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This paper demonstrates the finding that time-varying expected idiosyncratic  

volatility has a significant and positive effect on expected stock returns for individual 

stocks as well as stock sectors. The positive relation remains after controlling for liquidity  

variables. The second finding is that time-varying expected market volatility has a significant

effect on expected stock returns for both individual stocks and stock sectors, which is 

consistent with the traditional capital asset pricing model. Although the models control 

for liquidity variables, the significantly positive relation still exists. In addition, expected  

idiosyncratic volatility plays a more important role than expected market volatility in  

determining expected stock returns in the case of individual stocks. In contrast, expected 

market volatility plays a more important role than expected idiosyncratic volatility in the 

case of stock sectors. 
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Introduction

 Idiosyncratic volatility or idiosyncratic risk which is defined as firm-specific risk 

does not figure in the traditional asset pricing model, the capital asset pricing model 

(CAPM). It is because systematic risk is only priced in equilibrium in such model. Indeed, 

systematic risk determines solely expected stock returns because idiosyncratic risk can 

be eliminated through diversification. In contrast, most studies document that only idiosyn-

cratic risk plays an important role in determining expected stock returns. 
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 Previous studies have shown, however, that there are three different results:  

positive, negative, and mixed relationship between idiosyncratic risk and expected stock 

returns. The well-known study of Merton’s (1987) paper states that idiosyncratic risk has 

predictive properties. Such theoretical work shows that idiosyncratic risk is positively  

related to expected stock returns because investors do not fully diversify their portfolios 

under an imperfect capital market. Later empirical papers still show that there is a positive 

relationship between idiosyncratic volatility and expected stock returns. In particular,  

Amihud and Mendelson (1989), Malkiel and Xu (2006), Goyal and Santa-Clara (2003), 

Spiegel and Wang (2005), Guo and Neely (2008), Boehme et al. (2009), Fu (2009),  

Ooi et al. (2009), and Bali and Cakici (2010) document that  idiosyncratic volatility is  

positively and significantly correlated with expected stock returns. Although their explanations

are slightly different, the main reason is that investors are able to diversify their portfolios 

well rather than the market portfolio.  In other words, market volatility or beta has no ability 

to explain the expected stock returns.

 Contrary to these assertions, some researchers have found that there is a negative 

relationship between idiosyncratic volatility and expected stock returns. The systematic 

risk, however, still does not matter. Guo and Savickas (2006), Ang et al. (2006; 2009),  

Angelidis (2010), and Guo and Savickas (2010) show that idiosyncratic volatility is  

negatively related to expected stock returns. Furthermore, Bali and Cakici (2008) state 

that there is a negative and significant cross-sectional relationship between idiosyncratic  

volatility and expected stock returns even though they use daily data to construct value- 

weighted portfolios based on the Center for Research on Security Prices (CRSP) breakpoint.

 There are several explanations for a negative relationship between idiosyncratic 

volatility and expected stock returns. In particular, Guo and Savickas (2006) state that 

value-weighted idiosyncratic volatility and market volatility are jointly significant predictors

of excess stock market returns by using quarterly data of the Center for Research on Security

 Prices. That is, it is consistent with CAPM that stock market volatility is positively related to 

expected stock return. On the contrary, value-weighted idiosyncratic volatility is negatively 

related to future stock return because of its negative co-movements with the consumption-

wealth ratio. In fact, such negative relationship results from the liquidity premium.

67



Inverstment Decision in Stock Market

 Additionally, Guo and Savickas (2010) document that value-weighted average  

idiosyncratic volatility is negatively correlated with future stock returns because it is a proxy 

for conditional variance of discount-rate shocks when using monthly data from the United 

States and G7 countries. Ang et al. (2006) conclude that aggregate volatility risk is 

negatively priced because risk-averse agents reduce current consumption to increase  

precautionary saving in the presence of higher uncertainty about future market returns. 

In addition, Angelidis (2010) shows that idiosyncratic risk predicts the market return only 

in conjunction with stock market risk when he uses monthly and quarterly data from 25 

emerging markets. Idiosyncratic risk is also the dominant component of tracking error  

volatility, and it might be a proxy for systematic risk omitted from the CAPM.

 The relationship between idiosyncratic volatility and expected stock return is 

shown to be mixed by using daily and monthly data. Huang et al. (2010) demonstrate 

that there is a negative relationship between estimated conditional idiosyncratic volatility 

and expected stock return based on daily data. Still, it is no longer significant after return 

reversals are controlled. In contrast, there is a significantly positive relationship between 

estimated conditional idiosyncratic volatility and expected stock returns based on monthly 

data when the model controls for return reversal. In addition, return reversal can help to 

illustrate both the negative relationship between value-weighted portfolio returns and  

idiosyncratic volatility, and the insignificant relation between equal-weighted portfolio  

returns and idiosyncratic volatility

 As a result, there is still no clear evidence to show whether idiosyncratic volatility 

is correlated with expected stock returns as well as market volatility, especially in the case 

of Thailand. The empirical research mentioned above shows relationships that reflect both 

positive and negative effects. Such results may lead to confusing implications, especially 

over how to construct the optimal portfolio. In addition, they do not show what exactly the 

role of liquidity should be in jointly determining expected stock returns. Therefore, this 

paper attempts to provide some evidence from the SET50 and stock sectors of the Stock 

Exchange of Thailand (SET) which show that expected stock returns are determined by 

conditional idiosyncratic volatility of individual stock as well as the conditional market vola-

tility. The additional robustness is whether the relationship still exists after liquidity variables 

are included in the models.
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 This paper is closely similar to Fu’s (2009) paper in adopting the conventional 

practice of using the realized return as an explained variable in both time-series and cross-

section regression setting.  Its main contribution, however, is that the time-varying idiosyn-

cratic volatility and market volatility from CAPM are controlled to test the pooled panel 

data and fixed effect panel data models. This study shows that the appropriate model to 

estimate idiosyncratic volatility conditional on information set at time t-1 is the “exponential 

generalized autoregressive conditional heteroskedasticity” (EGARCH) model from CAPM.  

It does not come from Fama-French three-factor model as in Fu (2009). Such model is  

proposed by Nelson (1991) which is extended from the GARCH model of Bollerslev’s 

(1986) work. Furthermore, the GARCH model is employed to estimate expected market 

volatility or beta for stock i at time t conditional on the information set at time t-1 from CAPM. 

Typically, the empirical test shows that the variance of idiosyncratic and market volatility 

is not constant. In addition, such variance does not follow random walk. It implies that the 

pooled and fixed effect panel data regressions are appropriate to examine the time-series 

and cross-section equations as used in Fama and MacBeth (1973).

 The time-series and cross-sectional data for this study come from the daily data on 

the SET50 index and the Thai Bond Market Association (ThaiBMA) from April 2001 to  

December 2009 which are 2,142 days in total. They comprise 97 stocks traded in the 

SET50 index during that period. Data also come from daily data of 28 stock sectors traded 

in the Stock Exchange of Thailand from March 2001 to December 2011.

 Next section presents the conceptual framework and methods. It is followed by 

the description of  data used, analysis of stock characteristics, and time-series and cross-

sectional effects from the pooled and fixed effect model. Conclusion is in the last section.

Concept and Method

 This paper examines whether conditional idiosyncratic volatility has an effect on 

expected stock returns including the effect of conditional market volatility or beta. It seeks 

to determine whether investors are compensated for bearing conditional idiosyncratic  

volatility in the same period. In addition, conditional market volatility is expected to be 

positively related to expected returns, similar to CAPM. Therefore, the result of this pa-

per is expected to observe a relation between expected return, expected idiosyncratic  
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volatility, and expected market volatility. However, investors are not able to observe  

expected stock returns and expected idiosyncratic volatility. Following Fu (2009), the  

conventional methodology is to use the realized return as the explained variable in both 

time-series and cross-section regression setting. In other words, such return is assumed to 

be the sum of the expected return and a random error. Thus, the pooled and fixed effect 

panel data regressions are applied to examine the time-series and cross-section equations 

as used in Fama and MacBeth (1973), as follows:

                        (1)

where the explained variable,  , stands for the daily realized return for stock i at time t and 

is assumed to be the sum of the expected return and a random error.   represents the 

explanatory variable l for stock i at time t.  Hence, there are several explanatory variables. 

That is, the daily expected idiosyncratic volatility for stock i at time t conditional on the  

information set at time t-1 is represented as  . The daily expected market volatility

or beta for stock i at time t conditional on the information set at time t-1 is denoted as 

 . The daily percentage bid-ask spread,  , is defined as the ratio of the  

difference between ask and bid price to the average of the sum of ask and bid price of 

stock i at time t.  is the daily illiquidity measure as discussed in Amihud (2002) which 

is defined as the daily absolute return over the trading volume in Thai baht (THB) of stock 

i at time t.  is the daily turnover ratio which is defined as the percentage of the ratio 

of the trading volume in units of shares on all boards to the number of listed shares on the 

same day for stock i at time t.  represents the daily value of stock i at time t which 

is defined as the product of trading volume and stock price on the same day.  is the total 

number of stocks at time t. T is the total of time periods.  is the constant return on stock i 

which is the only one constant in the pooled panel data regression, but it is allowed to vary 

in the fixed effect panel data regression. The error term,  , captures the deviation of the 

realized returns on stock i from its expected value. 

 Equation (1) focuses on  , especially the coefficient on expected idiosyncratic 

volatility and other explanatory variables, which are expected to be not equal to zero. Thus, 

the null hypothesis is  . In other words, expected idiosyncratic volatility is not priced 

if it equals zero as well as other explanatory variables. 
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 In addition to more details of explained variables,   is the daily realized return 

for stock i on day t. It is calculated from the ratio of daily closing price,  , the daily closing

price on day t-20,  , and dividend on the same day,  , to the daily closing price on 

day t-20 , assuming that there are approximately 20 trading days in one month.1 Therefore, 

this implies that it is the daily realized return over the past one month as stated in Ang et al. 

(2006; 2009) which is computed as:         

                      (2)

 The explanatory variables are then computed as the followings.   is the 

expected idiosyncratic volatility for stock i at time t conditional on the information set at 

time t-1. Following Bali et al. (2005), and Guo and Savickas (2008), such volatility can come 

from either the CAPM or the three-factor model of Fama and French (1993). It is due to 

the fact that both results are expressed similarly, as did Angelidis (2010). This study then  

applies the CAPM-base to calculate,  as in the following cross-sectional equation:

                         (3)

where   stands for the risk-free rate on day t as measured by a daily one-month treasury-bill

rate.  represents the daily market return on day t as measured by the daily return on 

SET50 index of the Stock Exchange of Thailand, assuming to be the stock market return. 

That is, it is the daily market return over the past one month (20 trading days) which is 

similar to daily stock return. The parameter  is a constant showing excess return on stock 

i. The coefficient  is the average daily beta or market risk for stock i consistent with the 

security market line.

 More importantly, the previous study measures the estimated idiosyncratic  

volatility of stock i at time t as the standard deviation of the regression residual,  . It is 

also assumed to have normal distribution with zero mean and variance  . In other words, 

 . 

 However, Fu (2009) suggests that it is not appropriate to describe a typical stock’s 

idiosyncratic volatility process as random walk because of its time-varying volatility. In  

1 There are total trading days of 2,142 in 105 months for individual stocks. Thus, it is approximately 20.4 

days in one month. It is consistent with sector data. A total of trading days is 2,650 in 130 months for  

sector of the Stock Exchange of Thailand. That is, it is approximately 20.38 days in one month. 
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addition, this study takes EGARCH into account as the appropriate model to estimate  

idiosyncratic volatility for stock i at time t conditional on the information set at time t-1. To 

make sure that conditional volatility exists, the regression residual  from equation (3) 

should be tested with the ARCH LM test for autoregressive conditional heteroskedasticity 

(ARCH).  The null hypothesis is that there is no ARCH up to q order in the residuals, and 

then the following regression analysis is performed:

                      (4)

where   is the regression residual of equation (3). Equation (4) is a regression analysis of 

the squared residuals on a constant,  , and lagged squared residuals up to order q. The 

null hypothesis is that  . If the null hypothesis is rejected, it means that there 

exists a significant ARCH effect in this model such that the idiosyncratic volatility is not 

constant. The test eventually shows a significant ARCH effect. 

 As a result, the appropriate model to estimate conditional idiosyncratic volatility 

is the EGARCH model proposed by Nelson (1991) which is extended from GARCH model 

of Bollerslev’s (1986) work. The exponential GARCH model parameterized the conditional 

variance in terms of a natural logarithm as follows:

                                          (5)

 This explicit equation (5) is employed to estimate the conditional variance,  . 

It yields the expected idiosyncratic volatility for stock i at time t conditional on information 

set at time t-1 such that  . Indeed, the expected idiosyncratic volatility is  

composed of the past p-period of forecast conditional variance,  , and the past  

q-period of return shocks or unexpected news,  . In addition to specification, each 

of nine different EGRACH models, EGARCH (1, 1-3; 2, 1-3; 3, 1-3), is employed to esti-

mate the conditional idiosyncratic volatility. After that, the best one with the lowest Akaike  

information criterion (AIC) or Schwarz information criterion (SIC) will be selected. Accord-

ingly, EGARCH (1, 1) is the best model and denoted as  in this study.  

 Apart from expected idiosyncratic volatility, there is an amount of market volatility 

of stock i. In fact, it is a proxy for market risk that cannot be diversified away relative to the 

market risk. Such market volatility is computed as follows:
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                       (6)

where   represents market volatility of stock i on day t.   is the  

covariance between returns on stock i on day t and market returns on the same day  

conditional on returns on 20-trading days.   is the variance of market returns 

on day t conditional on returns on 20-trading days. Still, this study shows that the variance 

of market volatility changes over time. This is why the GARCH model of Bollerslev (1986) is 

employed to estimate expected market volatility or beta for stock i at time t conditional on 

the information set at time t-1,  .  

 This paper illustrates further that market volatility does not have a constant vari-

ance. Equation (7) is the time-series regression that is performed before the residual of 

regression,  , can be tested with ARCH LM test for autoregressive conditional heteroske-

dasticity. The following regression is performed:

                       (7)

where equation (7) is the market volatility’s mean equation. The null hypothesis is that there 

is no ARCH up to q order in the residuals, similar to the form of equation (4). That is,

                      (8)

 If the null hypothesis  is rejected, it means that there exists a  

significant ARCH effect. Hence, the GARCH model is the appropriate model to estimate 

expected market volatility, as notated by Ooi, et al. (2009).

 As expected, the ARCH LM test shows that the autoregressive conditional  

heteroskedasticity exists. Thus, equation (9) is used to estimate expected conditional  

variance of market volatility or beta, which is composed of the last period expected  

conditional variance of market volatility,  , and the last period of unexpected news or 

information shocks,  , as follows:  

                        (9)

 Each of four GARCH models, GARCH (1, 1-2; 2, 1-2), is used for estimating the 

expected conditional market volatility, and the one with the lowest AIC or SIC is selected. 

Thus, GARCH (2, 2) was determined to be the best model and is represented as   

in this work.   
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 To check robustness of the relation between expected idiosyncratic volatility,  

expected market volatility and expected stock returns, liquidity variables are controlled for 

each model. In other words, liquidity variables can be interpreted as the demand-side in 

the stock market while idiosyncratic and market volatility can be considered as supply-side 

of the stock market. Such variables are employed to test whether both types of volatility still 

significantly determine expected stock returns. The first well-known market microstructure 

factor is the relative bid-ask spread,  . It is defined as the ratio of the difference between 

ask price and bid price to the average of the sum of ask price and bid price of stock i on 

day t as follows:

                               (10)

 The other liquidity variable is an illiquidity measure as discussed in Amihud (2002), 

which is called “Amihud measure”,  . It is defined as the daily absolute return over the 

trading volume in Thai baht of stock i on day t. That is,

                                   (11)

where   stands for the daily absolute return on stock i on day t, and  denotes the 

trading volume in Thai baht (trading value) of stock i on day t. As in Amihud (2002), the 

value of illiquidity measure,  , is  multiplied by 106. 

  Moreover, the simplest liquidity variable is the turnover ratio,  . It is defined 

as the percentage of the ratio of the trading volume in units of shares on all boards in the 

Stock Exchange of Thailand to the number of listed shares on the same day for stock i on 

day t. In addition, the value of each stock,  , that is traded on day t is an additional 

variable. It is defined as the product of trading volume and stock price on the same day. 

These liquidity variables are employed to test whether expected idiosyncratic and expected 

market volatility still significantly affect on expected stock returns.

  To summarize, the testable implications of Fama and macBeth model for expected 

stock returns as in equation (1) are: 

 1) The relationship between expected stock returns and volatility should not be 

zero. That is, the estimated coefficients on  and  

in all of the models should not be zero. The null hypotheses are  , and  .

That is, idiosyncratic risk and systematic risk are not priced 
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 2) The relationship between the relative bid-ask spread,  , and expected stock 

returns should be negative because the lower the relative bid-ask spread the higher the 

expected stock returns. It means that there are several investors who buy and sell stocks 

at time t.  Thus, the null hypothesis is  .

 3) The estimated coefficient on   should be positive. In fact, the null  

hypothesis is  . This means that there are many stocks traded in stock market which 

might, in turn, increase expected stock returns.  

   4) The estimated coefficient on   should be negative. Thus, the null hypothesis 

is   . In fact, the higher the value of illiquidity the lower the expected stock returns.   

 5) The estimated coefficient on    should be positive. Hence, the null hypothesis

is  . This means that the higher the turnover ratio the higher the expected stock returns. 

Data

 Data for studying the relationship between expected idiosyncratic volatility,  

expected market volatility, expected stock returns and other factors come from the daily 

data on the SET50 index and the Thai Bond Market Association (ThaiBMA) between April 

2001 and December 2009, a total of 2,142 days. They also come from daily data of 28 stock 

sectors traded in the Stock Exchange of Thailand from March 2001 to December 2011. 

Data comprise 97 common stocks which are traded in SET50 during that period. For more 

detail, SET50 index is calculated and composed of the top 50 listed companies in the Stock 

Exchange of Thailand. The criteria of such companies are the large market capitalization, 

high liquidity, and compliance with the requirement regarding the distribution of shares to 

minor shareholders. This index was launched on August 16, 1995, so this is the base date, 

set at 1000.

 For the variables of individual stocks, R stands for the daily realized stock  

returns over the past one month (20 trading days) reported in percentage, and representing  

expected stock returns. EIV is the daily expected idiosyncratic volatility conditional on the 

information set at time t-1 for stock i at time t which is estimated by using the EGARCH (1, 1) 

model. EBETA is the daily expected market volatility or beta for stock i at time t conditional 

on the information set at time t-1 which is estimated by using GARCH (2, 2) model. RS is 
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the daily relative bid-ask spread which is defined as the ratio of the difference between 

ask price and bid price to the average of sum of ask price and bid price of stock i at time t.

 VALUE is the daily value of stock i at time t, which is defined as the product of trading 

volume and stock price on the same day reported in Thai baht. ILR represents the daily 

illiquidity ratio as discussed in Amihud (2002), which is defined as the daily absolute return 

over the trading volume in Thai baht of stock i at time t, and multiplied by 106. TURN is the 

daily turnover ratio which is defined as the percentage ratio of the trading volume in units of 

shares on all boards to the number of listed shares on the same day for stock i. 

 For the variables of stock sectors, R
S
 stands for the daily realized stock returns 

over the past one month (20 trading days) reported in percentage, and representing  

expected stock returns. EIV
S
 is the daily expected idiosyncratic volatility conditional on the 

information set at time t-1 for stock i at time t which is estimated by using the EGARCH 

(1, 1) model. EBETAs  is the daily expected market volatility or beta for stock i at time t  

conditional on the information set at time t-1 which is estimated by using GARCH (2,2) 

model. VALUEs is the daily value of stock i at time t, which is defined as the product of 

trading volume and stock price on the same day reported in Thai baht. ILRs represents the 

daily illiquidity ratio as discussed in Amihud (2002), which is defined as the daily absolute 

return over the trading volume in Thai baht of stock i at time t. TURNs is the daily turnover 

ratio  which is defined as the percentage ratio of the trading volume in units of shares on all 

boards to the number of listed shares on the same day for stock i. 

 

Results
 This paper explores the mutual influences of expected idiosyncratic volatility and 

expected market volatility on expected stock returns. The mean risk-free rate as measured 

by the one-month Treasury-bill is equal to 0.198 percent per month while the average  

market return (average SET50 return) is equal to 1.094 percent per month. It is not  

interesting that the average market return is much higher than the average risk-free rate. 

That is, the average equity premium is equal to 0.895 percent per month. This is also the 

same when comparing individual stock returns with the risk-free rate. Indeed, almost all 

average stock returns are much higher than the risk-free rate; in other words, there exists a 

positive equity premium in the case of Thailand. These results imply that there is an equity 

premium in the SET50 index similar to those in the UK (6.1%), the US (6.1%), and Japan 

(8.8%) during the period 1946-2006 as shown by Corte et al. (2010).             
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 Table 1 presents the descriptive statistics of the pooled sample’s variables. The 

average expected stock returns (R) between April 2001 and December 2009 are 1.736 

percent per month. The average expected conditional idiosyncratic volatility (EIV) which 

comes from the EGARCH (1, 1) model is equal to 11.423 percent per month. Surprisingly,

it is quite similar to results shown by Fu (2009) which is equal to 12.67 percent per month 

because there are considerable uncertainties about stock returns in SET50. Equally  

important, the average expected conditional market volatility (EBETA) which is calculated 

from the GARCH (2, 2) model is equal to 12.740 percent per month. Such amount of  

volatility is slightly higher than the average expected conditional idiosyncratic volatility.  

More importantly, after using ARCH test, two regression residual tests of risk measure,  

i.e. equations (4) and (8), have a significant ARCH effect in the model with a 0.05  

significance level. It is also to be noted that the average expected stock returns are higher  

than expected conditional idiosyncratic volatility and market volatility during this time  

period. It implies that the idiosyncratic risk and systematic risk are very high because there 

are several uncertainties after the economic crisis in 1997 such as the unremunerated 

reserve requirement in 2006. 

 

Table 1 Summary statistics for the pooled sample of individual stocks

Note: This table reports the pooled descriptive statistics from 114,790 observations of 97stocks traded in 

the SET50 index from April 2001 to December 2009.
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 Liquidity variables have little average magnitude except on the stock value. The 

daily average percentage of relative spread (RS) is 0.781 percent. The daily mean value 

of the illiquidity ratio (ILR) is 0.674. The daily average turnover ratio (TURN) equals 0.472  

percent, and the mean of stock value equals 1.48X108 Thai baht. In addition, all the  

calculated p-values of Jarque-Bera test statistic are lower than a 0.01 significance level. 

This implies that all the residuals of variables are not normally distributed. However, it 

does not affect the results. That is, the estimators from the pooled and fixed panel data  

regressions are still minimum-variance unbiased.     

 Table 2 presents the descriptive statistics of the pooled sample’s variables for 

sectors of stock in the Stock Exchange of Thailand. The mean risk-free rate as meas-

ured by the one-month Treasury-bill is equal to 0.1980 percent per month; in contrast, the  

average market return (average return of stock sector) is equal to 1.1377 percent per month. 

In other words, the equity premium is equal to 0.9397 percent per month. It is consistent 

with individual stocks; therefore, it has an equity premium in the Stock Exchange of Thailand. 

 

Table 2 Summary statistics for the pooled sample of stock sectors

Note: This table reports the pooled descriptive statistics of stock sectors from 66,958 observations of 28 

sectors of stocks traded in the Stock Exchange of Thailand from March 2001 to December 2011. 

 The average expected stock returns (R
S
) between March 2001 and December 

2011 are 1.245 percent per month. The average expected conditional idiosyncratic volatility

(EIV
S
) which comes from the EGARCH (1,1) model is equal to 4.760 percent per month. It is 
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not a large amount compared with one of individual stocks. Similar to the average expected 

conditional market volatility (EBETA
S
), which is calculated from the GARCH (2,2) model, it is 

equal to 0.466 percent per month. Such amount of volatility is also lower than the average 

expected conditional idiosyncratic volatility. It is to be noted that both volatilities for stock 

sectors are lower than ones for individual stocks. In addition, the means of liquidity 

variables are lower than those of the individual stocks. In fact, the daily average value of 

stock sector (VALUE
S
) equals 6.50X108 Thai baht. The daily mean value of the illiquidity 

ratio (ILR
S
) is 8.24X10-5. The daily average turnover ratio (TURN

S
) equals 0.5217 percent 

each. 

 Following the Fama and MacBeth model, equation (1) is used to examine the rela-

tionship between expected conditional idiosyncratic volatility, expected conditional market 

volatility and expected individual stock returns by using time-series and cross-sectional 

daily data. The estimation results are summarized in Table 3 under models 1, 2, 3, 4, 5, and 

6. Such models can be shown explicitly as follows:

 All the models show that expected conditional idiosyncratic volatility displays a 

strongly positive relationship to expected stock returns at a 0.01 significance level, and the 

size of coefficient is approximately 0.245. The t-statistics are larger than 30. In addition, 

an average of adjusted R-squared is about 0.75. The positive relation is similar to Merton 

(1987), Amihud and Mendelson (1989), Malkiel and Xu (2006), Goyal and Santa-Clara 

(2003), Spiegel and Wang (2005), Guo and Neely (2008), Boehme et al. (2009), Fu (2009), 

Ooi et al. (2009), and Bali and Cakici (2010). However, it is contrary to the results of Guo 

and Savickas (2006), Ang et al. (2006; 2009), Angelidis (2010), and Guo and Savickas 

(2010). In addition, the coefficients on expected conditional idiosyncratic volatility 

(12)

(13)

(14) 

      (15) 

(16)

(17)
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gradually increase in models 3, 4, 5 and 6 after controlling for liquidity variables. This 

implies that liquidity variables make coefficients of idiosyncratic volatility slightly go up.

 The other finding states that expected conditional market volatility is positively 

and significantly related to expected stock return other than model 6. This relationship 

is weakly significant in the pooled panel regressions. Contrary to Goyal and Santa-Clara 

(2003), Fu (2009), Ooi et al. (2009), and Bali and Cakici (2010), expected market volatility is 

economically significantly positive in models 2, 3, 4, and 5, even though the models control 

for liquidity variables. Furthermore, the coefficients on conditional market volatility vary little 

after the explanatory liquidity variables are included in the regression models. This implies 

that liquidity variable does not influence its relationship. Still, unconditional market volatility 

does not play important role as stated in model 1.  

 Additionally, comparing EIV with EBETA, the coefficients on conditional idiosyn-

cratic volatility are quite the same size in all the models and larger than those of conditional 

market volatility. Therefore, conditional idiosyncratic volatility plays a more important role 

than conditional market volatility in case of individual stocks. In fact, an average coefficient 

on EIV equals 0.245 and an average coefficient on EBETA equals 0.013. This means that a 

change in 0.245% of EIV results in a change in 1% of stock returns in the next period, and 

a change in 0.013% of EBETA results in a change in 1% of stock returns in the next period.      

 Liquidity variables do not have a significant effect on the relationship between 

expected conditional idiosyncratic volatility and expected stock returns. It is interesting 

that the relative bid-ask spread has a strong negative correlation with the expected stock 

returns. It implies that the larger the relative bid-ask spread is, the lower the expected stock 

returns will be. Similarly, the illiquidity ratio has a significantly negative effect on the expected

stock returns in model 6. In contrast, the turnover ratio and the stock value have positive 

effects on expected stock returns. More importantly, the magnitude of the turnover ratio is 

larger than the other variables. This implies that the higher the stock value and the turnover 

ratio, the higher the expected stock returns should be. In other words, investors can obtain 

greater stock returns when stocks are more liquid in the stock market. Therefore, it is very 

useful to account for a frictionless stock market.    
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Table 3 Pooled panel data regressions of Fama and MacBeth model for individual stocks

Note: This table reports the coefficients of the pooled panel data regressions using Fama and MacBeth 

(1973) model. The sample is the daily data from April 2001 to December 2009. Intercept is the constant 

stock return in each model. * ** *** denote 0.10, 0.05 and 0.01 significance levels. 

 The results of pooled panel data regressions for stock sectors are shown in Table 4.

The main findings are the same as results from individual stocks. That is, expected condi-

tional idiosyncratic volatility is positively related to expected stock returns in all five models. 

Model 1 is a univariate pooled panel regression of expected stock return on EIV,  Model 

2 controls for EBETA,  Model 3 controls for EBETA and VALUE, and  Model 4 controls for  

EBETA, VALUE and ILR. Model 5, in addition, controls for EBETA and three liquidity  

variables. The estimated coefficients on EIV are positive and statistically significant at the 

0.01 level. The average slope on EIV is 0.3761, and t-statistics are larger than 54. Moreover, 

the mean of adjusted R-squared is about 0.073. The coefficients on expected conditional 

idiosyncratic volatility gradually go down after controlling for liquidity variables. In fact, 

liquidity variables make its effects on expected stock returns decrease. However, these 

findings indicate that stock sectors with higher expected conditional idiosyncratic volatility 

deliver higher expected returns, and are robust after controlling for liquidity variables.

 Models 2-5 in Table 4 also yield surprising evidence that expected conditional 

market volatility is positively related to expected stock returns in cross-section. This positive

relationship is statistically significant at 0.01 level. The average slope on EBETA is 0.9709, 

and t-statistics are larger than 12. The estimated coefficients change very little from 0.9181 

to 1.0247 after the explanatory liquidity variables are included in the regression models. 

This evidence indicates that liquidity variable does not influence considerably its relationship. 



Inverstment Decision in Stock Market

Table 4 Pooled panel data regressions of Fama and MacBeth model for stock sectors. 

Note: This table reports the coefficients of the pooled panel data regressions using Fama and MacBeth 

(1973) model. The sample is the daily data of stock sectors from March 2001 to December 2011. * ** *** 

denote 0.10, 0.05 and 0.01 significance levels.

 In contrast with findings from individual stock, conditional idiosyncratic volatility 

plays less important role than conditional market volatility in determining expected stock 

returns in case of stock sectors. Indeed, an average slope coefficient on conditional market 

volatility is larger than one on conditional idiosyncratic volatility. It implies that investors are 

able to diversify idiosyncratic risk through stock sectors. Even though both types of risks 

have positive effects on expected stock returns, systematic risk has a higher effect than 

idiosyncratic risk. Specifically, stock sector with higher systematic risk delivers higher 

expected stock returns.    

 As a robustness check, liquidity variables are controlled for. Models 3-6 demonstrate

that they do not change considerably the relationship between expected conditional 

idiosyncratic volatility and expected stock returns. It is similar to expected conditional mar-

ket volatility. Although the estimated coefficients change very little in models 1-5, there is 

still a significantly positive relation. Compared with individual stocks, similar results show 

that the average coefficients on stock value and turnover ratio are positive and statistically 

significant in all specifications. Moreover, the magnitude of average slope on turnover ratio 

is larger than the other variables. It implies that investors should construct portfolios with 

more liquidity to obtain higher expected returns in the stock market. More importantly, the 

estimated coefficients on illiquidity ratio are negative but statistically insignificant in model 

5 and model 6. Specifically, there is no significant relationship between illiquidity ratio and 

expected stock returns. There is an important point in equation (1) that could lead to a 

biased and inconsistent estimation because of an omitted-variable problem. Such omitted  
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variables might result in a change of the intercept,  , in equation (1). The fixed effect panel 

data model is used to remedy this problem and allow the constant term to vary over time 

and over cross-section units. The coefficient estimators, , then become unbiased and 

consistent. Importantly, after using the F-test and Chi-squares test to choose the model, 

the results show that the null hypothesis,  , is rejected at a 0.01 significance level. 

This indicates that fixed effect panel data regression is the appropriate model to estimate 

expected stock returns.     

 Table 5 shows the estimated coefficients on explanatory variables which are also 

the same as the results from the pooled panel data regressions. The fixed effect panel data 

regressions come up with statistically positive effects of expected conditional idiosyncratic 

volatility on expected stock returns. In fact, it is significantly related to expected stock 

returns in all the models. The estimated coefficients on EIV are quite similar, i.e. they vary 

little from 0.240 to 0.257, and are statistically significant at a 0.01 significance level. The t-

statistics are larger than 29.37, and an average adjusted R-squared is 0.755. Furthermore, 

the models which control for liquidity variables do not give a substantial change in the 

expected conditional idiosyncratic volatility. It implies that liquidity variables do not have 

much effect on the relationship between expected conditional idiosyncratic volatility and 

expected stock returns. 

 

Table 5 Fixed effect panel data regressions of Fama and MacBeth model for individual stocks. 

Note: This table reports the coefficients of the fixed effect panel data regressions using Fama and  

MacBeth (1973) model. The sample is the daily data from April 2001 to December 2009. Intercepts are not 

presented here due to an excess of data. * ** *** denote 0.10, 0.05 and 0.01 significance levels.

 Consistent with the pooled panel data regressions, Models 2-5 also show that  

expected conditional market volatility is positively and significantly related to expected 
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stock returns in all the models. However, the estimated coefficients are statistically  

significant at a 0.10 significance level, and 0.05 significance level. They are smaller than 

those of expected conditional idiosyncratic volatility as well. That is, an average slope on 

EBETA is 0.016, and t-statistics are larger than 1.78. Liquidity variables, however, do not 

change the significant effect of expected market volatility. Therefore, not only are the coef-

ficients on expected idiosyncratic volatility from the fixed panel data regressions similar to 

those from the pooled panel data regressions, the coefficients on expected market volatility 

from the fixed panel data regressions are also similar to the ones from pooled panel data 

regressions.  

 Another important finding is that all the explanatory liquidity variables have strong 

predictive power: stock value and turnover ratio are positive and significantly related to  

expected stock returns. In contrast, there is a significantly negative relation between  

relative bid-ask spread, illiquidity ratio and expected stock returns. In the SET50, the  

estimated coefficients on relative bid-ask spread and turnover ratio are very large, so li-

quidity premium plays an important role.

 Table 6 shows the estimated coefficients on explanatory variables of models in 

equation (1) for stock sectors by using fixed effect panel data regressions. The results of 

such regressions come up with strongly positive effects of expected conditional idiosyn-

cratic volatility on expected stock returns. The average slope coefficients on EIV vary from 

0.3822 to 0.4330, and are statistically significant at a 0.01 significance level. The t-statistics 

are larger than 56.36, and an average adjusted R-squared is 8.85. Consistent with results 

of individual stocks, it is positively related, significantly, to expected stock returns in all the 

models. In addition, expected conditional market volatility is positively and significantly 

related to expected stock returns in models 1-5, which is similar to results of individual 

stock. The average slope coefficients on EBETA change very little from 1.3094 to 1.4438. 

The t-statistics are larger than 16.19. In particular, expected conditional market volatility 

plays a more important role than expected conditional idiosyncratic volatility, as indicated 

in average slopes on EBETA being larger than the ones on EIV.
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Table 6 Fixed effect panel data regressions of Fama and MacBeth model for stock sectors. 

Note: This table reports the coefficients of the fixed effect panel data regressions using Fama and  

MacBeth (1973) model. The sample is the daily data of stock sectors from March 2001 to December 

2011. Intercepts are not presented here due to an excess of data. * ** *** denote 0.10, 0.05 and 0.01 

significance levels.

 Furthermore, models 3-5 which control liquidity variables have significant effects 

on expected conditional idiosyncratic volatility and expected conditional market volatility.  

It implies that liquidity variables do not change the considerable effects of expected  

conditional idiosyncratic volatility and expected conditional market volatility on expected 

stock returns. The estimated coefficients, however, go down after explanatory liquidity  

variables are controlled for. Otherwise, illiquidity ratio is not significantly related to  

expected stock returns contrary to individual stocks.

 Models 1-5 in Table 7 demonstrate the estimated coefficients on explanatory  

variables in equation (1) for stock sectors by using random effect panel data regressions. 

All the findings are similar to the estimated coefficients from pooled panel data regressions 

for stock sectors. In other words, the results of such regressions come up with significantly 

positive effects of expected conditional idiosyncratic volatility on expected stock returns.  

The average slope coefficients on EIV change very little from 0.3803 to 0.4314. The  

t-statistics are larger than 57.81, and an average adjusted R-squared is 0.084. Consistent 

with results from pooled panel data regressions for stock sectors, these coefficients are 

statistically significant at a 0.01 significance level in all the models. Additionally, expected 

conditional market volatility is positively and significantly related to expected stock  

returns in models 2-5. The estimated coefficients on EBETA change very little from 1.2841 

to 1.4163. The t-statistics are larger than 16.89. Specifically, expected conditional market 

volatility plays more important role than expected conditional idiosyncratic volatility.
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Table 7 Random effect panel data regressions of Fama and MacBeth model for stock sectors

Note: This table reports the coefficients of the random effect panel data regressions using Fama and 

MacBeth (1973) model. The sample is the daily data of stock sectors from March 2001 to December 2011. 

Intercepts are not presented here due to an excess of data. * ** *** denote 0.10, 0.05 and 0.01 significance levels.

 In addition, models 3-5 show that liquidity variables do not change the considerable

effects of expected conditional idiosyncratic volatility and expected conditional market vol-

atility on expected stock returns. The idiosyncratic coefficients reduce after models control 

for explanatory liquidity variables. In particular, illiquidity ratio is still not significantly related 

to expected stock returns. More importantly, this study tests whether random-effect model 

or fixed-effect model is more appropriate. Thus, Hausman test should be performed. The 

null hypothesis is that random-effect model is the true model,  . The test 

shows that the null hypothesis is rejected at a 0.01 significance level for both stock sectors 

and individual stocks. Therefore, it implies that the appropriate model is fixed panel data 

regression.       

Conclusions

 Previous empirical studies show that there is a statistically significant relation  

between idiosyncratic volatility and expected stock returns, especially on the NYSE, Amex, 

and Nasdaq. Similarly, the findings of this paper document that expected idiosyncratic  

volatility for individual stocks has a significant effect on expected stock returns. Even 

though models control for liquidity variables, it still has a significant effect on expected 

stock returns for stock sector. The daily data for testing come from SET50 and stock sector 

of the Stock Exchange of Thailand. In contrast with Guo and Savickas (2006), Ang et al. 

(2006; 2009), Bali and Cakici (2008), Angelidis (2010), and Guo and Savickas (2010), such 

volatility is positive and significantly related to expected stock returns.  The magnitude of 

coefficients for individual stocks is larger than one for stock sectors. Besides, the estimated 
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coefficients of idiosyncratic volatility are quite equivalent magnitudes in all the models for 

both individual stock and stock sector. More importantly, liquidity variables do not change a

significant effect of expected idiosyncratic volatility. This evidence supports the assumption

of under-diversification which states that idiosyncratic volatility is positively related to 

expected stock returns because the investor might not hold perfectly diversified portfolio. 

 Another contribution is that expected market volatility or beta plays an important 

role in determining expected stock returns contrary to the  findings of  the papers cited 

above for both individual stock and stock sector. Consistent with the traditional CAPM, there 

is a significantly positive relation between expected market volatility and expected stock  

returns. Although models control for liquidity variables, a positive relation remains. As a 

result, liquidity variables do not change its significant effect on expected stock returns for 

the stock sector.  However, the coefficients of market volatility are larger than the ones of 

idiosyncratic volatility. This means that systematic risk is more important than idiosyncratic 

risk in the stock sectors. That is, investors can reduce the effect of idiosyncratic risk through  

portfolio diversification. In contrast, idiosyncratic risk plays a more important role in individual

stocks. More importantly, the results imply that expected market volatility conditional on 

information set at time t-1 estimated by the GARCH (2, 2) model and expected idiosyncratic 

volatility conditional on information set at time t-1 estimated by the EGARCH (1, 1) model are 

the appropriate proxies for market and idiosyncratic volatility. It means that such volatilities 

are very volatile over time.        

   In addition, stock value and turnover ratio have significantly positive effects on  

expected stock returns for individual stock. In contrast, relative bid-ask spread and illiquidity 

ratio are negatively related to expected stock returns. Indeed, the higher the relative bid-ask 

spread is, the lower the expected stock return to investors. Similarly, value of stock sector 

and turnover ratio of stock sector have significantly positive effects on expected stock  

returns. Yet, illiquidity ratio has no significant effect in case of stock sectors. However,  

investors are able to earn the liquidity premium by investing in a frictionless stock market. 

  In the Stock Exchange of Thailand, the time-varying idiosyncratic volatility plays a 

less important role than the time-varying market volatility in case of stock sector, especially if 

the sizes of coefficients in both cases are compared. In other words, investors should always 

consider the sources of market volatility before they decide to construct portfolios to invest 
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in the stock market. This volatility might come from an economic downturn, the fluctuation of 

foreign exchange rates or political crises, etc. Furthermore, investors should construct their 

portfolios by selecting common stocks with high idiosyncratic volatility. This could increase 

in their expected stock returns. Consequently, risky common stocks should be the first  

investment priority because they have high idiosyncratic volatility that results in high  

expected stock returns. Similarly, portfolios with high idiosyncratic volatility will deliver high 

expected stock returns. This investment strategy is also useful for the Stock Exchange of 

Thailand and Securities Exchange and Commission in selecting companies to list on the 

stock market. That is, the first priority of stock selection is idiosyncratic volatility. However, 

the different implication from this study might be due partly to the efficiency of the market. 

This should be examined in a future research, especially the role of idiosyncratic volatility.   
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