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Abstract

This study developed specific criteria and a fuzzy analytic network process (FANP) to

assess and select portfolios on the Tehran Stock Exchange (TSE). Although the

portfolio selection problem has been widely investigated, most studies have focused

on income and risk as the main decision-making criteria. However, there are many

other important criteria that have been neglected. To fill this gap, first, a literature

review was conducted to determine the main criteria for portfolio selection, and a

Likert-type questionnaire was then used to finalize a list of criteria. Second, the

finalized criteria were applied in an FANP to rank 10 different TSE portfolios. The

results indicated that profitability, growth, market, and risk are the most important

criteria for portfolio selection. Additionally, portfolios 6, 7, 2, 4, 8, 1, 5, 3, 9, and 10 (A6,

A7, A2, A4, A8, A1, A5, A3, A9, and A10) were found to be the best choices.

Implications and directions for future research are discussed.

Keywords: Portfolio selection, Financial engineering, Fuzzy analytic network process

(FANP), Multiple-criteria decision-making (MCDM)

Introduction

Financial markets are becoming increasingly complex. Investors must therefore con-

sider many factors and various aspects of markets to increase their profits. With pro-

gress in financial engineering, many methods have been developed to explore the

behavior of financial markets (Chao et al. 2019; Kou et al. 2019a). Most investors at-

tach their wealth to stock exchange markets, and most prefer combinations of different

stocks since single stocks carry inherent risks. Portfolio selection is therefore an im-

portant topic of investigation (Li et al. 2017; Wu et al. 2019).

The problem of portfolio selection has been widely explored across several fields,

ranging from traditional and quantitative finance to machine learning and artificial

intelligence (Li and Hoi 2014). Generally, portfolio selection aims to achieve certain

long-term targets by allocating wealth to a set of assets (Li et al. 2015a, b). While previ-

ous studies have extensively investigated portfolio selection based on financial consid-

erations, it is also worthwhile to consider nonfinancial issues. As with any decision-

making problem, many factors are directly and indirectly involved in portfolio selec-

tion. In this regard, investigating, recognizing, ranking, and applying criteria to assess

and select portfolios has posed a challenge for researchers, managers, investors, and

practitioners. The present study, therefore, aimed to develop a fuzzy analytic network

process (FANP) to rank portfolios on the Tehran Stock Exchange (TSE). The research

questions are as follows:
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1. What are the main criteria for assessing and selecting portfolios?

2. What are the factor determinants of stock selection for a portfolio on the TSE?

3. How can FANP be used to improve stock selection in a TSE portfolio?

When a decision-maker has to consider different criteria to choose from different al-

ternatives, the problem becomes one of multiple-criteria decision-making (MCDM) to

be solved by related tools (Kou et al. 2012; Kou et al. 2016). In this regard, FANP can

be considered a proper tool since

1. It can consider numerous criteria to assess portfolios;

2. Internal relationships among decision-making criteria can be considered; and

3. It can express the judgments of decision-makers using linguistic expression; more-

over, previous studies have frequently combined MCDM tools with fuzzy logic.

This study focused on the TSE, which was established in 1967 and is Iran’s largest

stock exchange. As of 2012, there were 339 companies on the TSE with an aggregate

market capitalization of 104.21 billion dollars. Using the TSE, this research developed a

method for applying the proper criteria to evaluate and select portfolios. Specifically,

the FANP approach was used to rank portfolios in consideration of uncertain environ-

ments and decision-makers’ judgments. This study’s approach is novel in that it inte-

grates important financial and nonfinancial criteria using FANP to assess and select

portfolios. To the best of the authors’ knowledge, this study is the first to adopt such

an approach.

The rest of this paper is organized as follows. Section 2 discusses the related litera-

ture and identifies gaps in the existing research. Next, section 3 outlines the developed

research method. After that, section 4 presents and discusses the results. Finally, sec-

tion 5 provides the conclusions, implications, and directions for future research.

Literature review

This section examines prior research on portfolio selection. For the sake of

organization, this part is divided into four subsections: portfolio selection, portfolio se-

lection criteria, related work, and research gap identification.

Portfolio selection

Portfolio selection aims to assess a combination of securities from a large quantity of

available alternatives. It aims to maximize the investment returns of investors. Accord-

ing to Markowitz (1952), investors must make a trade-off between return maximization

and risk minimization. Investors can maximize the return for a considered risk level, or

they can focus on risk minimization for a predetermined level of return. Markowitz also

calculated investment return as the expected value of securities’ earnings. According to

Markowitz, risk is defined as the variance from the expected value (Huang 2006).

The Markowitz mean-variance (MV) model took variance in the expected returns

and estimated income from securities as its main inputs. Since then, many researchers

have attempted to simplify the input data in the portfolio selection problem. While

some approaches, such as index models, have been successfully applied, most still have
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some limitations. The Markowitz model is considered too basic since it neglects real-

world issues related to investors, trading limitations, portfolio size, and so on. Besides,

considering all these constraints in mathematical formulation produces nonlinear mixed-

integer models that are very complex compared to basic models. Although researchers

have tried to tackle this issue through various approaches, such as cutting planes, interior

point models, and decomposition, there is still room for improvement (Crama and Schyns

2003). Several studies have focused on MV models with risk and return considerations.

Moreover, MV models have been improved to address real-world problems. However,

most studies have neglected other important issues in portfolio selection. There is, for ex-

ample, controversy regarding the adequacy of solely considering risk and return in portfo-

lio selection, and more recent studies have suggested considering additional criteria

(Steuer et al. 2008). The present study, therefore, regarded portfolio selection as an

MCDM problem.

Portfolio selection criteria

There are numerous criteria to consider in portfolio selection. These criteria vary according

to the different concerns of managers, practitioners, researchers, and investors. Although

portfolio selection criteria affect the final decisions of investors, they underexamined in the

literature. This is mainly because the diversity and potential overlap of criteria make it diffi-

cult to distinguish differences between them.

Expected value (EV) is commonly applied in portfolio selection. Specifically, the methods of

Tobin (1958), Markowitz (1952), and Sharpe (1963) are often used; however, there are many

criticisms of these approaches. According to Feldstein (1969) and Hakansson (1972), EV is

only applicable when the decision-maker’s expected utility is maximized, the utility function is

quadratic, or the distribution probability of the return is normal (Mcnamara 1998). Ogryczak

(2000), meanwhile, established an MCDM model with risk consideration. Hurson and Ricci-

Xella (2002) applied return, common risk, and residual risk to portfolio selection. Conflicting

criteria such as liquidity, risk, and rate of return are often simultaneously considered in portfo-

lio selection. Abdelaziz et al. (2007), for example, developed a multiobjective stochastic pro-

gramming model with conflicting objective functions for portfolio selection.

After filtering inefficient portfolios using historical data, Ballestero et al. (2007) pro-

vided a decision table to consider multiple scenarios and select portfolios. Xidonas

et al. (2009) proposed an MCDM framework to select common stock portfolios while

Liu et al. (2012) showed the suitability of MCDM approaches by applying transaction

cost, return, skewness, and risk. Meanwhile, Mihail et al. (2013) developed potential cri-

teria and subcriteria for selecting financial plans.

Table 1 summarizes portfolio selection criteria, showing sample references and the

application of factor analysis and principal component analysis (PCA) to criteria devel-

opment. The table shows that while most studies developed portfolio selection criteria

based on literature reviews, a few have employed PCA or factor analysis to develop

criteria.

Related work

In the past couple decades, studies of portfolio selection have developed complex math-

ematical models to consider additional real-world factors. Chunhachinda et al. (1997)
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Table 1 Portfolio selection criteria
Criteria Sample Reference Factor Analysis/PCA

Price-to-book ratio (P/B) Gold and Lebowitz (1999) No

Thakur et al. (2018) No

Hilliard and Zhang (2015) No

Palazzo et al. (2018) No

Mohapatra and Misra (2019) No

Price-to-earnings ratio (P/E) Zargham and Sayeh (1999) No

Thakur et al. (2018) No

Pattipeilohy and Koesrindartoto (2015) No

Thakur et al. (2016) No

Sharma and Mehra (2017) No

Net profit margin Huang (2012) No

Silva et al. (2015) No

Boonjing and Boongasame (2016) No

Jeong and Kim (2019) No

Ece and Uludag (2017) No

Systematic risk Treynor and Black (1973) No

Li et al. (2019a, b) No

Aliu et al. (2017) No

Wang et al. (2018) No

Guerard Jr et al. (2015) No

Earnings per share Hurson and Zopounidis (1997) No

Messaoudi et al. (2017) No

Guerard Jr et al. (2015) No

Thakur et al. (2018) No

Vezmelai et al. (2015) No

Revenue growth rate Lim et al. (2014) No

Silva et al. (2015) No

Najafi and Pourahmadi (2016) No

Du et al. (2016) No

Maier et al. (2016) No

Net profit rate Han et al. (2004) No

Silva et al. (2015) No

Vezmelai et al. (2015) No

Guo et al. (2016) No

Lee and Moon (2017) No

Return on asset (ROA) Rachev et al. (2005) No

Mashayekhi and Omrani (2016) No

Bruni et al. (2016) No

Li et al. (2018) No

Li et al. (2015a, b) No

Market risk Campbell et al. (2001) No

Davies et al. (2016) No

Wang et al. (2017) No

Messaoudi et al. (2017) No

Shen (2015) No

Financial risk Merton (1969) No

Bianchi et al. (2019) No

Gao et al. (2016) No

Calvo et al. (2016) No

Shi et al. (2018) No

Earnings per share growth rate Brown (2012) No

Silva et al. (2015) No

Dhrymes and Guerard (2017) Yes

Jothimani et al. (2017) Yes

Guerard Jr et al. (2015) No

Management system Archer and Ghasemzadeh (1999) No

Abdollahi et al. (2015) No

Costantino et al. (2015) No
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Table 1 Portfolio selection criteria (Continued)
Criteria Sample Reference Factor Analysis/PCA

Kaiser et al. (2015) No

Calvo et al. (2016) No

Liquidity Koo (1998) No

Zhao and Xiao (2016) No

Zhang et al. (2016) No

Qi et al. (2017) No

Caccioli et al. (2016) No

Company assets Lintner (1975) No

Vezmelai et al. (2015) No

Paiva et al. (2019) No

Silva et al. (2015) No

Bagheri et al. (2017) No

Davies et al. (2016) No

Stock turnover Ledoit and Wolf (2003) No

Yang et al. (2018) No

Li (2015) No

Mashayekhi and Omrani (2016) No

Low et al. (2016) No

Semivariance Yan et al. (2007) No

Seyedhosseini et al. (2016) No

Barati et al. (2016) No

Farahani and Amiri (2017) No

Yan and Li (2009) No

Interest coverage Raei and Jahromi (2012) No

Varma and Kumar (2012) No

Donaldson et al. (2011) No

Thompson (1976) No

Kazemi et al. (2014) No

Sustainable growth rate Barracchini (2004) No

Sullivan et al. (2006) No

Lukasevicius and Lapinskaite (2014) No

Cucchiella et al. (2017) No

Chaudhry et al. (2014) No

Negative standard deviation Baumol (1963) No

Best and Grauer (2016) No

Brinkmann et al. (2015) No

Gardner (2019) No

Zhu (2019) No

Return on equity (ROE) Hurson and Zopounidis (1997) No

Rakićević et al. (2019) No

Škrinjarić and Šego (2019) No

Witayakiattilerd (2019) Yes

Gao (2019) No

Positive standard deviation Levy and Sarnat (1970) No

Tamiz and Azmi (2019) No

Gardner (2019) No

Penev et al. (2019) No

Lian and Chen (2019) No

Asset turnover Bouri et al. (2002) No

Rakićević et al. (2019) No

Gao (2019) No

Chanvarasuth et al. (2019) No

Jeong and Kim (2019) No

Workforce Archer and Ghasemzadeh (1999) No

Tavana et al. (2019) No

Li et al. (2019a, b) No

Hashemizadeh and Ju (2019) No

Doerner et al. (2004) No
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found that the returns of 14 major stock markets were not normally distributed; they

suggested that skewness should be integrated into investors’ decisions to improve opti-

mal decision-making. Later, Tanaka et al. (2000) proposed two types of portfolio selec-

tion models considering possibility and fuzzy distributions and applied a numerical

example to illustrate the model. Inuiguchi and Ramık (2000), meanwhile, showed the

applicability of fuzzy approaches for optimal portfolio selection.

Similar to fuzzy approaches, metaheuristic algorithms have been applied to portfolio

selection. Xia et al. (2000) developed a genetic algorithm (GA) for portfolio selection

and illustrated it with a numerical example, comparing the outputs with Markowitz’s

model. Lim and Zhou (2002), meanwhile, focused on MV and continuous-time portfo-

lio selection, considering random interest rates, volatility coefficients, and appreciation

rates to develop a portfolio selection model. Similarly, Crama and Schyns (2003) ap-

plied simulated annealing (SA) to a compound portfolio selection problem.

Most studies have considered more than one objective in portfolio selection. Huang

(2006), for example, developed a bi-objective portfolio selection model to maximize in-

vestors’ returns and the likelihood of achieving a specified return level. Abdelaziz et al.

(2007), meanwhile, developed a multiobjective deterministic portfolio-selection model

for the Tunisian stock market. Mathematical models have been integrated with other

techniques, such as fuzzy logic. Carlsson et al. (2007), for example, proposed a fuzzy

mixed-integer programming approach to select R&D portfolios. Li et al. (2010), mean-

while, developed a skewness concept for fuzzy variables in portfolio selection. MCDM

techniques have also been investigated in recent portfolio selection research. Jeng and

Huang (2015), for example, developed a systematic MCDM approach and applied

decision-making trial and evaluation laboratory (DEMATEL), analytic network process

(ANP), and the modified Delphi method (MDM) to portfolio selection. Adopting add-

itional criteria, Mehlawat (2016) applied risk, wealth, liquidity, number of assets, and

transaction cost to portfolio assessment. Meanwhile, according to Huang and Di

(2016), uncertain portfolio selection can be conducted in the presence of background

risk, background assets, and security returns based on expert assessment rather than

historical data. Mashayekhi and Omrani (2016) developed a multiobjective mathemat-

ical model that integrated the Markowitz MV model with data envelopment analysis

(DEA) cross-efficiency considering risk, efficiency, and returns. Recently, Nystrup et al.

(2018) developed multiperiod forecasting for the mean and covariance of financial

returns from a time-varying portfolio selection model.

Though some studies have investigated FANP (Hemmati et al. 2018), it is generally

underexamined in portfolio selection. Mohanty et al. (2005) used FANP to select R&D

projects, applying fuzzy logic to address the vagueness of preferences. In summary, while

real-world economic and financial problems have been widely investigated using MCDM

tools (Kou et al. 2014; Zhang et al. 2019), there are many other approaches for predicting

the behavior of stock markets (Zhong and Enke 2019; Nayak and Misra 2018; Kaucic

et al. 2019). Table 2 shows a summary of prior research on portfolio selection.

Gaps in the research

As shown in Tables 1 and 2, there are numerous criteria for assessing and selecting portfo-

lios. While most studies have focused on financial criteria, other important criteria should
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be considered. Managers, decision-makers, and investors face different factors in portfolio

assessment. According to the performance measurement concept, using fewer but more ef-

ficient metrics is strongly preferred. In this regard, portfolio selection criteria should be spe-

cifically applicable for use by investors. Therefore, to address the first gap in prior research,

this study aimed to develop and prioritize specific criteria for portfolio selection. According

to decision-making theory, there is no single-criterion decision in real-world problems.

Thus, most problems are considered MCDMs where different criteria should be concur-

rently considered. However, existing MCDM approaches have some limitations. First, some

approaches (e.g., the analytic hierarchy process (AHP)) do not consider the internal rela-

tions between criteria; these are addressed by other approaches, such as the analytic net-

work process (ANP). In addition, most decision-makers prefer to make comparisons/

judgments in fuzzy environments. Thus, MCDM approaches should be integrated with

fuzzy logic. To fill this gap in the literature, the present study developed specific criteria for

portfolio selection to be used by those who are involved in important financial decision-

making. In addition, FANP was further applied to address uncertainty concerns in financial

decision-makers. To the best of the authors’ knowledge, no prior study has applied FANP

to portfolio selection in this way.

Method

Figure 1 shows the steps required to achieve the aims of this study. The figure shows

that the research involves three main steps: determining portfolio selection criteria, pri-

oritizing the criteria, and selecting a portfolio using FANP. As such, this work has

Table 2 Related work

No. Author Year Criteria
Development

MCDM
Techniques

Fuzzy Case
Study

Developing
Country

1 Huang 2006 × × √ √ √

2 Bilbao-Terol et al. 2006 × × √ √ ×

3 Carlsson et al. 2007 × × √ √ ×

4 Fernández and Gómez 2007 × × × √ ×

5 DeMiguel and Nogales 2009 × × × √ ×

6 Li et al. 2010 × × × √ √

7 Li et al. 2015a, b × × × √ √

8 Jeng and Huang 2015 √ √ × √ √

9 Davies et al. 2016 × × × √ ×

10 Saborido et al. 2016 × × √ √ ×

11 Calvo et al. 2016 × √ √ √ ×

12 Mashayekhi and Omrani 2016 √ × √ √ √

13 Berutich et al. 2016 × × × √ ×

14 Mehlawat 2016 × × √ √ √

15 Huang and Di 2016 × × × √ √

16 Low et al. 2016 × × × √ ×

17 Kalashnikov et al. 2017 × × × √ √

18 Nystrup et al. 2018 × × × √ ×

19 Zhou and Xu 2018 √ × √ √ √

20 The present research 2020 √ √ √ √ √

Rahiminezhad Galankashi et al. Financial Innovation            (2020) 6:17 Page 7 of 34



implications for both researchers and investors who are interested in the portfolio se-

lection problem.

First phase: develop the Main portfolio selection criteria

As discussed earlier, numerous factors should be considered in portfolio selection. As

such, different keywords (e.g., portfolio selection criteria, portfolio selection measures,

portfolio selection metrics, effective factors of portfolio selection, portfolio assessment

criteria) were used to enhance the quality of the findings. These keywords were

searched on sites such as Springer, Science Direct, Emerald Insight, IEEE, Inderscience,

and Taylor & Francis. In this way, most portfolio selection criteria were investigated

and discussed in this phase (Table 1 shows the output).

Second phase: prioritize the portfolio selection criteria

As established earlier, it is necessary to apply the most important criteria when asses-

sing portfolios. In addition, there are some measures that have similar functions. Con-

sequently, applying redundant criteria decreases the quality of the results. Therefore,

the second phase involved identifying the most important criteria for portfolio selec-

tion. To this end, a questionnaire including the major criteria for portfolio selection (as

shown in Table 1) was designed and distributed to experts. The questionnaire included

23 questions regarding representative portfolio selection criteria. A pilot test was con-

ducted to verify the questions and check for mistakes. The questionnaire was validated

accordingly.

Third phase: portfolio selection with FANP

There are many MCDM techniques for ranking alternatives (Li et al. 2016; Kou et al.

2019b), and they all have various advantages and disadvantages. It is necessary, there-

fore, to apply an efficient approach in consideration of the specific characteristics of the

problem. This study aimed to rank different portfolios on the TSE, and there are

Fig. 1 Research Steps
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various factors for investors to consider when selecting portfolios. Therefore, those fac-

tors were applied as decision-making criteria. In addition, since there are different port-

folios to be selected by decision-makers, those alternatives should be considered in the

third level of the decision-making hierarchy. Though many studies have used AHP, it

Fig. 2 FANP Decision Hierarchy

Table 3 Ranking of criteria

NO. Criteria Weight

1 Price-to-book ratio (P/B) 0.061874

2 Price-to-earnings ratio (P/E) 0.059068

3 Net profit margin 0.056335

4 Systematic risk 0.053612

5 Earnings per share 0.05358

6 Revenue growth rate 0.053579

7 Net profit rate 0.53523

8 Return on asset 0.052256

9 Market risk 0.046814

10 Financial risk 0.046701

11 Earnings per share growth rate 0.044024

12 Management system 0.042523

13 Liquidity 0.041112

14 Company assets 0.039834

15 Stock turnover 0.037112

16 Semivariance 0.037066

17 Interest coverage 0.035622

18 Sustainable growth rate 0.034311

19 Negative standard deviation 0.034311

20 Return on equity 0.033091

21 Positive standard deviation 0.030144

22 Asset turnover 0.027332

23 Workforce 0.026191
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does not consider some important factors in decision-making. First, AHP is not an ap-

propriate approach when there is an internal relation between criteria; therefore, previ-

ous studies have suggested applying ANP. Second, ANP cannot reflect the ambiguities

and uncertainties that exist in decision-making environments. Moreover, decision-

makers often prefer to express their judgments using linguistic expression to address

real-world problems. In this regard, previous studies suggest integrating fuzzy logic

with MCDM techniques. Therefore, FANP is an appropriate approach since it con-

siders the internal relations among decision-making criteria and allows decision-makers

to express their judgments using linguistic expression. Generally speaking, an advantage

of MCDM is that investor(s) can assign large weights to risks and returns and consider

small weights for other criteria. In addition, FANP can be applied by both single and

multiple decision-makers. In summary, FANP can flexibly assign more weight to risks

and returns, and it can be applied by one, two, or multiple decision-makers.

Compared to other MCDM techniques, ANP considers internal relations between

criteria, which is very important in the decision-making process. Similar to AHP, the

relative importance of a given criterion or alternative is displayed based on a ratio scale.

For simplification, Saaty and Takizawa’s (1986) approach was applied rather than

Saaty’s original super matrix. As mentioned, an advantage of ANP is that it considers

explicit relations in the calculation; thus, the accuracy of portfolio selection results in-

creases. However, classic AHP and ANP models cannot reflect human thinking since

decision-makers prefer to state their judgments using linguistic expression. Therefore,

to address the ambiguities of humans and their linguistic expression, fuzzy logic is inte-

grated with classic MCDM techniques. Furthermore, in most decision-making studies,

numerous people are involved, which makes the problem into one of group decision-

making. Thus, geometric mean is applied for expert consensus. However, the FANP ap-

proach can be applied to both single and group decision-making problems. As such,

this study’s method can be used by single or multiple investors. Below are the related

equations applied in FANP (Chang 1996):

Mij ¼ lij;mij; uij
� �

; ð1Þ

lij ¼ min Bijk

� �

; ð2Þ

mij ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffi

Y

n

k¼1

Bijk
n

s

; ð3Þ

Table 5 Inconsistency test for criteria

Inconsistency Ratio Test Result

CRm CRg Should be less than 0.1

0.019146 0.048678 OK

Table 4 Pairwise comparison matrix of the criteria

Criteria Profitability Growth Market Risk

Profitability 1 1 1 0.84 1 1.19 1 1.26 1.44 0.79 1 1.26

Growth 0.84 1 1.19 1 1 1 0.79 0.93 1.08 0.79 1 1.26

Market 0.69 0.79 1 0.93 1.08 1.26 1 1 1 1.14 1.59 2.15

Risk 0.79 1 1.26 0.79 1 1.26 0.46 0.63 0.87 1 1 1
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uij ¼ max Bijk

� �

: ð4Þ

According to fuzzy set theory, l, m, and u are triangular fuzzy numbers (TFNs), as

shown in eq. (1). Bijk signifies the score of kth experts for comparing the significance of

Ci – Cj criteria. Similarly, algebraic operations are applied for the TFNs of M1 and M2,

as shown in the following equations:

M1 þM2 ¼ l1 þ l2;m1 þm2; u1 þ u2ð Þ; ð5Þ

M1�M2 ¼ l1�l2;m1�m2; u1�u2ð Þ; ð6Þ

M−1
1 ¼

1

u1
;

1

m1
;

1

l1

� �

;M−1
2 ¼

1

u2
;

1

m2
;

1

l2

� �

: ð7Þ

It is worth noting that the output of multiplying two TFNs or convex TFNs is no lon-

ger a TFN. In other words, these equations provide an approximation for the output of

this multiplication. Eq. (8) is applied to identify the TFN Sk in addition to the fuzzy

combined value of ith entity:

Sk ¼
X

n

j¼1

Mkj�
X

m

i¼1

X

n

j¼1

Mij

" #

−1

: ð8Þ

The possibility degree for each two Sk should be calculated after the computation

process of eq. (8). So, assuming M1 and M2 as two TFNs, the possibility degree of M1

over M2 can be calculated as in eq. (9):

V M1≥M2ð Þ ¼ 1 if M1≥M2

V M1≥M2ð Þ ¼ 0 if L1≥U2

V M1≥M2ð Þ ¼ hgt M1∩M2ð Þ otherwise

8

<

:

9

=

; ð9Þ

hgt M1∩M2ð Þ ¼
u1−l2

u1−l2ð Þ þ m2−m1ð Þ
: ð10Þ

FANP faces a large scale of TFNs from residual k numbers of triangular values

achieved from eq. (9):

Table 7 Pairwise comparison matrix of profitability subcriteria

Profitability Subcriteria Earnings per Share Net Profit margin Return on Assets

Earnings per share 1 1 1 0.78 1.2 1.82 1.51 2.22 2.99

Net profit margin 0.55 0.83 1.28 1 1 1 0.83 1.07 1.41

Return on assets 0.33 0.45 0.66 0.71 0.93 1.2 1 1 1

Table 6 Normalized weights of the criteria

Criteria Weight

Profitability 0.270433

Growth 0.233062

Market 0.291561

Risk 0.204943
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V M1≥M2…Mkð Þ ¼ V M1≥M2ð Þ;…;V M1≥Mkð Þ: ð11Þ

Equation (12) is applied to calculate the weight of indices in pairwise comparison

matrices. Therefore, W(xi) can be calculated as follows:

W xið Þ ¼ Min V Si≥Skð Þf g k ¼ 1; 2; 3;…; n k≠i: ð12Þ

Consequently, eq. (13) defines the weight vectors as follows:

w0 X ið Þ ¼ W 0 C1ð Þ;W 0 C2ð Þ;W 0 Cnð Þ½ �
T

: ð13Þ

These values are the same as fuzzy AHP nonnormal coefficients. Therefore, eq. (14)

provides the normal values of eq. (11). These normal values are called W as follows:

W i ¼
wi

0

P

wi
0 : ð14Þ

Then, the correlation effect of the criteria is calculated. To do this, it is necessary to

conduct pairwise comparison matrices. Eq. (15) is applied to calculate the relative cor-

relation of criteria:

W c ¼ B:W : ð15Þ

Results and discussion

Determining the criteria and subcriteria for portfolio selection

There are different criteria to be applied in portfolio selection. According to the per-

formance measurement concept, diversity among different criteria in assessing the per-

formance of a system or selecting an alternative is a challenge for decision-makers. In

addition, most decision-making criteria are similar to each other whereby their concur-

rent consideration imposes extra costs on companies. As shown in section 2, there are

23 portfolio selection criteria that are more frequently applied in the previous literature.

A Likert-type questionnaire was designed based on these 23 criteria. Then, experts

were asked to complete it and specify their importance; that is, the experts determined

the importance of each criterion to be applied in portfolio selection. Once the question-

naires were completed, the obtained data were analyzed, and the mean value of each

criterion was determined. Table 3 shows the results obtained from the questionnaires.

Figure 2 displays the FANP decision-making hierarchy applied in portfolio selection.

Table 9 Normalized weights of profitability subcriteria

Profitability Subcriteria Weight

Earnings per share 0.523485

Net profit margin 0.30203

Return on assets 0.174485

Table 8 Inconsistency test for profitability subcriteria

Inconsistency Ratio Test Result

CRm CRg Should be less than 0.1

0.034143 0.077656 OK
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Once the decision-making criteria and subcriteria are determined, it is critical to ini-

tiate the different steps of FANP. The first step is to compare the main criteria of port-

folio selection. In the case of group decision-making, it is critical to aggregate experts’

comments into a single score. In other words, as discussed in section 3, FANP can be

applied to both single and group decision-making problems. Table 4 shows the pairwise

comparison matrix of the criteria.

Decision-makers provide different judgments when comparing diverse alternatives.

Therefore, it is difficult to track their previous judgments. Assume a decision-maker

decides that A is more important than B. When B is also more important than C, it is

logical to assume that A is more important than C. So, it is compulsory for judgments

to be consistent and valid. According to Gogus and Boucher (1998), the inconsistency

ratio should be less than 0.1 for all tables. Table 5 shows the calculated inconsistency.

CRm and CRg represent the consistency ratio of the middle number of the triangular

fuzzy matrix and the geometric mean of the first and last numbers of the triangular

fuzzy matrix, respectively. Following the consistency approval of the calculations, the

final weights of the criteria are normalized and tabulated (Table 6).

Weighting the subcriteria

Here, the weighting process of the subcriteria are discussed according to profitability,

growth, market, and risk. Since the structure of the tables is similar, the required tables

for profitability’s subcriteria are provided. The remaining tables can be found in the

Appendix. The profitability subcriteria include earnings per share, net profit margin,

and return on assets. Table 7 shows the pairwise comparison matrix of the profitability

subcriteria. Similar to what was discussed in the previous section, the consistency con-

dition of the calculations is checked and displayed in Table 8. Finally, all subcriteria are

normalized, as shown in Table 9.

Similarly, three subcriteria were considered for growth: earnings per share growth

rate, net profit growth rate, and revenue growth rate. Table 20 shows the pairwise com-

parison matrix of the growth subcriteria. Similar to what was discussed in the previous

section, the consistency condition of the calculation is checked and tabulated in

Table 21. Finally, all subcriteria are normalized and tabulated in Table 22. These tables

can be found in the Appendix. Next, there are two subcriteria considered for the

Table 11 Pairwise comparison matrix of related criteria

Main Criteria Profitability Growth Market

Profitability 1 1 1 0.778 1.201 1.817 0.526 0.743 1.104

Growth 0.55 0.833 1.285 1 1 1 0.489 0.673 0.944

Market 0.906 1.346 2.117 1.07 1.587 2.305 1 1 1

Table 10 Internal relations among main criteria

Criteria Internal Relation

Profitability Market

Growth Profitability

Market N/A

Risk Profitability, growth, and market
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market: P/B and P/E. Table 23 shows the pairwise comparison matrix of the market

subcriteria; the consistency condition of the market subcriteria is checked and tabulated

in Table 24. Finally, Table 25 shows the normalized weight of all subcriteria. (See Ap-

pendix for these tables.) Three subcriteria were considered for risk: financial, market,

and systematic risk. Table 26 shows the pairwise comparison matrix of the risk subcri-

teria. Next, the consistency condition of the calculation was checked (Table 27). Finally,

Table 28 shows the normalized weights of all subcriteria. (See Appendix.)

Internal relations of Main criteria

An advantage of ANP/FANP over other MCDM techniques is that the internal rela-

tions among criteria are considered, which are shown in Table 10. For example, a rela-

tion exists between growth and profitability. Next, all criteria were compared using a

pairwise comparison matrix (Table 11). Next, calculation consistency is tabulated in

Table 12; Table 13 shows the normalized weights of the criteria.

Weighting the alternatives with regard to subcriteria

Here, the weighting process for alternatives based on each subcriterion is discussed. All

alternatives (A1–A10) are compared based on each subcriterion to determine their im-

portance. Since the structure of the tables is similar, the tables for earnings per share

are shown in the main text while the rest appear in the Appendix.

Profitability subcriteria

Table 14 shows the pairwise comparison matrix of alternatives based on earnings per

share. Then, Table 15 shows the inconsistency results for the pairwise comparison

matrix of alternatives based on earnings per share. Finally, Table 16 shows the normal-

ized weights of alternatives.

Table 29 shows the pairwise comparison matrix of alternatives based on net profit

margin. Table 30 shows the inconsistency test for the pairwise comparison matrix of al-

ternatives based on net profit margin. Table 31 shows the normalized weights of all al-

ternatives. Table 32 shows the pairwise comparison matrix of alternatives based on

return on assets, Table 33 the inconsistency test results, and Table 34 the normalized

weights of alternatives based on return on assets. These can be found in the Appendix.

Table 13 Normalized weights of related criteria

Risk-Related Criteria Weight

Profitability 0.319692

Growth 0.247905

Market 0.432403

Table 12 Inconsistency test for the pairwise comparison matrix of related criteria

Inconsistency Ratio Test Result

CRm CRg Should be less than 0.1

0.000803 0.0001052 OK
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Growth subcriteria

Here, the comparison process of alternatives based on the growth subcriteria is considered.

Table 35 shows the pairwise comparison matrix of alternatives based on the earnings per

share growth rate. Table 36 shows the inconsistency test for the pairwise comparison

matrix, and Table 37 shows the normalized weights of alternatives based on the earnings

per share growth rate. Similarly, Table 38 shows the pairwise comparison matrix of alterna-

tives based on the net profit margin. Table 39 shows the inconsistency test of the pairwise

comparison matrix, and Table 40 shows the normalized weights of the alternatives. Table 41

shows the pairwise comparison matrix of alternatives based on revenue growth rate,

Table 42 the calculated inconsistency values, and Table 43 the normalized weights of the al-

ternatives. (See Appendix for all abovementioned tables.)

Market subcriteria

Table 44 shows the pairwise comparison matrix of alternatives based on P/B, Table 45

shows the consistency result, and Table 46 shows the normalized weights of the alternatives.

Table 47 shows the pairwise comparison matrix of alternatives based on P/E, Table 48 the

consistency results, and Table 49 the normalized weights of alternatives. (See Appendix.)

Risk subcriteria

Table 50 shows the pairwise comparison matrix of alternatives based on financial risk,

Table 51 presents the consistency results, and Table 52 shows the normalized weights of

the alternatives. Table 53 shows the pairwise comparison matrix of alternatives based on

market risk, and Table 54 shows the consistency test results. Table 55 shows the normalized

weights of alternatives, Table 56 the pairwise comparison matrix of alternatives based on

systematic risk, and Table 57 the consistency test outputs. Table 58 shows the normalized

weights of alternatives. (See Appendix.)

Table 16 Normalized weights of alternatives based on earnings per share

Alternatives Weight

A1 0.10363

A2 0.113608

A3 0.087723

A4 0.100842

A5 0.126199

A6 0.122878

A7 0.101296

A8 0.081031

A9 0.085839

A10 0.076954

Table 15 Inconsistency test for the pairwise comparison matrix of alternatives based on earnings

per share

Inconsistency Ratio Test Result

CRm CRg Should be less than 0.1

0.03238 0.094398 OK
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Results obtained using super decisions software

The pairwise comparison matrices and comparative results of alternatives based on each

subcriterion were entered into Super Decisions software for the final calculations. Table 17

shows the final ranking of criteria. As shown, market, profitability, growth, and risk are the

most important criteria for portfolio selection. Similarly, Table 18 shows the final ranking of

the subcriteria. Finally, all alternatives were compared based on each subcriterion. Table 19

shows the final ranking of alternatives. Based on the results, an investor is advised to invest

in A6; other alternatives include A7, A2, A4, A8, A1, A5, A3, A9, and A10. Figure 3 displays

the results.

Conclusion

Portfolio selection is an important topic in financial engineering. There are different ap-

proaches for assessing and selecting portfolios, including financial models and MCDM tech-

niques, among others. Although these models are well developed in the literature, the

important role of input data should not be ignored. Therefore, using real data in portfolio

selection is recommended. To address this concern, this study used real data from the TSE.

Specifically, the developed model and the required calculations were verified using outputs

obtained from real TSE data. Specific criteria were developed, and an FANP model was ap-

plied for portfolio selection. In this process, first, a literature review was conducted to inves-

tigate portfolio selection criteria. Next, the developed criteria were examined with regard to

their importance and priority using a Likert-type questionnaire administered to experts. Fi-

nally, an FANP model was applied to prioritize the considered portfolios.

This study has some implications for research. Importantly, MCDM techniques

should be included in portfolio selection. This is supported by previous studies. Aouni

et al. (2018), for example, investigated portfolio selection methods that went beyond

Table 17 Ranking of criteria

Criteria Weight Ranking

Market 0.30502 1

Growth 0.23439 3

Risk 0.18594 4

Profitability 0.27465 2

Table 18 Ranking of subcriteria

Criteria Subcriteria Weight Ranking

Market Price-to-book ratio 0.29 7

Price-to-earnings ratio (P/E) 0.71 1

Growth Revenue growth rate 0.519 3

Net profit growth rate 0.289 8

Earnings per share growth rate 0.19199 9

Profitability Return on asset 0.17417 10

Net profit margin 0.3023 6

Earnings per share 0.52353 2

Risk Market risk 0.15301 11

Systematic risk 0.394 5

Financial risk 0.45299 4
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mean and variance. Likewise, the present study aimed to provide a new approach for

considering different criteria in portfolio selection. It is clear that the classic portfolio

selection model developed by Markowitz (1952) cannot accommodate extra criteria be-

yond return and risk (Aouni et al. 2018).

This research also has implication for practitioners, decision-makers, and managers. The

process of identifying criteria, determining their importance, applying them using FANP,

and analyzing the results can be considered a step-by-step procedure for assessing and

selecting portfolios. Importantly, this method can be applied to other real-world problems.

Meanwhile, for industry, this study’s developed measures, research framework, and method

can be used by engineers, managers, and investors to choose the best available industrial

stock portfolios.

In future research, other MCDM models can be considered for portfolio selection,

and the results can be compared with those of the present study. In addition, factor

analysis and confirmatory factor analysis can be applied to develop specific criteria for

portfolio selection. Finally, future studies can use flexible decision-support systems

(e.g., MCDM-based software) for the concurrent consideration of all portfolio selection

criteria.

Table 19 Ranking of alternatives

Alternative Weight Ranking

A1 0.10013 6

A2 0.10878 3

A3 0.09595 8

A4 0.10367 4

A5 0.09717 7

A6 0.11671 1

A7 0.11499 2

A8 0.10221 5

A9 0.08565 9

A10 0.07475 10

Fig. 3 Ranking of portfolios
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Appendix

Table 20 Pairwise comparison matrix of growth subcriteria

Growth Subcriteria Earnings per share growth rate Net profit growth rate Revenue growth rate

Earnings per share growth rate 1 1 1 0.55 0.83 1.28 0.32 0.47 0.74

Net profit growth rate 0.78 1.2 1.82 1 1 1 0.43 0.63 0.93

Revenue growth rate 1.35 2.14 3.11 1.07 1.59 2.31 1 1 1

Table 21 Inconsistency test of growth subcriteria

Inconsistency Ratio Test result

CRm CRg Should be less than 0.1

0.001516 0.002593 OK

Table 22 Normalized weights of growth subcriteria

Growth Subcriteria Weight

Earnings per share growth rate 0.191917

Net profit growth rate 0.2887811

Revenue growth rate 0.5193019

Table 23 Pairwise comparison matrix of market subcriteria

Growth Subcriteria Price-to-book ratio (P/B) Price-to-earning ratio (P/E)

Price-to-book ratio (P/B) 1 1 1 0.525 0.693 0.953

Price-to-earning ratio (P/E) 1.049 1.442 1.906 1 1 1

Table 24 Inconsistency test of market subcriteria

Inconsistency Ratio Test result

CRm CRg Should be less than 0.1

0.0 0.0 OK

Table 25 Normalized weights of market subcriteria

Subcriteria Weight

Price-to-book ratio (P/B) 0.289851

Price-to-earning ratio (P/E) 0.710149

Table 26 Pairwise comparison matrix of risk subcriteria

Risk Subcriteria Financial Risk Market Risk Systematic Risk

Financial Risk 1 1 1 1.372 1.71 2.239 0.765 1.201 1.698

Market Risk 0.447 0.585 0.729 1 1 1 0.434 0.63 0.935

Systematic Risk 0.589 0.833 1.308 1.07 1.587 2.305 1 1 1
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Table 28 Normalized weights of market subcriteria

Risk Subcriteria Weight

Financial Risk 0.45316

Market Risk 0.15258

Systematic Risk 0.39425

Table 27 Inconsistency test of risk subcriteria

Inconsistency Ratio Test result

CRm CRg Should be less than 0.1

0.001343 0.000136 OK

Table 29 Pairwise comparison matrix of alternatives based on net profit margin

A1 A2 A3 A4 A5 A6

1 1 1 0.7 1 1.3 0.8 1.1 1.5 0.7 1 1.3 0.7 0.9 1.3 0.8

0.7 1 1.3 1 1 1 0.7 0.9 1.1 0.8 1.1 1.4 0.9 1.3 1.8 0.7

0.7 0.9 1.2 0.9 1.1 1.4 1 1 1 0.7 0.8 1.1 0.7 1 1.3 0.6

0.7 1 1.3 0.7 0.9 1.3 0.9 1.2 1.5 1 1 1 0.6 0.8 1.1 0.6

0.8 1.1 1.5 0.6 0.8 1.1 0.7 1 1.4 0.9 1.2 1.6 1 1 1 1

0.7 0.9 1.2 0.6 0.9 1.3 0.9 1.3 1.8 0.7 1.1 1.6 0.6 0.8 1 1

0.7 1.1 1.3 0.7 1 1.3 0.9 1.2 1.6 0.8 1.1 1.6 0.5 0.7 1 0.5

0.8 1 1.4 0.7 0.9 1.1 0.7 1.1 1.6 0.8 1.1 1.5 0.7 1 1.3 0.9

0.6 0.8 1.1 0.7 0.9 1.1 0.6 0.7 1.1 0.7 1 1.5 0.7 1.1 1.8 0.8

0.6 0.8 1.3 0.8 1 1.2 0.8 1.2 1.8 0.6 0.8 1 1.3 1.9 2.6 0.6

Alternatives A6 A7 A8 A9 A10

A1 1.1 1.4 0.7 1 1.3 0.7 1 1.3 0.9 1.2 1.7 0.8 1.2 1.8

A2 1.1 1.8 0.8 1 1.5 0.9 1.1 1.3 0.9 1.1 1.4 0.8 1 1.3

A3 0.7 1.1 0.6 0.8 1.1 0.6 0.9 1.3 0.9 1.3 1.8 0.5 0.8 1.3

A4 0.9 1.3 0.6 0.9 1.3 0.7 0.9 1.3 0.7 1 1.4 1 1.3 1.7

A5 1.3 1.7 1 1.5 2 0.8 1 1.4 0.6 0.9 1.3 0.4 0.5 0.7

A6 1 1 1.2 1.5 1.8 0.7 0.9 1.1 0.7 0.9 1.3 0.7 1.1 1.6

A7 0.7 0.8 1 1 1 0.4 0.6 0.9 0.4 0.5 0.8 1.3 1.6 2.3

A8 1.1 1.3 1.1 1.7 2.6 1 1 1 0.5 0.7 0.9 0.8 1.2 1.6

A9 1.1 1.5 1.3 1.8 2.8 1.1 1.5 2.2 1 1 1 1 1.5 2.2

A10 0.9 1.4 0.4 0.6 0.8 0.6 0.8 1.2 0.5 0.7 1 1 1 1

Table 30 Inconsistency test for pairwise comparison matrix of alternatives based on net profit

margin

Inconsistency Ratio Test result

CRm CRg Should be less than 0.1

0.020774 0.060497 OK
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Table 31 Normalized weights of alternatives based on net profit margin

Alternatives Weight

A1 0.088931

A2 0.123779

A3 0.07876

A4 0.083477

A5 0.08817

A6 0.087988

A7 0.079278

A8 0.12405

A9 0.132702

A10 0.112864

Table 32 Pairwise comparison matrix of alternatives based on return on assets

A1 A2 A3 A4 A5 A6

1 1 1 1 1.2 1.4 0.7 1 1.5 0.9 1.1 1.5 1 1.5 2.2 0.9

0.7 0.8 1 1 1 1 0.9 1.2 1.5 0.5 0.6 0.8 0.8 1.1 1.5 0.7

0.7 1 1.5 0.7 0.9 1.2 1 1 1 0.8 1.1 1.6 0.8 1 1.4 0.8

0.7 0.9 1.1 1.2 1.6 2 0.6 0.9 1.2 1 1 1 0.9 1.1 1.4 0.8

0.5 0.7 1 0.7 0.9 1.3 0.7 1 1.3 0.7 0.9 1.1 1 1 1 0.7

0.6 0.8 1.1 0.6 1 1.4 0.9 1 1.3 0.7 0.9 1.3 0.7 1 1.3 1

1 1.3 1.6 0.7 0.9 1.1 0.9 1.3 1.8 0.7 1 1.4 0.7 1 1.4 0.8

0.8 1 1.4 0.6 0.8 1 0.7 1 1.3 0.8 1.1 1.4 0.5 0.7 1.1 0.7

0.9 1.1 1.3 0.5 0.7 1 0.7 1.1 1.7 0.7 1 1.5 1.1 1.6 2.3 0.3

0.5 0.8 1.1 0.6 0.7 0.9 1 1.3 1.8 0.6 0.7 0.9 0.5 0.6 0.8 0.3

Alternatives A6 A7 A8 A9 A10

A1 1.3 1.7 0.6 0.8 1 0.7 1 1.3 0.7 0.9 1.1 0.9 1.3 1.9

A2 1 1.6 0.9 1.1 1.5 1 1.2 1.6 1 1.4 2.1 1.1 1.3 1.6

A3 1 1.1 0.6 0.7 1.1 0.7 1 1.5 0.6 0.9 1.3 0.6 0.8 1

A4 1.1 1.4 0.7 1 1.4 0.7 0.9 1.2 0.7 1 1.5 1.1 1.4 1.8

A5 1 1.3 0.7 1 1.4 0.9 1.4 2 0.4 0.6 9 1.3 1.7 2.2

A6 1 1 0.8 1 1.2 0.9 1.1 1.4 2 2.8 3.5 1.8 2.9 3.9

A7 1 1.2 1 1 1 0.3 0.5 0.7 0.4 0.5 0.8 1.3 1.6 2.3

A8 0.9 1.2 1.4 2 2.9 1 1 1 0.5 0.7 0.9 1 1.5 2.1

A9 0.4 0.5 1.3 1.8 2.8 1.1 1.5 2.2 1 1 1 1 1.3 1.8

A10 0.3 0.6 0.4 0.6 0.8 0.5 0.7 1 0.5 0.8 1 1 1 1

Table 33 Inconsistency test for pairwise comparison matrix of alternatives based on return on

assets

Inconsistency Ratio Test result

CRm CRg Should be less than 0.1

0.030643 0.092555 Ok
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Table 34 Normalized weights of alternatives based on return on assets

Alternatives Weight

A1 0.111223

A2 0.109647

A3 0.07906

A4 0.10924

A5 0.085646

A6 0.13415

A7 0.085317

A8 0.107685

A9 0.117355

A10 0.060678

Table 35 Pairwise comparison matrix of alternatives based on earnings per share growth rate

A1 A2 A3 A4 A5 A6

1 1 1 1 1.1 1.3 0.6 0.9 1.2 0.6 0.8 1.1 1 1.6 2.3 0.8

0.7 0.9 1 1 1 1 1 1.4 2.1 0.7 0.9 1.1 0.8 1 1.3 1.1

0.9 1.2 1.6 0.5 0.7 1 1 1 1 0.8 1.1 1.3 0.6 0.7 0.8 0.8

0.9 1.3 1.8 0.9 1.1 1.4 0.8 1 1.2 1 1 1 0.8 1.1 1.6 0.7

0.4 0.6 1 0.8 1 1.3 1.2 1.5 1.7 0.6 0.9 1.2 1 1 1 0.7

0.7 1 1.2 0.5 0.7 0.9 0.7 0.9 1.2 0.7 1 1.5 0.7 1 1.3 1

0.7 1 1.6 0.7 0.9 1.1 0.8 1.2 1.9 1.1 1.6 2.4 0.7 0.9 1.3 0.9

0.7 1 1.4 0.7 1 1.4 0.5 0.7 1.1 0.6 0.9 1.4 0.8 1 1.3 0.9

0.7 0.8 0.8 0.6 0.7 0.9 0.5 0.6 0.8 0.8 1.1 1.4 0.6 1 1.6 0.3

0.6 0.8 1.1 0.9 1.3 1.8 0.8 1.1 1.6 0.5 0.7 0.9 0.5 0.6 0.9 0.8

Alternatives A6 A7 A8 A9 A10

A1 1 1.3 0.6 1 1.5 0.7 1 1.4 1.2 1.3 1.4 0.9 1.3 1.8

A2 1.5 2 0.9 1.1 1.3 0.7 1 1.5 1.1 1.3 1.6 0.5 0.7 1.1

A3 1.1 1.4 0.6 0.8 1.2 0.9 1.3 2 1.3 1.6 2.1 0.6 0.9 1.2

A4 1 1.3 0.4 0.6 0.9 0.7 1.1 1.7 0.7 0.9 1.3 1.1 1.5 2.2

A5 1 1.3 0.8 1.1 1.5 0.8 1 1.3 0.6 1 1.6 0.9 1.2 1.6

A6 1 1 0.7 0.8 1.1 0.7 0.8 1.1 2 2.8 3.5 0.6 0.9 1.2

A7 1.2 1.5 1 1 1 0.6 0.9 1.2 0.6 0.9 3.5 0.8 1 14

A8 1.2 1.5 0.8 1.2 1.7 1 1 1 0.5 0.7 0.9 0.8 1.1 1.5

A9 0.4 0.5 0.8 1.1 1.7 1.1 1.5 2.2 1 1 1 0.7 1.1 1.6

A10 1.1 1.7 0.7 1 1.3 0.7 0.9 1.3 0.6 0.9 0.14 1 1 1

Table 36 Inconsistency test for pairwise comparison matrix of alternatives based on earnings per

share growth rate

Inconsistency Ratio Test result

CRm CRg Should be less than 0.1

0.02329 0.073046 Ok
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Table 37 Normalized weights of alternatives based on earnings per share growth rate

Alternatives Weight

A1 0.114386

A2 0.115087

A3 0.109133

A4 0.11242

A5 0.108014

A6 0.114302

A7 0.112139

A8 0.072925

A9 0.068628

A10 0.072966

Table 38 Pairwise comparison matrix of alternatives based on net profit margin

A1 A2 A3 A4 A5 A6

1 1 1 1.7 2.3 3.3 0.7 0.9 1.2 0.8 1.1 1.5 1.3 1.8 2.6 0.6

0.3 0.4 0.6 1 1 1 1.8 2.9 3.9 0.8 1 1.2 1.3 1.8 2.3 1.8

0.8 1.1 1.5 0.3 0.3 0.6 1 1 1 2.2 3.3 4.3 1.3 1.8 2.4 0.6

0.7 0.9 1.3 0.8 1 1.2 0.2 0.3 0.5 1 1 1 1.1 1.6 2.2 0.7

0.4 0.6 0.8 0.4 0.6 0.8 0.4 0.6 0.8 0.4 0.6 0.9 1 1 1 0.7

0.8 1.1 1.6 0.3 0.4 0.6 0.9 1.3 1.6 0.7 0.9 1.4 0.7 1 1.3 1

1.9 2.3 3 0.5 0.6 0.8 1.6 2.2 3.1 0.8 1.2 1.8 2.8 3.2 3.6 1.1

2.3 3.1 4.2 2.6 3.4 4.1 2.7 3.1 3.5 0.6 0.7 0.8 0.6 0.9 1.6 0.9

1.8 2.3 2.7 0.4 0.6 0.8 0.5 0.6 0.7 0.5 0.6 0.8 1.6 2.7 3.7 0.3

0.3 0.3 0.6 0.9 1.3 1.8 1 1.3 1.8 0.3 0.4 0.6 0.5 0.7 0.9 0.2

Alternatives A6 A7 A8 A9 A10

A1 0.9 1.2 0.3 0.4 0.5 0.2 0.3 0.4 0.4 0.4 0.6 1.8 2.9 3.9

A2 2.3 3.1 1.3 1.6 1.9 0.2 0.3 0.4 1.2 1.8 2.8 0.6 0.8 1.2

A3 0.8 1.1 0.3 0.5 0.6 0.3 0.3 0.4 1.4 1.7 2.2 0.6 0.8 1

A4 1.1 1.4 0.5 0.8 1.2 1.2 1.4 1.7 1.3 1.7 2.1 1.6 2.7 3.7

A5 1 1.3 0.3 0.3 0.4 0.6 1.1 1.7 0.3 0.4 0.6 1.1 1.5 2.2

A6 1 1 0.5 0.7 0.9 0.7 0.8 1.1 1.6 2.4 3.1 2.3 3.3 4.3

A7 1.4 1.9 1 1 1 1 1.2 1.4 1 1.3 1.7 2.7 3.3 4

A8 1.2 1.5 0.7 0.9 1 1 1 1 0.8 1 1.2 1.2 1.7 2.3

A9 0.4 0.6 0.6 0.8 1 0.8 1 1.3 1 1 1 1.6 2.1 2.9

A10 0.3 0.4 0.3 0.3 0.4 0.4 0.6 0.8 0.3 0.5 0.6 1 1 1

Table 39 Inconsistency test for pairwise comparison matrix of alternatives based on net profit

margin

Inconsistency Ratio Test result

CRm CRg Should be less than 0.1

0.02329 0.073046 Ok
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Table 40 Normalized weights of alternatives based on net profit margin

Alternatives Weight

A1 0.097954

A2 0.117703

A3 0.087541

A4 0.100211

A5 0.033201

A6 0.107014

A7 0.232121

A8 0.135702

A9 0.083152

A10 0.005402

Table 41 Pairwise comparison matrix of alternatives based on revenue growth rate

A1 A2 A3 A4 A5 A6

1 1 1 0.8 1 1.3 0.9 1 1.2 0.8 1.1 1.5 0.9 1.3 2 0.7

0.8 1 1.2 1 1 1 0.7 1.1 1.6 1.1 1.2 1.4 0.7 1 1.4 1

0.8 1 1.1 0.6 0.9 1.3 1 1 1 0.8 1.1 1.6 0.9 1.1 1.3 0.6

0.7 0.9 1.3 0.7 0.8 0.9 0.6 0.9 1.3 1 1 1 0.8 1.1 1.6 0.7

0.5 0.8 1.1 0.7 1 1.4 0.8 0.9 1.1 0.6 0.9 1.2 1 1 1 0.8

0.8 1.1 1.4 0.7 0.8 1 0.9 1.3 1.6 0.7 0.9 1.4 0.7 0.9 1.3 1

0.9 1.2 1.5 0.7 1 1.4 0.8 1 1.2 0.7 1 1.7 1.4 1.6 1.9 0.7

1 1.3 1.6 0.9 1 1.1 1 1.2 1.4 0.8 1 1.5 0.6 0.7 1.1 0.9

0.8 1 1.2 0.6 0.7 1.1 0.6 0.7 0.8 0.6 0.9 1.2 0.6 1 1.6 0.8

0.8 1.1 1.5 1.1 1.5 2 0.7 1 1.8 0.5 0.8 1.1 0.5 0.7 1 0.8

Alternatives A6 A7 A8 A9 A10

A1 0.9 1.2 0.6 0.9 1.1 0.6 0.8 1 0.8 1 1.2 0.7 0.9 1.3

A2 1.3 1.5 0.7 1 1.3 0.9 1 1.1 0.9 1.3 1.8 0.5 0.7 0.9

A3 0.8 1.1 0.8 1 1.2 0.7 0.8 1 1.2 1.4 1.7 0.6 1 1.4

A4 1.1 1.4 0.6 1 1.5 0.7 1 1.3 0.8 1.1 1,7 0.9 1.3 1.9

A5 1.1 1.5 0.5 0.6 0.7 0.9 1.3 1.8 0.6 1 1.6 1 1.4 1.9

A6 1 1 0.6 0.9 1.4 0.8 1 1.1 0.8 0.9 1.2 0.8 1 1.3

A7 1.1 1.6 1 1 1 1 1.2 1.5 0.9 1.1 1.5 0.7 1.1 1.6

A8 1 1.3 0.7 0.8 1 1 1 1 0.7 0.8 1 0.7 0.9 1.2

A9 1.1 1.3 0.7 0.9 1.2 1 1.2 1.4 1 1 1 0.5 0.7 1

A10 1 1.3 0.6 0.9 1.3 0.8 1.1 1.4 1 1.4 1.8 1 1 1

Table 42 Inconsistency test for pairwise comparison matrix of alternatives based on revenue

growth rate

Inconsistency Ratio Test result

CRm CRg Should be less than 0.1

0.010021 0.030884 Ok
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Table 43 Normalized weights of alternatives based on revenue growth rate

Alternatives Weight

A1 0.113448

A2 0.121094

A3 0.114715

A4 0.116779

A5 0.11529

A6 0.080146

A7 0.130599

A8 0.067556

A9 0.062592

A10 0.077781

Table 44 Pairwise comparison matrix of alternatives based on price-to-book ratio (P/B)

A1 A2 A3 A4 A5 A6

1 1 1 0.9 1.2 1.5 0.8 1 1.2 1.2 1.5 1.7 0.8 1.1 1.8 0.6

0.7 0.8 1.1 1 1 1 0.7 1.1 1.6 0.8 1.1 1.5 0.8 1.1 1.4 0.9

0.8 1 1.2 0.6 0.9 1.3 1 1 1 0.8 1.1 1.5 0.7 1.1 1.6 0.7

0.6 0.7 0.8 0.7 0.9 1.3 0.7 0.9 1.3 1 1 1 0.7 0.9 1.3 0.7

0.6 0.9 1.3 0.7 0.9 1.2 0.6 0.9 1.3 0.8 1.1 1.5 1 1 1 0.7

0.8 1.1 1.6 0.6 0.8 1.1 0.9 1.1 1.5 0.6 0.9 1.4 0.7 1 1.4 1

0.8 1.1 1.4 1.2 1.5 1.8 1 1.3 1.7 0.7 1 1.7 1.8 2.2 2.8 0.7

0.7 1 1.3 0.7 1.1 1.9 0.6 0.9 1.3 0.6 0.8 1 0.4 0.6 0.8 0.9

0.6 0.8 1.1 0.6 0.7 1.1 0.7 0.9 1.2 0.4 0.5 0.7 0.9 1.3 1.8 0.7

0.7 0.9 1.3 0.7 0.9 1.3 0.7 0.9 1.5 0.5 0.7 1.3 0.6 1 1.6 0.8

Alternatives A6 A7 A8 A9 A10

A1 0.9 1.2 0.7 0.9 1.2 0.8 1 1.4 0.9 1.3 1.7 0.8 1.1 1.5

A2 1.3 1.8 0.5 0.7 0.8 0.5 0.9 1.4 0.9 1.3 1.8 0.8 1.1 1.5

A3 0.9 1.1 0.6 0.8 1 0.7 1.1 1.7 0.8 1.1 1.4 0.7 1.1 1.5

A4 1.1 1.6 0.6 1 1.5 1 1.3 1.6 1.5 2 2.7 0.8 1.3 2.2

A5 1 1.4 0.4 0.5 0.6 1.3 1.8 2.3 0.6 0.7 1.2 0.6 1 1.6

A6 1 1 0.6 0.9 1.4 0.8 1 1.1 0.6 1 1.4 0.8 1 1.3

A7 1.1 1.6 1 1 1 0.5 0.7 0.9 0.7 0.9 1.1 0.7 1.1 1.5

A8 1 1.3 1.1 1.5 2 1 1 1 0.5 0.7 0.9 0.7 1 1.3

A9 1 1.6 0.9 1.1 1.4 1.1 1.5 2.2 1 1 1 0.6 0.9 1.2

A10 1 1.3 0.7 0.9 1.3 0.7 1 1.3 0.8 1.1 1.5 1 1 1

Table 45 Inconsistency test for pairwise comparison matrix of alternatives based on price-to-book

ratio (P/B)

Inconsistency Ratio Test result

CRm CRg Should be less than 0.1

0.019581 0.058586 Ok
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Table 46 Normalized weights of alternatives based on price-to-book ratio (P/B)

Alternatives Weight

A1 0.117794

A2 0.111398

A3 0.108103

A4 0.120209

A5 0.10624

A6 0.104813

A7 0.126887

A8 0.066218

A9 0.069059

A10 0.069279

Table 47 Pairwise comparison matrix of alternatives based on P/E

A1 A2 A3 A4 A5 A6

1 1 1 0.8 1.2 1.6 0.6 0.7 0.9 1.1 1.4 1.6 0.8 1.1 1.8 0.7

0.6 0.8 1.3 1 1 1 0.8 1 1.3 0.7 0.9 1.2 0.8 1 1.3 0.9

1.1 1.4 1.7 0.8 1 1.3 1 1 1 0.7 1.1 1.7 0.7 1 1.5 0.6

0.6 0.7 0.9 0.8 1.1 1.4 0.6 0.9 1.4 1 1 1 1.1 1.6 2.1 0.9

0.6 0.9 1.3 0.8 1 1.3 0.7 1 1.5 0.5 0.6 0.9 1 1 1 0.9

0.9 1.1 1.4 0.5 0.8 1.1 0.9 1.3 1.6 0.5 0.8 1.1 0.6 0.8 1.1 1

0.8 1.1 1.5 0.7 0.9 1.1 0.7 0.9 1.2 0.7 1 1.7 0.8 1 1.4 0.7

0.9 1.1 1.4 0.7 1 1.4 0.8 1.2 1.9 0.8 1.1 1.5 0.8 1 1.3 0.9

0.9 1 1.1 0.7 1 1.4 0.6 0.9 1.1 0.6 1 1.4 0.7 0.8 0.9 0.3

0.8 1 1.3 0.8 1 1.3 0.7 1 1.7 0.6 0.8 1.3 0.5 0.7 0.9 0.4

Alternatives A6 A7 A8 A9 A10

A1 0.9 1.1 0.7 0.9 1.2 0. 7 0.9 1.1 0.9 1 1.1 0.8 1.1 1.3

A2 1.3 1.9 0.9 1.1 1.3 0.7 1 1.4 0.7 1 1.4 0.7 1 1.2

A3 0.8 1.1 0.8 1.1 1.4 0.5 0.8 1.2 0.9 1.1 1.6 0.6 1 1.4

A4 1.3 1.9 0.6 1 1.5 0.7 0.9 1.3 0.7 1 1.6 0.8 1.2 1.8

A5 1.2 1.6 0.7 1 1.3 0.8 1 1.3 1.1 1.3 1.5 1.1 1.5 2.2

A6 1 1 0.6 0.9 1.4 0.8 1 1.1 1.6 2.4 3.1 1.8 2.3 2.7

A7 1.1 1.6 1 1 1 0.5 0.8 1.1 0.9 1.2 1.5 1.2 1.8 2.5

A8 1 1.3 1 1.3 1.9 1 1 1 0.7 0.9 1.1 1.1 1.6 2.2

A9 0.4 0.6 0.6 0.9 1.1 0.9 1.1 1.4 1 1 1 0.5 0.7 1

A10 0.4 0.6 0.4 0.6 0.8 0.5 0.6 0.9 1 1.4 1.8 1 1 1

Table 48 Consistency test for pairwise comparison matrix of alternatives based on P/E

Inconsistency Ratio Test result

CRm CRg Should be less than 0.1

0.018474 0.053678 Ok
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Table 49 Normalized weights of alternatives based on P/E

Alternatives Weight

A1 0.086689

A2 0.088473

A3 0.092471

A4 0.098138

A5 0.092358

A6 0.150758

A7 0.097367

A8 0.139149

A9 0.075906

A10 0.078963

Table 50 Pairwise comparison matrix of alternatives based on financial risk

A1 A2 A3 A4 A5 A6

1 1 1 0.8 1 1.2 0.6 0.9 1.3 0.9 1.2 1.5 0.8 1.1 1.8 0.8

0.8 1 1.2 1 1 1 0.8 1.1 1.4 0.7 0.9 1.3 0.7 1 1.4 0.6

0.7 1.1 1.6 0.7 0.9 1.2 1 1 1 0.6 1 1.4 0.7 1.1 1.6 0.6

0.7 0.8 1.1 0.8 1.1 1.5 0.7 1.1 1.6 1 1 1 1.1 1.6 2.2 0.9

0.6 0.9 1.3 0.7 1 1.4 0.6 0.9 1.3 0.4 0.6 0.9 1 1 1 0.7

0.8 1 1.2 0.8 1.1 1.6 0.9 1.3 1.6 0.5 0.8 1.1 0.8 1.1 1.4 1

0.7 1.1 1.7 0.8 1 1.2 0.8 1 1.2 0.7 1 1.7 0.7 1 1.3 0.7

0.9 1.3 1.9 0.7 1.1 1.7 0.9 1.3 1.9 0.7 0.9 1.3 0.7 0.9 1.3 0.9

0.8 1 1.2 0.6 0.8 1.3 0.8 1 1.2 0.7 1 1.3 0.7 0.8 0.9 0.4

0.6 0.9 1.1 0.7 1 1.3 0.7 1 1.7 0.5 0.8 1.2 0.9 1.1 1.3 0.4

Alternatives A6 A7 A8 A9 A10

A1 1 1.3 0.6 0.9 1.4 0. 5 0.8 1.1 0.8 1 1.2 0.9 1.1 1.6

A2 0.9 1.2 0.8 1 1.2 0.6 0.9 1.4 0.8 1.3 1.8 0.8 1 1.4

A3 0.8 1.1 0.8 1 1.2 0.5 0.7 1.1 0.8 1 1.3 0.6 1 1.4

A4 1.3 1.9 0.6 1 1.5 0.8 1.1 1.5 0.8 1 1.4 0.8 1.3 1.9

A5 0.9 1.2 0.8 1 1.5 0.8 1.1 1.5 1.1 1.3 1.5 0.7 0.9 1.1

A6 1 1 0.6 0.9 1.4 0.8 1 1.1 1.3 2 2.7 1.8 2.3 2.7

A7 1.1 1.6 1 1 1 0.5 0.7 1 0.5 0.5 0.6 1.2 1.8 2.5

A8 1 1.3 1 1.4 2.1 1 1 1 0.4 0.4 0.5 0.7 0.9 1.2

A9 0.5 0.8 1.6 1.9 2.2 1.9 2.4 2.8 1 1 1 0.5 0.7 1

A10 0.4 0.6 0.4 0.6 0.8 0.8 1.1 1.4 1 1.4 1.8 1 1 1

Table 51 Consistency test for pairwise comparison matrix of alternatives based on financial risk

Inconsistency Ratio Test result

CRm CRg Should be less than 0.1

0.027037 0.077054 Ok
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Table 52 Normalized weights of alternatives based on financial risk

Alternatives Weight

A1 0.088585

A2 0.0872

A3 0.08042

A4 0.121804

A5 0.082807

A6 0.132733

A7 0.089579

A8 0.113166

A9 0.119003

A10 0.081082

Table 53 Pairwise comparison matrix of alternatives based on market risk

A1 A2 A3 A4 A5 A6

1 1 1 0.8 1 1.2 0.7 0.9 1.2 1 1.3 1.6 0.6 0.9 1.5 0.8

0.8 1 1.2 1 1 1 0.7 1 1.4 0.6 0.8 1.2 0.7 1 1.4 0.7

0.8 1.1 1.4 0.7 1 1.4 1 1 1 1 1.3 1.9 0.7 1 1.4 0.6

0.6 0.8 1 0.8 1.2 1.7 0.5 0.8 1 1 1 1 0.8 1.1 1.4 0.7

0.6 1.1 1.8 0.7 1 1.4 0.7 1 1.4 0.7 0.9 1.2 1 1 1 0.7

0.8 1 1.2 0.7 1 1.4 0.9 1.3 1.6 0.6 0.9 1.3 0.8 1.1 1.4 1

1.2 1.5 1.9 0.7 1 1.3 0.7 0.8 1.1 1 1.3 2 0.6 0.9 1.4 0.7

0.5 0.9 1.4 0.5 0.9 1.4 0.9 1.1 1.6 0.9 1.2 1.5 0.7 0.9 1.3 0.9

0.9 1.2 1.6 0.7 1 1.4 0.6 0.9 1.3 0.8 1.1 1.5 0.7 0.8 1 0.6

0.7 1 1.4 0.9 1.1 1.5 0.7 1 1.7 0.6 1.1 1.8 0.8 1.1 1.4 0.8

Alternatives A6 A7 A8 A9 A10

A1 1 1.3 0.5 0.7 0.8 0. 7 1.1 1.9 0.6 0.8 1.1 0.7 1 1.4

A2 1 1.4 0.7 1 1.3 0.7 1.1 1.9 0.7 1 1.4 0.7 0.9 1.1

A3 0.8 1.1 0.9 1.2 1.5 0.6 0.9 1.1 0.7 1.1 1.6 0.6 1 1.4

A4 1.1 1.6 0.5 0.8 1 0.7 0.8 1.2 0.7 0.9 1.3 0.6 0.9 1.5

A5 0.9 1.2 0.7 1.1 1.6 0.8 1.1 1.5 1 1.2 1.4 0.7 0.9 1.2

A6 1 1 0.6 0.9 1.4 0.8 1 1.1 0.7 1 1.6 0.9 1 1.3

A7 1.1 1.6 1 1 1 0.5 0.8 1 0.7 0.8 1.1 0.8 1.2 1.7

A8 1 1.3 1 1.3 2 1 1 1 0.4 0.4 0.5 0.7 0.9 1.2

A9 1 1.4 0.9 1.2 1.5 1.9 2.4 2.8 1 1 1 0.5 0.6 0.9

A10 1 1.1 0.6 0.8 1.3 0.8 1.1 1.4 1.1 1.6 2.2 1 1 1

Table 54 Inconsistency test for pairwise comparison matrix of alternatives based on market risk

Inconsistency Ratio Test result

CRm CRg Should be less than 0.1

0.014469 0.043134 Ok
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Table 55 Normalized weights of alternatives based on market risk

Alternatives Weight

A1 0.101115

A2 0.101838

A3 0.106339

A4 0.07566

A5 0.105046

A6 0.103781

A7 0.107289

A8 0.073064

A9 0.114927

A10 0.110942

Table 56 Pairwise comparison matrix of alternatives based on systematic risk

A1 A2 A3 A4 A5 A6

1 1 1 0.8 1 1.2 0.6 0.9 1.3 0.8 1 1.3 0.7 1.1 1.8 0.6

0.8 1 1.2 1 1 1 0.9 1.1 1.6 0.5 0.7 1 0.7 1.1 1.6 0.9

0.7 1.1 1.6 0.6 0.9 1.1 1 1 1 0.9 1.3 1.8 0.8 1.2 1.7 0.6

0.8 1 1.2 1 1.4 1.8 0.5 0.8 1 1 1 1 0.6 0.8 1 0.7

0.6 0.9 1.3 0.6 0.9 1.3 0.6 0.8 1.2 1 1.3 1.6 1 1 1 0.7

0.8 1.2 1.7 0.5 0.7 1.1 1 1.3 1.7 0.6 0.9 1.3 0.8 1.1 1.4 1

0.9 1.3 1.9 0.8 1 1.2 0.8 1 1.3 0.9 1.3 1.9 0.8 1 1.2 1

0.6 0.9 1.3 0.6 0.9 1.3 0.9 1.3 1.9 0.8 1 1.2 0.8 1 1.3 0.9

0.8 1.2 1.7 0.7 0.9 1.2 0.7 0.9 1.2 0.7 1 1.3 0.7 1 1.3 0.8

0.8 1.2 1.6 0.7 1 1.3 0.8 1 1.2 0.6 0.9 1.4 0.6 1.1 1.8 0.7

Alternatives A6 A7 A8 A9 A10

A1 0.8 1.2 0.5 0.8 1.1 0. 7 1.1 1.6 0.6 0.8 1.2 0..6 0.8 1.2

A2 1.4 2.1 0.8 1 1.3 0.7 1.1 1.8 0.8 1.1 1.4 0.8 1 1.4

A3 0.8 1 0.8 1 1.3 0.5 0.8 1.1 0.8 1.1 1.5 0.8 1 1.3

A4 1.1 1.6 0.5 0.8 1.1 0.8 1 1.2 0.8 1 1.4 0.8 1.1 1.6

A5 0.9 1.2 0.8 1 1.2 0.8 1 1.3 0.7 1 1.3 0.6 0.9 1.5

A6 1 1 0.5 0.7 1 0.8 1 1.1 0.7 0.9 1.3 0.9 1.1 1.4

A7 1.4 1.9 1 1 1 0.6 1 1.6 0.8 1 1.3 0.7 1 1.5

A8 1 1.3 0.6 1 1.6 1 1 1 0.8 1 1.2 0.7 0.9 1.2

A9 1.1 1.5 0.8 1 1.3 0.8 1 1.3 1 1 1 0.8 1 1.4

A10 0.9 1.1 0.6 1 1.6 0.8 1.1 1.4 0.7 1 1.3 1 1 1

Table 57 Inconsistency test for pairwise comparison matrix of alternatives based on systematic risk

Inconsistency Ratio Test result

CRm CRg Should be less than 0.1

0.00717 0.020476 Ok
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