0)T (60)

This algorithm was applied in the same manner to all pairwise comparison matrices.
Appendix A shows the results for the pairwise matrices that are formed from the calcula‑
tions of the relative importance weights of variables v𝓁1 , v𝓁2 , . . . , v𝓁17 with respect to each
factor f𝓁 resulting from the country risk PCA. The normalized relative weight vectors are
as follows:

W∼
V1

= (0.0002, 0, 0, 0.0441, 0.1321, 0.1056, 0, 0, 0.0096, 0.1290, 0.1117, 0.0897, 0.1351, 0.0941, 0.1215, 0, 0.0274)T (61)
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W∼
V2

= (0.1778, 0.2115, 0.2187, 0, 0, 0.0115, 0, 0.1375, 0.2010, 0, 0, 0, 0, 0.0421, 0, 0, 0)T (62)

W∼
V3

= (0, 0, 0, 0.1867, 0, 0, 0.2651, 0.0325, 0, 0, 0, 0, 0, 0, 0, 0.3489, 0.1669)T (63)

4.1.3. Determining the Supermatrices for the Country Risk Model
According to Step 5 and Section 3.2.3, the weights derived from prior steps were used

to populate the columns of the specific unweighted supermatrix for this country risk model.
Applying Equations (41) and (42) from Step 6, we obtained the following weighted super‑
matrix (Table 7):

Table 7. Weighted supermatrix for the country risk model.

Goal f1 f2 f3 v1 v2 v3 v4 v5 v6 v7 v8 v9 v10 v11 v12 v13 v14 v15 v16 v17
Goal 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

f1 0.9489 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
f2 0.0511 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
f3 0.0000 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
v1 0 0.0002 0.1778 0.0000 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
v2 0 0.0000 0.2115 0.0000 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
v3 0 0.0000 0.2187 0.0000 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0
v4 0 0.0441 0.0000 0.1867 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0
v5 0 0.1321 0.0000 0.0000 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0
v6 0 0.1056 0.0115 0.0000 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0
v7 0 0.0000 0.0000 0.2651 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0
v8 0 0.0000 0.1375 0.0325 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0
v9 0 0.0096 0.2010 0.0000 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0
v10 0 0.1290 0.0000 0.0000 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
v11 0 0.1117 0.0000 0.0000 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0
v12 0 0.0897 0.0000 0.0000 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0
v13 0 0.1351 0.0000 0.0000 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0
v14 0 0.0941 0.0421 0.0000 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0
v15 0 0.1215 0.0000 0.0000 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0
v16 0 0.0000 0.0000 0.3489 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0
v17 0 0.0274 0.0000 0.1669 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1

4.1.4. Establishing the Limit Supermatrix and the Global Weights of the Country
Risk Model

Finally, according to Step 7 and Section 3.2.4, by multiplying the weighted superma‑
trix by itself, we obtained the limit supermatrix.

In the first column of limit supermatrix (Table 8), the relative importance weights of
all variables with respect to the country risk are showcased.

Table 8. Limit supermatrix for country risk model.

Goal f1 f2 f3 v1 v2 v3 v4 v5 v6 v7 v8 v9 v10 v11 v12 v13 v14 v15 v16 v17
Goal 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

f1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
f2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
f3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
v1 0.0093 0.0002 0.1778 0.0000 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
v2 0.0108 0.0000 0.2115 0.0000 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
v3 0.0112 0.0000 0.2187 0.0000 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0
v4 0.0418 0.0441 0.0000 0.1867 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0
v5 0.1253 0.1321 0.0000 0.0000 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0
v6 0.1008 0.1056 0.0115 0.0000 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0
v7 0.0000 0.0000 0.0000 0.2651 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0
v8 0.0070 0.0000 0.1375 0.0325 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0
v9 0.0193 0.0096 0.2010 0.0000 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0
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Table 8. Cont.

Goal f1 f2 f3 v1 v2 v3 v4 v5 v6 v7 v8 v9 v10 v11 v12 v13 v14 v15 v16 v17
v10 0.1224 0.1290 0.0000 0.0000 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0
v11 0.1060 0.1117 0.0000 0.0000 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0
v12 0.0851 0.0897 0.0000 0.0000 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0
v13 0.1282 0.1351 0.0000 0.0000 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0
v14 0.0915 0.0941 0.0421 0.0000 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0
v15 0.1153 0.1215 0.0000 0.0000 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0
v16 0.0000 0.0000 0.0000 0.3489 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0
v17 0.0260 0.0274 0.0000 0.1669 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1

Thus, based on the weights from Tables 8 and 9, we obtained the country risk score
(Rk score) for each country k by applying Equation (44).

Table 9. Relative importance weights of all variables with respect to country risk.

Variables (Xi) Corresponding to PCA Description wi

X1 v1 Type of governance 0.0093
X2 v2 Civil liberties and political rights 0.0108
X3 v3 Freedom of the press 0.0112
X4 v4 Political stability 0.0418
X5 v5 Regulatory quality 0.1253
X6 v6 Rule of law 0.1008
X7 v7 Armed conflict 0.0000
X8 v8 Human rights 0.0070
X9 v9 Voice and accountability 0.0193
X10 v10 Average earnings 0.1224
X11 v11 Economic freedom 0.1060
X12 v12 Sovereign credit ratings 0.0851
X13 v13 Competitiveness 0.1282
X14 v14 Corruption 0.0915
X15 v15 Natural resources industry controls 0.1153
X16 v16 Terrorism 0.0000
X17 v17 Absence of violence 0.0260

Table 10 reflects the IMF country classification and the mean values for the identified
groups, considering the country risk scores (calculated based on the novel fuzzy‑ANP with
the PCA method). Based on Table 10 and Figure 3, the results showed the lowest levels of
country risk for the advanced economies. The mean scores of the advanced economies
(1.5982 calculated for year 2022) and emerging Europe (2.8559 calculated for year 2022)
were below the global mean (2.9574). The other country groups exhibited mean scores
above the global mean. Notably, the Sub‑Saharan Africa group reflected the highest mean
country risk scores (3.7170 calculated for year 2022).

Table 10. Country risk scores based on economy type.

Economy Type a N Indicator 2022 2021 2020 2019 2018 2017 2016

Advanced Economies 37
Mean 1.5982 1.6326 1.6310 1.6128 1.6454 1.6622 1.6781
SD 0.4045 0.4020 0.4096 0.4397 0.4754 0.4698 0.4910

Emerging and Developing Asia 25
Mean 3.2304 3.2412 3.2049 3.2071 3.2430 3.2212 3.2664
SD 0.4059 0.4194 0.4334 0.4194 0.4224 0.4101 0.4687

Emerging and Developing Europe 13
Mean 2.8559 2.8198 2.8632 2.8923 2.9240 2.9268 2.9316
SD 0.4022 0.3669 0.3649 0.4092 0.4050 0.4466 0.4463

Latin America and The Caribbean 30
Mean 3.0005 3.0148 3.0659 3.0672 3.0527 3.0651 3.0691
SD 0.4715 0.4572 0.4515 0.4390 0.4301 0.4192 0.4050

Middle East and Central Asia 25
Mean 3.4207 3.3810 3.4185 3.4241 3.4306 3.3652 3.3473
SD 0.6272 0.6566 0.6931 0.6358 0.6191 0.6216 0.6519
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Table 10. Cont.

Economy Type a N Indicator 2022 2021 2020 2019 2018 2017 2016

Sub‑Saharan Africa 42
Mean 3.7170 3.7206 3.7119 3.7154 3.7024 3.6762 3.6689
SD 0.4844 0.4829 0.5013 0.4957 0.5052 0.4649 0.4449

All countries 172
Mean 2.9574 2.9612 2.9711 2.9716 2.9815 2.9684 2.9750
SD 0.8960 0.8848 0.8924 0.8950 0.8860 0.8639 0.8643

a International monetary fund classification.
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4.2. Bank Performance Model under the Assumption of Country Risk
The country risk scores obtained in the previous section (Section 4.1) were further

incorporated in this second stage of the model. For this second stage, fuzzy‑ANP with
PCA provides a multicriteria model of bank performance under the assumption of country
risk based on the steps presented in Section 3.3.2.

4.2.1. Extracting Bank Performance Factors with PCA
Regarding the proposed method, at this stage, PCA was used to reduce the nine se‑

lected variables (Table 3). Considering Steps 2a–f, PCA was developed in IBM SPSS Statis‑
tics v.26 (IBM Corp., Armonk, NY, USA), and the results are presented in Tables 10 and 11.

Table 11. Total variance explained for the PCA of bank performance.

Component (𝓁)
Initial Eigenvalues Extraction Sums of Squared Loading Rotation Sums of Squared Loading

Total % of
Variance Cumulative % Total % of

Variance Cumulative % f𝓁
% of

Variance Cumulative %

1 6.520 72.439 72.439 6.520 72.439 72.439 3.921 43.572 43.572
2 0.859 9.545 81.984 0.859 9.545 81.984 3.457 38.412 81.984

Extraction method: principal component analysis.

The bank performance PCA generated two factors that helpedunderstand the selected
variables in a new framework. The PCA results showcased appropriateness according
to the 0.839 score for KMO (>0.7) [66] and the significant Bartlett’s test (23,045.334 with



Mathematics 2023, 11, 3257 22 of 38

p < 0.001) [59]. As shown in Table 11, the newly generated factors highlighted Eigenval‑
ues values that exceeded the recommended threshold of 0.7 [64], with a total variance ex‑
plained of 81.984% (higher than the 60% level recommended by Hair [59]).

Table 11 presents the matrix of rotated factors, in accordance with Steps 2d–f. The

values obtained and presented in Table 12 represent
∼

λi𝓁. We used Equation (14) to obtain
variables v𝓁i , namely the values for variable Xi with respect to factor f𝓁.

Table 12. Rotated factors matrix for PCA of bank performance.

Variables Corresponding in PCA Communalities (hi) f1 f2
UROA v1 0.8069 0.8714 0.2181
UAQ v2 0.8609 0.6792 0.6321
UE&P v3 0.8155 0.4894 0.7590
UC&L v4 0.7491 0.4661 0.7293
UF&L v5 0.6545 0.6783 0.4409
USIZE v6 0.8541 0.1080 0.9179

UEQUITY v7 0.8456 0.8918 0.2241
UGDP v8 0.8518 0.6897 0.6133
UINF v9 0.9401 0.7081 0.6624

4.2.2. Constructing the Pairwise Comparison Matrices and Obtaining Local Weights for
the Bank Performance Model

The resulting factors f𝓁 (Table 11) and variables v𝓁i (Table 12) were further used in
next steps of fuzzy‑ANP to develop the pairwise comparison matrices for the factors and
variables. Considering Step 3b and Section 3.3.2, the fuzzy pairwise comparison matrix of
the bank performance factors was developed (Table 13).

Table 13. Fuzzy pairwise comparison matrix of the bank performance factors.

Linguistic Pairwise Comparison Corresponding TFNs
Σ Wf

f1 f2 f1 f2
f1 1 9 (1, 1, 1) (9, 9, 9) (10, 10, 10) 1.0000
f2 1/9 1 (1/9, 1/9, 1/9) (1, 1, 1) (1.1111, 1.1111, 1.1111) 0.0000
Σ (11.1111, 11.1111, 11.1111)

Using the extent analysis method of fuzzy‑ANP [69], the relative importance weights
are available in Table 13 and the calculations are presented below:

S f1 = (10, 10, 10)⊗
(

1
11.1111

,
1

11.1111
,

1
11.1111

)
= (0.9, 0.9, 0.9) (64)

S f2 = (1.1111, 1.1111, 1.1111)⊗
(

1
11.1111

,
1

11.1111
,

1
11.1111

)
= (0.1, 0.1, 0.1) (65)

Considering Equations (35) and (36), the degree possibility was:

V
(

S f1 ≥ S f2

)
= 1, V

(
S f2 ≥ S f1

)
= 0 (66)

Finally, considering Equations (37)–(39), the relative weight vector was as follows:

W∼
F
= (1, 0)T =

(
1
0

)
(67)

Based on this result, factor f1 displayed a higher level of importance with respect to
the goal to select the model’s variables and determine their relative importance weights for
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the bank performance score. Corresponding to Step 5 and Section 3.3.2, the local weight
vectors of variables v1i with respect to f1 were computed as follows (Tables 14 and 15):

Table 14. Linguistic pairwise comparison matrix of variables v1i with respect to f1.

f1 v11 v12 v13 v14 v15 v16 v17 v18 v19
v11 1 2 2 2 2 2 1/2 2 2
v12 1/2 1 2 2 2 2 1/2 1/2 1/2
v13 1/2 1/2 1 2 1/2 2 1/2 1/2 1/2
v14 1/2 1/2 1/2 1 1/2 2 1/2 1/2 1/2
v15 1/2 1/2 2 2 1 2 1/2 1/2 1/2
v16 1/2 1/2 1/2 1/2 1/2 1 1/3 1/2 1/2
v17 2 2 2 2 2 3 1 2 2
v18 1/2 2 2 2 2 2 1/2 1 1/2
v19 1/2 2 2 2 2 2 1/2 2 1

Note: Consistency ratio = 0.0409 < 0.1 [28,41,43,46,77].

Table 15. Fuzzy pairwise comparison matrix of variables v1i with respect to f1.

f1 v11 v12 v13 v14 v15 v16 v17 v18 v19 Σ W ~
V1

v11
(1, 1, 1) (1, 2, 3) (1, 2, 3) (1, 2, 3) (1, 2, 3) (1, 2, 3) (1/3, 1/2, 1) (1, 2, 3) (1, 2, 3) (8.3333, 15.5, 23) 0.1406

v12
(1/3, 1/2, 1) (1, 1, 1) (1, 2, 3) (1, 2, 3) (1, 2, 3) (1, 2, 3) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (6.3333, 11, 17) 0.1157

v13
(1/3, 1/2, 1) (1/3, 1/2, 1) (1, 1, 1) (1, 2, 3) (1/3, 1/2, 1) (1, 2, 3) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (5, 8, 13) 0.0928

v14
(1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (1, 1, 1) (1/3, 1/2, 1) (1, 2, 3) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (4.3333, 6.5, 11) 0.0786

v15
(1/3, 1/2, 1) (1/3, 1/2, 1) (1, 2, 3) (1, 2, 3) (1, 1, 1) (1, 2, 3) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (5.6667, 9.5, 15) 0.1051

v16
(1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (1, 1, 1) (1/4, 1/3, 1/2) (1/3, 1/2, 1) (1/3, 1/2, 1) (3.5833, 4.8333, 8.5) 0.0578

v17
(1, 2, 3) (1, 2, 3) (1, 2, 3) (1, 2, 3) (1, 2, 3) (2, 3, 4) (1, 1, 1) (1, 2, 3) (1, 2, 3) (10, 18, 26) 0.1512

v18
(1/3, 1/2, 1) (1, 2, 3) (1, 2, 3) (1, 2, 3) (1, 2, 3) (1, 2, 3) (1/3, 1/2, 1) (1, 1, 1) (1/3, 1/2, 1) (7, 12.5, 19) 0.1250

v19
(1/3, 1/2, 1) (1, 2, 3) (1, 2, 3) (1, 2, 3) (1, 2, 3) (1, 2, 3) (1/3, 1/2, 1) (1, 2, 3) (1, 1, 1) (7.6667, 14, 21) 0.1332

Σ (57.9167, 99.8333, 153.5)

Sv11
= (8.3333, 15.5, 23)⊗

(
1

153.5
,

1
99.8333

,
1

57.9167

)
= (0.0543, 0.1553, 0.3971) (68)

Sv12
= (6.3333, 11, 17)⊗

(
1

153.5
,

1
99.8333

,
1

57.9167

)
= (0.0413, 0.1102, 0.2935) (69)

Sv13
= (5, 8, 13)⊗

(
1

153.5
,

1
99.8333

,
1

57.9167

)
= (0.0326, 0.0801, 0.2245) (70)

Sv14
= (4.3333, 6.5, 11)⊗

(
1

153.5
,

1
99.8333

,
1

57.9167

)
= (0.0282, 0.0651, 0.1899) (71)

Sv15
= (5.6667, 9.5, 15)⊗

(
1

153.5
,

1
99.8333

,
1

57.9167

)
= (0.0369, 0.0952, 0.259) (72)

Sv16
= (3.5833, 4.8333, 8.5)⊗

(
1

153.5
,

1
99.8333

,
1

57.9167

)
= (0.0233, 0.0484, 0.1468) (73)

Sv17
= (10, 18, 26)⊗

(
1

153.5
,

1
99.8333

,
1

57.9167

)
= (0.0651, 0.1803, 0.4489) (74)
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Sv18
= (7, 12.5, 19)⊗

(
1

153.5
,

1
99.8333

,
1

57.9167

)
= (0.0456, 0.1252, 0.3281) (75)

Sv19
= (7.6667, 14, 21)⊗

(
1

153.5
,

1
99.8333

,
1

57.9167

)
= (0.0499, 0.1402, 0.3626) (76)

Equations (31) and (35) were applied to compute the degree possibility [69], and the
results are presented in Table 16.

Table 16. Degree possibility.

V
(
Sv1j≥Sv1i

)
Sv11 Sv12 Sv13 Sv14 Sv15 Sv16 Sv17 Sv18 Sv19

Sv11
‑ 1 1 1 1 1 0.9299 1 1

Sv12
0.8415 ‑ 1 1 1 1 0.7651 0.9429 0.8902

Sv13
0.6937 0.8591 ‑ 1 0.9258 1 0.6140 0.7987 0.7438

Sv14
0.6007 0.7673 0.9128 ‑ 0.8358 1 0.5200 0.7060 0.6508

Sv15
0.7730 0.9354 1 1 ‑ 1 0.6948 0.8766 0.8226

Sv16
0.4639 0.6307 0.7826 0.8765 0.7015 ‑ 0.3823 0.5685 0.5132

Sv17
1 1 1 1 1 1 ‑ 1 1

Sv18
0.9011 1 1 1 1 1 0.8268 ‑ 0.9487

Sv19
0.9535 1 1 1 1 1 0.8813 1 ‑

V
(

Sv1j
≥ Sv1i

)
=


1, i f mj ≥ mi
0, i f li ≥ lj

li−uj

(mj−uj)−(mi−li)

(77)

Finally, based on Equations (36)–(39), relative weight vector was established:

d′
(

Sv11

)
= minV

(
Sv11

≥ Sv12
, Sv13

, Sv14
, Sv15

, Sv16
, Sv17

, Sv18
, Sv19

)
= min(1, 1, 1, 1, 1, 0.9299, 1, 1) = 0.9299 (78)

d′
(

Sv12

)
= minV

(
Sv12

≥ Sv11
, Sv13

, Sv14
, Sv15

, Sv16
, Sv17

, Sv18
, Sv19

)
= min(0.8415, 1, 1, 1, 1, 0.7651, 0.9429, 0.8902) = 0.7651

(79)

d′
(

Sv13

)
= minV

(
Sv13

≥ Sv11
, Sv12

, Sv14
, Sv15

, Sv16
, Sv17

, Sv18
, Sv19

)
= min(0.6937, 0.8591, 1, 0.9258, 1, 0.6140, 0.7987, 0.7438) = 0.6140

(80)

d′
(

Sv14

)
= minV

(
Sv14

≥ Sv11
, Sv12

, Sv13
, Sv15

, Sv16
, Sv17

, Sv18
, Sv19

)
= min(0.6007, 0.7673, 0.9128, 0.8358, 1, 0.52, 0.706, 0.6508) = 0.5200

(81)

d′
(

Sv15

)
= minV

(
Sv15

≥ Sv11
, Sv12

, Sv13
, Sv14

, Sv16
, Sv17

, Sv18
, Sv19

)
= min(0.7730, 0.9354, 1, 1, 1, 0.6948, 0.8766, 0.8226) = 0.6948

(82)

d′
(

Sv16

)
= minV

(
Sv16

≥ Sv11
, Sv12

, Sv13
, Sv14

, Sv15
, Sv17

, Sv18
, Sv19

)
= minV(0.4639, 0.6307, 0.7826, 0.8765, 0.7015, 0.3823, 0.5685, 0.5132) = 0.3823

(83)

d′
(

Sv17

)
= minV

(
Sv17

≥ Sv11
, Sv12

, Sv13
, Sv14

, Sv15
, Sv16

, Sv18
, Sv19

)
= min(1, 1, 1, 1, 1, 1, 1, 1) = 1.0000 (84)

d′
(

Sv18

)
= minV

(
Sv18

≥ Sv11
, Sv12

, Sv13
, Sv14

, Sv15
, Sv16

, Sv17
, Sv19

)
= min(0.9011, 1, 1, 1, 1, 1, 0.8268, 0.9487)

= 0.8268
(85)
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d′
(

Sv19

)
= minV

(
Sv19

≥ Sv11
, Sv12

, Sv13
, Sv14

, Sv15
, Sv16

, Sv17
, Sv18

)
= min(0.9535, 1, 1, 1, 1, 1, 0.8813, 1) = 0.8813 (86)

Therefore,

W ′ = (0.9299, 0.7651, 0.6140, 0.5200, 0.6948, 0.3823, 1.0000, 0.8268, 0.8813)T (87)

The normalized relative weight vector was obtained via the normalization of W ′:

W∼
V1

= (0.1406, 0.1157, 0.0928, 0.0786, 0.1051, 0.0578, 0.1512, 0.1250, 0.1332)T (88)

This algorithm was applied in the same manner to the pairwise comparison matrix of
variable v2i with respect to f2.

4.2.3. Determining Supermatrices for the Bank Performance Model
Considering Step 5 and Section 3.3.3, the weights derived from the previous steps

were applied to populate the columns of the specific unweighted supermatrix for this
bank performance model. Utilizing Equations (41) and (42) from Step 6, we achieved the
weighted supermatrix presented in Table 17.

Table 17. Weighted supermatrix for the bank performance model.

Goal f1 f1 v1 v2 v3 v4 v5 v6 v7 v8 v9
Goal 0 0 0 0 0 0 0 0 0 0 0 0

f1 1.0000 0 0 0 0 0 0 0 0 0 0 0
f2 0.0000 0 0 0 0 0 0 0 0 0 0 0
v1 0 0.1406 0.0651 1 0 0 0 0 0 0 0 0
v2 0 0.1157 0.1154 0 1 0 0 0 0 0 0 0
v3 0 0.0928 0.1386 0 0 1 0 0 0 0 0 0
v4 0 0.0786 0.1318 0 0 0 1 0 0 0 0 0
v5 0 0.1051 0.0941 0 0 0 0 1 0 0 0 0
v6 0 0.0578 0.1447 0 0 0 0 0 1 0 0 0
v7 0 0.1512 0.0808 0 0 0 0 0 0 1 0 0
v8 0 0.1250 0.1055 0 0 0 0 0 0 0 1 0
v9 0 0.1332 0.1241 0 0 0 0 0 0 0 0 1

4.2.4. Establishing the Limit Supermatrix and the Global Weights of the Bank
Performance Model under Country Risk Assumption

Finally, pertaining to Step 7 of fuzzy‑ANP and Section 3.3.4, the limit supermatrix was
computed by multiplying the weighted supermatrix of model by itself, resulting in Table 18.

Table 18. Limiting supermatrix for the bank performance model.

Goal f1 f1 v1 v2 v3 v4 v5 v6 v7 v8 v9
Goal 0 0 0 0 0 0 0 0 0 0 0 0

f1 0 0 0 0 0 0 0 0 0 0 0 0
f2 0 0 0 0 0 0 0 0 0 0 0 0
v1 0.1406 0.1406 0.0651 1 0 0 0 0 0 0 0 0
v2 0.1157 0.1157 0.1154 0 1 0 0 0 0 0 0 0
v3 0.0928 0.0928 0.1386 0 0 1 0 0 0 0 0 0
v4 0.0786 0.0786 0.1318 0 0 0 1 0 0 0 0 0
v5 0.1051 0.1051 0.0941 0 0 0 0 1 0 0 0 0
v6 0.0578 0.0578 0.1447 0 0 0 0 0 1 0 0 0
v7 0.1512 0.1512 0.0808 0 0 0 0 0 0 1 0 0
v8 0.1250 0.1250 0.1055 0 0 0 0 0 0 0 1 0
v9 0.1332 0.1332 0.1241 0 0 0 0 0 0 0 0 1
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Considering the global weights (Table 18), the bank performance score (BPβ) for each
bank β, under the assumption of country risk Rk , was obtained by applying the following:

BPβ =



0.1406
0.1157
0.0928
0.0786
0.1051
0.0578
0.1512
0.1250
0.1332



T


UROAβ

UAQβ

UE&Pβ

UC&Lβ

UF&Lβ

USIZEβ

UEQUITYβ

UGDPk
UINFk


=



0.1406
0.1157
0.0928
0.0786
0.1051
0.0578
0.1512
0.1250
0.1332



T



ROAβ−7.83
7.95 e−Rk(

1 − AQβ−0.25
13.75

)
e−Rk

E&Pβ+0.25
5.25 e−Rk

C&Lβ−6
16 e−Rk(

1 − F&Lβ−45
250

)
e−Rk

SIZEβ−18.94
0.2 e−Rk

EQUITYβ−2.46
44.19 e−Rk

GDPk−13.55
29.25 e−Rk(

1 − INFk−2
62.27

)
e−Rk



(89)

Considering the premises of Equation (89), an increase in country risk leads to a de‑
crease in bank performance scores. Thus, after an overall assessment of the results, we
noted that country risk reflected an indirect relationship with bank performance.

Table 19 portrays the bank performance scores calculated based on the fuzzy‑ANP
with the PCA method. Considering the IMF classification of countries and calculations
from 2022, Table 19 and Figure 4 show that the advanced economies’ bank performance
scores (0.1243) highlighted the above mean results for the year 2022 (0.0933), whereas the
emerging economies’ banks exhibited scores below the mean for all regions. Considering
emerging economies, the highest scores for bank performance were established for emerg‑
ing and developing Europe (0.0365). On the opposite end, the lowest bank performance
scores were determined for the analyzed group of 22 banks for Sub‑Saharan Africa (0.0224).

Table 19. Bank performance scores according to the economy type.

Bank Groups by Economy Type N 2022 2021 2020 2019

Advanced Economies 331

Mean 0.1243 0.1183 0.1122 0.1320
SD 0.0297 0.0312 0.0300 0.0299
Min 0.0409 0.0393 0.0266 0.0241
Max 0.2292 0.2324 0.2172 0.2301

Emerging and Developing Asia 55

Mean 0.0307 0.0345 0.0345 0.0356
SD 0.0111 0.0104 0.0108 0.0124
Min 0.0091 0.0161 0.0176 0.0188
Max 0.0599 0.0628 0.0639 0.0691

Emerging and Developing Europe 20

Mean 0.0365 0.0395 0.0352 0.0393
SD 0.0179 0.0172 0.0185 0.0208
Min 0.0200 0.0227 0.0190 0.0221
Max 0.0712 0.0727 0.0729 0.0815

Latin America and the Caribbean 8

Mean 0.0290 0.0309 0.0259 0.0286
SD 0.0056 0.0072 0.0064 0.0064
Min 0.0211 0.0214 0.0178 0.0198
Max 0.0369 0.0402 0.0334 0.0372

Middle East and Central Asia 60

Mean 0.0329 0.0345 0.0337 0.0336
SD 0.0143 0.0154 0.0151 0.0161
Min 0.0095 0.0095 0.0074 0.0086
Max 0.0689 0.0753 0.0735 0.0756
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Table 19. Cont.

Bank Groups by Economy Type N 2022 2021 2020 2019

Sub‑Saharan Africa 22

Mean 0.0224 0.0217 0.0214 0.0224
SD 0.0119 0.0106 0.0100 0.0131
Min 0.0100 0.0107 0.0104 0.0089
Max 0.0427 0.0439 0.0435 0.0495

All sample 496

Mean 0.0933 0.0900 0.0856 0.0992
SD 0.0509 0.0482 0.0457 0.0534
Min 0.0091 0.0095 0.0074 0.0086
Max 0.2292 0.2324 0.2172 0.2301
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With regard to the main trends observed based on the calculations presented in Table 19,
for the first pandemic year (2020), all banks registered downturn of their overall perfor‑
mance, regardless of their economy type. Furthermore, 2021 highlighted a recovery for all
regions in terms of bank performance; however, this upward trend was continued only for
the banks from advanced economies in 2022, while the banks from emerging economies
reflected declines in their performance.

4.3. Exemplification of Bank Performance Model under the Assumption of Country Risk
This section validates the presented model of bank performance under the assump‑

tion of country risk considering an exemplification of three banks that are part of Groupe
Societe Generale, namely Societe Generale from France, Komercni Banka from the Czech
Republic, and BRD Groupe Societe Generale SA from Romania. Applying Equation (44) to
the real bank data presented in Table 20, we obtained the following countries’ risk scores
(measured on a scale from 1 (very low risk) to 5 (very high risk)): 1.6840 for France, 1.8316
for the Czech Republic, and 2.5309 for Romania.
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Table 20. Calculated country risk scores for France, the Czech Republic, and Romania (2022).

Description Variables Weights (wi) France Czech Republic Romania

Type of governance X1 0.0093 2 1 2
Civil liberties and political rights X2 0.0108 2 1 2

Freedom of the press X3 0.0112 2 2 2
Political stability X4 0.0418 2 2 2

Regulatory quality X5 0.1253 2 2 3
Rule of law X6 0.1008 2 2 3

Armed conflict X7 0.0000 3 2 1
Human rights X8 0.0070 1 1 2

Voice & accountability X9 0.0193 2 2 2
Average earnings X10 0.1224 2 2 2
Economic freedom X11 0.1060 2 2 2

Sovereign credit ratings X12 0.0851 2 2 3
Competitiveness X13 0.1282 1 2 3

Corruption X14 0.0915 1 2 3
Natural resources industry controls X15 0.1153 1 1 2

Terrorism X16 0.0000 4 3 3
Absence of violence X17 0.0260 3 1 2

Country Risk Scores (Rk) ‑ ‑ 1.6840 1.8316 2.5309

By using the calculated country risk values from these three countries and real data for
bank variables included in the model and presented in Table 21, Equation (89) was applied
to calculate the bank performance scores for Societe Generale, Komercni Banka, and BRD
Groupe Societe Generale SA.

Table 21. Calculated bank performance scores for Societe Generale, Komercni Banka, and BRD
Groupe Societe Generale SA (2022).

Variables Weights Societe Generale SA
(France)

Komercni Banka as
(Czech Republic)

BRD Groupe Societe
Generale SA (Romania)

Rk ‑ 1.6840 1.8316 2.5309
ROAβ 0.0108 0.2364 1.1579 2.0223
AQβ 0.0112 2.5514 2.4286 3.3305

E&Pβ 0.0418 4.2502 9.2841 5.1919
C&Lβ 0.1253 16.2900 18.9000 20.6400
F&Lβ 0.1008 90.6945 77.9352 69.0012
SIZEβ 0.0000 27.9937 24.5852 23.3242

EQUITYβ 0.0070 4.4672 9.6728 13.2372
GDPk 0.0193 2.6060 2.4420 4.7910
INFk 0.1224 6.9580 15.7590 16.3710

Bank Performance
Scores ‑ 0.1064 0.0965 0.0507

The scores of the banks from the advanced economies, namely Societe Generale (0.1064)
from France and Komercni Banka (0.0965) from the Czech Republic, registered higher val‑
ues than the bank from emerging and developing Europe, namely BRD Groupe Societe
Generale SA (0.0507) from Romania. The findings from the bank performance scores’ cal‑
culation reconfirm and provide additional validation to the results reported in Table 19
from Section 4.2.4.

5. Discussion
As an active research area of country risk assessment and bank performance, the au‑

thors have highlighted multiple mathematical techniques for multi‑criteria decision mak‑
ing (MCDM) [85,86]. In this study, a new mathematical framework was proposed to ex‑
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pand MCDM by incorporating fuzzy‑ANP and PCA for more effective risk assessment
and performance analysis. The proposed method presented in Section 3.1. was explored
through two studies: (1) country risk assessment and (2) bank performance model under
the assumption of country risk.

In the first study, the country risk assessment model included an analysis of 172 coun‑
tries, based on secondary data extracted from Refinitiv Thomson Reuters. This model
showed that competitiveness (0.1282), regulatory quality (0.1253), and natural resources
industry controls (0.1153) had the highest relative importance weights for determining the
country risk scores (Table 9). Country risk scores were mainly influenced by economic di‑
mensions, which had cumulated weights of 0.4417. All four of the economic dimensions
included in the country risk assessments had significant weights: competitiveness (0.1282),
average earnings (0.1224), economic freedom (0.1060), and sovereign credit ratings (0.0861).
Considering the political dimensions of country risk assessment, they showcased cumu‑
lated weights of 0.3256, and the most important ones were regulatory quality (0.1253) and
rule of law (0.1008). The criminal dimensions of country risk had cumulated weights of
0.2327 and the most notable ones were natural resources industry controls (0.1153) and
corruption (0.0915). Based on these results, this study extends existing methodologies for
determining country risk scores [1,27,29–31,33–35].

In the second study, this research examined a bank performance model under the
assumption of country risk, considering a set of 496 banks. The data included for this anal‑
ysis were extracted from Refinitiv Thomson Reuters and International Monetary Fund, but
also incorporated the country risk scores from the previous study in the newly proposed
fuzzy‑ANP with the PCA method.

The bank performance model’s weights are displayed in Table 18 and Equation (89).
The most important bank variables for the performance score were EQUITY (0.1512) and
ROA (0.1406). Additionally, macroeconomic indicators played a key role in establish‑
ing the bank performance score, based on the following weights: INF (0.1332) and GDP
(0.1250). Based on the results of this model and considering the challenging operating
environments of banks throughout the world, country risk has proven its relevancy in as‑
sessing the performance of banks. These results are in line with previous studies that have
empirically examined bank performance in relation to country risk [1,20,27,39]. Moreover,
for both studies, the fuzzy‑ANP with PCA results were validated based on accuracy and
consistency tests [59,64,65,69].

6. Conclusions
Because of challenging environments, country risk has proved its relevancy in assess‑

ing banks’ performance and assisting decision‑making. This study proposed a new bank
performance model under the assumption of country risk, based on a multi‑analytical
effort that included PCA in a fuzzy‑ANP model. Fuzzy applications [70,71,73,87] and
ANPs [41,43,45–51] are valuable techniques due to their decision‑making abilities. Nonethe‑
less, certain authors have highlighted the need to address inconsistency issues associated
with the complexity of the method [45,46], showcasing a gap in research. Based on this
novel approach, this paper addressed this literature gap of proposing, applying, and vali‑
dating unbiased perspectives in decision‑making contexts.

From the perspective of mathematic methodology, this research contributes with an
original approach that integrates fuzzy‑ANP with PCA. The implementation of this new
methodology involved multiple stages. In the initial stage, a Principal Component Anal‑
ysis was developed based on a set of selected variables, collected based on secondary
data. In the following stages, the PCA results were incorporated in the widely‑known
fuzzy‑ANP method. By integrating secondary data in fuzzy‑ANP with PCA mathemati‑
cal methodology, this novel approach tackled the persistent issues of biases and inconsis‑
tencies associated with the general and commonly encountered implementation of fuzzy‑
ANP. Secondary data offers a broad and comprehensive perspective, showcasing accu‑
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rate representation for complex‑decision‑making process. Moreover, PCA successfully re‑
duces the dimensionality of the data while maintaining the efficiency of the analysis.

From the perspective of business and economic analysis, this research offers contribu‑
tions in establishing a novel approach for bank performance evaluation considering coun‑
try risk. The proposed methodology was applied and validated in two studies. The first
study contributed to the development and validation of a new model for country risk as‑
sessment, considering the new fuzzy‑ANP with PCA approach. The country risk assess‑
ment model considered a set of 17 variables. By applying fuzzy‑ANP with PCA, a key
finding of this model was reflected in the importance and prominence of the economic en‑
vironment variables (competitiveness, average earnings, economic freedom, and sovereign
credit ratings) affecting country risk, with cumulated weights of 0.4417.

The second study offered original contributions for evaluating and establishing a
bank performance model, considering country risk scores (obtained in the previous study)
within a set of nine bank‑related variables. This second study offered additional support
and validation for this novel fuzzy‑ANP with PCA approach. Concerning the results of
the second study, this model showed that bank performance was impacted by country
risk. It is also important to note that the most relevant bank variables were equity and
return‑on‑assets (ROA).

This study and its proposed methodology also highlight practical implications. The bank
performance model can represent an effective instrument for decision making, risk manage‑
ment, and strategic planning, particularly in the context of modifying country risk settings.
In practical settings, managers and decision makers have to identify key risk factors and the
threat level of each factor. The findings provide guidelines for decision‑making processes,
such as choosing potential banking partners in different markets, investing in new markets,
or establishing strategic investments from a strategic planning perspective, by delivering in‑
sights into the comparative risks connected to various countries.

Considering changing country risk circumstances, it is fundamental to understand
bank performance for effective risk management. The model helps distinguish potential
drawbacks and manage risk exposure by examining key risk factors and assessing institu‑
tions’ risk management practices. These understandings assist in developing risk mitiga‑
tion methods, strategic planning for diversification and competitive positioning in certain
markets, as well as addressing the issues of appropriate resource allocation.

Thus, this research also provides decision makers with comprehensive insights into
bank performance under the assumption of country risk, by showing the relative strengths
and limits of banks, enabling informed choices and proactive measures to mitigate risks.

Additionally, this study provides certain implications for policymakers. Firstly, pol‑
icymakers have to intervene in economies when country risk scores register an upward
trend. This model provides useful insights for policymakers and aids them in deciding
whether or not financial guarantees or liquidity support mechanisms are needed for banks.
Secondly, this bank performance model can help policymakers to analyze and identify
banks that may require directed assistance and support.

Although the research showcases many contributions, certain study limitations need
to be addressed. Firstly, the proposed method was examined in the context of a predefined
set of variables for the country risk assessment model and the bank performance model.
Thus, future research could expand this framework and consider including additional vari‑
ables. Secondly, a significant limitation of the study is reflected in the availability of the
data. Although this study utilized data from an appreciated source of secondary data,
namely Thomson Reuters Refinitiv, it is important to note that the model’s reliability is
dependent on relevant, comprehensive, and up‑to‑date data.

Thirdly, the bank performance model considered secondary data from listed and pub‑
lic companies. Thus, future research could extend this analysis with private companies.
Fourthly, the bank performance model’s effectiveness is conditional to the findings re‑
flected in the country risk assessment. The interdependence of the two models should
also be explored in the supplementary analyses.
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Additionally, this newly proposed framework should also be tested in other contexts
and other timeframes. Furthermore, this proposed mathematical method could also be
amplified by employing additional decision‑making frameworks (ELECTRE, DEMATEL,
VIKOR, TOPSIS, or TODIM [88]) with distinct variables for further empirical investigations.
Likewise, in future studies, the method of fuzzy‑ANP could also be explored based on
type‑2 fuzzy sets for enhancing decision making [89] and by using the “trapezoidal type‑2
intuitionistic fuzzy set [88].
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Appendix A

Table A1. Country risk model. Linguistic pairwise comparison matrix of variables v1i with respect to f1.

f1 v11 v12 v13 v14 v15 v16 v17 v18 v19 v110 v111 v112 v113 v114 v115 v116 v117
v11 1 2 2 1/2 1/4 1/3 2 2 1/2 1/4 1/3 1/3 1/4 1/3 1/4 3 1/2
v12 1/2 1 2 1/2 1/5 1/4 1/2 2 1/2 1/5 1/4 1/4 1/5 1/4 1/4 3 1/2
v13 1/2 1/2 1 1/3 1/6 1/6 1/2 1/2 1/2 1/6 1/6 1/5 1/6 1/5 1/6 2 1/3
v14 2 2 3 1 1/3 1/2 2 3 2 1/3 1/2 1/2 1/3 1/2 1/3 4 2
v15 4 5 6 3 1 2 4 5 4 2 2 2 1/2 2 2 9 3
v16 3 4 6 2 1/2 1 4 4 3 1/2 1/2 2 1/2 2 1/2 8 3
v17 1/2 2 2 1/2 1/4 1/4 1 2 1/2 1/4 1/4 1/3 1/4 1/3 1/4 3 1/2
v18 1/2 1/2 2 1/3 1/5 1/4 1/2 1 1/2 1/5 1/5 1/4 1/5 1/4 1/5 2 1/2
v19 2 2 2 1/2 1/4 1/3 2 2 1 1/4 1/3 1/3 1/4 1/3 1/3 3 1/2
v110 4 5 6 3 1/2 2 4 5 4 1 2 2 1/2 2 2 9 3
v111 3 4 6 2 1/2 2 4 5 3 1/2 1 2 1/2 2 1/2 8 3
v112 3 4 5 2 1/2 1/2 3 4 3 1/2 1/2 1 1/2 1/2 1/2 7 3
v113 4 5 6 3 2 2 4 5 4 2 2 2 1 2 2 9 3
v114 3 4 5 2 1/2 1/2 3 4 3 1/2 1/2 2 1/2 1 1/2 7 3
v115 4 4 6 3 1/2 2 4 5 3 1/2 2 2 1/2 2 1 9 3
v116 1/3 1/3 1/2 1/4 1/9 1/8 1/3 1/2 1/3 1/9 1/8 1/7 1/9 1/7 1/9 1 1/4
v117 2 2 3 1/2 1/3 1/3 2 2 2 1/3 1/3 1/3 1/3 1/3 1/3 4 1

Note: Consistency Ratio = 0.0266 < 0.1.

https://emea1-apps.platform.refinitiv.com/web/Apps/Homepage
https://emea1-apps.platform.refinitiv.com/web/Apps/Homepage
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Table A2. Country risk model. Fuzzy pairwise comparison matrix of variables v1i with respect to f1

(part 1).

f1 v11 v12 v13 v14 v15 v16 v17 v18 v19
v11 (1, 1, 1) (1, 2, 3) (1, 2, 3) (1/3, 1/2, 1) (1/5, 1/4, 1/3) (1/4, 1/3, 1/2) (1, 2, 3) (1, 2, 3) (1/3, 1/2, 1)
v12 (1/3, 1/2, 1) (1, 1, 1) (1, 2, 3) (1/3, 1/2, 1) (1/6, 1/5, 1/4) (1/5, 1/4, 1/3) (1/3, 1/2, 1) (1, 2, 3) (1/3, 1/2, 1)
v13 (1/3, 1/2, 1) (1/3, 1/2, 1) (1, 1, 1) (1/4, 1/3, 1/2) (1/7, 1/6, 1/5) (1/7, 1/6, 1/5) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1)
v14 (1, 2, 3) (1, 2, 3) (2, 3, 4) (1, 1, 1) (1/4, 1/3, 1/2) (1/3, 1/2, 1) (1, 2, 3) (2, 3, 4) (1, 2, 3)
v15 (3, 4, 5) (4, 5, 6) (5, 6, 7) (2, 3, 4) (1, 1, 1) (1, 2, 3) (3, 4, 5) (4, 5, 6) (3, 4, 5)
v16 (2, 3, 4) (3, 4, 5) (5, 6, 7) (1, 2, 3) (1/3, 1/2, 1) (1, 1, 1) (3, 4, 5) (3, 4, 5) (2, 3, 4)
v17 (1/3, 1/2, 1) (1, 2, 3) (1, 2, 3) (1/3, 1/2, 1) (1/5, 1/4, 1/3) (1/5, 1/4, 1/3) (1, 1, 1) (1, 2, 3) (1/3, 1/2, 1)
v18 (1/3, 1/2, 1) (1/3, 1/2, 1) (1, 2, 3) (1/4, 1/3, 1/2) (1/6, 1/5, 1/4) (1/5, 1/4, 1/3) (1/3, 1/2, 1) (1, 1, 1) (1/3, 1/2, 1)
v19 (1, 2, 3) (1, 2, 3) (1, 2, 3) (1/3, 1/2, 1) (1/5, 1/4, 1/3) (1/4, 1/3, 1/2) (1, 2, 3) (1, 2, 3) (1, 1, 1)
v110 (3, 4, 5) (4, 5, 6) (5, 6, 7) (2, 3, 4) (1/3, 1/2, 1) (1, 2, 3) (3, 4, 5) (4, 5, 6) (3, 4, 5)
v111 (2, 3, 4) (3, 4, 5) (5, 6, 7) (1, 2, 3) (1/3, 1/2, 1) (1, 2, 3) (3, 4, 5) (4, 5, 6) (2, 3, 4)
v112 (2, 3, 4) (3, 4, 5) (4, 5, 6) (1, 2, 3) (1/3, 1/2, 1) (1/3, 1/2, 1) (2, 3, 4) (3, 4, 5) (2, 3, 4)
v113 (3, 4, 5) (4, 5, 6) (5, 6, 7) (2, 3, 4) (1, 2, 3) (1, 2, 3) (3, 4, 5) (4, 5, 6) (3, 4, 5)
v114 (2, 3, 4) (3, 4, 5) (4, 5, 6) (1, 2, 3) (1/3, 1/2, 1) (1/3, 1/2, 1) (2, 3, 4) (3, 4, 5) (2, 3, 4)
v115 (3, 4, 5) (3, 4, 5) (5, 6, 7) (2, 3, 4) (1/3, 1/2, 1) (1, 2, 3) (3, 4, 5) (4, 5, 6) (2, 3, 4)
v116 (1/4, 1/3, 1/2) (1/4, 1/3, 1/2) (1/3, 1/2, 1) (1/5, 1/4, 1/3) (1/9, 1/9, 1/9) (1/9, 1/8, 1/7) (1/4, 1/3, 1/2) (1/3, 1/2, 1) (1/4, 1/3, 1/2)
v117 (1, 2, 3) (1, 2, 3) (2, 3, 4) (1/3, 1/2, 1) (1/4, 1/3, 1/2) (1/4, 1/3, 1/2) (1, 2, 3) (1, 2, 3) (1, 2, 3)

Table A3. Country risk model. Fuzzy pairwise comparison matrix of variables v1i with respect to f1

(part 2).

f1 v110 v111 v112 v113 v114 v115 v116 v117 Σ W ~
V1

v11
(1/5, 1/4, 1/3) (1/4, 1/3, 1/2) (1/4, 1/3, 1/2) (1/5, 1/4, 1/3) (1/4, 1/3, 1/2) (1/5, 1/4, 1/3) (2, 3, 4) (1/3, 1/2, 1) (9.8, 15.8333, 23.3333) 0.0002

v12
(1/6, 1/5, 1/4) (1/5, 1/4, 1/3) (1/5, 1/4, 1/3) (1/6, 1/5, 1/4) (1/5, 1/4, 1/3) (1/5, 1/4, 1/3) (2, 3, 4) (1/3, 1/2, 1) (8.1667, 12.35, 18.4167) 0.0000

v13
(1/7, 1/6, 1/5) (1/7, 1/6, 1/5) (1/6, 1/5, 1/4) (1/7, 1/6, 1/5) (1/6, 1/5, 1/4) (1/7, 1/6, 1/5) (1, 2, 3) (1/4, 1/3, 1/2) (5.3571, 7.5667, 11.7) 0.0000

v14
(1/4, 1/3, 1/2) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/4, 1/3, 1/2) (1/3, 1/2, 1) (1/4, 1/3, 1/2) (3, 4, 5) (1, 2, 3) (15.3333, 24.3333, 35) 0.0441

v15
(1, 2, 3) (1, 2, 3) (1, 2, 3) (1/3, 1/2, 1) (1, 2, 3) (1, 2, 3) (9, 9, 9) (2, 3, 4) (42.3333, 56.5, 71) 0.1321

v16
(1/3, 1/2, 1) (1/3, 1/2, 1) (1, 2, 3) (1/3, 1/2, 1) (1, 2, 3) (1/3, 1/2, 1) (7, 8, 9) (2, 3, 4) (32.6667, 44.5, 58) 0.1056

v17
(1/5, 1/4, 1/3) (1/5, 1/4, 1/3) (1/4, 1/3, 1/2) (1/5, 1/4, 1/3) (1/4, 1/3, 1/2) (1/5, 1/4, 1/3) (2, 3, 4) (1/3, 1/2, 1) (9.0333, 14.1667, 21) 0.0000

v18
(1/6, 1/5, 1/4) (1/6, 1/5, 1/4) (1/5, 1/4, 1/3) (1/6, 1/5, 1/4) (1/5, 1/4, 1/3) (1/6, 1/5, 1/4) (1, 2, 3) (1/3, 1/2, 1) (6.35, 9.5833, 14.75) 0.0000

v19
(1/5, 1/4, 1/3) (1/4, 1/3, 1/2) (1/4, 1/3, 1/2) (1/5, 1/4, 1/3) (1/4, 1/3, 1/2) (1/4, 1/3, 1/2) (2, 3, 4) (1/3, 1/2, 1) (10.5167, 17.4167, 25.5) 0.0096

v110
(1, 1, 1) (1, 2, 3) (1, 2, 3) (1/3, 1/2, 1) (1, 2, 3) (1, 2, 3) (9, 9, 9) (2, 3, 4) (41.6667, 55, 69) 0.1290

v111
(1/3, 1/2, 1) (1, 1, 1) (1, 2, 3) (1/3, 1/2, 1) (1, 2, 3) (1/3, 1/2, 1) (7, 8, 9) (2, 3, 4) (34.3333, 47, 61) 0.1117

v112
(1/3, 1/2, 1) (1/3, 1/2, 1) (1, 1, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (6, 7, 8) (2, 3, 4) (28.3333, 38.5, 51) 0.0897

v113
(1, 2, 3) (1, 2, 3) (1, 2, 3) (1, 1, 1) (1, 2, 3) (1, 2, 3) (9, 9, 9) (2, 3, 4) (43, 58, 73) 0.1351

v114
(1/3, 1/2, 1) (1/3, 1/2, 1) (1, 2, 3) (1/3, 1/2, 1) (1, 1, 1) (1/3, 1/2, 1) (6, 7, 8) (2, 3, 4) (29, 40, 53) 0.0941

v115
(1/3, 1/2, 1) (1, 2, 3) (1, 2, 3) (1/3, 1/2, 1) (1, 2, 3) (1, 1, 1) (9, 9, 9) (2, 3, 4) (39, 51.5, 65) 0.1215

v116
(1/9, 1/9, 1/9) (1/9, 1/8, 1/7) (1/8, 1/7, 1/6) (1/9, 1/9, 1/9) (1/8, 1/7, 1/6) (1/9, 1/9, 1/9) (1, 1, 1) (1/5, 1/4, 1/3) (3.9833, 4.8135, 6.7302) 0.0000

v117
(1/4, 1/3, 1/2) (1/4, 1/3, 1/2) (1/4, 1/3, 1/2) (1/4, 1/3, 1/2) (1/4, 1/3, 1/2) (1/4, 1/3, 1/2) (3, 4, 5) (1, 1, 1) (13.3333, 21.1667, 30) 0.0274

Σ (371.2071, 518.2302, 687.4302)

Table A4. Country risk model. Linguistic pairwise comparison matrix of variables v2i with respect to f2.

f2 v21 v22 v23 v24 v25 v26 v27 v28 v29 v210 v211 v212 v213 v214 v215 v216 v217
v21 1 1/2 1/2 4 3 3 5 2 1/2 7 5 6 7 3 5 8 4
v22 2 1 1/2 4 4 4 6 2 2 8 5 7 8 3 6 9 4
v23 2 2 1 4 4 4 6 2 2 9 5 7 8 3 6 9 4
v24 1/4 1/4 1/4 1 1/2 1/2 2 1/3 1/4 3 2 2 2 1/2 2 3 1/2
v25 1/3 1/4 1/4 2 1 1/2 2 1/3 1/4 3 2 2 3 1/2 2 3 2
v26 1/3 1/4 1/4 2 2 1 2 1/3 1/4 3 2 3 3 1/2 2 3 2
v27 1/5 1/6 1/6 1/2 1/2 1/2 1 1/4 1/6 2 1/2 2 2 1/3 1/2 2 1/2
v28 1/2 1/2 1/2 3 3 3 4 1 1/2 6 4 5 6 2 4 7 3
v29 2 1/2 1/2 4 4 4 6 2 1 8 5 7 7 3 5 9 4
v210 1/7 1/8 1/9 1/3 1/3 1/3 1/2 1/6 1/8 1 1/2 1/2 1/2 1/4 1/2 2 1/3
v211 1/5 1/5 1/5 1/2 1/2 1/2 2 1/4 1/5 2 1 2 2 1/2 2 2 1/2
v212 1/6 1/7 1/7 1/2 1/2 1/3 1/2 1/5 1/7 2 1/2 1 2 1/3 1/2 2 1/2
v213 1/7 1/8 1/8 1/2 1/3 1/3 1/2 1/6 1/7 2 1/2 1/2 1 1/3 1/2 2 1/2
v214 1/3 1/3 1/3 2 2 2 3 1/2 1/3 4 2 3 3 1 2 4 2
v215 1/5 1/6 1/6 1/2 1/2 1/2 2 1/4 1/5 2 1/2 2 2 1/2 1 2 1/2
v216 1/8 1/9 1/9 1/3 1/3 1/3 1/2 1/7 1/9 1/2 1/2 1/2 1/2 1/4 1/2 1 1/3
v217 1/4 1/4 1/4 2 1/2 1/2 2 1/3 1/4 3 2 2 2 1/2 2 3 1

Note: Consistency Ratio = 0.0239 < 0.1.



Mathematics 2023, 11, 3257 33 of 38

Table A5. Country risk model. Fuzzy pairwise comparison matrix of variables v2i with respect to f2

(part 1).

f2 v21 v22 v23 v24 v25 v26 v27 v28 v29
v21 (1, 1, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (3, 4, 5) (2, 3, 4) (2, 3, 4) (4, 5, 6) (1, 2, 3) (1/3, 1/2, 1)
v22 (1, 2, 3) (1, 1, 1) (1/3, 1/2, 1) (3, 4, 5) (3, 4, 5) (3, 4, 5) (5, 6, 7) (1, 2, 3) (1, 2, 3)
v23 (1, 2, 3) (1, 2, 3) (1, 1, 1) (3, 4, 5) (3, 4, 5) (3, 4, 5) (5, 6, 7) (1, 2, 3) (1, 2, 3)
v24 (1/5, 1/4, 1/3) (1/5, 1/4, 1/3) (1/5, 1/4, 1/3) (1, 1, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (1, 2, 3) (1/4, 1/3, 1/2) (1/5, 1/4, 1/3)
v25 (1/4, 1/3, 1/2) (1/5, 1/4, 1/3) (1/5, 1/4, 1/3) (1, 2, 3) (1, 1, 1) (1/3, 1/2, 1) (1, 2, 3) (1/4, 1/3, 1/2) (1/5, 1/4, 1/3)
v26 (1/4, 1/3, 1/2) (1/5, 1/4, 1/3) (1/5, 1/4, 1/3) (1, 2, 3) (1, 2, 3) (1, 1, 1) (1, 2, 3) (1/4, 1/3, 1/2) (1/5, 1/4, 1/3)
v27 (1/6, 1/5, 1/4) (1/7, 1/6, 1/5) (1/7, 1/6, 1/5) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (1, 1, 1) (1/5, 1/4, 1/3) (1/7, 1/6, 1/5)
v28 (1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (2, 3, 4) (2, 3, 4) (2, 3, 4) (3, 4, 5) (1, 1, 1) (1/3, 1/2, 1)
v29 (1, 2, 3) (1/3, 1/2, 1) (1/3, 1/2, 1) (3, 4, 5) (3, 4, 5) (3, 4, 5) (5, 6, 7) (1, 2, 3) (1, 1, 1)
v210 (1/8, 1/7, 1/6) (1/9, 1/8, 1/7) (1/9, 1/9, 1/9) (1/4, 1/3, 1/2) (1/4, 1/3, 1/2) (1/4, 1/3, 1/2) (1/3, 1/2, 1) (1/7, 1/6, 1/5) (1/9, 1/8, 1/7)
v211 (1/6, 1/5, 1/4) (1/6, 1/5, 1/4) (1/6, 1/5, 1/4) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (1, 2, 3) (1/5, 1/4, 1/3) (1/6, 1/5, 1/4)
v212 (1/7, 1/6, 1/5) (1/8, 1/7, 1/6) (1/8, 1/7, 1/6) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/4, 1/3, 1/2) (1/3, 1/2, 1) (1/6, 1/5, 1/4) (1/8, 1/7, 1/6)
v213 (1/8, 1/7, 1/6) (1/9, 1/8, 1/7) (1/9, 1/8, 1/7) (1/3, 1/2, 1) (1/4, 1/3, 1/2) (1/4, 1/3, 1/2) (1/3, 1/2, 1) (1/7, 1/6, 1/5) (1/8, 1/7, 1/6)
v214 (1/4, 1/3, 1/2) (1/4, 1/3, 1/2) (1/4, 1/3, 1/2) (1, 2, 3) (1, 2, 3) (1, 2, 3) (2, 3, 4) (1/3, 1/2, 1) (1/4, 1/3, 1/2)
v215 (1/6, 1/5, 1/4) (1/7, 1/6, 1/5) (1/7, 1/6, 1/5) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (1, 2, 3) (1/5, 1/4, 1/3) (1/6, 1/5, 1/4)
v216 (1/9, 1/8, 1/7) (1/9, 1/9, 1/9) (1/9, 1/9, 1/9) (1/4, 1/3, 1/2) (1/4, 1/3, 1/2) (1/4, 1/3, 1/2) (1/3, 1/2, 1) (1/8, 1/7, 1/6) (1/9, 1/9, 1/9)
v217 (1/5, 1/4, 1/3) (1/5, 1/4, 1/3) (1/5, 1/4, 1/3) (1, 2, 3) (1/3, 1/2, 1) (1/3, 1/2, 1) (1, 2, 3) (1/4, 1/3, 1/2) (1/5, 1/4, 1/3)

Table A6. Country risk model. Fuzzy pairwise comparison matrix of variables v2i with respect to f2

(part 2).

f2 v210 v211 v212 v213 v214 v215 v216 v217 Σ W ~
V2

v21
(6, 7, 8) (4, 5, 6) (5, 6, 7) (6, 7, 8) (2, 3, 4) (4, 5, 6) (7, 8, 9) (3, 4, 5) (51, 64.5, 79) 0.1778

v22
(7, 8, 9) (4, 5, 6) (6, 7, 8) (7, 8, 9) (2, 3, 4) (5, 6, 7) (9, 9, 9) (3, 4, 5) (61.3333, 75.5, 90) 0.2115

v23
(9, 9, 9) (4, 5, 6) (6, 7, 8) (7, 8, 9) (2, 3, 4) (5, 6, 7) (9, 9, 9) (3, 4, 5) (64, 78, 92) 0.2187

v24
(2, 3, 4) (1, 2, 3) (1, 2, 3) (1, 2, 3) (1/3, 1/2, 1) (1, 2, 3) (2, 3, 4) (1/3, 1/2, 1) (12.3833, 20.3333, 29.8333) 0.0000

v25
(2, 3, 4) (1, 2, 3) (1, 2, 3) (2, 3, 4) (1/3, 1/2, 1) (1, 2, 3) (2, 3, 4) (1, 2, 3) (14.7667, 24.4167, 35) 0.0000

v26
(2, 3, 4) (1, 2, 3) (2, 3, 4) (2, 3, 4) (1/3, 1/2, 1) (1, 2, 3) (2, 3, 4) (1, 2, 3) (16.4333, 26.9167, 38) 0.0115

v27
(1, 2, 3) (1/3, 1/2, 1) (1, 2, 3) (1, 2, 3) (1/4, 1/3, 1/2) (1/3, 1/2, 1) (1, 2, 3) (1/3, 1/2, 1) (8.0452, 13.2833, 20.6833) 0.0000

v28
(5, 6, 7) (3, 4, 5) (4, 5, 6) (5, 6, 7) (1, 2, 3) (3, 4, 5) (6, 7, 8) (2, 3, 4) (40.3333, 53, 67) 0.1375

v29
(7, 8, 9) (4, 5, 6) (6, 7, 8) (6, 7, 8) (2, 3, 4) (4, 5, 6) (9, 9, 9) (3, 4, 5) (58.6667, 72, 86) 0.2010

v210
(1, 1, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/5, 1/4, 1/3) (1/3, 1/2, 1) (1, 2, 3) (1/4, 1/3, 1/2) (5.4679, 7.754, 12.0968) 0.0000

v211
(1, 2, 3) (1, 1, 1) (1, 2, 3) (1, 2, 3) (1/3, 1/2, 1) (1, 2, 3) (1, 2, 3) (1/3, 1/2, 1) (9.5333, 16.55, 25.3333) 0.0000

v212
(1, 2, 3) (1/3, 1/2, 1) (1, 1, 1) (1, 2, 3) (1/4, 1/3, 1/2) (1/3, 1/2, 1) (1, 2, 3) (1/3, 1/2, 1) (7.1845, 11.4619, 17.95) 0.0000

v213
(1, 2, 3) (1/3, 1/2, 1) (1/3, 1/2, 1) (1, 1, 1) (1/4, 1/3, 1/2) (1/3, 1/2, 1) (1, 2, 3) (1/3, 1/2, 1) (6.3651, 9.7024, 15.319) 0.0000

v214
(3, 4, 5) (1, 2, 3) (2, 3, 4) (2, 3, 4) (1, 1, 1) (1, 2, 3) (3, 4, 5) (1, 2, 3) (20.3333, 31.8333, 44) 0.0421

v215
(1, 2, 3) (1/3, 1/2, 1) (1, 2, 3) (1, 2, 3) (1/3, 1/2, 1) (1, 1, 1) (1, 2, 3) (1/3, 1/2, 1) (8.819, 14.9833, 23.2333) 0.0000

v216
(1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/5, 1/4, 1/3) (1/3, 1/2, 1) (1, 1, 1) (1/4, 1/3, 1/2) (4.7694, 6.1845, 9.9762) 0.0000

v217
(2, 3, 4) (1, 2, 3) (1, 2, 3) (1, 2, 3) (1/3, 1/2, 1) (1, 2, 3) (2, 3, 4) (1, 1, 1) (13.05, 21.8333, 31.8333) 0.0000

Σ
(402.4845, 548.2528,

717.2587)

Table A7. Country risk model. Linguistic pairwise comparison matrix of variables v3i with respect
to f3.

f3 v31 v32 v33 v34 v35 v36 v37 v38 v39 v310 v311 v312 v313 v314 v315 v316 v317
v31 1 1/2 1/2 1/4 2 1/2 1/6 1/3 1/2 1/2 1/2 1/2 2 1/2 2 1/7 1/4
v32 2 1 2 1/4 2 1/2 1/5 1/2 2 2 2 2 2 1/2 2 1/6 1/4
v33 2 1/2 1 1/4 2 1/2 1/5 1/2 2 1/2 1/2 2 2 1/2 2 1/7 1/4
v34 4 4 4 1 5 3 1/2 2 4 4 4 4 5 4 6 1/2 2
v35 1/2 1/2 1/2 1/5 1 1/2 1/6 1/3 1/2 1/2 1/2 1/2 2 1/2 2 1/8 1/4
v36 2 2 2 1/3 2 1 1/4 1/2 2 2 2 2 2 2 2 1/6 1/3
v37 6 5 5 2 6 4 1 3 6 5 5 5 6 5 7 1/2 2
v38 3 2 2 1/2 3 2 1/3 1 3 2 2 3 3 2 3 1/4 1/2
v39 2 1/2 1/2 1/4 2 1/2 1/6 1/3 1 1/2 1/2 1/2 2 1/2 2 1/7 1/4
v310 2 1/2 2 1/4 2 1/2 1/5 1/2 2 1 1/2 2 2 1/2 2 1/7 1/4
v311 2 1/2 2 1/4 2 1/2 1/5 1/2 2 2 1 2 2 1/2 2 1/6 1/4
v312 2 1/2 1/2 1/4 2 1/2 1/5 1/3 2 1/2 1/2 1 2 1/2 2 1/7 1/4
v313 1/2 1/2 1/2 1/5 1/2 1/2 1/6 1/3 1/2 1/2 1/2 1/2 1 1/2 2 1/8 1/5
v314 2 2 2 1/4 2 1/2 1/5 1/2 2 2 2 2 2 1 2 1/6 1/4
v315 1/2 1/2 1/2 1/6 1/2 1/2 1/7 1/3 1/2 1/2 1/2 1/2 1/2 1/2 1 1/9 1/5
v316 7 6 7 2 8 6 2 4 7 7 6 7 8 6 9 1 2
v317 4 4 4 1/2 4 3 1/2 2 4 4 4 4 5 4 5 1/2 1

Note: Consistency ratio = 0.0239 < 0.1.
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Table A8. Country risk model. Fuzzy pairwise comparison matrix of variables v3i with respect to f3

(part 1).

f3 v31 v32 v33 v34 v35 v36 v37 v38 v39
v31 (1, 1, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/5, 1/4, 1/3) (1, 2, 3) (1/3, 1/2, 1) (1/7, 1/6, 1/5) (1/4, 1/3, 1/2) (1/3, 1/2, 1)
v32 (1, 2, 3) (1, 1, 1) (1, 2, 3) (1/5, 1/4, 1/3) (1, 2, 3) (1/3, 1/2, 1) (1/6, 1/5, 1/4) (1/3, 1/2, 1) (1, 2, 3)
v33 (1, 2, 3) (1/3, 1/2, 1) (1, 1, 1) (1/5, 1/4, 1/3) (1, 2, 3) (1/3, 1/2, 1) (1/6, 1/5, 1/4) (1/3, 1/2, 1) (1, 2, 3)
v34 (3, 4, 5) (3, 4, 5) (3, 4, 5) (1, 1, 1) (4, 5, 6) (2, 3, 4) (1/3, 1/2, 1) (1, 2, 3) (3, 4, 5)
v35 (1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/6, 1/5, 1/4) (1, 1, 1) (1/3, 1/2, 1) (1/7, 1/6, 1/5) (1/4, 1/3, 1/2) (1/3, 1/2, 1)
v36 (1, 2, 3) (1, 2, 3) (1, 2, 3) (1/4, 1/3, 1/2) (1, 2, 3) (1, 1, 1) (1/5, 1/4, 1/3) (1/3, 1/2, 1) (1, 2, 3)
v37 (5, 6, 7) (4, 5, 6) (4, 5, 6) (1, 2, 3) (5, 6, 7) (3, 4, 5) (1, 1, 1) (2, 3, 4) (5, 6, 7)
v38 (2, 3, 4) (1, 2, 3) (1, 2, 3) (1/3, 1/2, 1) (2, 3, 4) (1, 2, 3) (1/4, 1/3, 1/2) (1, 1, 1) (2, 3, 4)
v39 (1, 2, 3) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/5, 1/4, 1/3) (1, 2, 3) (1/3, 1/2, 1) (1/7, 1/6, 1/5) (1/4, 1/3, 1/2) (1, 1, 1)
v310 (1, 2, 3) (1/3, 1/2, 1) (1, 2, 3) (1/5, 1/4, 1/3) (1, 2, 3) (1/3, 1/2, 1) (1/6, 1/5, 1/4) (1/3, 1/2, 1) (1, 2, 3)
v311 (1, 2, 3) (1/3, 1/2, 1) (1, 2, 3) (1/5, 1/4, 1/3) (1, 2, 3) (1/3, 1/2, 1) (1/6, 1/5, 1/4) (1/3, 1/2, 1) (1, 2, 3)
v312 (1, 2, 3) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/5, 1/4, 1/3) (1, 2, 3) (1/3, 1/2, 1) (1/6, 1/5, 1/4) (1/4, 1/3, 1/2) (1, 2, 3)
v313 (1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/6, 1/5, 1/4) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/7, 1/6, 1/5) (1/4, 1/3, 1/2) (1/3, 1/2, 1)
v314 (1, 2, 3) (1, 2, 3) (1, 2, 3) (1/5, 1/4, 1/3) (1, 2, 3) (1/3, 1/2, 1) (1/6, 1/5, 1/4) (1/3, 1/2, 1) (1, 2, 3)
v315 (1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/7, 1/6, 1/5) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/8, 1/7, 1/6) (1/4, 1/3, 1/2) (1/3, 1/2, 1)
v316 (6, 7, 8) (5, 6, 7) (6, 7, 8) (1, 2, 3) (7, 8, 9) (5, 6, 7) (1, 2, 3) (3, 4, 5) (6, 7, 8)
v317 (3, 4, 5) (3, 4, 5) (3, 4, 5) (1/3, 1/2, 1) (3, 4, 5) (2, 3, 4) (1/3, 1/2, 1) (1, 2, 3) (3, 4, 5)

Table A9. Country risk model. Fuzzy pairwise comparison matrix of variables v2i with respect to f3

(part 2).

f3 v310 v311 v312 v313 v314 v315 v316 v317 Σ W ~
V3

v31
(1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (1, 2, 3) (1/3, 1/2, 1) (1, 2, 3) (1/8, 1/7, 1/6) (1/5, 1/4, 1/3) (7.5845, 12.1429, 19.5333) 0.0000

v32
(1, 2, 3) (1, 2, 3) (1, 2, 3) (1, 2, 3) (1/3, 1/2, 1) (1, 2, 3) (1/7, 1/6, 1/5) (1/5, 1/4, 1/3) (11.7095, 21.3667, 32.1167) 0.0000

v33
(1/3, 1/2, 1) (1/3, 1/2, 1) (1, 2, 3) (1, 2, 3) (1/3, 1/2, 1) (1, 2, 3) (1/8, 1/7, 1/6) (1/5, 1/4, 1/3) (9.6917, 16.8429, 26.0833) 0.0000

v34
(3, 4, 5) (3, 4, 5) (3, 4, 5) (4, 5, 6) (3, 4, 5) (5, 6, 7) (1/3, 1/2, 1) (1, 2, 3) (42.6667, 57, 72) 0.1867

v35
(1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (1, 2, 3) (1/3, 1/2, 1) (1, 2, 3) (1/9, 1/8, 1/7) (1/5, 1/4, 1/3) (6.8706, 10.575, 17.4262) 0.0000

v36
(1, 2, 3) (1, 2, 3) (1, 2, 3) (1, 2, 3) (1, 2, 3) (1, 2, 3) (1/7, 1/6, 1/5) (1/4, 1/3, 1/2) (13.1762, 24.5833, 36.5333) 0.0000

v37
(4, 5, 6) (4, 5, 6) (4, 5, 6) (5, 6, 7) (4, 5, 6) (6, 7, 8) (1/3, 1/2, 1) (1, 2, 3) (58.3333, 73.5, 89) 0.2651

v38
(1, 2, 3) (1, 2, 3) (2, 3, 4) (2, 3, 4) (1, 2, 3) (2, 3, 4) (1/5, 1/4, 1/3) (1/3, 1/2, 1) (20.1167, 32.5833, 45.8333) 0.0325

v39
(1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (1, 2, 3) (1/3, 1/2, 1) (1, 2, 3) (1/8, 1/7, 1/6) (1/5, 1/4, 1/3) (8.2512, 13.6429, 21.5333) 0.0000

v310
(1, 1, 1) (1/3, 1/2, 1) (1, 2, 3) (1, 2, 3) (1/3, 1/2, 1) (1, 2, 3) (1/8, 1/7, 1/6) (1/5, 1/4, 1/3) (10.3583, 18.3429, 28.0833) 0.0000

v311
(1, 2, 3) (1, 1, 1) (1, 2, 3) (1, 2, 3) (1/3, 1/2, 1) (1, 2, 3) (1/7, 1/6, 1/5) (1/5, 1/4, 1/3) (11.0429, 19.8667, 30.1167) 0.0000

v312
(1/3, 1/2, 1) (1/3, 1/2, 1) (1, 1, 1) (1, 2, 3) (1/3, 1/2, 1) (1, 2, 3) (1/8, 1/7, 1/6) (1/5, 1/4, 1/3) (8.9417, 15.1762, 23.5833) 0.0000

v313
(1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (1, 1, 1) (1/3, 1/2, 1) (1, 2, 3) (1/9, 1/8, 1/7) (1/6, 1/5, 1/4) (6.1706, 9.025, 15.3429) 0.0000

v314
(1, 2, 3) (1, 2, 3) (1, 2, 3) (1, 2, 3) (1, 1, 1) (1, 2, 3) (1/7, 1/6, 1/5) (1/5, 1/4, 1/3) (12.3762, 22.8667, 34.1167) 0.0000

v315
(1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (1/3, 1/2, 1) (1, 1, 1) (1/9, 1/9, 1/9) (1/6, 1/5, 1/4) (5.4623, 7.454, 13.2278) 0.0000

v316
(6, 7, 8) (5, 6, 7) (6, 7, 8) (7, 8, 9) (5, 6, 7) (9, 9, 9) (1, 1, 1) (1, 2, 3) (80, 95, 110) 0.3489

v317
(3, 4, 5) (3, 4, 5) (3, 4, 5) (4, 5, 6) (3, 4, 5) (4, 5, 6) (1/3, 1/2, 1) (1, 1, 1) (40, 53.5, 68) 0.1669

Σ (352.7524, 503.4683, 682.5302)

Table A10. List of countries.

Economy Type N Countries

Advanced Economies 331

Australia, Austria, Belgium, Canada, Croatia, Cyprus, Czech Republic, Denmark, Estonia,
Finland, France, Germany, Greece, Hong Kong, Iceland, Ireland, Israel, Italy, Japan, Latvia,
Lithuania, Luxembourg, Malta, Netherlands, New Zealand, Norway, Portugal, Singapore,

Slovakia, Slovenia, South Korea, Spain, Sweden, Switzerland, Taiwan, United Kingdom, and
United States

Emerging and
Developing Asia 55

Bangladesh, Bhutan, Brunei, Cambodia, China (Mainland), East Timor/Timor‑Leste, Fiji, India,
Indonesia, Kiribati, Laos, Malaysia, Maldives, Mongolia, Myanmar, Nepal, Papua New Guinea,

Philippines, Samoa, Solomon Islands, Sri Lanka, Thailand, Tonga, Vanuatu, and Vietnam

Emerging and
Developing Europe 20 Albania, Belarus, Bosnia and Herzegovina, Bulgaria, Hungary, Moldova, Montenegro, Poland,

Romania, Russia, Serbia, Turkey, and Ukraine

Latin America and the
Caribbean 8

Antigua and Barbuda, Bahamas, Barbados, Belize, Bolivia, Brazil, Chile, Colombia, Costa Rica,
Dominica, Dominican Republic, Ecuador, El Salvador, Grenada, Guatemala, Guyana, Haiti,

Honduras, Jamaica, Mexico, Nicaragua, Panama, Paraguay, Peru, Saint Kitts and Nevis, Saint
Lucia, Saint Vincent and the Grenadines, Suriname, Trinidad and Tobago, and Uruguay
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Table A10. Cont.

Economy Type N Countries

Middle East and
Central Asia 60

Algeria, Armenia, Azerbaijan, Bahrain, Djibouti, Egypt, Georgia, Iran, Iraq, Jordan, Kazakhstan,
Kuwait, Kyrgyzstan, Libya, Mauritania, Morocco, Oman, Pakistan, Qatar, Saudi Arabia,

Tajikistan, Tunisia, Turkmenistan, Uzbekistan, and Yemen

Sub‑Saharan Africa 22

Angola, Benin, Botswana, Burkina Faso, Burundi, Cameroon, Cape Verde, Central African
Republic, Chad, Comoros, and Congo (DRC), Congo (RC), Equatorial Guinea, Eswatini,

Ethiopia, Gabon, Gambia, Ghana, Guinea, Guinea‑Bissau, Ivory Coast, Kenya, Lesotho, Liberia,
Madagascar, Malawi, Mali, Mauritius, Mozambique, Namibia, Niger, Nigeria, Rwanda, Sao
Tome and Principe, Senegal, Seychelles, Sierra Leone, South Africa, Tanzania, Togo, Uganda,

and Zambia

Table A11. Number of banks included in the bank performance model.

Economy Type Countries No. of Banks Countries No. of Banks Countries No. of Banks

Advanced Economies

Austria 5 Greece 1 Portugal 1
Belgium 1 Hong Kong 5 Singapore 3
Canada 1 Israel 5 Slovakia 1
Cyprus 1 Italy 9 Spain 5

Czech Republic 2 South Korea 3 Sweden 5
Denmark 7 Lithuania 1 Switzerland 7
Finland 3 Netherlands 2 United Kingdom 8
France 14 Norway 18 United States 222

Germany 1

Emerging and
Developing Asia

China (Mainland) 33 Malaysia 7 Sri Lanka 1
Indonesia 12 Philippines 1 Thailand 1

Emerging and Developing
Europe

Bulgaria 2 Poland 4 Russia 2
Hungary 1 Romania 2 Turkey 9

Latin America and
the Caribbean

Brazil 3 Mexico 1 Peru 3
Colombia 1

Middle East and Central Asia

Bahrain 4 Jordan 13 Pakistan 2
Egypt 8 Kazakhstan 2 Qatar 7

Georgia 1 Kuwait 7 Saudi Arabia 9
Iraq 1 Oman 6 Pakistan 2

Sub‑Saharan Africa
Botswana 3 Mauritius 1 South Africa 4

Kenya 6 Nigeria 7 Uganda 1
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