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Abstract

:

Sustainable economic growth and development of stock market plays an important role in diversifying the investment opportunities that can be assessed accordingly. However, a true diversification in portfolio is impossible without inclusion of higher-order moments, skewness and kurtosis. However, the risk-taking behavior of investors is modelled with the help of higher-order moments of risk. Therefore, this study is intended to construct optimal portfolios and efficient frontiers with the inclusion of higher-order moments of risk. The findings show that optimized portfolios with inclusion of skewness and kurtosis are sustainable and significantly different than those from mean-variance optimized portfolios which show asymmetric and fat-tail risk. Results further confirm its significance in balancing the additional risk dimensions and returns in Asian emerging stock markets for sustainable returns. The results also endorse that induction of skewness and kurtosis affects portfolio allocation weights and expected returns. Therefore, this study strongly recommends the inclusion of higher moments of risk for optimization to curtail their effect and sub-optimal decisions.
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1. Introduction


In today’s world the stock market is considered a gauge for economic development and growth of a country that makes the stock market a vital organ to look at an economy [1,2]. The stock market helps investors to predict the outcome of an economy, and whether it is sustainable or not [3,4], since the stock market is considered a barometer of economic growth, activities, and other economic functions [5]. These functions include security trading for businesses to raise necessary capital and for investors to accumulate wealth on their invested money as well as liquidate their positions as they need funds. Stock markets not only provide investors ways to invest efficiently and effectively but also ways of diversification in various asset classes and indices [2,6]. By diversifying the asset allocation decisions, the long-term economic growth can be sustained which is beneficial for investors as well as for the country. Assets allocations that are not well diversified lead to uncertainty about future outcomes and sustainable economic growth increase risk.



The important benefit of diversification is that it creates a balance between return and risk and this diversification idea is introduced by Markowitz (1952) through his modern portfolio theory [7,8]. The idea of modern portfolio theory mean-variance method was to maximize expected returns at given level of risk or to reduce risk at a given level of expected return. Since its introduction, it has gained recognition for optimization of portfolio in finance practitioners. However, there is major ambiguity in mean-variance framework that returns’ distribution is normal [9,10]. This normality assumption states that variance and expected returns truly represent the return distribution. Because of this assumption the optimization process understates the true investment associated risk, as this assumes that variance is an efficient proxy of risk [11]. Many finance studies confirm that return’s distribution of an asset is non-normal and can be skewed either positive or negative with excess kurtosis [12,13].



The objective of this study is to calculate the sustainable proportionated optimized portfolios for various investors with different risk preferences and asset pricing. The efficient frontiers construction is another objective of this study by including the higher-order moments of risk to attain sustainable risk adjusted portfolios. In the presence of negative skewness in asset returns the probability of negative returns are high as compare to positive returns and if there is positive skewness in asset returns, the probability of getting positive returns are higher than negative [6,14]. However, excess kurtosis indicates the high probability of extreme events either positive or negative called fat-tail risk or leptokurtic risk. The presence of skewness and kurtosis in financial returns indicate the necessary inclusion of these moments of risk to optimize the portfolio and its behavioral description [15,16]. Optimization based on mean-variance can lead to understated risk, which could result in an inefficient portfolio. The presence of kurtosis and skewness and their inclusion in mean-variance framework create a hurdle to finding a balance among these objectives. Inclusion of third and fourth moment of risk make this multi-objective problem non-smooth and non-convex [17]. Due to non-convexity many studies neglected the kurtosis as well as investor risk preferences and trading strategies and focus on three moments for optimization of portfolios.



To deal with this issue, this study uses a multi-objective Polynomial Goal Programming (PGP) approach [5,18]. This method can find optimal portfolio based on various criteria as well as including investors’ preferences [5]. In this study, we include skewness and kurtosis by keeping investors preferences in line beside conventional mean-variance criteria in eight Asian emerging economies. We came up with idea that third and fourth moments of risk play a vital role in formulating optimized portfolios. Our results suggest that investors who want to minimize risk in all four dimensions need to expect lower return. The article is ordered as follows: Section 2 is review of literature, Section 3 is data and methodology, and Section 4 and Section 5 contain our results and conclusion, respectively.




2. Literature Review


A mixture of collected stocks is called a portfolio. The problem with optimization of portfolio is one of the common problems in the world of finance, and asset diversification could be the possible solution to counter this [3]. Investors always look for a portfolio which provides maximum return at minimum risk [7]. Previous studies presented the notion of diversification that by dividing available capital into smaller parts and investing those small portions of the capital into various small investments can spread the risk against a single large risk in case of a single investment [15]. However, a rational for portfolio diversification is missing because they are unable to diversify the non-systematic risk (diversifiable risk) [19]. Portfolio variance of bonds is used to measure risk and argues that risk can be minimized if the bonds in the portfolio are either not correlated or have very low level of correlation among selected securities and number of bonds are increased in the portfolio [20]. This was later extended through modern portfolio theory that explain investor decisions are based on the expected return at a given level of risk [8,21]. A framework called mean-variance was developed to optimize the portfolios based on these two moments of risk. The main assumption of this framework is that the returns’ distribution is normal or a quadratic utility function which depends on mean and variance.



The different securities combined in a portfolio using mean-variance is an efficient frontier which can be plotted using covariance between securities is called minimum risk portfolio. Tobin’s separation theorem explained an efficient frontier is developed by minimizing portfolio risk [22]. Modern portfolio theory has played a vital role in capital asset pricing [23,24,25]. If investors have a risky asset portfolio regardless of their risk preferences the held portfolio is a market portfolio. A portfolio can be analyzed in two parts. Firstly, analysis of individual securities and the other one is portfolio analysis [26]. The analysis of portfolio part is related to modern portfolio theory which helps in identification and development of efficient frontier of various portfolio sets with high expected return but at the same level of risk or at minimum risk at a given expected return [27]. Selection of a portfolio from a given optimized set of portfolio depends on investor risk preference (liking to take risk) because efficient frontier is the same for all investors. However, modern portfolio theory runs on various assumptions. First, investors are always hesitant in taking risks. Second, investors’ decisions are highly dependent on what they get back in the form of return against the risk they bear. Third, a vital assumption is whether, at disposal of portfolio, an investor created wealth by maximizing returns. Fourth, investors go after a one-time investment horizon and lastly, taxes and cost of transaction is absent [28].



Modern portfolio theory assumptions state that financial returns are normally distributed. However, several researches on various market unveil that financial returns are not distributed normally, which contradicts these assumptions. Even in the Australian market investors observed that the returns are uneven and positively skewed [29] and in the Japanese market the presence of kurtosis and skewness in returns was observed [2,30]. Previous studies found the positive relationship between kurtosis and volatility clustering and presence of leptokurtosis in financial returns [9]. They also confirmed that kurtosis and skewness (asymmetry) increase due to high volatility clustering in financial time series [31,32]. These studies further confirmed that financial returns are non-normal and have skewness and kurtosis. Therefore, it is essential to include these risk moments while constructing an optimized portfolio [33]. Previously, scholars stress on the inclusion of skewness and argue that incorporation of skewness not only improves the efficiency of mean-variance portfolio but also effect on optimization of portfolio and its selection [1,4,12].



In recent couple of decades, kurtosis has become a vital part when selecting a portfolio [12] and the inclusion of kurtosis is stressed while selecting and optimizing a portfolio. Inclusion of kurtosis and skewness in a portfolio selection makes it non-convex [2,34,35]. Due to non-convex characteristic after inclusion of higher-order moments, various objectives can be obtained, e.g., maximizing returns and positive skewness while at the same time minimizing variance and skewness. In order to simplify the quadratic function, studies in the past have used mean-variance model. To solve complex problems, finance literature has developed various methods over the years [36]. Such methods include non-parametric efficiency measurements or evolutionary experimental setting algorithm approach [17]. Keeping in view the previous literature, we employed the Polynomial Goal Programming (PGP) multi-objected method to incorporate third and fourth moment of risk for optimal portfolio selection.



The existing finance literature also confirms efficiency and effectiveness of PGP in solving similar problems with various contradictory risk preferences by including asymmetry (third moment of risk) according to investors’ preferences to select portfolios [1]. Being a flexible method of including higher moments of risk (variance, skewness and kurtosis), PGP is helpful for optimization of portfolio as per risk preferences of investors without explicit specific utility function though inclusion of higher moments should be defined explicitly. The practical efficiency and effectiveness of PGP, as well as its preeminence over various other methods, is also validated by various researchers [37]. Used multi-objective method for optimal portfolio construction with improvements is also recommended for modern portfolio construction [38]. Furthermore, the addition of the fourth moments of risk in PGP has taken it from three dimensions to four [5]. To construct optimal portfolios of hedge funds multi-dimensional PGP is used [11,12].




3. Methodology


3.1. Data


Based on Morgan Stanley Capital International (MSCI) emerging and developed market categorization, six Asian emerging markets and two developed pacific stock markets were chosen for this study. The indices of emerging markets are SSE composite index China, CNX 500 index India, FTSE Burse index Malaysia, KSE 100 index Pakistan, KOPSI 200 South Korea, and TAIEX index Taiwan. While pacific developed markets indices include Hang Seng index Hong Kong and STI index Singapore. The selection of markets is based on MSCI capital inflow compared to other developed markets in percentage terms. According to MSCI about 60 percent of the world’s financial capital movement has been associated to these markets in the last ten years. SSE composite, CNX500, FTSE Burse, KSE 100, KOPSI 200, TAIEX, Hang Seng, and STI capitalizations are CN 32.70 trillion, USD 2.27 trillion, RM509 trillion, USD 85 billion, KRW 1475 trillion, NT$ 36,413 trillion, USD 4.4 trillion, and USD 773 billion respectively. The emerging markets and pacific developed markets mix create an enormous demand and investors with different risk preferences looking for sustainable returns. To analyzing an optimized portfolio with sustainable growth and return it is vital to include higher moments of risk which can help avoiding sub-optimal decisions by investors. MSCI capital flow criteria has been used while selecting these markets. The higher return expectation is one of the factors of this inflow. Ten-year monthly closing index is selected from 2009 to 2019 and returns are calculated by using natural log ratio. The indices data has been retrieved from Yahoo finance and reason of using monthly indices returns are that these are less noisy and sustainable. The monthly returns keep investing perspective rather daily trading perspective which contains more volatility and distort real outcome. The other reason for using monthly returns is that a comparison can be drawn with other similar investing opportunities like mutual fund, hedge funds and segregated fund in these markets which publish their performance on a monthly basis as well. The log returns are used to calculate optimized portfolios and optimization in drawing efficient frontiers
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3.2. Skewness and Kurtosis Inclusion for Sustainable Optimization


Various researches agree on the non-normality of returns [13,29,30]. Based on this argument the inclusion of higher moments is vital for a sustainable optimized portfolio and efficient frontier. Many studies emphasize on the inclusion of skewness because the third moment of risk’s inclusion enhances the efficiency in optimization as compared to traditional mean-variance optimization [1,10,11]. Over the last few decades the fourth moment of risk has gained the attention of finance academicians, professional and investors [39]. Many studies have been conducted concerning the importance of inclusion of kurtosis for sustainable optimization of portfolios. In recent years, kurtosis has become very important and received much attention [27,34,35].



Equation (2) represents the expected return of a portfolio. Equation (3) represents portfolio variance. The mean-variance equations represent return distribution’s first two components which are essential for optimization. Portfolio optimization describes a best possible combination of securities.


  M e a n = R  ( x )  =  X T   R ¯  =  ∑  i = 1  n   W i   R i  .    
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Portfolio skewness Equation (4) shows returns’ skewness and co-skewness which is individual coefficient’s weighted sum. Portfolio kurtosis Equation (5) shows indices returns’ kurtosis and co-kurtosis which is coefficient’s weighted sum.
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To standardize the portfolio skewness and kurtosis, divide portfolio skewness and kurtosis with portfolio variance, then a new equation is.



The variance-covariance matrix equation is as under (See Appendix A Table A1):


   σ  i j   = E  [   (   R i  −   R ¯  i   )   (   R j  −   R ¯  j   )   ]   
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To calculate individual, two, and three stock coefficient of skewness, co-skewness is    S  i i i    ,    S  i i j   ,    and     S  i j k     respectively, we use notations from Equations (7)–(10). The expression of portfolio skewness and co-skewness is as follows (See Appendix A Table A2):
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   k  i i i i   ,    k  i i j j   ,    k  i j j j      and     k  i j k l     are coefficients of kurtosis–co-kurtosis. The notations of portfolio kurtosis and co-kurtosis used for calculation are as follows:
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After comparing Equations (7)–(15), we may see how difficult is to incorporate third and fourth moment against mean-variance. We use PGP approach to consolidate our objectives of higher-order moments inclusion and maximize portfolio return, minimize variance, maximize skewness, and minimize kurtosis. By achieving our objective, we can get a sustainable and reliable portfolio [5,7].
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   We   conditioned   our   solution   as    W = 1   ,   X ≥ 5 %    and    X ≤ 50 %  











Four moment optimized portfolio parameters are R*, V*, S*, K*, which are also called aspired values. The expected value of return distribution is   R ¯   in above equations and    X T    is weight transpose vector which represents percentage allocation of funds in a portfolio. Four parameters    λ 1  ,    λ 2  ,    λ 3  ,    λ 4    are used to include investors’ preferences towards higher moments of risk. To combine multi-objectives into one objective to include higher risk preferences we use the following Equation (20). There is a two-step solution to multi-objective problems. First, investors risk preferences are independent, and solution is not dependent on risk preferences. In the second step higher moments of risk are included according to risk preferences and appropriate solution is picked as per risk preferences.


  A = |    d 1       R *    |    λ 1  +   |    d 2       V *    |    λ 2  +   |    d 3       S *    |    λ 3    +   |    d 4       K *    |    λ 4   



(20)







   d 1  ,    d 2  ,    d 3  ,    d 4    are objective variables and estimate actual moment deviation against aspired values. For computation of variance–co-variance, skewness–co-skewness and kurtosis–co-kurtosis matrices, we have used VBA in Excel and Solver to allocate weights at optimized and sustainable level of A at various risk preferences.





4. Empirical Analysis and Results


A rational and inquisitive investor must be all set to see the impact of these often-overlooked risk dimensions in selected markets. Table 1 has the answer of this curiosity. Individual markets’ annualized returns are quite attractive, with highest 17.04% KSE100, 15.60% CNX500, 8.16% FTSE, 6.36% HIS, 5.76% STI, 5.40% KOPSI, 4.68% TESEC, and lowest 3.72% SCI. The return to risk ratio is quite high with highest annualized standard deviation 29.96% SCI, 27.85% CNX500, 27.61% KSE100, 21.96% HSI, 19.75% TESEC, 19.09% STI, 17.18% KOPSI, and 12.92% FTSE. The average annualized return of these markets is 8.34% which is quite impressive but at the cost of high average 22.04% annualized volatility. The skewness and kurtosis indicate the true entrenched risk in these markets. Skewness and kurtosis range from −0.292 (lowest) to −1.192 (highest), 1.451 (platykurtic) to 10.46 (leptokurtic) respectively. The average skewness and kurtosis in these markets are −0.8166 and 4.277, which is confirmation of higher moments of risk in these markets. These numbers show fat-tail risk, negatively skewed and leptokurtic return’s distribution which indicate the probability of more negative returns and high chances of extreme losses and events.



Table 1 contains the descriptive statistics and ranking based on coefficient of variance, skewness, and kurtosis of selected markets. Based on Coefficient of Variation, the less risky market index is the FTSE, while the riskiest is the SCI index, which means high risk per percent of return. Skewness based ranking shows the STI index as highly risky, which shows high risk per percent of return, while TESEC has lowest asymmetric risk. The kurtosis ranking indicates the KSE100 index is the riskiest, with the presence of fat-tail (leptokurtic (narrow) peak), while the SCI has wider peak (platykurtic distribution). Each risk measure provides different level of risk in these markets, which indicates the need of inclusion of higher moments of risk for portfolio optimization. We solve Equations (16)–(19) to get aspired level individually. The first section of Table 2 shows weight allocated to individual index and the second section has aspired levels based on mean, variance, skewness, and kurtosis individually.



After solving Equation (16), based on our individual aspired level calculation by investing 50% in KSE100, 20% in CNX500 and 5% in each of remaining markets an investor can get a maximum return of 0.01212. A minimum variance 0.00147 can be obtained after solving Equation (17). The solution of Equations (18) and (19) gives a maximum skewness of −0.132 and minimum kurtosis of 3, respectively. These optimal levels are obtained by solving each equation separately, and most investors make decisions based on various moments and risk preferences. Our results show that the inclusion of skewness and kurtosis to obtain optimal level reduces the returns and increases variance. This indicates the importance of higher moments of risk to obtain a sustainable and optimal portfolio.



We evaluated nine portfolios by incorporating various risk preferences and outcomes as stated in Table 3.    λ 1  ,    λ 2  ,    λ 3  ,    λ 4    are the investor preferences of mean, variance, skewness, and kurtosis respectively. At the time of estimation of optimal portfolios, the higher value shows higher significance to the moment. Mean-variance is the benchmark Portfolio 1 which is used for comparison with other obtained multi-objective portfolios. The preferences (3, 1, 1, 0), (3, 1, 2, 1) and (3, 1, 3, 1) in Portfolios 2, 5 and 7 show investor’s inclination towards higher returns. The other portfolios (1, 3, 1, 1), (1, 1, 1, 3), (1, 3, 1, 3), (1,1,3,0) and (1,1,0,3) show investor’s various risk preferences while optimizing a portfolio. These risk preferences include variance, skewness and kurtosis. Portfolio 5 (3, 1, 2, 1) is an aspiring portfolio trying to incorporate all the risk dimensions.



We chose four portfolios, 2, 4, 8 and 9 from Table 3 to provide commentary on the argument raised and make it clearer and more visible. We changed the one preference and kept others fixed to create Sub-Portfolios 2A, 4A, 8A, and 9A from Portfolios 2, 4, 8 and 9, respectively. The eight portfolios and sub-portfolios are shown in Table 4. We maximize skewness in 2A by keeping expected return and variance constant, as in Portfolio 2. This not only helps to maximize skewness which is looked-for but also increased the kurtosis and unwanted risk. We fix the variance and kurtosis in 4A and can see the increase in expected return to a desired level, but at the cost of an undesired phenomenon of skewness, which decreased. In Sub-Portfolio 8A we make skewness and variance constant and see an increase expected return at the cost of higher kurtosis. Lastly, we keep the preference of kurtosis and variance constant in Sub-Portfolio 9A. The results indicate an increase in expected return at the cost of lower skewness, which is undesirable. Our results indicate the vital importance of considering higher-order moments of risks while defining and measuring the sustainability of these optimal portfolios. Beside this, an investor must settle at lower expected returns with the inclusion of these dimensions of risk. Our results do not only challenge the mean-variance optimization which gives variance more importance with no consideration of third and fourth moment of risk. In order to make the additional risk dimension more prominent we choose an optimization based on mean-skewness and mean-kurtosis by constructing seven portfolios for each optimization. Table 5 is a base table which contains mean variance-based optimized portfolios and an efficient frontier. In Table 6 and Table 7, we optimize the portfolios for skewness and kurtosis, respectively, by keeping variance fixed. The expected returns decrease notably with the inclusion of skewness and this shows the presence of risk in these market portfolios which are over asked. However, expected returns with kurtosis inclusion (Table 7) go down compared to mean-variance portfolios (Table 5) but remain higher than mean-skewness (Table 6) portfolios. This confirms the argument that to achieve sustainable expected returns, investors should go for higher moments-optimized portfolios which give a true picture of expected return.



Efficient Frontiers



Mean-variance, mean-skewness, mean-kurtosis optimized efficient frontiers are shown in Figure 1 in blue, orange and grey. Horizontal x-axis shows risk and vertical y-axis show expected returns. Mean-skewness and mean-kurtosis efficient frontiers are below the mean-variance frontier, which shows the risk embeddedness. Our results confirm the argument that mean-variance higher returns do not include the true presence of risk in form of skewness and kurtosis. Apparently, the mean-variance optimized portfolios are more attractive and show superior performance compared to higher-order moment adjusted portfolios. The high returns are coming at the cost of asymmetric and high kurtosis risk. Interestingly, most investors are not familiar about these types of risk. The results emphasize the inclusion of higher moments of risk when optimizing the portfolios. The inclusion of optimization not only helps investors from unnecessary and unexpected losses when volatility is high but also help in achieving the sustainable expected returns. The best possible portfolios for an investor after the inclusion of different risk preferences in our experiment from mean-variance are Portfolios 2, 3 and 4, while for mean-skewness the Portfolios are 4, 1 and 3. The mean-kurtosis portfolios could be 2, 1 and 3 as per preferences. This study confirms that in the presence of higher risk moments (asymmetry and kurtosis), the portfolios based on mean-variance are overpriced, unpredictable and unsustainable. This study contributes while forming various portfolios with diversification options in emerging markets. Our contribution extends for investors with different risk preferences by providing them proportioned options for investment in these markets. This study provides investors, financial managers and other potential investors help in sustainable portfolio formulization, especially in the presence of higher moments of risk.




5. Conclusions


Although modern portfolio theory introduces a vital volatility concept and a base for mean-variance portfolio optimization, the once very popular normality assumption about financial time series while optimizing portfolios based on mean-variance is no more valid because of skewed and volatility clustering phenomena. The normality assumption and mean-variance optimization understate the associated risk by assuming that the variance is proficient enough to tackle all the investment risk. Many studies have confirmed the presence of asymmetry and excess kurtosis in stock returns. The presence of higher-order moments of risk confirms the need of their inclusion to see if the expected returns are sustainable or overestimated. We chose to use the PGP approach for the incorporation of higher-order moments of risk for portfolio optimization of eight market indices. Our study confirms the presence of asymmetry (negative skewness) and kurtosis. The mean-variance optimization possibly does not provide an acceptable solution with various investors’ risk preferences. This study’s results are in line with those that confirm the skewness and kurtosis presence in other markets [12,13,30] and show a vital link between returns and higher moments of risk (skewness and kurtosis). This is an important phenomenon because traditionally mean-variance optimization is assumed that embeds all the risk associated with returns. Those investors who know the presence of skewness and kurtosis and want to take care of these risks must settle on a lower return in accumulation to variance. This paper also concludes that the mean-variance-based efficient frontiers are not accurate or efficient frontiers, and investors may misallocate the proportion of their investment which could force them to make sub-optimal decisions. Due to this misallocation the wish to achieve sustainable expected returns cannot be fulfilled, and this could increase volatility and panic among investors. This can be seen in efficient frontier figures, where inclusion of these higher moments pushes the optimized portfolios and efficient frontier downwards. This downward shift in curves shows the importance of skewness and kurtosis, and how they impact significantly on allocation decisions to achieve sustainable and optimal portfolios.
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Table A1. Variance-Co-Variance.






Table A1. Variance-Co-Variance.
















	
	SCI
	HSI
	CNX500
	FTSE
	KSE100
	STI
	KOPSI
	TESEC





	SCI
	0.0074895
	0.0032548
	0.0029122
	0.0016288
	0.0002555
	0.0023478
	0.0003431
	0.0011710



	HSI
	0.0032548
	0.0040197
	0.0033017
	0.0015251
	0.0008409
	0.0029272
	0.0004600
	0.0006613



	CNX500
	0.0029122
	0.0033017
	0.0064646
	0.0016098
	0.0015517
	0.0029435
	0.0008256
	0.0012378



	FTSE
	0.0016288
	0.0015251
	0.0016098
	0.0013958
	0.0006238
	0.0014700
	0.0005888
	0.0006818



	KSE100
	0.0002555
	0.0008409
	0.0015517
	0.0006238
	0.0063660
	0.0006084
	0.0006184
	0.0012232



	STI
	0.0023478
	0.0029272
	0.0029435
	0.0014700
	0.0006084
	0.0030373
	0.0007480
	0.0009782



	KOPSI
	0.0003431
	0.0004600
	0.0008256
	0.0005888
	0.0006184
	0.0007480
	0.0024642
	0.0019337



	TESEC
	0.0011710
	0.0006613
	0.0012378
	0.0006818
	0.0012232
	0.0009782
	0.0019337
	0.0032575
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Table A2. Skewness-Co-Skewness Matrices.






Table A2. Skewness-Co-Skewness Matrices.





	1
	SCI
	HSI
	CNX500
	FTSE
	KSE100
	STI
	KOPSI
	TESEC



	SCI
	−0.00034
	−0.00032
	−0.00037
	−0.00019
	−0.0001
	−0.00028
	−9.261E-05
	1.583E-05



	HSI
	−0.000316
	−0.00023
	−0.00027
	−0.000143
	5.74E-06
	−0.00022
	−8.649E-05
	−5.587E-05



	CNX500
	−0.00037
	−0.00027
	−0.00034
	−0.000181
	−4.39E-05
	−0.000259
	−0.0001031
	−3.901E-05



	FTSE
	−0.00019
	−0.00014
	−0.00018
	−7.25E-05
	−2.09E-05
	−0.000116
	−5.329E-05
	−2.987E-05



	KSE100
	−0.000105
	5.74E-06
	−4.4E-05
	−2.12E-05
	2.54E-05
	−4.46E-05
	−7.422E-05
	−7.788E-05



	STI
	−0.00028
	−0.00022
	−0.00026
	−0.000116
	−4.49E-05
	−0.000196
	−8.56E-05
	−6.876E-05



	KOPSI
	−9.26E-05
	−8.6E-05
	−0.0001
	−5.33E-05
	−7.37E-05
	−8.56E-05
	−2.916E-05
	−2.954E-05



	TESEC
	1.634E-05
	−5.7E-05
	−4.2E-05
	−3.45E-05
	−8.4E-05
	−7.93E-05
	−3.367E-05
	−1.091E-05



	2
	SCI
	HSI
	CNX500
	FTSE
	KSE100
	STI
	KOPSI
	TESEC



	SCI
	−0.000316
	−0.00023
	−0.00027
	−0.000143
	4.99E-06
	−0.00022
	−8.649E-05
	−5.787E-05



	HSI
	−0.000234
	−0.00021
	−0.00019
	−0.000102
	−4.29E-05
	−0.000201
	−4.976E-05
	−5.492E-05



	CNX500
	−0.000269
	−0.00019
	−0.00019
	−0.000126
	−4.19E-05
	−0.000203
	−6.597E-05
	−2.799E-05



	FTSE
	−0.000143
	−0.0001
	−0.00013
	−5.39E-05
	−4.09E-06
	−0.000106
	−2.706E-05
	−2.562E-05



	KSE100
	5.744E-06
	−4.3E-05
	−4.2E-05
	−3.91E-06
	−0.00012
	−4.89E-05
	3.958E-05
	3.738E-05



	STI
	−0.00022
	−0.0002
	−0.0002
	−0.000106
	−5.01E-05
	−0.000191
	−6.429E-05
	−5.964E-05



	KOPSI
	−8.65E-05
	−5E-05
	−6.6E-05
	−2.71E-05
	4.19E-05
	−6.43E-05
	3.076E-06
	1.436E-05



	TESEC
	−5.67E-05
	−5.5E-05
	−2.9E-05
	−2.49E-05
	3.92E-05
	−5.85E-05
	1.311E-05
	3.128E-05



	3
	SCI
	HSI
	CNX500
	FTSE
	KSE100
	STI
	KOPSI
	TESEC



	SCI
	−0.00037
	−0.00027
	−0.00034
	−0.000181
	−4.34E-05
	−0.000259
	−0.0001031
	−3.921E-05



	HSI
	−0.000269
	−0.00019
	−0.00019
	−0.000126
	−4.19E-05
	−0.000203
	−6.597E-05
	−3.036E-05



	CNX500
	−0.000335
	−0.00019
	−0.00025
	−0.000165
	−0.00011
	−0.000208
	−8.18E-05
	−2.752E-05



	FTSE
	−0.000181
	−0.00013
	−0.00017
	−8.48E-05
	−8.52E-06
	−0.000131
	−4.309E-05
	−2.357E-05



	KSE100
	−4.42E-05
	−4.2E-05
	−0.00011
	−8.63E-06
	−6.24E-05
	−5.21E-05
	2.011E-05
	1.642E-05



	STI
	−0.000259
	−0.0002
	−0.00021
	−0.000131
	−5.49E-05
	−0.000198
	−7.368E-05
	−4.632E-05



	KOPSI
	−0.000103
	−5.99E-05
	−8.04E-05
	−4.31E-05
	2.03E-05
	−6.98E-05
	1.819E-06
	2.134E-05



	TESEC
	−4.19E-05
	−3.02E-05
	−2.70E-05
	−2.49E-05
	1.68E-05
	−4.77E-05
	2.074E-05
	4.745E-05



	4
	SCI
	HSI
	CNX500
	FTSE
	KSE100
	STI
	KOPSI
	TESEC



	SCI
	−0.00019
	−0.00014
	−0.00018
	−7.25E-05
	−2.1ES−05
	−0.000116
	−5.329E-05
	−2.987E-05



	HSI
	−0.000143
	−0.0001
	−0.00013
	−5.39E-05
	−3.90E-06
	−0.000106
	−2.706E-05
	−2.503E-05



	CNX500
	−0.000181
	−0.00013
	−0.00017
	−8.48E-05
	−9.08E-06
	−0.000131
	−4.309E-05
	−2.509E-05



	FTSE
	−7.25E-05
	−5.34E-05
	−8.61E-05
	−2.97E-05
	4.06E-06
	−5.94E-05
	−1.828E-05
	−7.998E-06



	KSE100
	−2.12E-05
	−4.08E-06
	−9.41E-06
	4.07E-06
	8.14E-06
	−1.45E-05
	9.449E-06
	1.283E-05



	STI
	−0.000116
	−0.00023
	−0.00013
	−6.06E-05
	−1.04E-05
	−0.000112
	−3.684E-05
	−3.002E-05



	KOPSI
	−5.33E-05
	−3.08E-05
	−4.21E-05
	−2.08E-05
	9.45E-06
	−3.68E-05
	−2.008E-07
	1.988E-05



	TESEC
	−3.45E-05
	−3.06E-05
	−2.5E-05
	−7.17E-06
	1.33E-05
	−2.99E-05
	2.026E-05
	1.422E-05



	5
	SCI
	HSI
	CNX500
	FTSE
	KSE100
	STI
	KOPSI
	TESEC



	SCI
	−0.000105
	6.99E-06
	−4.62E-05
	−2.12E-05
	2.54E-05
	−4.46E-05
	−7.422E-05
	−8.553E-05



	HSI
	5.744E-06
	−3.99E-05
	−4.2E-05
	−3.91E-06
	−0.00013
	−4.89E-05
	3.958E-05
	4.022E-05



	CNX500
	−4.380E-05
	−3.78E-05
	−0.00011
	−8.63E-06
	−5.91E-05
	−5.21E-05
	2.011E-05
	2.057E-05



	FTSE
	−2.124E-05
	−2.76E-06
	−9.06E-06
	4.02E-06
	8.42E-06
	−1.35E-05
	9.449E-06
	1.273E-05



	KSE100
	2.541E-05
	−0.00024
	−5.99E-05
	8.44E-06
	−0.00081
	1.35E-05
	0.0002088
	0.0004378



	STI
	−4.512E-05
	−5.08E-05
	−5.34E-05
	−2.01E-05
	2.08E-05
	−4.95E-05
	−8.537E-07
	5.078E-06



	KOPSI
	−7.592E-05
	4.89E-05
	2.01E-05
	8.95E-06
	0.000209
	−8.54E-07
	−2.462E-05
	−1.375E-05



	TESEC
	−7.982E-05
	4.02E-05
	1.59E-05
	1.33E-05
	0.000169
	4.73E-06
	−1.192E-05
	−2.546E-06



	6
	SCI
	HSI
	CNX500
	FTSE
	KSE100
	STI
	KOPSI
	TESEC



	SCI
	−0.00028
	−0.00022
	−0.00026
	−0.000116
	−4.51E-05
	−0.000196
	−8.56E-05
	−8.076E-05



	HSI
	−0.00022
	−0.0002
	−0.0002
	−0.000106
	−4.92E-05
	−0.000191
	−6.429E-05
	−6.041E-05



	CNX500
	−0.000259
	−0.0002
	−0.00021
	−0.000131
	−4.99E-05
	−0.000198
	−7.368E-05
	−5.028E-05



	FTSE
	−0.000116
	−0.00011
	−0.00013
	−5.94E-05
	−1.52E-05
	−0.000112
	−3.684E-05
	−3.028E-05



	KSE100
	−4.46E-05
	−4.89E-05
	−5.19E-05
	−1.45E-05
	2.02E-05
	−5.2E-05
	−8.537E-07
	5.087E-06



	STI
	−0.000196
	−0.00021
	−0.0002
	−0.000112
	−4.98E-05
	−0.000188
	−7.382E-05
	−5.111E-05



	KOPSI
	−8.56E-05
	−6.36E-05
	−7.26E-05
	−3.68E-05
	−8.52E-07
	−7.38E-05
	−9.628E-06
	−3.075E-06



	TESEC
	−7.93E-05
	−6.08E-05
	−4.92E-05
	−2.99E-05
	4.74E-06
	−5.11E-05
	−2.816E-06
	9.985E-06



	7
	SCI
	HSI
	CNX500
	FTSE
	KSE100
	STI
	KOPSI
	TESEC



	SCI
	−9.26E-05
	−8.72E-05
	−0.0001
	−5.33E-05
	−7.4E-05
	−8.56E-05
	−2.916E-05
	−3.429E-05



	HSI
	−8.65E-05
	−5.01E-05
	−6.59E-05
	−2.71E-05
	3.96E-05
	−6.43E-05
	3.076E-06
	1.245E-05



	CNX500
	−0.000103
	−5.98E-05
	−8.21E-05
	−4.31E-05
	2.01E-05
	−7.37E-05
	1.819E-06
	2.108E-05



	FTSE
	−5.42E-05
	−3.09E-05
	−4.29E-05
	−1.83E-05
	9.45E-06
	−3.57E-05
	−2.008E-07
	2.116E-05



	KSE100
	−7.31E-05
	4.04E-05
	2.01E-05
	9.23E-06
	0.000209
	−8.54E-07
	−2.462E-05
	−1.193E-05



	STI
	−8.49E-05
	−6.38E-05
	−7.46E-05
	−4.09E-05
	−8.5E-07
	−7.49E-05
	−9.628E-06
	−3.097E-06



	KOPSI
	−2.92E-05
	3.12E-06
	1.82E-06
	−2.01E-07
	−2.5E-05
	−9.63E-06
	−6.802E-05
	−2.246E-05



	TESEC
	−3.37E-05
	1.21E-05
	2.07E-05
	2.03E-05
	−1.2E-05
	−2.78E-06
	−2.327E-05
	−3.998E-05



	8
	SCI
	HSI
	CNX500
	FTSE
	KSE100
	STI
	KOPSI
	TESEC



	SCI
	1.634E-05
	−5.81E-05
	−4.13E-05
	−3.36E-05
	−8.4E-05
	−7.93E-05
	−3.276E-05
	−1.099E-05



	HSI
	−5.67E-05
	−5.68E-05
	−3.05E-05
	−2.53E-05
	3.95E-05
	−5.92E-05
	1.311E-05
	3.168E-05



	CNX500
	−4.19E-05
	−3.08E-05
	−2.99E-05
	−2.49E-05
	1.68E-05
	−4.77E-05
	2.074E-05
	5.096E-05



	FTSE
	−3.21E-05
	−3.05E-05
	−2.52E-05
	−8.25E-06
	1.33E-05
	−3.09E-05
	2.128E-05
	1.243E-05



	KSE100
	−8.32E-05
	3.91E-05
	1.59E-05
	1.33E-05
	0.000169
	4.73E-06
	−1.121E-05
	−2.356E-06



	STI
	−7.93E-05
	−6.08E-05
	−4.82E-05
	−2.99E-05
	4.82E-06
	−5.29E-05
	−2.854E-06
	9.627E-06



	KOPSI
	−4.08E-05
	1.24E-05
	2.07E-05
	2.03E-05
	−1.22E-05
	−2.82E-06
	−2.425E-05
	−3.9977E-05



	TESEC
	−1.12E-05
	3.13E-05
	4.66E-05
	1.36E-05
	−2.54E-06
	9.71E-06
	−4.127E-05
	−5.097E-05
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Figure 1. Higher-Order Moments Efficient Frontiers. 
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Table 1. Descriptive Statistics Risk and Returns.






Table 1. Descriptive Statistics Risk and Returns.





	
Assets




	
Names of Markets

	
Average

	
Standard Deviation

	
Sharpe Ratio

	
Skewness

	
Kurtosis

	
Coefficient of Variation

	
Ranking 1

	
Ranking 2

	
Ranking 3






	
SCI

	
0.0031

	
0.0865

	
0.035

	
−0.587

	
1.451

	
27.903

	
1

	
6

	
8




	
HIS

	
0.0053

	
0.0634

	
0.083

	
−0.835

	
2.94

	
11.962

	
3

	
3

	
5




	
CNX500

	
0.013

	
0.0804

	
0.161

	
−0.575

	
3.74

	
6.1846

	
6

	
7

	
4




	
FTSE

	
0.0068

	
0.0373

	
0.183

	
−0.754

	
4.3

	
5.4852

	
8

	
4

	
3




	
KSE100

	
0.0142

	
0.0797

	
0.177

	
−1.681

	
10.46

	
5.6126

	
7

	
2

	
1




	
STI

	
0.0048

	
0.0551

	
0.087

	
−1.192

	
7.01

	
11.479

	
4

	
1

	
2




	
KOPSI

	
0.0045

	
0.0496

	
0.09

	
−0.617

	
2.65

	
11.022

	
5

	
5

	
6




	
TESEC

	
0.0039

	
0.057

	
0.067

	
−0.292

	
1.67

	
14.6153

	
2

	
8

	
7








Ranking 1 = Coefficient of Variation CV, Ranking 2 = Skewness, Ranking 3 = Kurtosis. Source: Author’s calculations.
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Table 2. Aspired levels with individual moment.






Table 2. Aspired levels with individual moment.





	Objectives/Markets
	Aspired Mean Portfolio
	Aspired Variance Portfolio
	Aspired Skewness Portfolio
	Aspired Kurtosis Portfolio





	SCI
	0.050
	0.050
	0.050
	0.050



	HIS
	0.050
	0.050
	0.050
	0.050



	CNX500
	0.200
	0.062
	0.050
	0.098



	FTSE
	0.050
	0.407
	0.050
	0.119



	KSE100
	0.500
	0.264
	0.217
	0.237



	STI
	0.050
	0.050
	0.050
	0.050



	KOPSI
	0.050
	0.066
	0.050
	0.137



	TESEC
	0.050
	0.050
	0.483
	0.260



	Mean
	0.01212
	0.00269
	−0.914
	4.4538



	Variance
	0.00846
	0.00147
	−0.597
	3.9218



	Skewness
	0.00678
	0.00188
	−0.132
	2.1109



	Kurtosis
	0.00766
	0.00171
	−0.257
	3



	Desired Level
	0.01212
	0.00147
	−0.132
	3







Source: Author’s calculations.
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Table 3. Weights and different risk preferences for sustainable portfolios.






Table 3. Weights and different risk preferences for sustainable portfolios.





	
Calculated Portfolios   (  λ 1  ,    λ 2  ,    λ 3  ,    λ 4  )   

	
1

	
3

	
1

	
1

	
3

	
1

	
3

	
1

	
1




	
1

	
1

	
3

	
1

	
1

	
3

	
1

	
1

	
1




	
0

	
1

	
1

	
1

	
2

	
1

	
3

	
3

	
0




	
0

	
0

	
1

	
3

	
3

	
3

	
1

	
0

	
3




	
Markets/Results

	
1

	
2

	
3

	
4

	
5

	
6

	
7

	
8

	
9




	
SCI

	
0.05

	
0.05

	
0.05

	
0.05

	
0.05

	
0.05

	
0.05

	
0.05

	
0.05




	
HIS

	
0.056

	
0.05

	
0.05

	
0.082

	
0.05

	
0.05

	
0.05

	
0.05

	
0.11




	
CNX500

	
0.152

	
0.42

	
0.09

	
0.069

	
0.05

	
0.05

	
0.05

	
0.06

	
0.12




	
FTSE

	
0.064

	
0.05

	
0.06

	
0.079

	
0.05

	
0.14

	
0.05

	
0.05

	
0.06




	
KSE100

	
0.491

	
0.05

	
0.22

	
0.125

	
0.25

	
0.19

	
0.22

	
0.28

	
0.23




	
STI

	
0.061

	
0.05

	
0.1

	
0.077

	
0.05

	
0.05

	
0.05

	
0.05

	
0.05




	
KOPSI

	
0.064

	
0.05

	
0.05

	
0.069

	
0.05

	
0.14

	
0.05

	
0.05

	
0.05




	
TESEC

	
0.061

	
0.27

	
0.48

	
0.45

	
0.44

	
0.33

	
0.48

	
0.41

	
0.33




	
Mean Return

	
0.01065

	
0.00812

	
0.00604

	
0.00623

	
0.0072

	
0.0061

	
0.00682

	
0.0076

	
0.0077




	
Variance

	
0.0026

	
0.00241

	
0.0016

	
0.00177

	
0.00194

	
0.0016

	
0.00163

	
0.00196

	
0.00185




	
SD

	
0.051

	
0.04991

	
0.04001

	
0.04207

	
0.04408

	
0.04

	
0.043957

	
0.044307

	
0.04311




	
Skewness

	
−0.8748

	
−0.56606

	
−0.39224

	
−0.24992

	
−0.1351

	
−0.205

	
−0.12676

	
−0.1646

	
−0.29558




	
Kurtosis

	
4.4983

	
4.40133

	
3.541

	
2.96

	
2.1043

	
3.27

	
2.11191

	
2.158522

	
2.901








Source: Author’s calculations.
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Table 4. Change in investor’s risk preferences.






Table 4. Change in investor’s risk preferences.





	
Calculated Portfolios   (  λ 1  ,    λ 2  ,    λ 3  ,    λ 4  )   

	
3

	
3

	
1

	
2

	
1

	
2

	
1

	
2




	
1

	
1

	
1

	
1

	
1

	
1

	
1

	
1




	
1

	
2

	
1

	
2

	
3

	
3

	
0

	
0




	
0

	
0

	
3

	
3

	
0

	
0

	
3

	
3




	
Markets/Results

	
2

	
2A

	
4

	
4A

	
8

	
8A

	
9

	
9A




	
SCI

	
0.05

	
0.05

	
0.05

	
0.050

	
0.05

	
0.050

	
0.05

	
0.050




	
HIS

	
0.05

	
0.05

	
0.082

	
0.050

	
0.05

	
0.050

	
0.11

	
0.050




	
CNX500

	
0.42

	
0.37

	
0.069

	
0.070

	
0.06

	
0.050

	
0.12

	
0.123




	
FTSE

	
0.05

	
0.05

	
0.079

	
0.133

	
0.05

	
0.050

	
0.06

	
0.096




	
KSE100

	
0.05

	
0.06

	
0.125

	
0.316

	
0.28

	
0.244

	
0.23

	
0.310




	
STI

	
0.05

	
0.05

	
0.077

	
0.050

	
0.05

	
0.050

	
0.05

	
0.050




	
KOPSI

	
0.05

	
0.05

	
0.069

	
0.126

	
0.05

	
0.182

	
0.05

	
0.123




	
TESEC

	
0.27

	
0.32

	
0.45

	
0.204

	
0.41

	
0.323

	
0.33

	
0.198




	
Mean Return

	
0.00812

	
0.00801

	
0.00623

	
0.00683

	
0.0069

	
0.0071977

	
0.0077

	
0.00803




	
Variance

	
0.0024

	
0.0024

	
0.00177

	
0.00177

	
0.001756

	
0.0017561

	
0.001859

	
0.00186




	
SD

	
0.04991

	
0.04899

	
0.04207

	
0.04207

	
0.044307

	
0.044307

	
0.043118

	
0.04311




	
Skewness

	
−0.56606

	
−0.49258

	
−0.24992

	
−0.33750

	
−0.1646

	
−0.1646008

	
−0.29558

	
−0.3739




	
Kurtosis

	
4.40133

	
4.56945

	
2.96100

	
2.96017

	
2.158522

	
2.5052421

	
2.91200

	
2.9100








Source: Author’s calculations.













[image: Table] 





Table 5. Benchmark Mean-Variance optimized portfolios.






Table 5. Benchmark Mean-Variance optimized portfolios.





	
Markets/Results

	
Portfolios




	
1

	
2

	
3

	
4

	
5

	
6

	
7






	
SCI

	
0.05

	
0.05

	
0.05

	
0.05

	
0.05

	
0.05

	
0.05




	
HIS

	
0.05

	
0.05

	
0.05

	
0.05

	
0.05

	
0.05

	
0.05




	
CNX500

	
0.062

	
0.097

	
0.132

	
0.164

	
0.195

	
0.223

	
0.248




	
FTSE

	
0.407

	
0.356

	
0.291

	
0.231

	
0.176

	
0.123

	
0.073




	
KSE100

	
0.264

	
0.297

	
0.327

	
0.354

	
0.379

	
0.404

	
0.429




	
STI

	
0.05

	
0.05

	
0.05

	
0.05

	
0.05

	
0.05

	
0.05




	
KOPSI

	
0.066

	
0.05

	
0.05

	
0.05

	
0.05

	
0.05

	
0.05




	
TESEC

	
0.05

	
0.05

	
0.05

	
0.05

	
0.05

	
0.05

	
0.05




	
Mean Return

	
0.0085

	
0.00899

	
0.0094

	
0.0098

	
0.0102

	
0.01058

	
0.0109




	
Variance

	
0.0015

	
0.00168

	
0.00185

	
0.00201

	
0.0022

	
0.0024

	
0.0026




	
St. Dev.

	
0.0394

	
0.04141

	
0.0433

	
0.04451

	
0.0468

	
0.0487

	
0.0514




	
Sharpe Ratio

	
0.2179

	
0.21934

	
0.21926

	
0.2183

	
0.2168

	
0.2153

	
0.2134




	
Skewness

	
−0.9591

	
−0.98611

	
−1.0081

	
−1.0281

	
−1.0468

	
−1.065

	
−1.0844




	
Kurtosis

	
5.3722

	
5.58863

	
5.76125

	
5.9205

	
6.0648

	
6.2067

	
6.3546








Source: Author’s calculations.
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Table 6. Mean-skewness based asset allocation for optimized portfolios.






Table 6. Mean-skewness based asset allocation for optimized portfolios.





	
Observations/Markets

	
Portfolios




	
1

	
2

	
3

	
4

	
5

	
6

	
7






	
SCI

	
0.050

	
0.050

	
0.050

	
0.050

	
0.050

	
0.050

	
0.050




	
HIS

	
0.050

	
0.050

	
0.050

	
0.050

	
0.050

	
0.050

	
0.050




	
CNX500

	
0.050

	
0.050

	
0.058

	
0.225

	
0.311

	
0.370

	
0.426




	
FTSE

	
0.136

	
0.066

	
0.050

	
0.050

	
0.050

	
0.050

	
0.050




	
KSE100

	
0.197

	
0.236

	
0.293

	
0.201

	
0.171

	
0.167

	
0.050




	
STI

	
0.050

	
0.050

	
0.050

	
0.050

	
0.050

	
0.050

	
0.050




	
KOPSI

	
0.230

	
0.215

	
0.142

	
0.050

	
0.050

	
0.050

	
0.050




	
TESEC

	
0.237

	
0.283

	
0.307

	
0.324

	
0.268

	
0.213

	
0.274




	
Mean Return

	
0.00661

	
0.00720

	
0.00778

	
0.0083

	
0.008697

	
0.009320

	
0.00971




	
Variance

	
0.001516

	
0.00169

	
0.00178

	
0.00201

	
0.002211

	
0.002402

	
0.00262




	
St. Dev.

	
0.03923

	
0.04061

	
0.04271

	
0.04491

	
0.046990

	
0.049041

	
0.05105




	
Sharpe Ratio

	
0.16891

	
0.17490

	
0.18011

	
0.18340

	
0.185782

	
0.188311

	
0.18950




	
Skewness

	
−0.23901

	
−0.18041

	
−0.19530

	
−0.32401

	
−0.457544

	
−0.55421

	
−0.62521




	
Kurtosis

	
3.24180

	
2.68590

	
2.42692

	
3.03450

	
3.6218301

	
3.83841

	
3.91401








Source: Author’s calculations.
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Table 7. Mean-kurtosis based asset allocation for optimized portfolios.






Table 7. Mean-kurtosis based asset allocation for optimized portfolios.





	
Observations/Markets

	
Portfolios




	
1

	
2

	
3

	
4

	
5

	
6

	
7






	
SCI

	
0.117

	
0.050

	
0.099

	
0.090

	
0.071

	
0.050

	
0.050




	
HSI

	
0.050

	
0.050

	
0.060

	
0.067

	
0.050

	
0.050

	
0.050




	
CNX500

	
0.050

	
0.098

	
0.156

	
0.167

	
0.230

	
0.278

	
0.337




	
FTSE

	
0.063

	
0.119

	
0.050

	
0.050

	
0.050

	
0.050

	
0.050




	
KSE100

	
0.205

	
0.237

	
0.274

	
0.332

	
0.337

	
0.341

	
0.334




	
STI

	
0.050

	
0.050

	
0.050

	
0.050

	
0.050

	
0.050

	
0.050




	
KOPSI

	
0.415

	
0.137

	
0.191

	
0.150

	
0.104

	
0.055

	
0.050




	
TESEC

	
0.050

	
0.260

	
0.120

	
0.095

	
0.108

	
0.126

	
0.078




	
Mean Return

	
0.00692

	
0.00772

	
0.00844

	
0.00913

	
0.00971

	
0.01019

	
0.01065




	
Variance

	
0.00152

	
0.00168

	
0.00185

	
0.00201

	
0.00221

	
0.0024

	
0.0026




	
St. Dev.

	
0.03901

	
0.041

	
0.043

	
0.045

	
0.047

	
0.049

	
0.051




	
Sharpe Ratio

	
0.17741

	
0.18841

	
0.19631

	
0.20288

	
0.20668

	
0.20791

	
0.2089




	
Skewness

	
−0.49

	
−0.2684

	
−0.5371

	
−0.6071

	
−0.6157

	
−0.6175

	
−0.692




	
Kurtosis

	
3

	
3

	
3

	
3

	
3

	
3

	
3.0272








Source: Author’s calculations.
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