
International Journal of Engineering and Advanced Technology (IJEAT) 

ISSN: 2249 – 8958, Volume-8, Issue-6S3, September 2019 

 

136 

 

Published By: 

Blue Eyes Intelligence Engineering 

& Sciences Publication  

Retrieval Number: F10230986S319/2019©BEIESP 

DOI: 10.35940/ijeat.F1023.0986S319 

 

Abstract: Main objective of this study is to develop hybrid 

optimization method for reducing investment portfolio risk. The 

methods selected in this study are the combination of Modern 

Portfolio Theory (MPT) and genetic algorithm optimization 

approach. Three stocks from Malaysian Stock Exchange are 

selected in developing the investment portfolio namely Malayan 

Banking Berhad, Hap Seng Consolidated Berhad and Top Glove 

Corporation Berhad.  Result indicates the modern portfolio 

theory can give optimal portfolio weightage with maximum 

return for tolerate level of investment risk. In addition, genetic 

algorithm enhanced the optimal searching method to find global 

minimum of investment risk. Result shows the minimum 

portfolio risk in objective function is 2.122118 with 

implementation genetic algorithm optimization. The optimal 

combination of portfolio investment is 32.24 % in asset A 

(Malayan Banking Berhad), 52.37 % in asset B (Hap Seng 

Consolidated Berhad), and 15.30 % in asset C (Top Gove 

Corporation Berhad). The important of this study is it will assist 

investor in making better decision to optimize their return for 

given level of investment risk. Furthermore, this hybrid method 

provides a better accuracy of prediction for return of investment 

and portfolio risk. 

 

Index Terms: Investment, Portfolio Risk, Modern Portfolio 

Theory, Genetic Algorithm.  

I. INTRODUCTION 

Portfolio selection is one of the most important research 

fields in the investment decision-making. Investors that have 

good information can manage their portfolio investment 

effectively by select a good combination of investments 

portfolio. In 1952, Modern Portfolio Theory was introduced 

by Harry Markowitz in order to analyze the optimal return for 

portfolio investment. This theory explained how investors 

can optimal investment and a consumption decision of an 

individual who has available in two investment instruments 

[1]. Modern Portfolio Theory indicate that the portfolio risk 

can be reduced by diversification approach for different 

assets [2] and also indicated that investment portfolio can 

attain low risk by combination of several stocks [3]. Study 

that examined the volatility of sharia-compliant companies 

listed on the Malaysian Stock Exchange found that the mean 
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value for volatility rate is 4.85% and standard deviation is 

2.23%. Result from Shapiro-Wilk normality test indicates 

data distribution for average monthly return and volatility 

follow normal data distribution [4]. 

Traditionally, most of the investment are followed Theory 

of Investment that stated it was enough looking into one 

stock only [5]. Therefore, most of current study used Modern 

Portfolio Theory for problem solving in investment portfolio 

selection [6]-[9]. After Markowitz’s work, researchers have 

shown great enthusiasm in portfolio management, trying 

different mathematical approaches to develop the theory of 

portfolio selection [10], [11].  Study that examine the 

volatility rate of sharia-compliant company listed on the 

Malaysian Stock Exchange using Monte Carlo Simulation 

method found that Monte Carlo Simulation proved the 

volatility rate is 4.85% and standard deviation is 2.23 [12]. 

The result shows the value of volatility rate is under 

statistical control with implementation of Monte Carlo 

Simulation approach [12]. Monte Carlo simulations are a 

very powerful way to demonstrate the basic sampling 

properties of various statistics in econometrics [13].    

Currently, the increased availability of computing power 

was developed a new technique of computation and 

optimization. Evolutionary Computation is well-known for 

producing the solutions in optimization problems [14]. 

Computational capacity and the widespread availability of 

computers have enabled development of a new generation of 

intelligent computing techniques such as expert systems, 

fuzzy logic, neural networks and genetic algorithms [10]. 

These methods are used to find a solution for optimization 

problems in varies field such as physics, engineering and 

technology and logistic [15]-[22]. Even there are many 

studies used Genetic Algorithm approach, but study that 

implements this method in the financial field is still lack of 

investigation. Therefore, it is important to investigate the 

performance of companies listed on the Malaysian Stock 

Exchange using combination of Modern Portfolio Theory 

and Genetic Algorithm optimization approach in order to 

find optimal value for portfolio investment selection. The 

function of this methods is to select investment portfolio that 

have optimal weighted to maximize a return at tolerate risk 

level. In another term, this study tries to select optimal 

portfolio to reduce risk at certain expected return. Moreover, 

managing a risk in investment portfolio is very important 

part in order to maintain the 

financial health of an 
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investment portfolio selection.   

Genetic Algorithm is one of the numerical and 

optimization methods in problem-solving decision. In 

developing portfolio risk analysis, small number of assets can 

be solved using a traditional technique. However, with the 

increments of assets in portfolio, the complexity to find 

optimal solution also increases. Therefore, a Genetic 

Algorithm method was used in this study to find solutions for 

problems unsolvable by traditional methods [10]. 

Thus, this paper developed Modern Portfolio Theory 

compliment with integration of genetic algorithm method to 

solve the problem in selecting optimal portfolio investment 

in order to reduce risk at certain expected return for 

companies listed on the Malaysia Stock Exchange. The 

companies used in this study are three assets namely 

Malayan Banking Berhad, Hap Seng Consolidated Berhad 

and Top Glove Corporation Berhad.   

II. LITERATURE REVIEW 

A prediction method is one of the most important methods 

in the investment field. It must consider several things in 

order to maximize a return and minimize a risk. Firstly, stock 

market price is fluctuated that is every minute the price was 

changed. Secondly, there are many companies in the stock 

market that need a good technique to monitor. Therefore, 

various methods were developed in order to analyze the 

performance of stock price such as ARIMA model, Monte 

Carlo, Modern Portfolio Theory and Genetic Algorithm [23], 

[24]. Even there are many methods in forecasting area but it 

is still lack of researches implement computational and 

optimization using intelligent computing techniques 

implement in the financial area.  Therefore, this study try to 

focus two methods that are Modern Portfolio Theory and 

Genetic Algorithm approach in order to analysis the optimal 

value for investment portfolio selection.   

Genetic Algorithm provides a well-developed paradigm to 

form a portfolio with the maximum expected return at a 

given level of risk tolerance. Genetic Algorithm is one of the 

most famous techniques in optimization solutions and 

developed by Holland in 1975. Study regarding genetic 

algorithm applied in Madrid Stock Market suggest that, for 

reasonable trading costs, the technical trading rule is always 

superior to a risk-adjusted buy-and-hold strategy [22]. The 

other study proved that Genetic Algorithm is more 

conservative as compared to those computed using Monte 

Carlo simulation [25].   

Modern Portfolio Theory is a technique of selection a 

portfolio that minimizes risk for a given level of reward, 

where reward is the mean of the portfolio return distribution 

and risk is measured as the variance of the portfolio return 

distribution [10]. This theory also explains the expected 

return that investors desired to earn at the same time can 

reduced a risk in the portfolio selection. The risk component 

of modern portfolio theory can be measured, using various 

mathematical formulations, and reduced via the concept of 

diversification which aims to properly select a weighted 

collection of investment assets that together exhibit lower 

risk factors than investment in any individual asset or 

singular asset class [26]. A well-diversified portfolio 

contains of different types of securities from different 

industries, with varying level of risk. Thus, it is important to 

diversify the investment portfolio. Study regarding modern 

portfolio theory and risk based on incremental entropy found 

the new theory emphasizes that there is an objectively 

optimal portfolio for given probability of returns [27]. While, 

study that analyze the benefits of modern portfolio theory 

found that the standard geographic and sector diversification 

allow for a good results and more efficient portfolios [28].  

Study regarding the behavior of share price companies 

listed on the Malaysian Stock Exchange found that the data 

was follow normality of data [29]. Therefore, the main focus 

of this study is to develop hybrid optimization method for 

reducing investment portfolio risk. The methods selected in 

this study are the combination of Modern Portfolio Theory 

and genetic algorithm optimization approach.  

III. RESEARCH METHODOLOGY 

Main purpose of this research is to develop robust method 

in determine lower investment risk. Therefore, this study 

calculated portfolio risk using Modern Portfolio Theory. 

Then, this study applied genetic algorithm optimization to 

search for optimal global solution in reducing risk.  

A. Data selection process 

This study selected three stocks prices in developing 

investment portfolio. The three stocks are Malayan Banking 

Berhad, Hap Seng Consolidated Berhad and Top Glove 

Corporation Berhad. This study collected daily stock prices 

from Thomson Reuters Datastream. Firstly, this study 

calculated return rate of stock prices using Equation (1). 
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In Equation (1), the parameters are defined as follow: 

,i tR  is return for asset i, at observation period t, 

tP  is stock price of asset i, at observation period t, and  

1tP  is stock price of asset i, at observation period t-1. 

Next, this research performed normal distribution 

checking for return rate for each of stock prices. The 

probability density of normal distribution of return data is 

represented using Equation (2). 
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In Equation (2), the parameters are explained as below: 

  : Mean or expectation of distribution for random variable. 

  : Standard deviation of data. 
2  : Variance for data distribution. 

 This project implemented Shapiro-Wilk statistical test to 

prove normality of data distribution for return of stock prices. 

The Shapiro-Wilk Test is more 

appropriate for small sample 
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sizes (< 50 samples), but can also handle sample sizes as 

large as 2000.  

The Shapiro-Wilk normality test is developed with null 

hypothesis is considered that a sample 1 2 3, , ,..., nx x x x  

distributed according to normally distribution population. 

The W-statistics for Shapiro Wilk normality test is defined in 

Equation (3). 
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(3) 

In Equation (3), the parameters are described as follows: 

 ix  is i-th order statistics, 

x    is sample mean, 

ia  is tabulated coefficient using Equation (4). 
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Parameters in Equation (4) are described as follows: 

C  is vector norm, 

1 T 1 1C V m m V V m      

m  is vector that made of the expected values of the order 

statistics of independent and identically distributed random 

variables sampled from the standard normal distribution, and  

V  is covariance matrix of normal order statistics. 

B. Modern Portfolio Theory for developing investment 

portfolio 

Modern Portfolio Theory is a mathematical framework for 

assembling a portfolio of different assets to achieve the 

expected return is maximized for a given level of risk. In 

other definition, Modern Portfolio Theory is a theory of 

finance that attempts to maximize portfolio expected return 

for a given amount of risk, or minimize risk for given level of 

expected return. 

Modern Portfolio Theory grounded on assumption that 

investors are risk averse. The definition of risk averse is 

investors prefer less risk for portfolio that offer the same 

expected return. Thus, an investor will take on increased risk 

only if compensated by higher expected returns. Conversely, 

an investor who wants higher expected returns must accept 

more risk. The exact trade-off will be the same for all 

investors, but different investors will evaluate the trade-off 

differently based on individual risk aversion characteristics. 

The implication is that a rational investor will not invest in a 

portfolio if a second portfolio exists with a more favorable 

risk-expected return profile. 

The expected return for portfolio is calculated using 

Equation (5). 
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(5) 

In Equation (1), the parameters are described as below: 

pR  : Return of portfolio consists of different assets. 

iR  :  Return of asset i.  

iw  : Proportion of weightage for asset i in portfolio. 

Next, variance of portfolio return is calculated using 

Equation (6). 
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(6) 

In Equation (2), the parameters are described as below: 

i  : Standard deviation for return of asset i. 

iw  : Weightage proportion for asset i in portfolio.  

i j  : Pearson correlation coefficient between return of asset i 

and asset j. 

In this study, three stocks were selected from Malaysia 

Stock Exchange in developing diversified investment 

portfolio. The portfolio return for three assets is described in 

Equation (7). 

       E E Ep A A B B c CR w R w R w R   …………..… (7) 

Parameters in Equation (7) are described as follows: 

 E pR  : Expected return for portfolio with three different 

assets. 

 E AR  : Expected return for asset A. 

 E BR  : Expected return for asset B. 

 E CR  : Expected return for asset C. 

Aw  : Proportion of weightage for asset A in portfolio. 

Bw  : Proportion of weightage for asset B in portfolio. 

Cw  : Proportion of weightage for asset C in portfolio. 

Then, the investment risk for portfolio is measured using 

standard deviation. The variance for portfolio investment is 

represented by using Equation (8). 
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Where, 

A  is standard deviation of return for asset A, 

B  is standard deviation of return for asset B, 

C  is standard deviation of return for asset C, 

A B  is correlation for return rate between asset A and B, 

B C  is correlation for return rate between asset B and C, and 

AC  is correlation for return rate between asset A and C. 

In Equation (8), the Pearson correlation coefficient is 

derived using next procedure. Consider there are two random 

variables represents by variable X and Y. Pearson correlation 

coefficient between these two variables is represented by 

Equation (9). 
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X Y

X Y

X Y


 
  



Robust Hybrid Optimization Method to Reduce Investment Portfolio Risk Using Fusion of Modern Portfolio Theory 

and Genetic Algorithm  

 

139 

Published By: 

Blue Eyes Intelligence Engineering 

& Sciences Publication  

Retrieval Number: F10230986S319/2019©BEIESP 

DOI: 10.35940/ijeat.F1023.0986S319 

…………………………………….… (9) 

Parameters in Equation (9) are explained as below: 

cov( , )X Y  is covariance between variable X and Y, 

X  is standard deviation of X variable, and  

Y  is standard deviation of Y variable. 

Then, the Pearson correlation coefficient can be interpret 

using term of mean and expected values. 

  cov( , ) E X YX Y X Y        

Where, 

E  is expectation,  

X  is mean of variable X, and  

Y  is mean of variable Y. 

 Next, Equation (9) can be re-arranged to become Equation 

(10). 
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The coefficient can be expressed in terms of uncentered 

moments as Equation (11). 
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The correlation coefficient for a sample can be derived as 

Equation (12). Consider the sample has n pair of x, y 

variables. 
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Sample mean of x variable, 
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Then, this study re-arranged Equation (12) with 

considering sample mean. 
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C. Genetic algorithm for optimization 

The genetic algorithm is a method for solving both 

constrained and unconstrained optimization problems that is 

based on natural selection, the process that drives biological 

evolution. The genetic algorithm repeatedly modifies a 

population of individual solutions. At each step, the genetic 

algorithm selects individuals at random from the current 

population to be parents and uses them to produce the 

children for the next generation. Over successive 

generations, the population evolves toward an optimal 

solution. Genetic algorithm appropriate to solve a variety of 

optimization problems that are not well suited for standard 

optimization algorithms, including problems in which the 

objective function is discontinuous, non-differentiable, 

stochastic, or highly nonlinear.  

The evolution usually starts from a population of randomly 

generated individuals, and is an iterative process, with the 

population in every iteration is called a generation. In each 

generation, the fitness of every individual in the population is 

evaluated; the fitness is usually the value of the objective 

function in the optimization problem being solved. The more 

fit individuals are stochastically selected from the current 

population, and each individual genome is modified 

(recombined and possibly randomly mutated) to form a new 

generation. The new generation of candidate solutions is 

then used in the next iteration of the algorithm. Commonly, 

the algorithm terminates when either a maximum number of 

generations has been produced, or a satisfactory fitness level 

has been reached for the population. 

This study implemented genetic algorithm optimization 

with integration of Modern Portfolio Theory for portfolio 

investment. The purpose of this study is to develop portfolio 

composition with lowest risk of investment. Fig. 1 shows the 

procedure of genetic algorithm with integration of Modern 

Portfolio Theory.  

This genetic algorithm starts with generating initial 

solution for minimizing risk of portfolio investment. In this 

study, the stopping criteria is set as this algorithm will 

achieve optimal solution if the function tolerance change is 

less than
61.0 10 . If this value is not meet, the algorithm 

needs to produce new generation of solutions using selection 

operator, crossover operator and mutation operator in genetic 

algorithm approach. The new solution needs to evaluate 

using objective function. If the stopping criterion is achieved, 

the study achieved global optimum value. 

The genetic algorithm uses three types of rules at each step 

to create the next generation from the current population: 

(i) Selection rules select the individuals, called parents that 

contribute to the population at the next generation. 

(ii)Crossover rules combine two parents to form children for 

the next generation. 

(iii)Mutation rules apply random changes to individual 

parents to form children. 

A genetic algorithm differs from a classical, 

derivative-based, optimization algorithm in two ways: 

(i) A genetic algorithm generates a population of points in 

every iteration process. Meanwhile, a classical algorithm 

generates a single point at each iteration process. 

(ii)A genetic algorithm selects 

the next population by 

computation using random 
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number generators, whereas a classical algorithm selects the 

next point by deterministic computation. 

Compared to traditional artificial intelligence, a genetic 

algorithm provides many advantages. It is more robust and is 

susceptible to breakdowns due to slight changes in inputs or 

due to the presence of noise. With respect to other 

optimization methods like praxis, linear programming, 

heuristic, first or breadth-first, a genetic algorithm can 

provide better and more significant results while searching 

large multi-modal state spaces, large state spaces or 

n-dimensional surfaces. 

 
Fig. 1. Genetic algorithm process flow with integration of 

Modern Portfolio Theory 

IV. RESULT AND DISCUSSION 

The objective of this study is to evaluate the portfolio 

investment using Modern Portfolio Theory and optimization 

method namely genetic algorithm. Therefore, the 

methodologies implemented in this study are data selection 

process, correlation analysis, investment risk analysis and 

optimization using genetic algorithm.  

A. Data selection process 

This study selected three financial assets namely three type 

of stocks listed in Malaysian Stock Exchange. The stocks are 

Malayan Banking Berhad, Hap Seng Consolidated Berhad 

and Top Glove Corporation Berhad. Data are collected from 

database of Thomson Reuters Datastream. The analysis 

period is from 1st January 2016 until 31st October 2017. This 

study calculated the monthly data for analysis procedure. 

There are 34 monthly observations for evaluating the 

investment portfolio risk. 

i. Malayan Banking stock price analysis 

Next, Fig. 2 shows the dynamic movement of stock price 

for Malayan Banking Berhad. The maximum value of stock 

price is MYR 10.58 in April 2018 (28th monthly 

observation). The minimum value of stock price is MYR 7.70 

in October 2016 (10th monthly observation). 

Then, this study calculated the return rate for stock price. 

Fig. 3 shows return rate for stock of Malayan Banking 

Berhad. The average of return rate is 0.47 %. The standard 

deviation is 3.34 %. Meanwhile, the maximum value of 

return rate is 6.12 % in March 2017 (15th monthly 

observation). The minimum value of return rate is -10.48 % 

in June 2018 (30th monthly observation). 
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Fig. 2. Dynamic movement of stock price for Malayan 

Banking Berhad 
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Fig. 3. Return of stock price for Malayan Banking Berhad 
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This study performed normality using graphical and 

numerical statistical test. Fig. 4 shows normality distribution 

plot of return rate for stock of Malayan Banking Berhad. 

Graphical plot shows only one data is deviate from normal 

distribution which is the value of -10.48% in 30th monthly 

observation (June 2018). Therefore, this study concluded the 

data distribution follows normal distribution although there 

is one outlier. 

Next, this study evaluated normality data distribution 

using Shapiro Wilk statistical test. Table I exhibits normality 

test of return data distribution for Malayan Banking Berhad 

using Shapiro Wilk statistical test. The significant value 

(p-value) is 0.050 that is less than 0.1 significant levels. 

Therefore, the significant value concluded return data 

distribution follows non-normal distribution. 
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Fig. 4. Normality distribution plot of return rate for Malayan 

Banking Berhad 

Table I. Normality test of return data distribution for 

Malayan Banking Berhad 

Shapiro Wilk normality test 

Statistics Degree of freedom Significant value 

0.936 33 0.050 

 

ii. Hap Seng Consolidated Berhad stock price analysis 

This section describes data behavior of stock price for Hap 

Seng Consolidated Berhad. Fig. 5 shows the dynamic 

movement of stock price for Hap Seng Consolidation Berhad. 

The maximum value of stock price is MYR 9.85 in 

September 2018 (33th monthly observation). The minimum 

value of stock price is MYR 6.66 in January 2016 (1st 

monthly observation). 

Next, this study calculated the return rate for stock price. 

Fig. 6 shows return rate for stock of Hap Seng Consolidated 

Berhad. The average of return rate is 1.17 %.  The standard 

deviation is 2.94 %. Meanwhile, the maximum value of 

return rate is 12.36 % in February 2016 (2nd monthly 

observation). The minimum value of return rate is -4.09 % in 

February 2018 (26th monthly observation). 

Then, this study performed normality using graphical and 

numerical statistical test. Fig. 7 shows normality distribution 

plot of return rate for stock of Hap Seng Consolidated 

Berhad. Graphical plot shows there are five data points that 

are deviated from normal distribution. These data points are 

considered as outliers that contribute to non-normal 

distribution. 

Therefore, this study performed Box-whisker plot analysis 

to detect outliers. Fig. 8 shows Box-whisker plot of return 

rate for Hap Seng Consolidated Berhad. Fig. 8 indicates there 

are five outliers (2nd, 12th, 13th, 26th and 27th monthly 

observations). 

Next, this study evaluated normality data distribution 

using Shapiro Wilk statistical test. Table II exhibits 

normality test of return data distribution for Hap Seng 

Consolidated Berhad using Shapiro Wilk statistical test. The 

significant value is 0.000 that is less than 0.05 significant 

levels. Therefore, the significant value concluded return data 

distribution follows non-normal distribution. 
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 Fig. 5. Dynamic movement of stock price for Hap Seng 

Consolidated Berhad 
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Fig. 7. Normality distribution plot of return rate for Hap Seng 

Consolidated Berhad 

 

 
Fig. 8. Box-Whisker plot of return rate for Hap Seng 

Consolidated Berhad 

Table II. Normality test of return data distribution for Hap 

Seng Consolidated Berhad 

Shapiro Wilk normality test 

Statistics Degree of freedom Significant value 

0.767 33 0.000 

 

iii. Top Glove Corporation Berhad stock price analysis 

This section describes data behavior of stock price for Top 

Glove Corporation Berhad. Fig. 9 shows the dynamic 

movement of stock price for Top Glove Corporation Berhad. 

The maximum value of stock price is MYR 5.62 in June 2018 

(30th monthly observation). The minimum value of stock 

price is MYR 2.19 in August 2016 (8th monthly observation). 
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Fig. 9. Dynamic movement of stock price for Top Glove 

Corporation Berhad 

Next, this study calculated the return rate for stock price. 

Fig. 10 shows return rate for stock of Top Glove Corporation 

Berhad. The average of return rate is 1.80 %.  The standard 

deviation is 7.35 %. Meanwhile, the minimum value of 

return rate is -15.73 % in February 2016 (2nd monthly 

observation). The maximum value of return rate is 25.58 % 

in January 2018 (25th monthly observation). 

Then, this study performed normality using graphical and 

numerical statistical test. Fig. 11 shows normality 

distribution plot of return rate for stock of Top Glove 

Corporation Berhad. Graphical plot shows there are two data 

points that are deviated from normal distribution. These data 

points are considered as outliers that contribute to 

non-normal distribution. 
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Fig. 11. Normality distribution plot of return rate for Top 

Glove Corporation Berhad 

Therefore, this study performed Box-whisker plot analysis 

to detect outliers. Fig. 12 shows Box-whisker plot of return 

rate for Top Glove Corporation Berhad. Fig. 12 indicates 

there are two outliers (2nd and 25th monthly observation). 

Next, this study evaluated normality data distribution 

using Shapiro Wilk statistical test. Table III exhibits 

normality test of return data distribution for Hap Seng 

Consolidated Berhad using Shapiro Wilk statistical test. The 

significant value is 0.109 that is larger than 0.05 significant 

levels. Therefore, the significant value concluded return data 

distribution follows normal distribution. The outliers exist in 

the data distribution are considered as good outliers that 

contributed to normality characteristics. 

 

 
Fig. 12. Box-Whisker plot of return rate for Top Glove 

Corporation Berhad 

 

 

 

Table III. Normality test of return data distribution for Top 

Glove Corporation Berhad 

Shapiro Wilk normality test 

Statistics Degree of freedom Significant value 

0.947 33 0.109 

B. Pearson correlation diagnostics 

This section describes correlation association among three 

variables namely return rate for stock prices of Malayan 

Banking Berhad, Hap Seng Consolidated Berhad and Top 

Glove Corporation Berhad. The correlation coefficients are 

used in statistics to measure how strong a relationship is 

between two variables. 

i. Correlation analysis between Malayan Banking Berhad 

and Hap Seng Consolidated Berhad. 

Fig. 13 shows the data distribution to evaluate the 

correlation between return rate of stock price between 

Malayan Banking Berhad and Hap Seng Consolidated 

Berhad. Fig. 13 shows the linear fit line that can be 

represented using Equation (14). 

0.228 1.067y x   ……………………………..…… (14) 

Where, y is return rate for stock price of Hap seng 

Consolidated Berhad, and x is return rate for stock price of 

Malayan Banking Berhad. 

 Equation (14) indicates for one percentage increase in 

return rate for Malayan Banking Berhad , it will contributes 

to 0.228 percentages increase in return rate for stock price of 

Hap Seng Consolidated Berhad. 

 Next, Table IV shows the result of Pearson correlation 

statistical analysis between two variables. Table IV shows the 

correlation value is 0.259 that indicates there is weak positive 

association between two types of stock price return (Hap 

Seng and Malayan Banking). The significant value is 0.146 

that is larger than 0.05. Therefore, the correlation between 

these two variables is significant with weak positive 

correlation (r=0.259, n=33, p=0.146). 
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Fig. 13. Data distribution for correlation between return rate 

of Malayan Banking and Hap Seng Consolidated Berhad 
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Table IV. Statistical test of correlation between two types of 

stock price return (Hap Seng and Malayan Banking) 

Hypothesis testing for bivariate correlation test 

Coefficien

t 

Degree of freedom Significant value 

0.259 33 0.146 

ii. Correlation analysis between Malayan Banking Berhad 

and Top Glove Corporation Berhad. 

Fig. 14 shows the data distribution to evaluate the correlation 

between return rate of stock price between Malayan Banking 

Berhad and Top Glove Corporation Berhad. Fig. 14 shows 

the linear fit line that can be represented using Equation (15). 

0.241 1.918y x    …...……………………………. 

(15) 

Where, y is return rate for stock price of Top Glove 

Corporation Berhad, and x is return rate for stock price of 

Malayan Banking Berhad. 

 Equation (15) indicates for one percentage increase in 

return rate for Malayan Banking Berhad, it contributes to 

0.241 percentages decrease in return rate for stock price of 

Top Glove Corporation Berhad. 

 Next, Table V shows the result of Pearson correlation 

statistical analysis between two variables. Table V shows the 

correlation value is -0.110 that indicates there is weak 

negative association between two types of stock price return 

(Malayan Banking and Top Glove). The significant value is 

0.542 that is larger than 0.05. Therefore, the correlation 

between these two variables is significant with weak negative 

correlation (r=-0.110, n=33, p=0.542). 
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Fig. 14. Data distribution for correlation between return rate 

of Malayan Banking and Top Glove Corporation Berhad 

Table V. Statistical test of correlation between two types of 

stock price return (Malayan Banking and Top Glove) 

Hypothesis testing for bivariate correlation test 

Coefficien

t 

Degree of freedom Significant value 

-0.110 33 0.542 

iii. Correlation analysis between Hap Seng Consolidated 

Berhad and Top Glove Corporation Berhad. 

Fig. 15 shows the data distribution to evaluate the correlation 

between return rate of stock price between Hap Seng 

Consolidated Berhad and Top Glove Corporation Berhad. 

Fig. 15 shows the linear fit line that can be represented using 

Equation (16). 

0.637 2.552y x    …...……...…………………… (16) 

Where, y is return rate for stock price of Top Glove 

Corporation Berhad, and x is return rate for stock price of 

Hap Seng Consolidated Berhad. 

 Equation (16) indicates for one percentage increase in 

return rate for Hap Seng Consolidated Berhad, it contributes 

to 0.637 percentages decrease in return rate for stock price of 

Top Glove Corporation Berhad. 

Next, Table VI shows result of Pearson correlation 

statistical analysis between two variables. Table VI shows the 

correlation value is -0.255 that indicates there is weak 

negative association between two types of stock price return 

(Hap Seng Consolidated Berhadand Top Glove Corporation 

Berhad). The significant value is 0.152 that is larger than 

0.05. Therefore, the correlation between these two variables 

is significant with weak negative correlation (r = - 0.255, 

n=33, p=0.152). 

C. Modern Portfolio Theory using diversification 

approach to reduce investment 

Modern Portfolio Theory is an investment theory based on 

the idea that risk-averse investors can construct portfolios to 

optimize or maximize expected return based on a given level 

of market risk, emphasizing that risk is an inherent part of 

higher reward. An optimal portfolio is investment portfolio 

that offering the maximum possible expected return for a 

given level of risk. The risk of investment can be lowered 

with constructing portfolio with different financial assets. 
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Fig. 15. Data distribution for correlation between return rate 

of Hap Seng and Top Glove Corporation Berhad 
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Table VI. Statistical test of correlation between two types of 

stock price return (Hap Seng and Top Glove) 

Hypothesis testing for bivariate correlation test 

Coefficien

t 

Degree of freedom Significant value 

-0.255 33 0.152 

In this study, the diversification of the investment portfolio 

is constructed using three different types of stock prices 

namely Malayan Banking Berhad, Hap Seng Consolidated 

Berhad and Top Glove Corporation Berhad. 

Fig. 16 shows the portfolio risk (standard deviation) and 

expected return for portfolio investment consists of three 

financial assets. There are three combination of calculation 

involved in this study. The first combination (combination 

A) is developed from two stock returns namely Hap Seng 

Consolidated Berhad and Top Glove Corporation Berhad. In 

Fig. 16, this combination is represented by black dot. The 

second combination (combination B) is developed from two 

stock returns namely Malayan Banking Berhad (Maybank) 

and Top Glove Corporation Berhad. In Fig. 16, the 

combination is represented by red dots. Next, the third 

combination (combination C) is developed from two stock 

returns namely Malayan Banking Berhad (Maybank) and 

Hap Seng Consolidated Berhad. In Fig. 16, the combination 

is represented by blue dots. 

Combination A shows the minimum value of portfolio risk 

is 2.437 % with expected portfolio return is 1.300 %. This 

point indicates the allocation of investment fund ratio is 80% 

for Hap Seng Consolidated Berhad and 20 % for Top Glove 

Corporation Berhad. Next, combination B shows the 

minimum value of portfolio risk is 2.903 % with expected 

portfolio return is 0.736 %. This point exhibits the allocation 

of investment fund ratio is 80 % for Malayan Banking 

Berhad and 20 % for Top Glove Corporation Berhad. 

Meanwhile, combination C shows the minimum value of 

portfolio risk is 2.474 % with expected return is 0.892 %. 

This point shows the allocation of investment fund ratio is 40 

% for Malayan Banking berhad and 60 % for Hap Seng 

Consolidated Berhad. 

Fig. 16 indicates the combination A shows higher 

expected return than combination B and C. The underlying 

reason is because Hap Seng and Top Glove contribute higher 

return compared to Maybank. Therefore, combination of Hap 

Seng and Top Glove contributes more return for similar 

portfolio risk value. 

Then, in developing robust solution, this study performed 

calculations with more combination to develop the solutions 

space for three combinations of financial assets. Fig. 17 

shows the solutions space for different combinations three 

financial assets with different weightages of fund allocation. 
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Fig. 16. Correlation between portfolio expected return and 

portfolio risk (standard deviation) for three combinations of 

financial assets 

 

2 4 6 8

0.4

0.8

1.2

1.6

2.0

E
x

p
e
c
te

d
 r

e
tu

r
n

  
fo

r
 

p
o

r
tf

o
li

o
 i

n
v

e
st

m
e
n

t 
(%

)

Standard deviation for portfolio investment (%)

Fig. 17. Solutions space for different combinations three 

financial assets with different weightage of fund allocation 

 

D. Genetic algorithm approach to estimating lower 

portfolio risk in Modern Portfolio Theory  

In analyzing the association between portfolio risk and 

expected return, the determination of efficient value become 

more complicated as the number of financial assets is 

increasing. Therefore, an application of optimization is a one 

of the method to develop more robust value of efficient 

frontier to validate the portfolio risk and expected return of 

portfolio investment. 

This study implemented genetic algorithm to improve the 

efficiency of modern portfolio theory for solving of minimum 

portfolio risk. This algorithm reflects the process of natural 

selection where the fittest individuals are selected for 

reproduction in order to produce offspring of the next 

generation. 

The objective function for portfolio risk is represented by 

portfolio risk in Equation (17). 
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 …………………. (17) 

Parameters in Equation (17) are described as below: 

Aw  : Weightage of Malayan Banking Berhad (asset A). 

A  : Standard deviation for return rate of asset A. 

Bw  : Weightage of Hap Seng Consolidated Berhad (asset   

B). 

B  : Standard deviation for return rate of asset B. 

Cw  : Weightage of Top Glove Corporation Berhad (asset C). 

C  : Standard deviation for return rate of asset C. 

AB  : Correlation coefficient between asset A and B. 

AC  : Correlation coefficient between asset A and C. 

BC : Correlation coefficient between asset B and C. 

Therefore, Equation (17) can be represented as Equation 

(18) after considering the values of data in this study. 

1
2 2 2 211.15 8.66 53.96

2 (3.34)(2.94)(0.2584)

2 (3.34)(7.35)( 0.1099)

2 (2.94)(7.35)( 0.2551)

A B C

A B

p

A C

B C

w w w

w w

w w

w w



  
 
 
  
 
   

………. (18) 

Next, the linear equality is set for weightage ratio between 

investment of asset A, B and C. Therefore, linear equality is 

represented by using Equation (19). The total of investment 

in all of three assets is represented as 1. 

1A B Cw w w    ………..…………………..……. (19) 

  Then, the lower bound and upper bound is set for 

weightage ratio between investments of asset A, B and C. 

Lower bound of assets  , ,A B Cw w w  is set as  0,0,0 . Then, 

upper bound of assets is set as  1,1,1 .This setting indicates 

the weightage of investment ratio for each asset can take 

value from 0 until 1. 

Next, the genetic algorithm uses three main types of rules 

at each step to create the next generation from the current 

population. 

(i)Selection rules select the individuals, called parents that 

contribute to the population at the next generation. 

(ii)Crossover rules combine two parents to form children for 

the next generation. 

(iii)Mutation rules apply random changes to individual 

parents to form children. 

 The selection rule is using stochastic uniform. The setting 

for elite parents is two. Then, crossover ratio is set to 80 

percentages and mutation ratio is 20 percentages.  

The optimum value of  , ,A B Cw w w is shown in Table VII. 

The optimum value of minimization for fitness function 

shows the lower portfolio risk of investment 

weightage  , ,A B Cw w w . The initial population is set as 4000 

chromosomes (combinations of , ,A B Cw w w ). 

Table VII shows the value for investment weightage of 

asset A, asset B and asset C. The genetic algorithm 

calculation performed for ten times. The average value of Aw  

is 0.3224, Bw is 0.5237 and Cw is 0.1530. The average value 

minimum portfolio risk in objective function is 2.122118. 

Fig. 18 shows mean fitness analysis for solutions space of 

portfolio weightage using genetic algorithm. The red dot 

represents best fitness of optimal solution. Next, the blue 

circle represents mean fitness of optimal solutions. The 

optimal solution for best fitness is 2.1221. This value 

indicates the lowest portfolio risk that can be attained using 

genetic algorithm. Meanwhile, mean fitness of solution is 

2.1362. This value indicates mean of minimum portfolio risk 

among populations of solution. Fig. 18 shows starting from 

generation of 24, the difference between best fitness solutions 

with mean fitness of population close to zero. Fig. 19 shows 

the average distance between individuals in genetic 

algorithm to solve for minimum portfolio risk.  

 

Table VII. Optimum value for investment weightage 

using genetic algorithm 

Test 
Aw  Bw  Cw  Fitness 

function 

value 

1 0.3227 0.5231 0.1532 2.122119 

2 0.3224 0.5235 0.1531 2.122118 

3 0.3212 0.5244 0.1534 2.122119 

4 0.3224 0.5252 0.1514 2.122118 

5 0.3226 0.5233 0.1531 2.122119 

6 0.3225 0.5234 0.1531 2.122118 

7 0.3222 0.5236 0.1532 2.122118 

8 0.3230 0.5231 0.1530 2.122119 

9 0.3222 0.5237 0.1531 2.122118 

10 0.3224 0.5234 0.1532 2.122118 

Average 0.3224 0.5237 0.1530 2.122118 
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Fig. 18. Mean fitness analysis for solutions space of portfolio 

weightage using genetic algorithm 
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Fig. 19. Average distance between individual for solutions 

space of portfolio weightage using genetic algorithm 

V. CONCLUSIONS 

Main objective of this study is to develop efficient frontier 

for portfolio investment to achieve lower risk. In addition, 

genetic algorithm implemented to produce robust result to 

achieve lower risk of investment for portfolio. Main findings 

of this study are: 

(a) This study selected three stocks from Malaysia Stock 

Exchange namely Malayan Banking Berhad, Hap Seng 

Consolidated Berhad and Top Glove Corporation 

Berhad. Data of stock prices are collected from Thomson 

Reuters Datastream. The analysis period is from 1st 

January 2016 until 31st October 2017. This study 

calculated the monthly data for analysis procedure. There 

are 34 monthly observations for evaluating the 

investment portfolio risk. 

(b) The Pearson correlation coefficient is used in statistics to 

measure how strong a relationship is between two 

variables. In this study, the correlation between these two 

variables (Hap Seng Berhad and Malayan Banking 

Berhad) is significant with weak positive correlation 

(r=0.259, n=33, p=0.146). In addition, the correlation 

between two stocks (Top Glove and Malayan Banking) is 

significant with weak negative correlation (r=-0.110, 

n=33, p=0.542). Meanwhile, the correlation between two 

stocks (Top Glove and Hap Seng) is significant with weak 

negative correlation (r= - 0.255, n=33, p=0.152). 

(c) In evaluating investment risk, this study implemented 

Markowitz theory. Result indicates combination of Hap 

Seng and Top Glove contributes more return for similar 

portfolio risk value compared to other combinations. The 

minimum value of portfolio risk is 2.437% with expected 

portfolio return is 1.300%. This point indicates the 

allocation of investment fund ratio is 80% for Hap Seng 

and 20% for Top Glove. 

(d) This study implemented genetic algorithm to improve 

accuracy of Modern Portfolio Theory. The genetic 

algorithm calculation performed for ten times. The 

average value of Aw  is 0.3224, Bw is 0.5237 and Cw is 

0.1530. The average value of minimum portfolio risk in 

objective function is 2.122118. This value indicates with 

implementation of genetic algorithm optimization, robust 

result can be achieved.  

VI. SIGNIFICANT OF THIS STUDY 

This study provides better accuracy of evaluating 

investment risk of diversification portfolio.  Therefore, this 

study helps investors to attain higher return with lower risk 

for a specific investment portfolio.                                  

VII. FURTHER STUDY 

This study can be extending to analyze factors that 

contribute to volatility of return for stock prices in Malaysia 

Stock Exchange. In the same time, this study also can 

implement particle swarm optimization with comparison to 

genetic algorithm to attain better accuracy of risk 

minimization.  
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