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Abstract  

In this paper, a multi-objective model based on the decision maker’s (DM) utility 

function is proposed to find an optimized portfolio that fits with the desires of the 

DM. The proposed algorithm is developed in three stages. First, fundamental 

analysis on accounting criteria is done using the TOPSIS-DEA method. By this 

method, companies’ efficiency ranks according their fundamental reporting sheets 

are achieved. Second, the specific utility function of DM is found using the 

UTASTAR method. Third, a two-objective model is solved to find the stocks’ 

proportion for the individual investor. In this study, different criteria and decision 

making tools are used to make human-like decisions that meet investor’s 

expectations as much as possible.  This approach is illustrated in this paper by a 

real-world case study concerning the evaluation of stocks in the Iran stock 

exchange. The suggested portfolio not only made a higher level of utility with the 

minimum level of risk but also is consistent with the investor’s interests.  

Keywords: 
Multiple Criteria Decision 

Making (MCDM);  

Portfolio Optimization;  

Utility Function;  

Fundamental Analysis 

 

Introduction 
 

Decision-making can be considered as a complex task, and everyone is continuously involved 

in this task. To deal with the complexity of decision making in an academic context, different 

tools are provided by the operations research to identify preferences, create models, and solve 

the problem. Portfolio selection as a financial decision-making tool has attracted many 

researchers, experts and investors for decades. Markowitz [1] is the pioneer in portfolio 

selection and other researchers extend Markowitz’s mean-variance bi-objective optimization 

problem to make it more realistic. Risk and return are the main factors of any modern portfolio, 

and researchers trying to incorporate them into their models. However, in the real world, the 

problem of selecting an attractive portfolio is a multi-criteria issue, so it seems too simplistic to 

make DM decide based on only two factors.  

Focusing on investors’ preferences and attitudes can be seen in some studies i.e. [2,3,4,5,6]. 

Researchers like Ehrgott et al. [7] tried to develop a primary model in different aspects 

incorporating utility theory into the Markowitz model. Furthermore, Merton [8] maximized the 

utility of terminal wealth. Fei [9], Buckley et al. [10], Bodnar et al. [11], and Ma et al. [12] 

selected the utility function in portfolio optimization based on the subjective degree of preferred 

risk. Commonly used utility functions in financial studies are of the following four forms [13]: 
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1( ) / (0 1)u x x                     (1) 

2( ) ln( )u x x                                                                                                      (2) 

3( ) (1 ) / ( 0)xu x e                                                                                 (3) 

2

4( ) / ( 0)u x x x                                                                        (4) 

 

Utility functions 1( )u x and 2 ( )u x  are often used in situations where c1, . . . ,cn satisfies 

0ic   subject to 
1

1
n

i

i

c


 . The optimal portfolio under either 1( )u x or 2 ( )u x is 1{ ,..., }nc w c w  

and w is the initial wealth. The utility function 3( )u x  is often used when w   is normally 

distributed and 4 ( )u x  is often used in the capital asset pricing model [13]. 

Despite many attempts to develop the Markowitz model, few studies tried to find the DM’s 

unique preferences and apply them in the mean-variance model directly. It is worth mentioning 

that all the investors are not the same and different models are required for different groups. 

The Mean-variance basic model is mathematically developed in different ways. Yet, the 

questions are that how much these models are practical in portfolio selection, and how much 

they consider investor’s preferences and needs. Basically, more interaction between investor 

and consultant leads to semi human-like models aiming at satisfying the investor. A multi-

criteria model based on more than two objective functions combined with an appropriate utility 

approach allows for higher flexibility in modeling the investors’ objectives [7] which can be 

used to consider DM’s preferences. So, a straightforward procedure will be provided in this 

paper with the goal of discovering and involving DM’s interests in the process of decision 

making.  

 

Literature review 
 

Studies related to portfolio selection are divided based on two categories; single objective 

models that maximize return or minimize risk, and multi-objective models with both goals [14]. 

Markowitz [1] in his first work minimized risk in a certain level of return. Then Markowitz et 

al. [15] developed the primary model by replacing variance with semi-variance as a risk 

measure. Corraza and Favaretto [16] applied a proper branch-and-bound-based algorithm to 

solve the problem while Freitas et al. [17] presented the portfolio optimization model based on 

a neural network. The ‘‘Limited Asset Markowitz’’ model was solved by Cesarone et al. [18]. 

Li et al. [19] considered a possibilistic return and risk, then they solved a fuzzy portfolio 

selection model. Also, some researchers like sharp [20], Chopra and Ziemba [21], Huang [22], 

Rios and Sahinidis [23], Zhang et al. [24], Sadjadi et al. [25], and Liu and Zhang [26] proposed 

portfolio optimization models with the purpose of maximizing the profit. 

Instead of analyzing portfolios solely by one goal the researches of second group tried to 

tackle with multi-objective models (e.g. [27,28,29,30]). The goal programming approach was 

proposed for portfolio selection by Leung et al. [27]. Armananzas and Lozano [28] applied 

greedy search, simulated annealing, and ant colony optimization for multi-objective portfolio 

optimization problems. Chiam et al. [29] suggested an evolutionary approach for multi-

objective portfolio optimization. Ammar [30] focused on a fuzzy-based multi-objective model. 

Greco et al. [31] modified the Mean-variance model under uncertainty and they solved the 

problem by using multi-criteria decision aiding and a Rough set approach. In a new multi-

objective portfolio model Rather et al. [32] maximize entropy as well as gain loss spread of a 
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portfolio. Zhao et al. [33] introduced a mean-conditional value at risk-skewness portfolio 

optimization model.  

Several studies modified the mean-variance model and used utility functions to make the 

portfolio optimization problem much more similar to the real world. These studies can be 

categorized into two groups. First, the studies in which some common utility functions like 

logarithmic, exponential and power were used. The following studies can be categorized in the 

first group: Akian et al. [34] maximized the long-run average growth of wealth for a logarithmic 

utility function considering transaction cost. Ferland and Watier [35] worked on a continuous-

time utility portfolio selection problem and implemented their model on power and exponential 

utilities. Yu et al. [36] compared four frequently used utility functions i.e. the power, logarithm, 

exponential and quadratic utility functions to consider their effects in portfolio selection. 

Çanakog˘lu and Özekici [37] used some utility functions of the HARA family which includes 

exponential, logarithmic, and power utility functions. They maximized the expected utility of 

the terminal wealth. By the assumption that investors have the logarithm utility function, Ma et 

al. [38] proposed an engineering model with bankruptcy control. Bodnar et al. [11] proposed a 

multi-period portfolio problem by applying an exponential utility function under return 

predictability. Sukono et al. [54] suggested a Mean-VaR portfolio optimization by risk 

tolerance to be used when the utility function is square-shaped. 

In the second group of studies, the Multi-criteria approach is used to model the investor’s 

preferences. Bouri et al. [4] employed 5 criteria; including the return, risk, liquidity, size, and 

price-earnings ratio (PER), aggregating them with PROMETHEE II. They tried to illustrate that 

using a multi-criteria approach can be integrated into the portfolio selection process. Ehrgott et 

al. [7] proposed a model based on Multi-attribute utility theory and the classical mean-variance 

model of Markowitz for portfolio optimization. They considered five sub-objectives for risk 

and return, then generated DM’s specific utility functions for each of the five objectives. After 

adding some constraints on lower and upper bounds of assets’ percentages, they also applied 

2PLS, SA, TS, and a GA algorithm to solve this problem. Ehrgott et al. [5] implemented two 

approaches for portfolio optimization; multi-attribute utility theory (MAUT) and multi-

objective programming (MOP). They found that these approaches show different results in the 

sequence of investor’s preferences and optimization. Hurson et al. [39] applied a synergy of 

MACBETH and MAUT multi-criteria methods for portfolio selection. They claimed that 

combining these two methods improves the investor’s decision-making process. Lopes and 

Almeida [40] focused on oil and gas development projects by employing an additive multi-

attribute utility function. They considered the possibility of considering the DM's preferences 

and behaviors toward risk. Touni et al. [41] used the UTASTAR method to understand the DM’s 

behavior and his preferences to give a specific insight into the financial consultant. They ranked 

stocks using the DM utility function. The previously mentioned studies are some examples of 

the second group of studies. Mendonça et al. [53], proposed an integer multi-objective mean-

CVaR portfolio optimization model to approximate the investor’s behavior. 

Table 1 illustrates the previous researches in the area of portfolio optimization. As the 

Portfolio optimization problem is inherently a multi-objective problem, we decided to study 

both single objective and multi-objective studies in this area. To consider behavioral aspects of 

investor some researchers tried to use different common utility functions for investors. Indeed, 

MCDM approaches provide some sophisticated tools to find investors’ attitudes towards every 

criterion.  
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Table 1. Selected relevant literature review 

Authors 
Objective 

Function 

Utility 

Approach 

MCDM 

Approach 
Other Approaches Criteria 

Markowitz et al. [1952] Min ----- ----- ----- Variance, Return 

Sharp [1967] Max ----- ----- 

Linear programming 

algorithm 

 

Variance, Return 

Markowitz et al. [1993] Min ----- ----- Critical line algorithm Semi-variance, Return 

Akian et al. [2000] Max 

 

Well-known 

utility 

function 

----- 
Logarithmic utility 

function 

Variance, Return, 

Transaction costs 

Leung et al. [2001] MODM ----- * Goal programming 
Variance, Return, 

Skewness 

Bouri et al. [2002] MODM ----- * PROMETHEE II 

 

Return, Risk, 

Liquidity, Size,(PER) 

Ehrgott et al. [2004] Min ----- * 

Simulated annealing, 

tabu search and genetic 

algorithm 

 

Five sub-objectives 

for risk and return 

 

Armananzas,  Lozano 

[2005] 

MODM ----- ----- 

Greedy search, 

simulated annealing, 

and ant colony 

optimization 

Variance, Return 

Corazza, Favaretto 

[2006] 
Min ----- ----- Branch and bound Variance, Return 

Chiam et al. [2007] MODM ----- ----- Evolutionary approach Variance, Return 

 

Ferland and Watier 

[2008] 

Min 

 

Well-known 

utility 

function 

----- 
Power and exponential 

utilities 
Variance, Return 

Ehrgott et al. [2009] MODM ----- * UTADIS method ----- 

Yu et al. [2009] Min 

Well-known 

utility 

function 

----- 

 

Power, logarithm, 

exponential and 

quadratic utilities 

Variance, Return 

Rios and Sahinidis 

[2010] 
Max 

Well-known 

utility 

function 

----- Indefinite quadratic Variance, Return 

Zhang [2011] Max ----- ----- 
Sequential minimal 

optimization 

 

Possibilistic mean, 

Variance, Transaction 

costs 

 

Hurson et al. [2012] Min ----- * 

 

MACBETH and 

MAUT utility function 

β coefficient, 

Marketability, Return 

on equity, Dividend 

yield, Price earnings 

ratio 

 

Ma et al. [2012] Min 

Well-known 

utility 

function 

----- 
Logarithm utility 

function 

Variance, Return, 

Transaction costs, no-

shorting Constraints 

Greco et al. [2013] MODM ----- 
 

* 

Multi-criteria decision 

aiding and Rough set 

approach 

VaR, CVaR, 

Expected shortfall 

Rather et al.  [2014] MODM ----- ----- Genetic algorithm 
Entropy, Gain loss 

spread, Return, 

Li et al. [2015] Min ----- ----- 
Fuzzy portfolio 

selection 

Possibilistic return 

and risk 

Sukono [2017] Max 

Well-known 

utility 

function 

----- 
Square-shaped utility 

functions 
VaR, Return 
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Authors 
Objective 

Function 

Utility 

Approach 

MCDM 

Approach 
Other Approaches Criteria 

Touni et al. [2019] Min ----- * UTASTAR approach 
Βeta, Return, 

Liquidity 

Mendonça et al. [2020] MODM ----- * Evolutionary algorithm 

CVaR, Return, 

Cardinality constraint, 

Rebalancing,  

Transaction cost 

Current research MODM 

Flexible 

utility 

function 

 

* 

UTASTAR method, 

TOPSIS DEA, ε-

constraint method 

Return, Beta, 

Liquidity, Efficiency, 

Safety, and Foreign 

currency dependency 

 

The proposed algorithm in this paper is an improvement to Touni et al.’s algorithm [41], 

where a more comprehensive MCDM approach is developed to find the investor’s utility 

function towards different criteria. The focus of this paper is on finding DM’s preferred 

portfolio based on his unique utility function. Different multi-criteria methods are applied to 

incorporate the investor’s preferences in the decision-making process. Additionally, the 

proposed model considers the inherent multi-dimensional nature of the problem using the 

augmented ε-constraint method. To illustrate the model, it is applied in a case study, including 

20 firms listed in the Iran stock exchange market. 

The rest of this paper is organized as follows: In Section 3, the method is explained and the 

proposed two-objective model is presented based on Markowitz and UTASTAR model. In 

Section 4, augmented the ε-constraint method is described. In Section 5, the proposed model is 

applied to actual data and the results are shown in Section 6. The conclusions of this manuscript 

are summarized in Section 7. 

 

Method and data analysis 
 

In this manuscript, Markowitz and UTASTAR methods are combined to allow the financial 

consultant to consider the investors’ preferences in the process of decision making. At first, 

DM’s utility function is discovered and his final utility function is applied as the objective of 

the model. Fig. 1 illustrates the proposed procedure in detail. The first step aims to assess stocks 

fundamentally using different accounting criteria. In the second step some market values are 

added to create a comprehensive criteria group, and DM’s specific preferences towards each 

criterion are found by the UTASTAR. The third step presents a utility-risk model that is solved 

by the ε-constraint solution method allowing the investor to get as close as possible to his 

preferred stock portfolio. 

 

Criteria selection 

 

Nowadays, portfolio optimization models featured by criteria other than risk and return have 

become more common. In the real world, different people have different characteristics, so 

there is no standard investor. Two groups of criteria were selected based on literature review 

and by consulting with financial experts with more than 10 years of experience in portfolio 

selection/optimization. Those that are based on market value (i.e. mean return, total risk 

(variance), systematic risk (beta), and the stock liquidity) and those that are called the 

accounting criteria (ratios used by the analysts or managers) [4]. 

The first group of criteria can be widely used when DM wants to buy a stock and sell it after 

a short time. Naturally, it can be claimed the DM just want to gain some profit by stock’s ups 

and downs in a short period. For DMs who can be attributed as real investors, the second group 

of criteria is also important. These DMs are interested in finding out more about the firm and 
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its fundamental features. As traders typically adopt some combination methods to make their 

buy or sell decisions, this study aims to consider both groups of criteria which are valid and 

apprehensible for the investor.  

 

 
Fig. 1. Portfolio selection flowchart 

 

By consulting with some finance experts in investment agencies we determined to consider 

risk, return and liquidity as the most common and necessary criteria for analyzing stocks, and 

decided to involve financial ratios to assess the firms fundamentally. Finally, six different 

criteria based on two groups (market values and accounting criteria) are considered and the 

importance of each category can be illustrated based on the investor’s willingness for 

investment. Since understanding the ratios extracted from accounting sheets may not be easy 

for individuals, an integrated concept will be suggested in this research. Actually, without a 
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good understanding, neither the investor can recognize if the criterion is consistent with his 

preferences nor consultants can expect a reliable ranking based on DM’s preferences. Including 

the concept of efficiency would help to understand financial ratios more easily and provides a 

chance to integrate several criteria as an integrated concept. An explanation for each criterion 

is given in the following: 

Return: To calculate return following formula has been employed:  

 

, 1 ,

, 1

,

i t i t

i t

i t

p p D
r

p





 


                                                                                  (5) 

 

Where ri,t+1 is the return of stock i in the period of t, and pi,t refers to the price of i at the beginning 

of the period. Also pi,t+1 refers to the price of i at the end of the period, D is the dividend, if 

during the considered period the firm divide profit it gets the amount of D, otherwise, it is 0. 

Risk: There are two kinds of risks [4]; systematic risk which refers to the inherent risk of the 

entire market that affects the overall market, not just a particular stock or industry, and 

unsystematic risk the one that is unique to a specific company and can be reduced through 

diversification. In this manuscript, both of these risks are incorporated into the model. First, the 

systematic risk is calculated for each stock by the β formula to find out DM’s behavior towards 

risk. Then the unsystematic risk is minimized in the proposed model that can be calculated 

using the following model where 𝑟𝑖 refers to the return of stock 𝑖 , and 𝑟𝑚 is market return.  

 

cov( , )

var( )

i m

m

r r

r
 

                                                                                                (6) 

 

Liquidity: Liquidity has become a common criterion in many papers (i.e. [4,2,42,43,44]) 

simply because it makes the model more realistic. The more stock transaction is in a market, 

the more liquidity is expected for the stock. A higher amount of liquidity is supposed to be a 

reliable guarantee to buy or sell the stock comfortably. In this manuscript, the transaction 

volume rate was considered to measure liquidity. 

Efficiency: Getting information about efficiency is for the sake of investors who are 

committed to diving deeper into stocks information and analyzing them fundamentally. The 

concept of efficiency makes it easier for an investor to use accounting criteria and is helpful to 

reach a clear idea about the firm’s financial situation. The efficiency is determined and ranked 

through the TOPSIS-DEA technique. TOPSIS-DEA provides two ideal unrealistic points, the 

best and the worst, through which we can compare realistic units and rank their efficiency based 

on the distances between these two ideal units. This approach seems to be very similar to 

human-like decision-making. The underlying assumption behind this method, which is close to 

the rationality of the human mind when it comes to selecting the best choice, is to opt for 

alternatives with the shortest distance from the best ideal solution while having the longest 

distance from the worst ideal solution [57]. There is a large number of financial criteria and 

using each of them depends on the manager’s attitude and objectives. In this paper, we used 

debt-equity ratio, fixed asset, current asset, and cost of goods sold as the DEA inputs, and the 

current ratio, quick ratio, fixed asset turnover, return on assets, return on capital employed, net 

profit margin, and inventory turnover as the DEA outputs. TOPSIS-DEA method is as follows: 

 
IDMU: The best ideal solution 

ADMU: The worst ideal solution 

X: Inputs criteria 

Y: Outputs criteria 
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i: Number of inputs  

r: Number  of outputs 

j: Number  of stocks 

vi: The weights of the inputs 

ur: The weights of the outputs 

yr: Refer to rth output 

xi: Refer to ith input 

yrj: The amount of rth output of jth stock 

xij: The amount of ith input of jth stock 

 
*

I :    
IDMU’s efficiency 

*

A : 
ADMU’s efficiency 

*

j : 
The best efficiency of stock i 

*

j
: 

The worst efficiency of stock i 

 
min max( , )IDMU X Y

                                                                                   (7) 

max min( , )ADMU X Y
                                                                                  (8) 

                           Where 
min maxmin{ },   max{ }  ,i ij r rjX x y y i r  

                                          (9) 
max minmax{ },   min{ }  ,i ij r rjX x y y i r  

                                          (10) 

 

Where IDMU and ADMU refer to virtual DMUs, 𝑋 and 𝑌 refer to inputs and outputs, 

respectively. 𝑖 and 𝑟 are the number of inputs and outputs, and 𝑗 is the number of stocks. The 

first stage after creating IDMU and ADMU is to calculate their efficiency using the following 

models: 

 
                                    Model1 

* max

1

max
s

I r r

r

u y


 
                                                                                         (11) 

min

1

. . 1
m

i i

i

s t v x



                                                                                         (12) 

1 1

0,  
s m

r rj i ij

r i

u y v x j
 

   
                                                                        (13) 

,    , .r iu v r i 
                                                                                                  (14) 

 
*

I  is IDMU’s efficiency where 𝑣𝑖 and 𝑢𝑟 are the weights of the inputs and outputs, respectively. 

 
                                   Model2 

* min

1

min
s

A r r

r

u y


 
                                                                                              (15) 
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max

1

. . 1
m

i i

i

s t v x



                                                                                                      (16) 

max min *

1 1

0,  
s m

r r i i i

r i

u y v x j
 

   
                                                                        (17) 

1 1

0,  
s m

r rj i ij

r i

u y v x j
 

   
                                                                          (18) 

,    , .r iu v r i 
                                                                                                  (19) 

 

 *

A is ADMU’s efficiency where, 𝑣𝑖 and 𝑢𝑟 are the weights of inputs and outputs, and 

constraint (17) guarantees that *

I ’s efficiency remains positive. Then, we have to find the best 

and the worst efficiency for each DMU by some changes in the DEA model, which is as follows: 

 
                                    Model3 

*

1

max
s

j r rj

r

u y


 
                                                                                              (20) 

1

. . 1
m

i ij

i

s t v x



                                                                                                       (21) 

1 1

0,  
s m

r rj i ij

r i

u y v x j
 

   
                                                                                  (22) 

max min *

1 1

0,  
s m

r r i i i

r i

u y v x j
 

   
                                                            (23) 

,    , .r iu v r i 
                                                                                                       (24) 

 

The best efficiency for each stock must be maximized whilst the IDMU’s efficiency does 

not change. Moreover, the worst efficiency must be minimized whilst the ADMU’s efficiency 

does not change. 

 
                                   Model4 

*

1

min
s

j r rj

r

u y


 
                                                                                                  (25) 

1

. . 1
m

i ij

i

s t v x



                                                                                                        (26) 

1 1

0,  
s m

r rj i ij

r i

u y v x j
 

   
                                                                                     (27) 

min max *

1 1

0,  
s m

r r i i A

r i

u y v x j
 

   
                                                                       (28) 

,    , .r iu v r i 
                                                                                                      (29) 
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The last stage is to find the proximity of each DMU to the ideal DMU that can be measured 

by the following formula: 

  
* *

* * * *
,   j

( ) ( )

j A

j

j A I j

RC
 

   


 

  
                                                        (30) 

 

Safety: It can be important due to creating a sense of trustworthiness in an investor that may 

motivate him for buying the stock. Companies release their earning per share (EPS) profit, and 

also they forecast it periodically. Higher realized profit shows more reliable anticipation and 

better performance of the firm. If there is no difference or a modest amount of difference 

between expected profit and realized one, the stock will probably be considered as a safer one 

for investment. 

Foreign currency dependency: The effect of the exchange rate as a macro-economic factor 

on stock prices has been analyzed by many researchers (i.e. [45,46,47,48,49]). Macro-economic 

analysis studies companies’ decisions and the behavior of those decisions on the market to 

determine the way in which the stock price is constructed [48]. Lam [49] used companies’ 

financial and macroeconomic data to find out their financial performance. For this purpose, she 

selected 16 financial statement variables and 11 macroeconomic variables including the 

effective exchange rate. Naturally, the price of stocks in countries like Iran are quite dependent 

on common currencies like the Dollar, Pound, and Euro. Basically, some factors like oil prices, 

sanctions, the stability of a country's government, and inflation lead to fluctuation in foreign 

currency prices and will influence DM’s financial decisions. In the case of oil prices, Ebrahimi 

[56] studied the volatility of oil price in global markets which is one of the factors that influence 

the capital markets of the countries of which their economy is based on oil revenues. 

 As, many companies in these countries have to supply the raw material in the dollar, 

therefore they will have to convert their local currency into dollars to make the payment, and 

may export their products to countries where the dollar is the common currency. So we use β 

to find the co-efficiency between stocks and dollar price, and shareholders can say their 

preferences towards it, and how many dependency they prefer or whether their portfolio should 

include these kinds of stocks or not. 

 

UTASTAR 
 

The UTASTAR algorithm [50] is an improvement of the original UTA method that infer 

decision models and turn preferences’ data into a ranked list of options. This approach is called 

preference disaggregation in literature. The LP model is as follows: 

 
                                   Model5 

1

min ( ( ) ( ))
m

k

z a a  



 
                                                                                     (31) 

𝑠. 𝑡. 

      {
∆(𝑎𝑘, 𝑎𝑘+1) ≥ 𝛿   𝑖𝑓  𝑎𝑘 > 𝑎𝑘+1

∆(𝑎𝑘 , 𝑎𝑘+1) = 0   𝑖𝑓  𝑎𝑘~𝑎𝑘+1  
                                                                                                                                 (32)                

   
1

1 1

1
ian

ij

i j

w


 


                                                                                                    (33) 

0  ,  w 0ij   
                                                                                                       (34) 
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For more details on UTA family algorithms, one may refer to the monograph by Siskos et 

al. [50]. Chapter 8 of the mentioned book is devoted entirely to UTA methods. 

 

The Markowitz risk-utility model 

 

In this section, the ultimate utility function combined with the previously mentioned criteria is 

maximized while the unsystematic risk of the portfolio is minimized. In the proposed model, 𝑖 
and 𝑗 indicates the stocks, where 𝑥𝑖 shows the percentage of the money needed for investment 

in these stocks, 𝑝𝑖 can be zero or one. And constraint (40) illustrates the logical relationship 

between 𝑝𝑖 and 𝑥𝑖. The model will be as follows:   

  
Z1: Utility function 

Z2: Unsystematic risk 

i , j: Refer to stocks 

xi: the percentage of the money to invest in stock i 

ui: Utility of ith stock for the investor 

ri: Return of ith stock 

pi: zero or one variable 

ij
: 

Covariance i and j 

n: The number of stocks in portfolio 

Return: Investor’s desired return of portfolio 
 

                               Model6 

1

1

max
n

i i

i

z x u



                                                                                            (35) 

2

1 1

min
n n

i j ij

i j

z x x 
 


                                                                                               (36) 

                         s.t. 

1

n
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i

x r return



                                                                                                          (37) 

1

1
n

i

i
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                                                                                                                     (38) 

1

n

i

i

p n



                                                                                                                   (39) 

  
  i ip x i 

                                                                                                             (40) 

  
0  i=1,2,...,nix 

   
0 1ip or

                                                                                (41) 

 

Solution approach 
 

The augmented ε-constraint method (AUGMECON) which is introduced by Mavrotas [51] is 

one of the most practical algorithms in Multi-Objective Mathematical Programming (MOMP). 

Generally, these problems do not have a single optimal solution that optimizes all the objective 

functions at the same time. In MOMP there is not optimality, instead, we have Pareto optimality 

or efficiency [51]. 

 



304  Touni et al. 

Case study 
 

The data of the Iran stock exchange market were used as a data source. There are some criteria 

through which the best firms are announced every season. This manuscript used 20 of them 

based on whether all the required data is accessible to implement the proposed model. Return, 

liquidity, and β are forecasted by the artificial neural network for the next 30 days, and a three-

layer perceptron 4-15-1 is employed. Besides, last year information extracted from the financial 

statements was used to measure efficiency and safety. Table 2 gives information about stock’s 

efficiency ranking where stocks are ranked by TOPSIS-DEA method:  

 
Table 2. TOPSIS-DEA information 

Firms 

ID 
*

j  
*

j
 

RC rank  Firms ID 
*

j  
*

j
 

RC rank 

1 0.052 0.01 0.000224 12  12 0.011 0.007 0.000139 16 

2 0.053 0.007 0.00014 15  13 0.383 0.055 0.00149 1 

3 0.017 0.006 0.000112 17  14 0.04 0.01 0.00022 13 

4 0.559 0.054 0.001475 2  15 1 0.002 0 20 

5 0.411 0.004 0.000057 19  16 0.687 0.04 0.00108 4 

6 1 0.038 0.001 5  17 0.053 0.026 0.000671 7 

7 0.009 0.005 0.000084 18  18 0.122 0.026 0.000673 6 

8 1 0.007 0.00014 14  19 0.148 0.013 0.0003 10 

9 0.376 0.011 0.00025 11  20 0.053 0.051 0.0013 3 

10 0.085 0.017 0.00042 9  IDMU 35.751    

11 1 0.018 0.00046 8  ADMU  0.002   

 

Table 3. Stocks’ values of the criteria 
firms 

ID 
return Beta liquidity 

Efficiency 

rank 
safety FCD  

firms 

ID 
return Beta liquidity 

Efficiency 

rank 
safety FCD 

1 0.0172 0.12 5.7543 12 0.448 0.564  11 0.0701 0.16 0.0579 8 1.4496 0.545 

2 0.0007 0.44 2.1527 15 1.589 0.962  12 0.0511 0.69 52.946 16 0.6713 0.568 

3 0 0.46 46.212 17 0 0.723  13 0.459 0.45 0.8399 1 0.6214 0.222 

4 0.1275 0.05 3.094 2 0.588 0.670  14 0.1122 0.78 17.777 13 0.756 0.322 

5 0.0015 0.08 3.2332 19 0.752 0.936  15 0.0198 0.3 1.2266 20 0.9593 0.649 

6 0.0904 0.18 1.3709 5 0.674 0.504  16 0.0009 0.58 0.8001 4 0.7518 0.094 

7 0.0133 0.42 21.167 18 0 0.020  17 0.2578 0.68 12.344 7 0.7340 0.744 

8 0 0.28 2.6143 14 0.194 0.292  18 0.0009 0.19 0.0432 6 0.8525 0.830 

9 0.0133 0.42 0.9292 11 0.411 0.221  19 0.2885 0.21 27.596 10 0.9318 0.891 

10 0.0006 0.58 21.59 9 0 0.604  20 0.1306 0.14 1.4053 3 0.6506 0.969 

 

The criteria are separated into two groups to be more comprehensible for the investor to 

compare and rank, and also, he is able to mention his interests towards each group by weighting 

them. Then, for each group of criteria, a sample is considered to start finding utility function by 

the UTASTAR method. The following equation shows the weights of each market criteria 

resulted from the investor’s ranking preferences:   

      
𝑈𝑀(𝑔) = 0.265 × 𝑈1(𝑔1) + 0.331 × 𝑈2(𝑔2) + 0.402 × 𝑈3(𝑔3)                                          (42) 

 

By using CurveExpert, the marginal utility functions are approximated as follows: 
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   Fig. 2. Return marginal utility                    Fig. 3. Beta marginal utility                Fig. 4. Liquidity marginal utility 

 
 Fig. 5. Efficiency rank marginal utility       Fig. 6. Safety marginal utility             Fig. 7.  FCD marginal utility 

 

𝑈𝑀(𝑔) = 0.265 × (1 − 𝑒−5.5𝑅) + 0.331 × (1 − 𝐵) + 0.402 ×
0.0056(1+𝐿)

1−0.004𝐿
                                                      (43) 

 

Eq. 43 is the ultimate market utility function related to return, beta, and liquidity criteria, this 

procedure is done for the remained criteria which reaches to the Eq. 44:    

 

𝑈𝐹(𝑔) = 0.331(0.138 × (8 − 𝑒0.1×𝐹𝐸𝑅)) + 0.264(0.004𝑒2.8×𝑆) + 0.402(1 − 𝐹𝐶𝐷)          (44) 

 

Figs. 2, 3, 4, 5, 6 and 7 illustrate the estimated marginal utility function of each criterion for 

the investor. In Eq. 43 R, B, and L refer to return, beta, and liquidity, respectively. Also, FER, 

S, and FCD are fundamental efficiency rank, safety, and foreign currency dependency 

respectively. The final utility is as following equation, where 𝑤 can be determined based on 

investor’s attitudes towards each group of criteria: 

 
𝑈𝑓𝑖𝑛𝑎𝑙(𝑔) = 𝑤 × 𝑈𝐹(𝑔) + (1 − 𝑤) × 𝑈𝑀(𝑔)                                                               (45) 

 

Computational Results and discussion 
 

The first step is to calculate the payoff table, this is done through lexicographic optimization 

and the results are shown in Table 4. First, we optimize utility (higher priority), then the 

unsystematic risk objective is optimized by adding the constraint f1=z1*. 

 
Table 4. Lexicographic optimization results 
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After calculating the payoff table, we divide objective functions’ ranges to eight equal 

intervals, then nine grid points are used as the values of e2 in the augmented ε-constraint 

method. The results are shown in Table 5: 

 
Table 5. Pareto optimization results 

row F2 F1 row F2 F1 row F2 F1 

1 910.96*10-6 0.896 4 570.82*10-6 0.887 7 230.68*10-6 0.872 

2 797.58*10-6 0.893 5 457.44*10-6 0.882 8 117.3*10-6 0.866 

3 682.20*10-6 0.89 6 344.06*10-6 0.878 9 4*10-6 0.846 

 

For each Pareto solution the investment percentages are presented in Table 6: 

 
Table 6. Final results 

row 
Unsystematic 

risk 
Utility  Stock proportion 

1 910.96*10-6 0.896  X4=0.01 X6=0.01 X9=0.01 X11=0.02 X13=0.95 

2 797.58*10-6 0.893  X4=0.01 X6=0.01 X9=0.01 X11=0.081 X13=0.889 

3 682.20*10-6 0.89  X4=0.01 X6=0.01 X9=0.01 X11=0.147 X13=0.823 

4 570.82*10-6 0.887  X4=0.01 X6=0.01 X9=0.01 X11=0.217 X13=0.753 

5 457.44*10-6 0.882  X4=0.01 X6=0.01 X9=0.01 X11=0.295 X13=0.675 

6 457.44*10-6 0.878  X4=0.01 X6=0.01 X9=0.01 X11=0.385 X13=0.585 

7 457.44*10-6 0.872  X4=0.01 X6=0.01 X9=0.01 X11=0.491 X13=0.479 

8 457.44*10-6 0.866  X4=0.01 X6=0.01 X9=0.01 X11=0.62 X13=0.35 

9 457.44*10-6 0.846  X4=0.171 X6=0.01 X11=0.721 X13=0.088 X20=0.01 

 

As Table 5 illustrates, firms 4, 6, 9, 11, and 13 are in many efficient portfolios. Let us analyze 

these stocks and see if the suggested portfolios are consistent with DM’s preferences. Basically, 

if an individual’s utility function is concave, linear, or convex, then the individual is risk-averse, 

risk-neutral, or risk-seeking, respectively [52]. So Figs. 2, 3 and 4 show that investor is strongly 

risk-averse towards return, risk-neutral to systematic risk, and mildly risk-seeking to liquidity. 

In terms of return, the utility of the middle is much more than 0.5, and the average of return 

values is about 0.074, it can be understood that even a low amount of return may satisfy the 

investor. Unlike return, the investor tends to have a higher level of liquidity in his portfolio due 

to the risk-seeking aspect of his behavior towards this criterion. By comparing selected stocks’ 

values with the average of liquidity (i.e. 3.58) it can be concluded that except stock 11 other 

ones got good values. For both systematic risk and foreign currency dependency with an 

average of 0.13 and 0.76 respectively, the investor tends to be risk-neutral. As we can see most 

of the selected stocks are near or lower than averages which shows the stocks are correctly 

selected by the model. According to Fig. 6 investor is strongly risk-seeking to safety with an 

average of 0.54. Table 7 shows that safety quantities in the selected stocks are quite consistent 

with his preferences (higher quantities for safety are more preferable for the investor). Even 

investor is almost risk-averse towards efficiency, so the model suggested the efficient stocks to 

investors to increase his total utility value of the portfolio. 

 
Table 7. Selected stocks’ values 

Firm ID return beta liquidity efficiency safety FCD 

4 0.1275 0.05 3.094 2 0.588325 0.6707 

6 0.0904 0.18 1.3709 5 0.674133333 0.5045 

9 0.0133 0.42 0.9292 11 0.4115 0.2215 

11 0.0701 0.16 0.0579 8 1.449625 0.5452 

13 0.459 0.45 0.8399 1 0.621475 0.2228 

20 0.1306 0.14 1.4053 3 0.6506 0.9693 
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Conclusion 
 

This paper proposed a reliable procedure to make a portfolio optimization model similar to the 

real world. Besides, in this research, we tried to make financial concepts easier to understand 

for an investor who plays an important role in the investment process. Then investor’s 

preferences are recognized through precise and comprehensive methods. The proposed model 

considers the return, systematic risk, liquidity, efficiency, safety, and foreign currency 

dependency as important factors in stock selection.  

The proposed decision-making method and its combination with the optimization process is 

the main innovation of this manuscript. The results showed a high level of utility with 

minimized unsystematic risk at a certain level of appropriate return. Besides, the suggested 

portfolios showed complete compatibility with investor’s preferences. Since investors in the 

stock market always decide to choose a portfolio for the uncertain future [55], so the uncertainty 

of variables for future decisions should also be considered in the model. Furthermore, using 

dynamic optimization or multi-period approaches and comparing the results can be worthwhile. 
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