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Abstract: The identification of optimal stock or portfolio options is a critical concern for investors aiming to maximize
profitability within financial markets. With the increasing complexity of available alternatives and the growing
volume of financial data, selecting the most suitable investment has become more challenging. Decision-makers
often face difficulties in navigating these vast data sets and require robust support tools to simplify and enhance
the decision-making process. This study proposes a three-phase approach designed to reduce data complexity and
facilitate more detailed analysis. In the initial phase, firms demonstrating low operational efficiency, as indicated by
their inventory turnover ratio, were excluded from further consideration. In the subsequent phase, data envelopment
analysis (DEA) was employed to assess the efficiency of remaining firms, with those exhibiting efficiency scores
lower than one being removed from further investigation. Finally, the third phase involved determining the relative
importance of each financial ratio through the calculation of their respective weights, allowing for the ranking of firms
based on these adjusted values. The results of this approach provide decision-makers with a refined list of viable
investment options, contributing to more informed stock portfolio optimization decisions.

Keywords: Portfolio selection; Multicriteria decision-making; Data envelopment analysis; Financial ratios; Decision-
making

1 Introduction

In today’s world, people face many challenges when making decisions [1]. One of the most significant challenges
that decision-makers face is selecting an appropriate option, especially when facing a complex situation [2]. The
numbers and diversity of criteria and various dependencies among them have made selecting the best option very
complicated [3]. Furthermore, the increasing number of available options can add to the complexity of the problem [4].
In such a situation, obtaining problem owners’ judgments becomes more complicated, and option ranking is limited [5].
Related studies have shown that one of the research areas that can be defined in such conditions is the investment
decision-making problem [6].

Choosing the right stock or portfolio for profitability is a crucial concern of investors [7]. It is increasingly
important for investors to select a portfolio that minimizes risk and maximizes return on investment. For decades,
researchers, practitioners, and ordinary investors have been interested in the stock market [8]. Various studies
have been conducted on portfolio selection, including operational research, behavioral finance, and intelligent
optimization technologies [9]. In portfolio selection, investors evaluate alternatives based on several objectives or
criteria, specifically the multicriteria decision-making (MCDM) method [10]. There is a limit of two criteria for
classical portfolio models. Nevertheless, many investors prefer to look at additional factors currently. The multicriteria
sorting method benefits stock portfolio formation because it is also a sorting problem [11]. Alternatives are assigned
to classes using multicriteria sorting methods based on comparisons with reference profiles. With this process, one
can easily construct a portfolio of stocks [12].
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MCDM is an active field of research in operational research. Portfolio selection problems have an inherent
multicriteria nature and they can be primarily addressed using MCDM [13]. Besides return and risk, other financial
criteria, such as return on equity (ROE) and net profit margin, can also be considered under the MCDM framework.
A further advantage of MCDM is that it allows investors to view their preferences. In other words, the MCDM
could contribute to developing more realistic portfolio selection models [14]. According to the MCDM framework,
portfolio selection involves two stages: financial performance evaluation of firms, which is the topic of this study, and
portfolio allocation of stocks. Funds, insurance companies, and securities companies are interested in firms’ financial
performance. A firm’s financial performance is generally measured by its financial ratios. Investing in a company
starts with obtaining information on its financial position, operating results, and investment value through a financial
statement. A firm’s financial performance can be well described by combining all pertinent financial factors [10].

2 Literature Review

In the decision-making filed, several studies have proposed various approaches to choosing the best alternative
among the available options, which are difficult for many decision-makers to understand and apply [15]. Therefore,
in practice, many of these approaches are not used [16]. Accordingly, an essential feature of a decision-making
technique is its simplicity and ease of use [17]. Besides this, a suitable approach should be able to consider the main
dimensions of a decision problem, that is, complexity and uncertainty [18]. Hence, it is recommended in this study
that a decision-maker should take the steps below to select the best private partner.

2.1 MCDM

Gupta et al. [8] built an investment portfolio from stocks of 100 listed companies of a non-parametric nature,
serving the basic premise of portfolio-making by reducing risk. To study the profitability of stocks rank-wise for each
year, the outcome was selected based on financial data and the Technique for Order Preference by Similarity to Ideal
Solution (TOPSIS) method. Wu et al. [10] conducted an analysis of financial performance to determine portfolios
based on the Technique for Order Preference by Similarity to Ideal Solution (TODIM) method. Financial performance
evaluation was conducted using a multidimensional financial evaluation index system. Affinity propagation clustering
(APC) was used to select features from the financial ratios. In addition, the dominance relation between stocks was
calculated using a generalized TODIM method to reflect investors’ bounded rational behavior. Finally, the model
was extended to include financial and stock market performance in a multi-objective selection process. Emamat et
al. [12] used the Best Worst Method (BWM) to calculate the criteria weights. A large pool of stocks was chosen
using 19 distinct techniques. It was concluded that the model’s parameters must be appropriately defined to minimize
inconsistencies and enhance the predictions. Five large-cap, open-ended, direct, suspended sales mutual funds were
analyzed in a second study. First, fuzzy Analytic Hierarchy Process (AHP) was used to compare a list of criteria to
choose the most important. Then the Pythagorean fuzzy grey relational analysis approach was applied to determine the
weights and ranks of the shortlisted criteria. Finally, the Multi-Attributive Border Approximation Area Comparison
(MABAC) technique was used to rank the portfolios with criteria such as information, Sharpe, Sortino ratios, etc. [19].

Paul et al. [20] adopted a hybrid method based on a two-stage framework. A novel decision-making technique
was proposed to deal with the stock selection subject by combining the Heronian mean operator with the traditional
compromise solution method. Then based on the specified decision criteria, the relative optimal weights were
calculated using the base-criteria method. Complex Consensus Solution-Hybrid (CoCoSo-H) was used to increase
the flexibility of complex decisions by eliminating the efficacy of anomalous data. The cross-efficiency scores were
evaluated by integrating several critical financial information into a regret cross-efficiency evaluation model. The
mean-variance-skewness framework was incorporated with cross-efficiency to develop a multi-objective portfolio
selection model based on regret theory. Since data are inherently uncertain, evaluating ROE and analyzing return on
assets (ROA) can also be considered fuzzy variables [21]. Vásquez et al. [22] presented the AHP-TOPSIS technique
to make decisions concerning the stock market by assessing risk, liquidity, and profitability criteria. From April 2012
to April 2017, the model was used to select a portfolio of stocks with high and medium marketability. According
to the computational results, investing in equity portfolios requires the integration of traditional and multicriteria
investment criteria to find an appropriate balance between profitability and risk. A consensus process was considered
in the second type of interval fuzzy environment as part of an integrated method for solving the portfolio allocation
problem [23].

Mohammed [24] believed that MCDM in a fuzzy environment can be applied to selecting and prioritizing projects
in portfolio management. It is critical to measure the criteria weights through the fuzzy TOPSIS technique to achieve
the desired performance levels, allows for adjusting the ranking of other options. Peng et al. [25] developed a method
for managing stock selection problems based on information reliability and non-compensation criteria. For stock
evaluation information, Z-numbers were introduced first. Then fuzzy and probability data were used to define the
outranking degree of Z-numbers. Based on the Elimination and Choice Translating Reality (ELECTRE) method,
some outranking aggregation and exploitation procedures were presented. A Z-number ELECTRE tool was proposed
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by integrating the above studies. Finally, a selection problem of stock investment objects was solved. Nguyen
et al. [26] determined objective weights for financial ratios using the Criteria Importance Through Intercriteria
Correlation (CRITIC) method. Based on the expert assessments, the cause-effect relationship was obtained using
Decision-Making Trial and Evaluation Laboratory (DEMATEL). The ranking process was performed by applying
TOPSIS.

Narang et al. [27] proposed a novel hybrid MCDM technique consisting of the fuzzy Complex Proportional
Assessment of Alternatives (COPRAS) and the Base-Criterion Method (BCM). The relative optimal weights of
specified criteria were first extracted from the group decision-making process employing a novel base-criterion method
using fuzzy triangular numbers. In an uncertain and ambiguous environment, the fuzzy set theory and COPRAS were
used to rank the alternatives. Based on market performance, Gupta et al. [28] used DEA to calculate the efficiency
of the stocks based on their risk-return interface after formulating a possible portfolio using a perceptual map. The
fundamental performance of operating an MCDA tool was further probed based on the COPRAS technique. MCDM
was used to rank stocks based on stock performance in the order of preference of inclusion in a portfolio using a
hybrid method, which includes grey relational analysis, AHP, and TOPSIS [29].

2.2 DEA

Companies have widely used DEA to assess their efficiency based on financial ratios. When financial ratios are
used in conjunction with DEA, the results can serve as early warnings about inefficiencies for the companies. DEA
can convert the financial ratios into a single efficiency score to be evaluated and compared [30].

Rasoulzadeh et al. [31] combined the DEA tool with returns of intuitionistic fuzzy numbers. Additionally, all
constraints of the Markowitz model were fully covered by this model to obtain the best portfolio. The model was run
using the Non-Dominated Sorting Genetic Algorithm II (NSGA-II). Fuzzy DEA was involved in a portfolio selection
problem with undesirable fuzzy inputs and outputs. Several realistic constraints were considered, including a budget,
buy-in thresholds, no short-selling, and cardinality constraints. The genetic algorithm was employed to solve the
proposed problem [32]. Chang et al. [33] developed a nested dynamic network DEA approach to measure a portfolio’s
multi-period efficiency. In today’s highly volatile investment environment, Markov chain Monte Carlo Bayesian
algorithms have been used to forecast future performance. Amin and Hajjami [34] dealt with the role of alternative
optimal solutions for cross-efficiency evaluation in portfolio selection. Results showed that the proposed approach
improved the outcomes. Chen et al. [35] discussed the fuzzy portfolio selection challenge in a multi-objective
framework by assimilating the mean-semivariance model and the DEA cross-efficiency. Besides considering the
bounds on holdings and cardinality constraints, the presented model was used to formulate the cross-efficiency model
within the framework of the Sharpe ratio. Chen et al. [36] discussed several risk measures as part of the fuzzy
portfolio efficiency evaluation problem. Three types of DEA-based fuzzy portfolio estimation models in various
risk measures were presented to evaluate portfolio efficiency. Results demonstrated that they approximated the real
effective portfolio frontier with adequate sample size using the envelop frontier models.

The review of the research background shows that studies have used either an MCDM tool or a DEA technique in
the topic under investigation. Therefore, in this study, the data of the problem were examined by combining MCDM
and DEA tools.

3 Proposed Algorithm

The proposed 3-phase algorithm for selecting the proper stock portfolio is shown in Figure 1.
As shown in Figure 1, data should be collected in step 1 in the first phase. In step 2, the inventory turnover ratio

was calculated. In step 3, the firms that do not reach the required quorum were excluded from the analysis. In step
4 in the second phase, financial ratios were calculated for the data. In step 5, the data were normalized. In step 6,
the firms that do not have the required efficiency were removed using DEA. Then in step 7 in the third phase, the
beneficial and non-beneficial data were converted. In step 8, the AHP technique was performed. In step 9, the final
ranking was determined. A more detailed description of the above steps is presented in the sub-sections below.

3.1 Phase 1

After identifying the firms and collecting their financial data in step 1, the inventory turnover ratio was calculated
using the following formula:

Inventory turnover =
Cost of goods sold
Average inventories

(1)

Efficiency ratios, also called activity ratios, provide insight into how well a company manages operations and
sales. This metric aims to demonstrate how efficiently the company uses its resources to generate income [37].
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As an efficiency ratio, inventory turnover was used. According to previous studies, the higher the inventory
turnover ratio, the greater the company’s profitability [38]. Based on this, the companies for which the mentioned
index is less than 2 were excluded from further investigations. At the last step of this phase, firms that do not have the
minimum necessary efficiency in inventory turnover ratio were excluded from further analyses.

Figure 1. The proposed algorithm

3.2 Phase 2

The primary goal of phase 2 is to remove other ineffective data from the analysis using a well-known method,
DEA. In the first step of this phase, some of the most important financial ratios were considered for the firms under
investigation. Typically, investors use financial ratios to measure a company’s performance and make investment
decisions [39]. In the previous studies, these ratios are commonly considered as inputs and outputs of DEA [40]. In
this study, the following ratios were employed:

Current ratio =
Current assets

Current liabilities
(2)

Quick ratio =
(Current assets − Inventory)

Current liabilities
(3)

Cash ratio =
Cash

Current assets
(4)

Debt ratio =
Total liabilities

Total assets
(5)

Debt equity =
Total debt

Equity
(6)

Gross profit margin =
Gross profit
Net Sales

(7)
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Net profit margin =
Net profits
Net sales

(8)

ROE =
Net income
Total equity

(9)

ROA =
Net income
Total assets

(10)

In the next step, the ratios obtained for the firms were normalized using the following equation:

nij =
aij −min aij

max aij −min aij
(11)

In the last step of phase 2, the firms’ efficiency was calculated below.
Consider n decision-making units (DMUs), denoted by DMUj , where j = 1, . . . , n, each of which consumes

xij of input i to produce yrj of output r [41].

max zj =

s∑
r=1

urYrj −
m∑
i=1

viXij + w

s.t.
s∑

r=1

urYrj −
m∑
i=1

viXij + w j = 1, 2, . . . , n,

s∑
r=1

ur ≥ 1 (12)

m∑
i=1

vi ≥ 1

i = 1, 2, . . . ,m r = 1, 2, . . . , s vi, ur ≥ 0.

where, uk
r and vki are output and input weights corresponding to DMUk.

At the end of phase 2, the firms that do not provide a certain level of efficiency (less than 1) were excluded from
further investigations.

3.3 Phase 3

In step 7, the remaining data were converted to Rij [42]:

Rij =
xij −minxij

maxxij −minxij
, (13)

For non-beneficial ones (debt ratios):

Rij =
maxxij − xij

maxxij −minxij
. (14)

In step 8, the ratio weights were calculated by applying the AHP method.
In the final step, the firms were ranked based on their weighted sum of ratios.

4 Findings

In the first step of phase 1, 195 manufacturing firms existing in the Tehran Stock Exchange were considered as a
numerical example. In step 2, using Eq. (1), the inventory turnover ratio was calculated for all the firms and those
with a ratio of less than 2 were removed. Table 1 shows a portion of this step output.

Considering Table 1, firms 1, 2, 4, 193, and 195 were eliminated from further investigation. At the end of phase 1,
68 firms with an inventory turnover ratio of less than 2 were eliminated, and 127 cases entered phase 2 for further
investigation.
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Table 1. A portion of outputs in the 1st step

Firms Inventory Turnover
1 0.049
2 1.191
3 3.223
4 1.361
5 12.625
... ...

191 4.810
192 2.436
193 0.983
194 12.994
195 1.051

Table 2. A portion of outputs in the 6th step

Firms Efficiency
0.691 1

1 2
0.579 3

1 4
0.090 5

... ...
0.769 123
0.704 124

1 125
0.876 126

1 127

In the first step of phase 2, the most important financial ratios obtained from the research background were
calculated using Eqs. (2)-(10). In the next step, the received data were normalized using Eq. (11). In the last step of
phase 2, using Eq. (12), the additive efficiency for the remaining firms was computed, a part of which is shown in
Table 2.

As expressed before, firms with an efficiency of less than 1 were excluded from further analysis at the end of this
phase. Considering Table 2, for example, firms 1, 3, 5, 123, 124, and 126 were eliminated from further investigation.
Accordingly, 78 other firms were excluded from further analysis, and 49 cases qualified for the final phase.

To perform pairwise comparisons in the first step of phase 3, the problem data were converted using Eqs. (13)-(14).
Then, in the next step, based on the opinions of three experts in the field of financial engineering, the importance
(weight) of each of the financial ratios were obtained using Eqs. (2)-(10), which is shown in Table 3.

Table 3. A portion of outputs in the 1st step

Ratio Weight
Current ratio 0.24
Quick ratio 0.07
Cash ratio 0.02
Debt ratio 0.22

Debt equity 0.02
Gross profit margin 0.04
Net profit margin 0.03

ROA 0.24
ROE 0.12

Finally, the final ranking was determined by calculating the weighted sum of ratios. These step results are shown
in Table 4 and Figure 2.
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Table 4. Key parameters of our model

Firms Ratio Firm Ratio Firm Ratio Firm Ratio Firm Ratio
1 0.323 11 0.264 21 0.804 31 0.392 41 0.573
2 0.574 12 0.526 22 0.895 32 0.447 42 0.691
3 0.322 13 0.663 23 0.605 33 0.360 43 0.437
4 0.549 14 0.595 24 0.545 34 0.597 44 0.428
5 0.016 15 0.734 25 0.775 35 0.542 45 0.498
6 0.633 16 0.631 26 0.756 36 0.462 46 0.691
7 0.480 17 0.613 27 0.587 37 0.514 47 0.534
8 0.370 18 0.414 28 0.441 38 0.996 48 0.782
9 0.526 19 0.691 29 0.490 39 0.761 49 0.481

10 0.449 20 0.706 30 0.449 40 0.355 - -

Figure 2. Firms’ weighted sum of ratios

5 Discussions and Conclusion

Managers, shareholders, and investors need to evaluate companies’ financial performance to identify their strengths,
weaknesses and competitive advantages. An integrated assessment index based on all the dimensions was created
using the MCDM tool. Therefore, several studies have exploited the capabilities and solutions that the MCDM method
offers in financial performance evaluation [43]. Ignoring the importance of making sound decisions based on accurate
and relevant financial performance measurements is impossible. Multidimensional and contradictory criteria can
only be measured with the MCDM method to achieve the best and most satisfactory results in financial performance
analysis [44]. On the other hand, it is common to use the DEA method to evaluate companies’ performance from a
financial perspective [45]. Financial ratios are commonly used as inputs and outputs in AHP applications for assessing
firms’ efficiency [46].

Dealing with massive amounts of data and information is usually challenging for decision-makers. Therefore,
support tools are needed to make decision-making more accessible and understandable. Based on this, a three-phase
approach was used in this study to reduce the data and perform a more detailed analysis. In the first phase, low-efficiency
firms were eliminated using the inventory turnover ratio. In the next phase, using the AHP method, the cases with an
efficiency of less than 1 were excluded from further investigation. In the final phase, the companies ranking was
determined by specifying the ratio weights. The output of this study helps decision-makers consider the top firms in
the next stage of decision-making for stock portfolio optimization.

Data Availability

The data used to support the research findings are available from the corresponding author upon request.
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