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                      Higher-Order Systematic Co-Moments in Asset Pricing: 

Evidence from Thailand after the 1997 Economic Crisis 

 

Abstract 

 

This study examines the role of higher-order systematic co-moments in an asset pricing 

model, when stock returns are non-normally distributed. We test the effect of higher-

order systematic co-moments using  direct observations and the Fama-MacBeth two-

pass regression on a data set comprising of weekly returns of Thai common stocks 

during the post-crisis period .By sorting stocks into portfolios based on Fama-French 

method we find that, in general, the portfolios of small-sized stocks and of value stocks 

tend to have higher returns . Furthermore, we find that the portfolios with relatively 

higher returns tend to have less, or negative, systematic co-skewness. Results from  

two-pass regression show  that Fama- French three-factor model has a better 

explanatory power than the traditional CAPM and adding systematic co-moments into 

both models yields a slight improvement. The slope coefficient of systematic co-

skewness is generally negative, implying there is a trade-off between mean returns and 

systematic co-skewness.  
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Higher-Order Systematic Co-Moments in Asset Pricing: 

Evidence from Thailand after the 1997 Economic Crisis 

 

I. Introduction 

The Capital Asset Pricing Model (CAPM), developed by Sharpe (1964) and Lintner 

(1965), has provided a primary framework for asset pricing in the financial field, 

sharing a common idea of the mean-variance efficient portfolio as initiated by 

Markowitz (1952). For many decades, there has been plenty of research that has 

empirically tested the validity of the CAPM. One of the critiques of the CAPM is that it 

may have some limitations in application when the assumption of normality of return 

distributions is not met. In fact, there have been many empirical studies [e.g. 

Chunhachinda et al. (1997), Bekaert et al. (1998), and Prakash et al. (2003)] that have 

presented evidence of the non-normality of return distributions. 

 

There are also a number of empirical tests that have demonstrated that other risk factors 

besides beta can explain variation in cross-sectional stock returns. Non-market factors 

such as size, value, and momentum effects are introduced by Banz (1981), Fama and 

French (1992, 1995), Jegadeesh and Titman (1993), and Carhart (1997), among others. 

For market factors beyond beta, the role of higher-order systematic co-moments is 

developed by Kraus and Litzenberger (1976), Friend and Westerfield (1980), Harvey 

and Siddique (2000), and Dittmar (2002), among others. Therefore, studying systematic 

co-skewness and co-kurtosis may provide an insight regarding the additional factors 

that could improve the explanatory power of the CAPM. 

 

The empirical works from Harvey and Siddique (2000) and Chung et al. (2004) suggest 

that, through cross-sectional regressions, the explanatory power of the asset pricing 

model can be improved by incorporating non-market and market risk factors. These 
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risk factors are Fama-French’s SMB and HML factor loadings
1
, and higher-order 

systematic co-moments.
2
 Moreover, direct observation of the relationship between 

mean returns and systematic co-moments can point out the linkage between market risk 

factors and non-market risk factors of SMB and HML factor loadings. Even though an 

asset pricing model incorporating other risk factors has been widely explored in the 

literature, most of the empirical works have concentrated on the United States or other 

Western countries. Hence, studying the role of non-market and market risk factors by 

applying widely-accepted methodologies to Thai stock data could provide a better 

insight into the Thai Stock Market. 

 

Further our empirical research aims to study the role of systematic co-moments among 

competing asset pricing models such as the traditional CAPM, Fama-French’s three-

factor model, and CAPM with higher-order systematic co-moments. The goal is to 

answer the following questions: 

 

1. How do stock portfolios, based on stock characteristics of size and/or value, 

contain information of systematic co-skewness and co-kurtosis? 

2. Can other asset pricing models, which incorporate other risk factors besides 

beta, better explain cross-sectional returns than the traditional CAPM?  

                                                 
1
 SMB and HML represent the returns from Fama-French’s hedge portfolio of size and value attributes, 

respectively. SMB (Small minus Big) is the return on a zero-investment portfolio from going long on 

portfolio of small-size stocks and a shorting portfolio of large-size stocks. In a similar manner, the return 

from HML (High minus Low) is the return on a zero-investment portfolio from a long portfolio of high 

book-to-market equity stocks and a short portfolio of low book-to-market equity stocks. The coefficients 

from both factors (mentioned later in the form of si and hi) combining with Beta, result in Fama-French’s 

three-factor model. Details will be discussed in Section 3: Data and Methodology. 

 
2
 Our study will extend only up to the fourth order, i.e. systematic co-skewness and co-kurtosis. This is 

because the higher orders beyond the fourth order may lack intuitive explanations regarding investors’ 

preferences. 



 5 

3. Are the Fama-French factors of SMB and HML able to proxy systematic co-

skewness and co-kurtosis? 

 

The rest of the paper is organized as follows: Section 2 reviews the related literature 

regarding the distributional pattern of stock returns, the importance of non-market risk 

factors, as well as higher-order systematic co-moments. Section 3 provides details of 

data selection as well as the methodology employed. Section 4 illustrates the empirical 

results. Section 5 concludes the paper. 

 

II. Literature Review 

Generally, the returns from international stock indices are found to be non-normally 

distributed. They tend to exhibit a positively-skewed and leptokurtic pattern, as pointed 

out by Bekaert et al. (1998). Several studies show the meaningfulness of the third 

moment, skewness, when incorporated into empirical analysis of the optimal portfolio. 

For example, Chunhachinda et al. (1997) and Prakash et al. (2003) find that investors 

do trade the expected return for skewness when constructing an optimal portfolio with 

higher moments. 

 

In addition to higher-order systematic co-moments, other studies also incorporate non-

market factors such as stock characteristics into the traditional single-factor CAPM. For 

the size effect, Banz (1981) finds that the average returns on small size stocks are too 

low while average returns on large size stocks are too high, given their betas. Fama and 

French (1992) uses multivariate regression of stock returns with various stock 

characteristics. They suggest that the combination of market capitalization (the size 

factor) and book-to-market equity ratio (the value factor) are able to capture the 
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variations not captured by market beta. The extension of CAPM by adding size and 

value factors is known as Fama-French’s three-factor model. A similar evidence has 

been   found outside the United States. Using Japanese data, Chan et al. (1991) find that 

book-to-market equity ratio and cash flow yield have the most significant positive 

relationship with expected returns among other stock fundamentals. 

 

Moreover, financial anomaly regarding returns momentum is suggested by Jegadeesh 

and Titman (1993). By choosing an appropriate combination of historical length (to 

observe average historical returns) and holding period, the momentum effect is 

statistically significant in explaining stock returns. Later, Carhart (1997) develops 

another multi-factor model called the four-factor model by extending the three-factor 

model with Jegadeesh and Titman (1993)’s momentum factor. The model is applied to 

test the performance of mutual funds. 

 

The traditional CAPM can also be extended with market risk factors beyond beta. The 

extra proxies generally are systematic co-skewness and/or systematic co-kurtosis. By 

adding higher-order systematic co-moments, the asset pricing model better explains the 

variation in cross-sectional stock returns. Several studies ,namely,  by Black, Jensen 

and Scholes (1972), Fama and MacBeth (1973) and Blume and  Friend (1973) etc. 

show that the two-moment CAPM overestimate (underestimate) the real returns for low 

(high) beta stocks . Furthermore, Kraus and Litzenberger (1976) argue that the slope of 

the traditional CAPM is lower and the intercept is higher than predicted.  Assuming 

that investors prefer positive co-skewness, they (Kraus and Litzenberger (1976)) find 

that the inclusion of systematic co-skewness to the traditional model results in the 

intercept value being equal to the risk-free rate. The authors also suggest that only 
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systematic co-skewness, not total skewness, should be used in an asset pricing model
3
 

in analogous to the systematic risk of beta used in the CAPM. According to Friend and 

Westerfield (1980), the slope coefficient of systematic skewness is significantly 

different from zero, implying that systematic skewness can be priced. However, the 

intercept is  significantly different from zero, indicating that the value is not equivalent 

to the risk-free rate. This inconsistent result is said to stem from a different period of 

observation and the composition of asset classes used to calculate market returns. 

 

The extensive study of higher-order systematic co-moments has been resumed from the 

work of Harvey and Siddique (2000). Besides the measurement of systematic co-

skewness used by Kraus and Litzenberger (1976), Harvey and Siddique (2000) propose 

four measurements and also apply some of these measurements to both CAPM and 

Fama French three-factor models. The first measurement is βSKD, the calculation of 

regression residuals rather than the returns of asset and market. The remaining three 

measurements are obtained from the regression of excess stock returns on 1) the square 

of market excess returns
2)( fM RR −

β , 2) the return from a hedge portfolio calculated from 

a long portfolio of stocks with negative co-skewness and a short portfolio of stocks 

with positive co-skewness )( +− −SSβ , and 3) excess return of a portfolio of stocks with 

negative co-skewness 
)( fRS −−

β . 

 

                                                 
3
 Statistical skewness is defined as the ratio of third central moment to the third power of the standard 

deviation ,that is,  
3

3

1

/])[(

x

t

T

t
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σ

−∑
= , while we focus on systematic co-skewness which is defined as 

shown in equation (5) in part III C. 
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Harvey and Siddique (2000) show the negative relationship between mean return and 

βSKD, as well as between mean return and 
)( fRS −−

β  for some classes of portfolio. They 

find that ,in general, the Fama French three-factor model provides a better adjusted R-

square than the traditional CAPM, when using both Fama-MacBeth’s two-pass 

regression and the Full-Information Maximum Likelihood methods. Systematic co-

skewness is significant even when it is applied to the model with size and value factors. 

Incorporating some systematic co-skewness proxies could improve the explanatory 

power of both the traditional and the three-factor models.  

 

Apart from systematic co-skewness tests, Dittmar (2002) examines the importance of 

co-kurtosis. The author adds the additional condition of decreasing absolute prudence, 

implying that individual agents are averse to kurtosis. Then, the asset returns are 

affected by co-variance, co-skewness, and co-kurtosis. Dittmar (2002) uses an 

alternative method called pricing kernel to compare the pricing errors between the non-

linear pricing kernel adding effect of co-kurtosis and linear pricing kernels constructed 

from factor models. The non-linear pricing kernel is able to price the cross-sectional 

returns much better than the three-factor model. Moreover, the significance of size and 

value factors is driven out. 

 

A comparison among asset pricing models can also be carried out using time-series 

regression. Hung et al. (2004) observe stock returns in the United Kingdom among 

CAPM, the three-factor model, and CAPM with higher-order co-moments. The full 

model can be written as follows; 

tjtHMLjtSMBjmtjmtjmtjjtj eRhRsRRRR ,,,

32

, )(ˆ)(ˆ)(ˆ)(ˆ)(ˆˆ ++++++= δγβα  (1) 



 9 

where Rj,t and Rm,t are the excess return of portfolio j and market risk premium, 

respectively. While Harvey and Siddique (2000) mention a measure of systematic co-

skewness that can be measured via regressing portfolio excess return on the square of 

market premium, (Rm,t)
2
,   Hung et al. (2004) add systematic co-kurtosis measurement 

through regressing portfolio excess return on the cube of market premium, (Rm,t)
3
. 

However, the result shows a weak evidence of co-skewness and co-kurtosis as their t-

statistics are insignificant, while adjusted R-squares do not materially improve when 

these higher-order co-moments are added. 

 

Recently, higher-order systematic co-moments has been tested for their relationship 

with size and value factors. Chung et al. (2004) propose that non-market factors of size 

and value are proxies of higher-order systematic co-moments. By adding several sets of 

higher-order co-moments up to the tenth order, the significance of SMB and HML 

factors declines or becomes insignificant, while adjusted R-square improves. Replacing 

systematic co-moments with standard moments, the SMB and HML factor loadings 

remain significant. Hence, Chung et al. (2004) suggest that Fama-French factors are 

proxies for higher-order systematic co-moments. 

 

Moreover, it can be noticed from the work of Chung et al. (2004) that the different 

return intervals result in different results. For example, for a weekly return interval, the 

SMB coefficient becomes insignificant when the tenth-order systematic co-moment is 

added, while the seventh order affects the HML coefficient. However, for a monthly 

return interval, it requires a set of co-moments only greater than the fourth order to 

make both SMB and HML coefficients insignificant. The result is harmonized with an 

intervaling effect, as mentioned by Prakash et al. (2003 
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The above literature, although utilizing various methods of testing, show quite 

consistently that incorporating higher-order systematic co-moments  add pricing power 

to the traditional asset pricing model. 

 

III. Data and Methodology 

A. Data and Selection Criteria  

This study focuses on the post-crisis period in Thailand, from July 1997 to December 

2004. The starting point is a change in the foreign exchange rate regime. The 

devaluation of the Thai Baht brought about structural changes to fundamentals of the 

Thai economy and capital market, such as GDP growth, real interest rates, capital 

flows, and business outlook. The earnings of listed public companies, and hence their 

share prices, were widely and significantly affected.  

 

The research samples cover companies listed on the main board of The Stock Exchange 

of Thailand (SET). There were around 399 stocks remaining by the end of 2004 out of 

431 stocks in 1997. Crucial information such as weekly stock prices, market values, 

and book values of equity are drawn from DataStream, and SET-Smart
4
. Weekly 

returns are calculated in lognormal form. For the normality test of return distribution, 

we utilize the Jarque-Bera Test of Normality. The risk-free rate is represented by 

Thailand’s one-month Inter-bank Rate. 

 

For comparison among several asset pricing models including the three-factor model, 

stock characteristics of size and value factors are required. Investors are assumed to be 

homogenous and to consume the latest-available information before taking long 

                                                 
4
 Data source of Thai listed stocks, provided by The Stock Exchange of Thailand 
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positions in stocks. As accounting information for listed companies is released every 

quarter, we decided to reconstruct stock portfolios on a quarterly basis. To qualify, 

individual stocks are required to meet the following criteria: 

 

1. The stock should have been traded since its IPO. Although one may argue about 

survivorship bias, complete information on delisted stocks is rare. 

2. A complete set of non-market factors of market equity and PBV ratio should be 

available, in order to make portfolio construction viable. 

3. Similar to Fama and French (1992), stocks with negative book equity were 

excluded. It is complicated in practice to distinguish whether such stocks 

possess value or growth attributes, when their book values of equity turn from 

negative (producing negative PBV
5
 ratios) to small positive book values 

(producing very high PBV ratios). 

4. Our selection process also aims to keep stocks with thin-trading away. Since the 

unchanged weekly returns may imply that certain stocks have thin trading, for 

convenience, we exclude stocks that have unchanged weekly returns of more 

than 10%, instead of using the turnover ratios that needed to be compiled for 

almost 400 stocks. 

 

After screening, some 132 stocks are marked as qualified, but this still comprises a 

sizeable part of total market value. On average, the sample data represents 65% of 

the total market capitalization. 

 

                                                 
5
 PBV ratio in this paper is abbreviated for price-to-book ratio, which is the inverse of book-to-market 

equity ratio (BE/ME) 
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As investors are assumed to use the latest-available accounting information in each 

quarter, we  calculate the PBV ratio at the end of quarter t as market value of stock j at 

the end of quarter t divided by its book value of equity at the end of quarter t-1. 

1,

,

−

=
tj

tj

BE

ME
PBV  (2) 

The 3-month gap allows investors to recognize recent accounting data because such 

information must be released within 45 days after the end of each quarter. 

 

Although in practice, investors can use the price-to-earnings ratio (PE ratio) to check 

whether stocks are cheap or expensive, there are several reasons why the PBV ratio is 

more suitable for the testing. Firstly, the PE ratio can be more volatile as it is subject to 

seasonal factors. Secondly, the book value of equity accumulates earnings over time 

and can reflect firm distress better than quarterly earnings. Lastly, according to Fama 

and French (1992), PBV ratio and PE ratio are said to be redundant in that “the 

combination of size and book-to-market equity seems to absorb the roles of leverage 

and E/P [earnings-to-price ratio] in average stock returns…” (p.428) 

 

B. Portfolio construction 

We construct portfolios of stocks based on size and value characteristics. For size-

sorted portfolios, all qualified stocks are ranked in descending order according to 

market capitalization, and sorted into quintiles, each with an equal number of stocks. 

The first quintile then is composed of stocks with relatively large market values (Big-

sized stocks), while the fifth quintile contains stocks with relatively small market 

values (Small-size stocks). The same process is performed to construct value-sorted 
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quintiles. The first quintile is composed of stocks with high PBV ratios (growth stocks), 

and the fifth quintile contains stocks with low PBV ratios (value stocks). 

 

The process is repeated for each quarter. As there are 30 quarters in our period of 

observation, this resulted in 30 instances of portfolio reconstruction. Portfolio return is 

calculated from an equally-weighted return of its members during the adjacent quarter, 

which are approximately 12 weekly observations. In total, there are 392 weekly 

observations. When formed into quintiles, the number of qualified member in each 

portfolio ranged from 15 to 30 stocks, from the first construction to the last 

construction. 

 

Apart from stock quintiles with single angle of characteristics, we also construct stock 

portfolios from the intersection of both size and value attributes for a robustness test. In 

the first step, all qualified stocks are ranked according to their market size and sorted 

into three groups. The first group, with 33% of the total, is the portfolio of big-sized 

stocks, the middle 33% is the portfolio of medium-sized stocks, and the remaining 34% 

is the portfolio of small-sized stocks. In the next layer, each size-sorted portfolio was 

separated into three groups, according to its ranking in terms of PBV ratio. With the 

same breakpoints, the first group is the portfolio of growth stock (high PBV ratio), the 

middle 33% is the portfolio of medium-PBV stock, and the remaining 34% is the 

portfolio of value stock (low PBV ratio). 

 

This two-class intersection forms nine portfolios of size and value characteristics. 

Portfolios with size attributes are indicated by the codes B (big size), M (medium size), 

or S (small size). Portfolios with value attributes are indicated by the codes G (growth 
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stock or high PBV ratio), M (medium-PBV ratio), or V (value stock or low PBV ratio). 

Hence, these nine portfolios are tagged with the codes; B/G, B/M, B/V, M/G, M/M, 

M/V, S/G, S/M, and S/V. To illustrate the codes, B/G represents the portfolio of big 

stocks with a growth characteristic, while S/V represents the portfolio of small stocks 

with a value characteristic. 

It should be noted that we construct 9 portfolios from intersection of 3 size portfolios 

(S, M, B) and 3 value portfolios (G, M, V), which is different from Fama French 

method that construct 6 portfolios from intersection of 2 size portfolios and 3 value 

portfolios. This is because the market capitalization among individual stocks in 

Thailand is substantially different. In terms of size factor, by splitting into two 

portfolios based on number of stock (and hence will create six portfolios from 

intersection) may let the large-sized stock to dominate the small-sized stocks. Hence, in 

our view, splitting into three portfolios will better represent the size effect of Thai 

market. 

 

C. Systematic co-moments estimates and direct observation 

This section applies similar idea like Harvey and Siddique’s (2000) to find the 

relationship between systematic co-moments and the mean returns of portfolios. The 

relationship between mean returns and systematic co-kurtosis is also tested. The 

second- to fourth-order systematic co-moments are estimated over a 52-week history; 

])[(
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where ),,( tjib  represents i-th order systematic co-moment of j-th portfolio. Parameter rj,t 

denotes equally-weighted excess return of portfolio j at time t, while rm,t denotes market 
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excess return. The second-order systematic co-moment is simply portfolio Beta ( jβ ) in 

CAPM. The third-order and fourth-order systematic co-moments are Kraus and 

Litzenberger’s (1976) systematic co-skewness ( jγ ), and co-kurtosis ( jδ ); 

])[(

)])([(
ˆ

2

,
1

,,
1

mtm

T

t

mtmjtj

T

t
j

rr

rrrr

−∑

−−∑
=

=

=β  (4) 

])[(

]))([(
ˆ

3

,
1

2

,,
1

mtm

T

t

mtmjtj

T

t
j

rr

rrrr

−∑

−−∑
=

=

=γ  (5) 

])[(

]))([(
ˆ

4

,
1

3

,,
1

mtm

T

t

mtmjtj

T

t
j

rr

rrrr

−∑

−−∑
=

=

=δ  (6) 

 

D. Comparison among asset pricing models 

For comparison among competing models, we use Fama-MacBeth’s two-pass 

regression method to observe the significance of explanatory variables and adjusted R-

squares of the models. The test variables cover second- to fourth-order systematic co-

moments, a size factor represented by SMB, and a value factor represented by HML.  

 

The two-pass regression method is pioneered by Fama and MacBeth (1973) and is 

widely used in literature. Regressions are performed in two steps. The slope 

coefficients of five variables are estimated from a time-series regression over a 52-

week return history. Systematic co-moments like beta, co-skewness, and co-kurtosis are 

estimated for each portfolio in each week using formulas as shown in equations (4) to 

(6), respectively. Similarly, SMB and HML factor loadings (sj and hj) are estimated 

from regressing portfolio returns over returns from SMB and HML hedge portfolios.  
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The estimated slope coefficients are used as independent variables in cross-sectional 

regression to estimate their relevant risk premiums. The value estimated from the past 

52-week period is matched with portfolio returns in the 53
rd
 week. We run cross-

sectional regression from portfolio sets, i.e. size-sorted quintiles, value-sorted quintiles, 

and size-value nine portfolios. Our base competing models are CAPM, and the three-

factor model, with systematic co-skewness and co-kurtosis added. The aim is to 

observe whether the test factors are significant and can contribute additional 

explanatory power to the models; 

CAPM jjMKTj er ++= βλλ ˆ
0  (7) 

Three-factor model jjHMLjSMBjMKTj ehsr ++++= ˆˆˆ
0 λλβλλ  (8) 

Three-factor model with jγ̂  
jjSKEWjHMLjSMBjMKTj ehsr +++++= γλλλβλλ ˆˆˆˆ

0  (9) 

Three-factor model 

with jγ̂ and jδ̂  

jjKURTjSKEWjHMLjSMBjMKTj ehsr ++++++= δλγλλλβλλ ˆˆˆˆˆ
0

 (10) 

CAPM with skewness jjSKEWjMKTj er +++= γλβλλ ˆˆ
0  (11) 

CAPM with skewness and 

kurtosis 

jjKURTjSKEWjMKTj er ++++= δλγλβλλ ˆˆˆ
0  

(12) 

Equations (7), (8), and (12) represent cross-sectional regression of CAPM, Fama-

French’s three-factor model, and CAPM with higher-order systematic co-moments, 

respectively. The three-factor model in equation (8) is combined with systematic co-

skewness and systematic co-kurtosis to produce equation (9) and (10). 

 

It should be noted that size-sorted and value-sorted quintiles are restricted to 

implementation with equations (9) and (10), due to the insufficient number of 
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observations per cross-sectional regression at time t. Only nine portfolios of size-value 

intersection and individual stocks are applicable. 

 

IV. Empirical Results 

A. Overview of Thai stock market and stock quintiles 

Figure 1 depicts the movement of the SET index on a weekly basis. The market went 

all the way down just one-and-a-half years before the change in the foreign exchange 

rate regime, suffering annualized weekly return of -16.4% on average. On the other 

hand, the post-crisis period yielded an average minimally positive 3.1% return. 

Interestingly, the period since late 2003 produces a sanguine annualized return of over 

22.0%, on average. 

 

The results for the test of normality of distribution with different return intervals are 

shown in Table 1. For the post-crisis period, the null hypothesis can be rejected in the 

case of daily and weekly return intervals, but not for the monthly return interval. This 

contradiction could emphasize the intervaling effect, as mentioned in the work of 

Prakash et al. (2003), that the choice of different return intervals does affect the 

estimated value of moments. Moreover, it should be noted that the length of return 

histories could affect the value of moment estimates, as mentioned by Daves et al. 

(2000). 

 

Figure 2 provides the average market values of sized-sorted and value-sorted quintiles. 

The first, or the large-sized stock, quintile has an average market value of 1,060 billion 

Baht (77.23% of our qualified stocks), much larger than the second quintile, with an 

average size of 188 billion Baht (14.39%). The fifth quintile has average size of only 12 
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billion Baht (0.82%). On the other hand, the average market value seems to be more 

balanced when quintiles are constructed based on the value factor. The first quintile, or 

growth stock portfolio, has an average market value of 500 billion Baht (39.84%), 

while the second quintile has a comparable size of 419 billion Baht (28.99%), and the 

fifth quintile has 66 billion Baht (4.03%). 

 

B. Size-sorted quintiles 

Table 2 provides the test of return distributions. The null hypothesis can be rejected for 

all quintiles, as the distributional patterns usually tend to be positively-skewed and 

leptokurtic. Comparing between two extreme portfolios, the small-sized stock portfolio 

produces an annualized return of 17.31%, on average, compared to a negative 

annualized return of -11.72% for the big-sized stock portfolio. However, the higher 

return costs the small-sized stock portfolio, with higher annualized variance of 22.80%, 

compared to 13.76% for the large-sized stock portfolio. 

 

Table 3 reveals the direct observation between mean returns and systematic co-

moments. Systematic co-skewness decreases monotonically from the first to the last 

quintile, resulting in a strong negative correlation of -0.94 with mean returns. In other 

words, the quintile with higher returns tends to have less positive or even negative 

systematic co-skewness, while the one with relatively lower returns tends to have 

positive value. This may suggest a trade-off between mean returns and systematic co-

skewness. It is also interesting to see that systematic co-kurtosis tends to have a 

correlation comparable with Beta, suggesting a strong correlation between these second 

and fourth order systematic co-moments. This may imply that even-order systematic 

co-moments (second and fourth) may be redundant if used in an asset pricing model. 
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C. Value-sorted portfolios 

Table 4 shows the return distribution of value-sorted quintiles. Similar to the size-

sorted arrangement, the return distributions also tend to be positively skewed and 

leptokurtic. In terms of excess return, the value stock quintile outperforms, with an 

annualized return of 19.01%, compared to a negative annualized return of -20.43% for 

the growth stock quintile. The value stock quintile has a higher annualized variance of 

21.52%, compared to 14.68% for the growth stock portfolio.  

 

Direct observation between mean returns and systematic co-moments is shown in Table 

5. A negative correlation between mean return and systematic co-skewness is also 

found, similar to the size-sorted case. This could emphasize a trade off between mean 

return and systematic co-skewness. Moreover, the correlations with mean return are 

0.57 and 0.81 for beta and for systematic co-kurtosis, respectively. This positive sign is 

opposite to what we find from size-sorted portfolios, which may be partly due to the 

return characteristic of stocks in each stock quintile. As we mentioned in section 3C, 

the small number of stocks in each quintile will earn substantial weight to induce 

portfolio returns. For example in a single quintile with 15 stocks, each will earn a 

weight of 6.67%. Hence, only a few stocks that have different returns from other stocks 

could also yield an impact on the overall portfolio. 

 

D. Nine portfolios from Two-way classification of size and value factors 

From the previous sections, studying the relationship based on size and value factors 

may not provide a conclusion concerning which characteristics yield an impact on 

returns. A quintile can be mixed from both factors. As shown in Table 6, there is a 
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strong positive correlation of 0.87 between returns from the big-sized stock and the 

growth stock quintiles. Also, the small-sized stock and the value stock quintiles have a 

high correlation of 0.96. This construction of nine portfolios aims to observe the impact 

of one characteristic, free from another characteristic. 

 

The null hypothesis of normality can be rejected for all nine portfolios, according to 

Table 7. The portfolio with an intersection of small-sized and value characteristics 

offers the highest annualized return of 24.56%, but at the same time almost the highest 

variance of 25.51%. When cleared from a value effect, small stock portfolios (S/G, 

S/M, S/V) outperform large stock portfolios (B/G, B/M, B/V). Similarly, when cleared 

from a size effect, the value stock portfolios (B/V, M/V, S/V) outperform growth stock 

portfolios (B/G, M/G, S/G). 

 

The annualized returns from hedge portfolios of SMB and HML are 30.03% and 

15.40% respectively
6
. This may indicate the return premium from assuming the risk of 

relatively low liquidity (from small size) and relatively more distress in earnings 

forecast (from low PBV ratio). This supports our finding that the returns from a 

portfolio of stocks have a negative relationship with size as well as  the PBV ratio. The  

negative relationship with PBV ratio can also be translated into a positive relationship 

with the book-to-market equity ratio. 

 

Similarly, systematic co-skewness has a negative relationship with mean returns, 

shown by the negative correlation of -0.67 in Table 8. This relationship is similar to 

                                                 
6
 We calculate the return on the SMB hedge portfolio from the average return of small-sized stock 

portfolios (S/G, S/M, S/V) minus the average return of large-sized stock portfolios (B/G, B/M, B/V). The 

return of the HML hedge portfolio is derived from the average return of value stock portfolios (B/V, 

M/V, S/V) minus the average return from growth stock portfolios (B/G, M/G, S/G). 
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what we find from observing size-sorted and value-sorted portfolios. Hence, the 

evidence could emphasize that there is a trade-off between mean returns and systematic 

co-skewness. 

 

On the other hand, the relationship between mean return and second order systematic 

co-moments is not obvious. A similar result is seen between mean return and 

systematic co-kurtosis. We run the correlation between Beta and systematic co-

kurtosis, and find a strong positive correlation of 0.92. This might suggest that these 

even-order (i.e. second- and fourth-order) systematic co-moments are likely to be 

redundant if both of them are utilized in an asset pricing model. 

 

 

 

E. Asset pricing models comparison 

We perform two methods of regression in this section; time-series and cross-sectional 

regression, with appropriate sets of portfolios. We use the set of nine portfolios from 

two-way classification as sample data to compare between CAPM and Fama-French’s 

three-factor model. In cross-sectional regression, we provide  tests using several sets of 

portfolios to compare among the competing models, as shown in section 3. 

 

Time-series regression 

The model we apply for time series regression is similar to the model used by Hung et 

al. (2004), with the full model as shown in equation (1). From Table 9, Beta values are 

positive and statistically significant, both in the case of CAPM and the three-factor 

model. Not only does the adjusted R-square improve when non-market factors are 
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added, but the differential in adjusted R-square, ranging from 46% to 84% in the 

CAPM, is narrowed down to a comparable level of 71% to 89% under the three-factor 

model.  

 

Almost all models show that jα  are not significantly different from zero, indicating 

that the intercept term of the asset pricing model equals the risk-free rate. Moreover, at 

least one of the returns from SMB and HML hedge portfolios is significant, but the sign 

is ambiguous. The significance of systematic co-skewness and systematic co-kurtosis is 

tested by regressing mean returns on squared and cubed market risk premium. 

However, we do not provide the results here as the significance of factors is weak and 

there is no improvement in adjusted R-square. Overall, these findings are quite similar 

to Hung et al. (2004).  

 

 

Cross-sectional regressions – Portfolios of stock 

The results from cross-sectional regression are shown in Table 10. We report adjusted 

R-square as a simple average value out of 392 cross-section regressions. The risk 

premiums, i.e. intercept and slopes of the regression, are shown as mean values from 

the series of coefficient estimates. T-statistics, provided in parentheses, are also the 

mean values of the estimated coefficients over the time-series of standard error
7
. 

Adjusted R-squares are low in every model,  Which may be due to the fact that the 

explanatory variables are the coefficients estimated from rolling time-series regression, 

a different type from the dependent variable, which is portfolio return. 

 

                                                 
7
 The way to report statistical values of cross-sectional regressions is mentioned explicitly in the 

literature of Friend and Westerfield (1980), and Fama and French (1992). 
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Panels A and B in Table 10 provide comparison among the three models (i.e. CAPM, 

the three-factor model, and CAPM with systematic co-moments) for size-sorted and 

value-sorted quintiles, respectively. As we can see that adjusted R-square improves 

from 0.05 to 0.21 when CAPM is combined with SMB and HML factor loadings. In 

contrast, higher-order systematic co-moments are weak in adding explanatory power to 

the traditional model. As the degree of freedom allows, the set of nine portfolios, in 

terms of size and value intersection, can be tested with extra variables. The results are 

shown in panel C in Table 10. The three-factor model generally gives better adjusted R-

square than the CAPM; the minor difference is that the adjusted R-squares are even 

more improved when extending the model with systematic co-skewness and co-

kurtosis.  

 

Overall, these results may suggest that the SMB and HML factor loadings are superior 

to systematic co-moments in increasing the explanatory power of an asset pricing 

model in the case of the Thai stock market. Our findings are partly consistent with 

Harvey and Siddique (2000), namely that the three-factor model has higher explanatory 

power than the traditional CAPM. But the results from adding higher-order systematic 

co-moments are different. According to Harvey and Siddique (2000), the adjusted R-

square improves when systematic co-skewness is added. We find this improvement 

only in the case of the nine portfolios, but not for the size-sorted or value-sorted 

quintiles. 

 

Significance of explanatory factors 

Looking at the significance of factors, none of the intercept and slope coefficients is 

statistically significant even at the 10% level. However, the sign could contain some 



 24 

implications. The slope coefficient of Beta is positive for the three-factor model, which 

is theoretically suitable as it implies a positive relationship between market risk 

premium and mean returns. The slope coefficient of systematic co-skewness is 

generally negative when it is added either to the CAPM or the three-factor model. This 

indicates that the investors may trade mean returns with their skewness preference. 

 

The slope coefficient of SMB factor loading is also positive, indicating that the mean 

returns of portfolios correlate to the mean return of the SMB hedge portfolio. 

Nonetheless, the slope coefficients of systematic co-kurtosis and HML factor loading 

are inconsistent and have ambiguous signs. Moreover, we find that SMB and HML 

factor loadings do not become less significant when systematic co-moments are added. 

This is contradictory to Chung et al. (2004) who find that the t-statistics gradually 

reduces when several sets of higher-order systematic co-moments are added. 

 

V. Conclusions 

By constructing portfolios based on stock characteristics of size and value, we find that 

the portfolio returns tend to negatively correlated with these two characteristics. In 

other words, small-sized stock and value stock portfolios generally provide better 

annualized returns than large-sized stock and growth stock portfolios. From direct 

observation, systematic co-skewness has a negative relationship with mean returns, 

suggesting that there is a trade-off between returns and systematic co-skewness. The 

theoretical positive relationship between beta and mean returns is not obvious. 

Moreover, systematic co-kurtosis generally has a high correlation with beta, suggesting 

that even-order systematic co-moments are likely to be redundant if used in an asset 

pricing model. 
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For time-series regression, adding the returns from SMB and HML hedge portfolios 

into the traditional CAPM can enhance adjusted R-square. The slope coefficient of beta 

value is positive and statistically significant in every model, while at least one of SMB 

and HML returns is significant but has an ambiguous sign. We also performed 

regression on squared and cubed market risk premium to observe systematic co-

skewness and co-kurtosis, but did not find any noticeable result. 

 

From Fama-MacBeth’s widely-used two-pass regression, the three-factor model yields 

better adjusted R-square than the traditional CAPM. Adding systematic co-skewness 

and co-kurtosis could marginally improve the adjusted R-square. Although these 

explanatory variables are strongly significant, the sign could contain some implications. 

 

The slope coefficient of systematic co-skewness is negative, indicating that investors 

may trade mean returns with their skewness preference. The positive sign of market 

risk premium (the slope coefficient of beta) of the three-factor model is theoretically 

suitable as it implies a positive relationship between market risk premium and mean 

returns. While the slope coefficient of SMB factor loading is positive, the slope 

coefficients of HML factor loading and systematic co-kurtosis are ambiguous. 

Moreover, as SMB and HML do not become less significant or insignificant when 

systematic co-moments are added, it suggests that they may not be proxies for 

systematic co-skewness and co-kurtosis. 

 

The weak results in cross-sectional regression may be due to cancellation of individual 

returns when forming into portfolios, or an inadequate number of observations in the 
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regression. Furthermore, the intervaling effect and estimation length do have effects on 

moment estimates, as mentioned by Prakash et al. (2003), and Daves et al. (2000), 

respectively. Therefore, by adjusting the return interval and estimation period of 

moments, the estimated values and results could possibly be changed. 
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Figure 1: Weekly movement of SET Index over the period September 1993 to September 2004 

 

 

Figure 2: Average market value of size-sorted and value-sorted quintiles 

Portfolios of stocks are constructed based on size and value characteristics. For size-sorted portfolios, all 

qualified stocks are ranked in descending order according to their market capitalization, and sorted into 

quintiles, each with an equal number of stocks. The first quintile then is composed of stocks with 

relatively large market values (big-sized stocks), while the fifth quintile contains stocks with relatively 

small market values (small-size stocks). The same process is performed to construct value-sorted 

quintiles. The first quintile is composed of stocks with high PBV ratios (growth stocks), and the fifth 

quintile contains stocks with low PBV ratios (value stocks). 
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Table 1: Descriptive statistics of SET Index at different intervals 

In this table we provide the information about the number of observation and other basic descriptive 

statistics. We also report the obtained values of Jarque -Bera statistics for each of the three types of rates of 

return. It is clear that the daily as well as the weekly returns are not normal. However, the monthly returns 

seem to follow a normal distribution. 

Return No. of Mean* Variance* Skewness Excess JB-stat p-value

Interval Obs Kurtosis

Daily 1844 3.14% 9.43% 0.5247 3.5604 1058.5754 0.0000

Weekly 392 3.12% 11.04% 0.2184 2.0600 72.4320 0.0000

Monthly 90 3.16% 15.38% -0.0336 0.3568 0.4943 0.7810

Note: *Annualized return and variance  

 

                              Table 2:  Descriptive statistics of size-sorted quintiles. 

 

Portfolio No. of Mean* Variance* Skewness Excess JB-stat p-value

Obs Kurtosis

Big 392 -11.72% 13.76% 0.3015 2.4994 107.9733 0.0000

2 392 -20.38% 16.69% 0.0861 2.4462 98.2241 0.0000

3 392 -2.34% 18.47% 0.0339 1.7462 49.8808 0.0000

4 392 -1.91% 18.11% 0.4202 3.4264 203.2969 0.0000

Smalll 392 17.31% 22.80% 0.3038 4.8791 394.8531 0.0000
 

Note: *Annualized return and variance 

 

Table 3: Mean returns and systematic co-moments of size-sorted quintiles 

The third-order and fourth-order systematic co-moments are Kraus and Litzenberger’s (1976) systematic 

co-skewness ( jγ ), and co-kurtosis while the second-order systematic co-moment is simply portfolio 

Beta ( jβ ) in CAPM. 

Table 3: Mean returns and systematic co-moments of size-sorted quintiles

Portfolio Annualized Systematic Co-moments

Weekly Return Second Third Fourth

Large -11.72% 1.0840        1.3612        1.1048        

2 -20.38% 1.1341        1.0094        1.1485        

3 -2.34% 1.1305        0.3578        1.1036        

4 -1.91% 1.0162        0.1464        1.0066        

Small 17.31% 1.0340        (1.1240)       1.0414        

Correlation with mean return (0.6414)       (0.9371)       (0.7104)        
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Table 4: Descriptive statistics of value-sorted quintiles 

For value-sorted portfolios, all qualified stocks are ranked in descending order according to PBV ratio, 

and sorted into quintiles, each with an equal number of stocks. The first quintile is composed of stocks 

with high PBV ratios (growth stocks), and the fifth quintile contains stocks with low PBV ratios (value 

stocks). 

Portfolio No. of Mean* Variance* Skewness Excess JB-stat p-value

Obs Kurtosis

Growth 392 -20.43% 14.68% -0.1278 2.7486 124.4598 0.0000

2 392 -16.40% 13.63% 0.2200 2.3330 92.0645 0.0000

3 392 0.70% 17.29% 0.0744 2.1080 72.9418 0.0000

4 392 -2.64% 19.36% 0.2072 2.2503 85.5174 0.0000

Value 392 19.01% 21.52% 0.2117 4.6201 351.5698 0.0000N

ote: *Annualized return and variance 

 

Table 5: Mean returns and systematic co-moments of value-sorted quintiles 

The third-order and fourth-order systematic co-moments are Kraus and Litzenberger’s (1976) systematic 

co-skewness ( jγ ), and co-kurtosis, while the second-order systematic co-moment is simply portfolio 

Beta ( jβ ) in CAPM 

Table 5: Mean returns and systematic co-moments of value-sorted quintiles

Portfolio Annualized

Weekly Return Second Third Fourth

Growth -20.43% 1.0300        0.1806        1.0507        

2 -16.40% 1.0086        0.8281        1.0043        

3 0.70% 1.1198        0.7208        1.1273        

4 -2.64% 1.1450        0.1639        1.0781        

Value 19.01% 1.0828        (0.3121)       1.1213        

Correlation with mean return 0.5665        (0.5816)       0.8104        

Systematic Co-moments

 

 

 

Table 6: Correlation between size and value factors 

 

Table 6: Correlation between size and value factors

Big Size 2 Size 3 Size 4 Small

Growth 0.8667            0.8837        0.8671        0.7922        0.7056        

PBV 2 0.8603            0.8908        0.9239        0.8722        0.7760        

PBV 3 0.8419            0.9072        0.9154        0.8912        0.8316        

PBV 4 0.8031            0.8901        0.8731        0.8973        0.8532        

Value 0.6828            0.8049        0.8292        0.8777        0.9564         
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Table 7: Descriptive statistics of nine portfolios from intersection of size and value factors 

Stock portfolios from the intersection of both size and value attributes are constructed for a robustness 

test. In the first step, all qualified stocks are ranked according to their market size and sorted into three 

tiers. The first group, with 33% of the total, is the portfolio of big-sized stocks, the middle 33% is the 

portfolio of medium-sized stocks, and the remaining 34% is the portfolio of small-sized stocks. In the 

next layer, each size-sorted portfolio was separated into three, according to its ranking in terms of PBV 

ratio. With the same breakpoints, the first group is the portfolio of growth stock (high PBV ratio), the 

middle 33% is the portfolio of medium-PBV stock, and the remaining 34% is the portfolio of value stock 

(low PBV ratio). This two-class intersection forms nine portfolios of size and value characteristics. 

Portfolios with size attributes are indicated by the codes B (big size), M (medium size), or S (small size). 

Portfolios with value attributes are indicated by the codes G (growth stock or high PBV ratio), M 

(medium-PBV ratio), or V (value stock or low PBV ratio). Hence, these nine portfolios are tagged with 

the codes; B/G, B/M, B/V, M/G, M/M, M/V, S/G, S/M, and S/V. To illustrate the codes, B/G represents 

the portfolio of big stocks with a growth characteristic, while S/V represents the portfolio of small stocks 

with a value characteristic. 

Portfolio No. of Mean* Variance* Skewness Excess JB-stat p-value

Obs Kurtosis

B/G 392 -22.25% 12.84% 0.0384 2.5355 105.0994 0.0000

B/M 392 -13.85% 13.64% 0.0283 3.9513 255.0629 0.0000

B/V 392 -12.45% 22.08% 0.1831 3.6880 224.3505 0.0000

M/G 392 -16.50% 19.14% 0.0469 2.3022 86.7132 0.0000

M/M 392 -11.12% 17.82% -0.0078 2.2828 85.1199 0.0000

M/V 392 2.80% 23.06% 0.4461 3.2484 185.3549 0.0000

S/G 392 7.47% 25.93% 0.2285 4.2584 299.6015 0.0000

S/M 392 9.50% 21.19% 0.3215 4.3006 308.8482 0.0000

S/V 392 24.56% 25.51% 0.6008 5.5202 521.2967 0.0000  

Note: *Annualized return and variance 
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Table 8: Mean returns and systematic co-moments of nine portfolios 

Apart from stock quintiles with single angle of characteristics, we construct stock portfolios from the 

intersection of both size and value attributes for a robustness test. In the first step, all qualified stocks are 

ranked according to their market size and sorted into three tiers. The first group, with 33% of the total, is 

the portfolio of big-sized stocks, the middle 33% is the portfolio of medium-sized stocks, and the 

remaining 34% is the portfolio of small-sized stocks. In the next layer, each size-sorted portfolio was 

separated into three, according to its ranking in terms of PBV ratio. With the same breakpoints, the first 

group is the portfolio of growth stock (high PBV ratio), the middle 33% is the portfolio of medium-PBV 

stock, and the remaining 34% is the portfolio of value stock (low PBV ratio). This two-class intersection 

forms nine portfolios of size and value characteristics. Portfolios with size attributes are indicated by the 

codes B (big size), M (medium size), or S (small size). Portfolios with value attributes are indicated by 

the codes G (growth stock or high PBV ratio), M (medium-PBV ratio), or V (value stock or low PBV 

ratio). Hence, these nine portfolios are tagged with the codes; B/G, B/M, B/V, M/G, M/M, M/V, S/G, 

S/M, and S/V. To illustrate the codes, B/G represents the portfolio of big stocks with a growth 

characteristic, while S/V represents the portfolio of small stocks with a value characteristic. The third-

order and fourth-order systematic co-moments are Kraus and Litzenberger’s (1976) systematic co-

skewness ( jγ ), and co-kurtosis, while the second-order systematic co-moment is simply portfolio Beta 

( jβ ) in CAPM 

 

Portfolio Annualized Systematic Co-moments

Weekly Return Second Third Fourth

B/G -0.43% 0.9675        0.8192        0.9795        

B/M -0.27% 0.9883        1.1893        1.0503        

B/V -0.24% 1.2962        1.2866        1.3039        

M/G -0.32% 1.0505        0.4039        1.0258        

M/M -0.21% 1.0343        0.4576        1.0251        

M/V 0.05% 1.2435        0.9020        1.2245        

S/G 0.14% 1.0470        (1.2072)       0.9499        

S/M 0.18% 0.9838        (0.7502)       0.9912        

S/V 0.47% 1.0136        (0.2507)       1.0632        

Correlation with mean return; (0.0409)       (0.6730)       (0.0576)        
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Table 9: Time-series regression of CAPM and Fama-French’s three-factor model 

In this table we provide the estimates of the parameters of the following regression equation 

tjtjtjtmjjtj eHMLhSMBsrr ,,,
ˆˆˆ ++++= βα  

The return on the SMB hedge portfolio is calculated from the average return of small-sized stock 

portfolios (S/G, S/M, S/V) minus the average return of large-sized stock portfolios (B/G, B/M, B/V). 

The return of the HML hedge portfolio is derived from the average return of value stock portfolios 

(B/V, M/V, S/V) minus the average return from growth stock portfolios (B/G, M/G, S/G). 

 

Table 9: Time-series regression of CAPM and Fama-French's three-factor model

Portfolio αααα ββββ s h Adjusted R-square

B/G -0.0038 ** 0.9675   ** 0.8059

(-3.46) 40.30

-0.0022 * 1.0170 ** -0.0949 ** -0.3446 ** 0.8563

(-2.32) 47.32 (-4.19) (-10.21)

B/M -0.0022 . 0.9883   ** 0.7920

(-1.86) 38.60

-0.0012 0.9927 ** -0.1334 ** -0.0841 * 0.8072

(-1.02) 38.71 (-4.94) (-2.09)

B/V -0.0017 1.3069   ** 0.8373

(-1.16) 44.79

-0.0033 ** 1.2154 ** -0.0053 0.4940 ** 0.8877

(-2.91) 48.78 (-0.20) 12.63

M/G -0.0027 1.0505   ** 0.6370

(-1.45) 26.21

-0.0031 . 1.1538 ** 0.3407 ** -0.4899 ** 0.7290

(-1.95) 32.02 8.97 (-8.66)

M/M -0.0017 1.0343   ** 0.6633

(-0.96) 27.77

-0.0031 . 1.0714 ** 0.3007 ** -0.0997 . 0.7088

(-1.90) 29.73 7.92 (-1.76)

M/V 0.0012 1.2271   ** 0.7382

0.65 32.38

-0.0023 . 1.2040 ** 0.3744 ** 0.4017 ** 0.8409

(-1.65) 39.73 11.73 8.44

S/G 0.0019 1.0470   ** 0.4665

0.74 18.52

-0.0022 . 1.2224 ** 1.0511 ** -0.6307 ** 0.8836

(-1.78) 44.48 36.31 (-14.62)

S/M 0.0023 0.9838   ** 0.5041

1.01 19.96

-0.0024 1.0290 ** 0.7875 ** 0.0568 0.7848

(-1.59) 30.46 22.13 1.07

S/V 0.0052 0.9581   ** 0.4553

1.59 16.78

-0.0021 . 0.9738 ** 0.9278 ** 0.6392 ** 0.8775

(-1.65) 34.82 31.50 14.56

Note: **, *, ^ denotes t-statistics significant at the 1%, 5%, and 10% levels, repectively  
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Table 10: Fama-MacBeth two-pass regression for stock portfolios 

The results from cross-sectional regression  

jjKURTjSKEWjHMLjSMBjMKTj ehsr ++++++= δλγλλλβλλ ˆˆˆˆˆ
0  

 

are shown in this table. We report adjusted R-square as a simple average value out of 392 cross-section 

regressions. The risk premiums, i.e. intercept and slopes of the regression, are shown as mean values from the 

series of coefficient estimates. t-statistics, provided in parentheses, are also the mean values of the estimated 

coefficients over the time-series of standard error. Panels A and B provide comparison among the three models 

(i.e. CAPM, the three-factor model, and CAPM with systematic co-moments) for size-sorted and value-sorted 

quintiles, respectively. Panel C provides the results for nine portfolios formed from intersection of size and 

value factors. 

Panel A: Size-sorted quintiles

Model αααα ββββ s h γγγγ δδδδ Adj Rsq

CAPM 0.0055 -0.0062 0.0577

(0.0987) (-0.1220)

Three-factor Model-0.0076 0.0269 0.0158 -0.0206 0.2119

(-0.3183) (0.9832) (2.0778) (-0.9762)

CAPM + γ + δ -0.0066 0.0018 -0.0210 0.0231 0.0640

(-0.3189) (0.0440) (-6.7753) (0.3861)

Palne B: Value-sorted quintiles

Model αααα ββββ s h γγγγ δδδδ Adj Rsq

CAPM -0.0068 0.0058 0.0403

(-0.1095) (0.1018)

Three-factor Model-0.0041 0.0003 -0.0067 0.0123 0.2084

(-0.1703) (0.0074) (-0.2926) (1.0920)

CAPM + γ + δ 0.0034 0.0059 0.0029 -0.0167 0.0117

(0.1090) (0.0979) (1.2345) (-0.2029)

Panel C: Nine porfolios from intersection of size and value factors

Model αααα ββββ s h γγγγ δδδδ Adj-Rsq

CAPM -0.0005 -0.0001 0.0436

(-0.0125) (-0.0038)

Three-factor Model-0.0048 0.0058 0.0064 -0.0001 0.2173

(-0.1095) (0.1241) (0.4006) (-0.0062)

Three-factor Model -0.0012 0.0055 0.0043 0.0012 -0.0053 0.2223

(-0.0238) (0.0948) (0.1899) (0.0729) (-1.5414)

Three-factor Model -0.0027 0.0100 0.0059 0.0024 -0.0026 -0.0052 0.2483

(-0.0514) (0.0613) (0.2027) (0.1440) (-0.6278) (-0.0304)

CAPM + γ 0.0032 -0.0016 -0.0021 0.0931

(0.0722) (-0.0332) (-0.6234)

CAPM + γ + δ 0.0009 -0.0013 -0.0097 0.0083 0.1248

(0.0194) (-0.0105) (-2.3258) (0.0590)
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