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Much literature finds that the skewness in the return distribution is negatively correlated with the risk premium coefficient, and
speculation is the reason for the skewness in the return distribution. As further research, this paper, first taking up the time-varying
property of the risk premium coefficient, proposes a GARCH-Mmodel with a time-varying coefficient of the risk premium for an
empirical study of the correlation between the conditional skewness in the return distribution and the time-varying risk attitude.The
empirical study indicates that the coefficient of the risk premium varies with the time, and even in a mature market the conditional
skewness in the return distribution is negatively correlated with the time-varying coefficient of the risk premium.

1. Introduction

The study of the skewness in the return distribution has
gradually become the hot topic in Finance. Much literature
([1–3], etc.) finds that there exists more or less skewness in
the return distribution.

The negatively skewed return distribution will increase
the loss probability, while the positively skewed one will
increase the possibility of gaining. Building an optimal asset
portfolio allowing for the skewness has been one of the
most attractive topics in investment portfolio research. For
example, Samuelson [4], Lai [5], Prakash et al. [6], Canela
and Collazo [7], and Zakamouline and Koekebakker [8] are
all related to this field. Meanwhile, after recognizing the
importance of the skewness, it has been given the same
importance as the mean and the variance in researching in
the problem of security pricing (see, e.g., [9–12]).

More and more scholars have begun to study the proper-
ties of the skewness due to the fact that it plays an important
role in asset pricing. How the skewness changes with the
time under the influence of various factors is one of the most
densely studied topics. In specifying most of the models in
the past, the distribution assumption did not involve the time
variation of the skewness. For example, it was assumed, to
the effect, that the skewness does not vary with the time
in the GARCH model proposed in Bollerslev [13]. Some

scholars discussed the persistence of the skewness, but their
conclusions are not consistent. Singleton and Wingender
[14] find that the positive skew is very likely to be negative
in the next time period, while the negative skew will very
probably turn to be positive in the next period of time; Lau
and Wingender [15] believe that the skewness approaches to
nothing in the long run, and some researchers hold that there
does not exist persistence in the skewness (see, e.g., [16, 17]).

A number of studies have argued for the existence of
the time variation of the skewness from various perspectives,
among which Harvey and Siddique [18] study is a pioneering
study of great significance on the time variation of the
skewness. On the basis of a GARCH model, they studied the
time variation of the skewness and proposed an autoregres-
sive conditional skewness model with the empirical results
showing that the skewness in the return distribution varies
with the time. Following their thinking,most of later research
studied the time-variation problem in the framework of the
GARCH-type models [19]. Higher moments models have
difficulties in parameter estimation due to the number of
parameters. León et al. [20] estimated the autoregressive
conditional variance, the skewness, and the kurtosis using
the Gram-Charlier series expansion of the normal density
function, as this estimation procedure can incorporate the
skewness and the kurtosis in the model as parameters and
thus solved the problem of parameter estimation in higher
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moments models. Chan [21] modeled the time variation of
highermoments usingmaximumentropy density (MED) and
produced relatively better results.

Due to the fact that the reasons for the skewness in
the return have not been understood, consensus cannot be
achieved on the constraints for the optimization and the pric-
ing kernel process in portfolio selection, although advances
have been made in the research and the empirical studies
of skewness. Consequently, more and more researchers have
switched their research foci to the reasons for the skewness.

Bakshi et al. [22] believed that investors risk aversion
will lead to the negative skewness in the return distribution.
Ekholm and Pasternack [23] built a theoretic model on the
basis of the negative news threshold hypothesis, and with
empirical evidence they believe that the different releasing
policies for positive and negative information are responsible
for the skewness in the return distribution. Wen et al. [24]
suggested that, with investors’ overconfidence and regret
aversion, their reaction to the nonlinear arrival of informa-
tion will lead to the skewness in the return distribution,
which was supported by their simulation. Bae et al. [25] find
that the low level of corporate governance may be the cause
of the positive skewness in the return distribution. Xu [26]
finds that the skewness in the return distribution is positively
correlatedwith the return of the current period but negatively
correlated with that of the last period, which indicates that
the skewness in the return distribution may be related to
investors’ reactions to the return. Besides, many scholars
have attempted to identify the reasons for the skewness
from different perspectives, such as trading volume, and the
heterogeneity of the investors [27, 28], but an agreement has
yet to be achieved on the conclusion of the reasons.

Wen and Yang [29] suggested that skewness is related
to investors’ risk attitude in stock market and too much
speculative behavior in the market is responsible for the
positive skewness in the return distribution. They employed
a GARCH-M model to test the composite indices of 33
securities markets, and the empirical evidences showed
that the skewness in the return distribution is significantly
negatively correlated with the risk premium coefficient. This
conclusion was derived from the comparison of different
markets, but many factors, such as the differences of the cul-
tural background of market players, and the microstructure
of the markets may influence the relationship between the
speculation in the market and the skewness in the return
distribution, so it is necessary to further study the correlation
between them on the dimension of time.

Based on Wen and Yang [29], the autoregressive condi-
tional skewness model in Harvey and Siddique [18] can be
introduced to characterize the conditional skewness process
in order to further examine the correlation between the
skewness in the return distribution and the risk premium
coefficient on the dimension of time. GARCH-M can be
employed to examine the tradeoff between the risk and the
risk premium in investors’ investment decision, but in the
GARCH-M model, the risk premium coefficient is held con-
stant in a certain period of time and thus cannot generate the
time-varying risk premium series corresponding to the con-
ditional skewness process. Anderson et al. [30] proposed an

ANST-GARCH (Asymmetric Nonlinear Smooth-Transition
GARCH) model by introducing a smooth-transition speci-
fication to extend the GARCH model and studied the time
variation of the risk premium using the ANST-GARCH-M
model. In Anderson’s model, the time variation of the risk
premium is essentially related to the error of the last period
(the unexpected return), and the reason for the time variation
has not been thoroughly discussed.

This paper suggests that the time variation of the risk pre-
mium coefficient is related not only to the unexpected return
but also to the risk and the speculation of the prior periods.
Therefore, we first construct a time-varying risk premium
coefficient incorporated GARCH-Mmodel to study the time
variation of the risk premium coefficient. On the basis of
the above model, we propose a time-varying risk premium
coefficient incorporated GARCH-Mmodel with Harvey and
Siddique’s [18] autoregressive conditional skewness model to
introduce the conditional skewness process. Finally, we select
14 most representative stock composite indices as samples to
conduct an empirical investigation.

2. The Relationship between Risk
Attitude and Skewness

2.1. Measure for Risk Attitude: Risk PremiumCoefficient. Wen
and Yang [29] argued that, “the biggest difference between
investors and speculators is their attitude towards risk, most
investors are risk averse, while most speculators are risk
tolerant,” and “the more speculative a market is, the smaller
average coefficient of risk premium 𝛾 is.” Then they used the
𝛾 coefficient in the GARCH-Mmodel as the measure for risk
attitude.The 𝛾 coefficient in the GARCH-Mmodel describes
the average risk premium investors demand for a unit risk in
the market, that is, risk attitude or risk tolerance, also called
the risk premium coefficient. The expression of the GARCH-
Mmodel is
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In this model, the return rate is divided into three parts:

the average return rate 𝑐 + 𝑥
𝑡
𝛽 related to exogenous variables,

the risk premium 𝛾√ℎ
𝑡
, and the volatility return rate related

to exogenous shocks (it is regarded as the gain not expected
by investors, i.e., the unexpected gain). Obviously,

𝛾 =
Δ𝑟
𝑡

Δ√ℎ
𝑡

, (2)

which shows that 𝛾 is the risk premiumcoefficient for a unit of
risk. So the risk premium coefficient 𝛾 can be used tomeasure
themagnitude of the compensation for the risk investors take
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Table 1: Basic statistics of the daily return series of indices.

Mean Std. dev. Skewness Jarque-Bera ADF test ARCH-LM test
S&P 500 −0.006210 1.400254 −0.114384 6587.713 −38.3026 153.6778
Dow Jones −0.000915 1.317075 0.047682 6299.268 −37.8115 150.5500
NASDAQ −0.000440 1.747697 0.175155 2298.068 −37.5163 100.7235
NYSE 0.002528 1.397271 −0.283905 9121.484 −37.44753 190.2067
Nikkei225 −0.011831 1.660565 −0.292542 3821.667 −48.86196 325.9931
FTSE 100 −0.005793 1.357928 −0.106906 3927.123 −21.9967 153.3013
SSE 0.019730 1.714406 −0.105263 1629.944 −27.6192 5.505159
DAX −0.002373 1.692539 0.070301 1798.858 −49.73979 119.7851
CAC 40 −0.016852 1.587710 0.052661 2746.579 −23.62872 111.7417
GSPTSE 0.012879 1.250443 −0.679786 9174.220 −51.28554 161.5086
MIBTEL −0.030404 1.316993 −0.158677 4999.875 −20.68796 123.2172
IGBM 0.020879 1.364191 −0.061860 4384.783 −46.61378 123.3914
BVSP 0.067122 2.025965 −0.093354 1355.060 −46.66775 131.7443
Hangseng 0.017219 1.676433 0.037793 7002.364 −48.77268 223.4757
Note: the J-B statistic, the ADF test, and the ARCH-LM test are all at 1% significance level.

in the market. Compared to an investor, a speculator’s risk
tolerance is higher, that is to say, the risk premium coefficient
is lower 𝛾. The more speculation there is in a market, the
smaller the average risk premium coefficient 𝛾 is.

2.2. RobustMeasure for Skewness. For a return series {𝑅
𝑡
}, the

most widely used measure for the skewness is

SK
1

= 𝐸(
𝑅
𝑡
− 𝜇

𝛿
)

3

, (3)
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2
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− 𝜇)
2. But much literature (e.g.,

[31]) finds that SK
1
is very sensitive to outliers and thus not

a robust measure. This paper adopted the robust skewness
measure proposed by Groeneveld and Meeden [32]:
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(4)

2.3. Samples and Statistics. According to the World Bank
Report 2009, the GDP of the top 10 countries accounted
for 65.4% of the world GDP. The 10 countries were USA,
Japan, China, Germany, France, UK, Italy, Brazil, Russia, and
Spain. This paper would have chosen their representative
stock indices from the Yahoo finance as the samples, and the
time duration is January 1, 2001, to December 31, 2009. As
there are no stock index data of Russia in Yahoo finance, this
paper chose Canada which was the eleventh in 2008 world
GDP ranking as the substitute for data source consistence.
These representative indices are S&P500,Dow Jones,Nasdaq,
NYSE, Japan’s Nikkei 225, China’s SSE and China Hongkong’s
Hangseng, Germany’s DAX, France’s CAC40,UK’s FTSE 100,
Italy’s MIBTEL, Brazil’s BVSP, Spain’s IGBM, and Canada’s
GSPTSE, 14 indices all together, which include most of the
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Figure 1: Relationship between coefficient 𝛾 and SK
2
measurement.

representative stock markets in North America, Europe, and
Asia. The return is calculated with 𝑟

𝑡
= 100 ∗ (ln𝑃

𝑡
− ln𝑃

𝑡−1
).

The basic statistics of the daily return of the above chosen
indices are shown in Table 1.

The J-B statistics in Table 1 show that all the return series
of the above indices are not normal, but more or less right-
or left-skewed (skewness ̸= 0). The ADF test for the return
series shows that all the series are stationary.The results of the
ARCH-LM test indicate that the accompanying probabilities
are all less than those at the 1% significance level, which
implies that there exists error ARCH effect in the error series.
Therefore we employ the GARCH type model to capture the
volatilities of the indices.

2.4. Empirical Results. Following the thinking of Wen and
Yang [29], this paper first compared cross-sectionally the
correlation between the risk premium coefficient and the
skewness of the 14 stock indices. The results are tabulated in
Table 2 and Figure 1. We can see that as the usual skewness
measure is very sensitive to the outliers, the values of SK

1
for

various indices are quite different from each other, while the
values of the robust measure SK

2
are obviously rather consis-

tent with each other. Further statistical analysis found that the
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Table 2: Risk premium coefficients and skewness of indices.

SK1 SK2 𝛾 𝑃 value
S&P 500 −0.114384 −0.070551 0.059168 0.0026
Dow Jones 0.047682 −0.047682 0.055383 0.0046
NASDAQ 0.175155 −0.057890 0.050780 0.0108
NYSE −0.283905 −0.074509 0.070776 0.0004
Nikkei225 −0.292542 −0.031569 0.036404 0.0763
FTSE 100 −0.106906 −0.048346 0.052449 0.0098
SSE −0.105263 −0.040100 0.046433 0.0096
DAX 0.070301 −0.066459 0.068993 0.0005
CAC 40 0.052661 −0.032634 0.047085 0.0193
GSPTSE −0.679786 −0.045354 0.074935 0.0001
MIBTEL −0.158677 −0.065010 0.056490 0.0044
IGBM −0.061860 −0.063446 0.095071 0.0000
BVSP −0.093354 −0.048321 0.080769 0.0001
Hangseng 0.037793 −0.029994 0.048903 0.0111

correlation between the risk premium coefficient and SK
1
for

the 14 stock indices is −0.21613, while the correlation between
the robust skewness measure SK

2
and the risk premium

coefficient is −0.54081, both being significantly smaller than
zero, which shows the skewness in the return distribution
and the risk premium coefficient are significantly negatively
associated.The above empirical results are consistent with the
conclusion in Wen and Yang [29], which has further proved
that the skewness in the return distribution is closely related
to the degree of speculation in the market.

3. Time-Varying Risk Premium
Coefficient and Skewness

The above negative correlation between the skewness in the
return distribution and the risk premium coefficient was
derived from the returns of different markets at the same
time period. In the foregoing section, we have pointed out
that many factors like different cultural background and
different microstructure of different markets may influence
the relationship between the degree of speculation and the
skewness in the return distribution. If the research is confined
in the same market, these factors can be ignored. Therefore
it is necessary to further study the correlation between the
skewness in the return distribution and the risk premium
coefficient in the same market on the dimension of time.

3.1. Time Variation of Risk Premium Coefficient. In fact, the
GARCH-Mmodel has an implied assumption that the return
compensation investors demand for a unit of risk is invariant
in a certain period of time. Wen and Yang [29] conducted
a preliminary study of the relationship between the risk
premium coefficient and the skewness in the return distri-
bution on the dimension of time in the same markets. They
divided the return series of each market into 4 subsamples
of 4 different horizons and found that the risk premium
coefficients and the skewness for different time periods in

the same market were quite different but were still sig-
nificantly negatively correlated. The fact that the skewness
may vary at different time periods is consistent with many
scholars’ research conclusions, but there are few studies
on the time variation of the risk premium coefficient. The
empirical evidences provided by Wen and Yang [29] showed
that in the same market the risk premium coefficient may
change with the time; that is to say, in reality investors’ risk
attitude may be different at different time periods under the
influence of some factors.

In order to investigate the possible relationship between
the risk premium coefficient and the skewness in the return
distribution on the time dimension, this paper first studies
the time variation of the risk premium coefficient.

Previous studies found that investors’ risk aversion varies
at different time periods ([33, 34], etc.). The higher risk aver-
sion means higher return compensation investors demand
for unit risk they take, which implies that the risk pre-
mium coefficient should vary with time and other factors.
Anderson et al. [30] proposed the ANST-GARCH-Mmodel,
assuming the risk premium coefficient is related to prior
unexpected gains and characterizing the premium coefficient
as 𝛿
1

+ 𝛿
2
𝐹(𝜀
𝑡−1

), where 𝐹(𝜀
𝑡−1

) = {1 + exp[−𝛾(𝜀
𝑡−1

)]}
−1,

which essentially allows for the time variation of the risk
premium coefficient. Their empirical results also indicated
that, in reality, investors’ risk tolerance will vary with the time
under the influence of prior unexpected gains.

Thaler Richard and Johnson Eric’s [35] study gave a
tentative explanation to the problem of how prior outcomes
affect the risk-taking decision of the current period. Their
research suggested that as prior gains can cushion the possible
loss of the current period, the investor’s risk attitude will be
enhanced and thus encourage him to take more risk and
even engage in speculation. This phenomenon is called the
“house money” effect; the investor, in fact, records prior
gains in a specific mental account and thinks that is only
“house money.” On the contrary, prior losses will increase the
investor’s current risk aversion, since another loss will make
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the investor feel much more “painful” than the average loss.
Based on the above findings, Barberis et al. [36] introduced
the utility function of the prospect theory into their capital
asset pricingmodel and discussed that investors’ risk aversion
will vary due to their prior behaviors in capital asset pricing.
According to the prospect theory, the valuation of the gain
and the loss is determined according to the selection of the
reference point. This paper, based on Barberis et al. [36],
assumes that prior gains confirmed by the investor are only
the unexpected gains, that is, the unexpected return in the
model.

In addition to allowing for the influence of the last-period
unexpected return on the investor’s risk attitude, this paper
further considers the possible influence of other factors. First,
as a market participant facing various risks in the market, the
investor must have the capacity to tolerate certain degree of
risk; that is to say, every investor has the intrinsically invariant
potential to speculate; secondly, human’s behavior exhibits a
certain measure of continuity; current behavior is more or
less influenced by prior behavior, and speculative behavior
may, to some extent, find its root in prior behavior; finally,
conventional theories hold that, in making their investment
decisions, investors will unavoidably consider the gain and
the loss, and they will take into account the risk factors in
addition to the last-period unexpected return. These factors
jointly determine the investor’s risk attitude. On the basis
of the above discussion, this paper proposes the following
GARCH-M model allowing for time-varying risk coefficient
to further investigate the possible influence of these factors
on the investor’s risk attitude:

𝑟
𝑡

= 𝑐 + 𝑥
𝑡
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(5)

Different from the original GARCH-M model, our model
assumes that the risk premium coefficient is time-varying. In
the model, 𝜌

0
is the basic risk premium investors demand for

a unit of risk, which can be interpreted as the invariant risk
premium investors demand for certain kinds of risk inherent
in the market for a certain period of time; 𝜀

𝑡−1
/𝑓(ℎ
𝑡−1

) is
the risk adjusted unexpected return of the last period, where
𝑓(ℎ
𝑡
) is a function of the time-varying variance ℎ

𝑡
(mostly

in the forms of ℎ
𝑡
, √ℎ
𝑡
, ln(ℎ

𝑡
)), 𝜌
1
means that the current

risk attitude can be more or less jointly influenced by the
unexpected return and the risk of the last period; 𝜌

2
expresses

that the current risk attitude can be influenced, to a certain
extent, by the last-period risk attitude, reflecting the average
level of the influence of historical behaviors on the current
behavior.

3.2. Autoregressive Conditional Skewness Model Allowing for
Time-Varying Risk Premium Coefficient. Harvey and Sid-
dique [18], based on a noncentral 𝑡 distribution, characterized

the time variation of the variance and the skewness simulta-
neously using a simple autoregressive conditional skewness
model, GARCHS(1, 1, 1) (GARCH with skewness):
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where 𝑟
𝑡
is a variable to be modeled, for example, the index

return in the stock market; 𝜑

𝑍
𝑡−1

is the conditional mean,
where 𝑍

𝑡
is an instrumental variable completely based on the

information set Ω
𝑡
; the error term 𝜀
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Estimating models (5) and (6) independently can give us

the conditional skewness and the time-varying risk premium
coefficient, respectively. Then we can investigate the correla-
tion between them on the dimension of time. But estimating
the twomodels independently is likely to separate the various
features of the return series undesirably, which are actually
embodied in the return series. It is even more likely that
the relationship between the various features of the return
series will be distorted, especially when the two models are
estimated on the basis of different distribution assumptions.
On the other hand, in accounting for the skewness, the
distribution assumption for the conventional GARCH-type
model fails to describe the time-varying process of the
skewness, but the noncentral t distribution can be employed
to characterize the time variation of the skewness. Therefore,
this paper integrated the above twomodels into the following
GARCH-M model allowing for time-varying risk premium
coefficient (for consistency, this paper uses √ℎ

𝑡
for 𝑓(ℎ

𝑡
)):
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(7)

This model affords a potential tool for further studying the
relationship between the risk premium coefficient and the
skewness on the dimension of time.

3.3. Model Estimation. The equation of the conditional non-
central t distribution is too complicated, which causes much
difficulty in model estimation. León et al. [20] estimated the
autoregressive conditional variance, skewness, and kurtosis
model using the Gram-Charlier series expansion of the
normal density function. Xu [26], on the basis of León et
al.’s work, proposed that the parameters of GARCHS(1, 1, 1)
can be estimated using the Gram-Charlier series expansion
of the normal density function and truncating at the third
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moment.With the available information setΩ
𝑡−1

, the approx-
imate expression of the conditional density function of the
standardized error 𝜂

𝑡
= 𝜀
𝑡
ℎ
−1/2

𝑡
of the error 𝜀

𝑡
can be obtained:

𝑔 (𝜂
𝑡

| 𝐼
𝑡−1

) =
1

√2𝜋
𝑒
−𝜂
2

𝑡
/2

(1 +
𝑠
∗

𝑡

3!
(𝜂
3

𝑡
− 3𝜂
𝑡
))

= 𝜙 (𝜂
𝑡
) 𝜓
2

(𝜂
𝑡
) ,

(8)

where 𝑠
∗

𝑡
denotes the conditional skewness of 𝜂

𝑡
; 𝜙(𝜂
𝑡
) is the

probability density function of the standard normal distri-
bution, (1/√2𝜋)𝑒

−𝜂
2

𝑡
/2

; 𝜓(𝜂
𝑡
) is the polynomial part of the

Gram-Charlier series’ third-order expansion, 1 + (𝑠
∗

𝑡
/3!)(𝜂

3

𝑡
−

3𝜂
𝑡
). Hence we get the likelihood function of the sample:

SLF = −
1

2
(𝑇 − 1) × ln (2𝜋) −

1

2

𝑇

∑

𝑡=2

ln ℎ
𝑡
−

1

2

𝑇

∑

𝑡=2

ln 𝜂
2

𝑡

+

𝑇

∑

𝑡=2

ln(1 +
𝑠
∗

𝑡

3!
(𝜂
3

𝑡
− 3𝜂
𝑡
)) .

(9)

However, the likelihood function determined by (8) can-
not satisfy the definition of the density function. Based
on León et al. [20], this paper modifies it and derives the
following probability density function expression:

𝑓 (𝜂
𝑡

| 𝐼
𝑡−1

) =
𝜙 (𝜂
𝑡
) 𝜓
2

(𝜂
𝑡
)

Γ
𝑡

=
(1/√2𝜋) 𝑒

−𝜂
2

𝑡
/2

(1 + (𝑠
∗

𝑡
/3!) (𝜂

3

𝑡
− 3𝜂
𝑡
))
2

Γ
𝑡

,

(10)

where Γ
𝑡

= 1 + 𝑠
∗

𝑡

2
/3! is the modified term of the Gram-

Charlier series expansion. Hence we obtain the likelihood
function for the sample:

SLF = −
1

2
(𝑇 − 1) × ln (2𝜋) −

1

2

𝑇

∑

𝑡=2

ln ℎ
𝑡
−

1

2

𝑇
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𝑡=2

ln 𝜂
2

𝑡
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𝑇
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ln (𝜓
2

(𝜂
𝑡
)) −

𝑇

∑

𝑡=2

ln (Γ
𝑡
) .

(11)

Solving for the maximum of (11) of the likelihood function
of the sample will give us the consistent estimates of the
parameters.

As the sample likelihood function is highly nonlinear, the
selection of the initial parameters is critical for obtaining the
global optimal solution. Harvey and Siddique’s [18] strategy
of going from the simple model to the complicated model in
estimating models has delivered good empirical results and
has thus been widely applied. This paper, in line with this
strategy, used the following parameter estimation steps:

(1) estimate the equation for the mean and then use the
results as the initial values to estimate the GARCH-M
model;
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0.6
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0.2
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Nikkei 225

Figure 2: The time-varying processes of the risk premium coeffi-
cients gamma.

(2) estimate theGARCH-Mmodel anduse the parameter
estimation results as the initial values for the esti-
mation of the GARCHS-M model and the GARCH-
M model allowing for time-varying risk premium
coefficient;

(3) use the parameter estimation results from the above
two steps as the initial values to estimate the
GARCHS-M model allowing for time-varying risk
premium coefficient.

3.4. Empirical Results. Theempirical study in this sectionwas
divided into two parts: first the estimation results for model
(7) were given and analyzed to investigate the reasonability of
the specification of the model; then the correlation between
the skewness in the return distribution and the degree of
speculation in the market on the basis of the empirical results
was further investigated.

3.4.1. Results for Model Estimation. We estimated the model
(7) using the data of the 14 samples (we run the estimation on
Eviews 5.0.) and the estimation results are shown in Table 3.

Using the estimation results, the time-varying processes
of the risk premium coefficients were plotted as shown in
Figure 2 (for space, only 2 representative indices, S&P 500
and Nikkei 225, were given here).

Figure 2 gives the time-varying processes of the risk
premium coefficients. From the figure we can see that the
risk premium coefficient for each market exhibits an obvious
time-varying feature and an average significantly greater than
zero. This shows that, in general, the more risk there is in
themarket, themore return compensation investors demand,
which is consistent with the conventional finance theory.
But under the influence of the risk attitude, the unexpected
return, and the risk of the last period, the current risk
premium coefficient may be negative in some cases, which
means that investors relax their vigilance for risk under the
influence of these factors and exhibit obvious irrationality,
which may encourage speculative behavior.

From the examination of the estimation results of the
time-varying process of the risk premium coefficients, we can
see that, apart from the constant term, most of the estimation
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Table 3: Model estimation results.

(a)

Parameter S&P 500 Dow J. Nasdaq NYSE N 225 FTSE 100 SSE

Time- varying 𝛾

𝜌
0

0.014061
(0.0668)

0.024333
(0.0960)

0.073175
(0.0220)

0.015498
(0.1171)

0.004656
(0.3741)

0.022537
(0.0356)

0.060807
(0.0767)

𝜌
1

0.671156
(0.0000)

0.548122
(0.0059)

−0.672522
(0.0011)

0.699180
(0.0000)

0.864550
(0.0000)

0.552242
(0.0000)

−0.802902
(0.0013)

𝜌
2

−0.070729
(0.0002)

−0.056227
(0.0098)

0.034182
(0.0169)

−0.045118
(0.0142)

−0.017348
(0.1723)

−0.082743
(0.0000)

0.018254
(0.2415)

Variance equation

𝛼
0

0.011472
(0.0000)

0.011674
(0.0000)

0.010696
(0.0000)

0.014906
(0.0000)

0.020784
(0.0038)

0.010016
(0.0002)

0.041504
(0.0000)

𝛼
1

0.075448
(0.0000)

0.081726
(0.0000)

0.046647
(0.0000)

0.078346
(0.0000)

0.092420
(0.0000)

0.096733
(0.0000)

0.099855
(0.0000)

𝛼
2

0.913434
(0.0000)

0.908752
(0.0000)

0.945602
(0.0000)

0.906232
(0.0000)

0.900605
(0.0000)

0.894667
(0.0000)

0.893033
(0.0000)

Skewness equation

𝛽
0

−0.000538
(0.0046)

−0.001420
(0.0311)

−0.045664
(0.0017)

−0.000449
(0.0010)

−0.046385
(0.0385)

−0.008635
(0.1683)

0.020711
(0.0143)

𝛽
1

0.001963
(0.0235)

0.004560
(0.0516)

0.032296
(0.0000)

0.003019
(0.0067)

0.028283
(0.0016)

0.011915
(0.0359)

0.006473
(0.0442)

𝛽
2

0.987139
(0.0000)

0.959255
(0.0000)

0.533682
(0.0000)

0.983791
(0.0000)

0.595621
(0.0000)

0.843206
(0.0000)

0.626719
(0.0003)

Log likelihood −1243.670 −1154.630 −1926.634 −1172.428 −1845.429 −1203.899 −2086.479

(b)

Parameter DAX CAC 40 GSPTSE MIBTEL IGBM BVSP Hangseng

Time- varying 𝛾

𝜌
0

0.013762
(0.1821)

0.012604
(0.0681)

0.012297
(0.2773)

0.035950
(0.2338)

0.021461
(0.5686)

0.014801
(0.1713)

0.007973
(0.7020)

𝜌
1

0.771009
(0.0000)

0.744133
(0.0000)

0.754400
(0.0002)

0.082012
(0.8789)

0.761071
(0.0623)

0.728769
(0.0000)

0.843089
(0.0367)

𝜌
2

−0.031714
(0.0562)

−0.053187
(0.0023)

−0.024171
(0.1279)

−0.036640
(0.0961)

−0.013422
(0.4694)

−0.032091
(0.0483)

−0.007450
(0.6257)

Variance equation

𝛼
0

0.016197
(0.0002)

0.014882
(0.0001)

0.008462
(0.0000)

0.009467
(0.0000)

0.017090
(0.0000)

0.099432
(0.0000)

0.015302
(0.0003)

𝛼
1

0.089870
(0.0000)

0.080974
(0.0000)

0.072330
(0.0000)

0.097325
(0.0000)

0.089791
(0.0000)

0.072369
(0.0000)

0.067647
(0.0000)

𝛼
2

0.902930
(0.0000)

0.909675
(0.0000)

0.918544
(0.0000)

0.895624
(0.0000)

0.897541
(0.0000)

0.894363
(0.0000)

0.925600
(0.0000)

Skewness equation

𝛽
0

−0.044249
(0.3287)

−0.012939
(0.0441)

−0.001743
(0.0042)

−0.008658
(0.1932)

−0.008764
(0.2645)

−0.080287
(0.0413)

−0.003197
(0.5593)

𝛽
1

0.013195
(0.2559)

0.018179
(0.0018)

0.006174
(0.0001)

0.007836
(0.0224)

0.010878
(0.1647)

0.008073
(0.0333)

0.001812
(0.4276)

𝛽
2

0.636849
(0.0780)

0.852436
(0.0000)

0.964743
(0.0000)

0.880261
(0.0000)

0.750425
(0.0005)

0.909746
(0.0000)

0.945101
(0.0000)

Log likelihood −1815.479 −1665.186 −1046.193 −1071.693 −1130.580 −2450.400 −1753.907

results for 𝜌
1
and 𝜌

2
are significant at 10%; although 𝜌

2
for

Nikkei 225, SSE, and GSPTSE are not significant at 10%, the
corresponding 𝑃 values are relatively small (0.1723, 0.2415,
and 0.1279, resp.). Only the 𝑃 values for 𝜌

1
for MIBTEL and

𝜌
2
for IGBM and Hangseng are relatively big (0.8789, 0.4694,

and 0.6257, resp.), and the estimation results are obviously
not significant. But for all the estimation results there are
no cases where the estimation results for the two coefficients
of 𝜌
1
and 𝜌

2
, which determine time variation of the risk

premium coefficient, are not significant at the same time.
This fact indicates that time variation does exist for the risk

premium coefficient, and it is reasonable to assume that the
risk premium coefficient for the model is time-varying.

Among the 14 estimation results for the samples, 𝜌
0
are

all positive and most of them are significant, which imply
the risk premium investors demand for unit risk is positive,
and the result is consistent with the traditional theory. This
can be regarded as the risk premium investors demand for
the risk inherent in the market for a certain period of time.
Except for the estimation results for NASDAQ and SSE, the
other results for 𝜌

1
are positive and approximate to 1 (the

result for MIBTEL is 0.082012, rather small), which means
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that the current risk attitude is influenced by the persistence
of the last-period risk attitude and diminishes a little. The
estimation results for 𝜌

2
for the samples are all smaller

than zero. This indicates that the positive unexpected return
after risk adjustment will reduce the risk premium investors
demand for unit risk. It can also be viewed as that when the
basic risk remains unchanged in the market, the higher the
unexpected return is in the last period, the smaller the risk
premium coefficient is; this indicates that investors’ current
risk tolerance is higher and the degree of speculation is also
higher; if the unexpected return in the last period is positive,
the more riskier it was in the last period, the higher the
premium coefficient is, which shows that investors’ current
risk tolerance is lower than that of the last period, and also
lower is the degree of speculation; if the unexpected return
is negative in the last period, the more riskier it was in the
last period, the smaller the risk premium coefficient is, which
shows that investors’ current risk tolerance is higher than that
of the last period, and also higher is the degree of speculation.

However, the signs of 𝜌
1
and 𝜌

2
of the estimation results

for the samples of NASDAQ and SSE are just the opposite
of those for other samples. The fact that 𝜌

1
is negative with

its absolute value less than 1 indicates that investors’ current
risk attitude will show a reversal in the nest period in the
above 2 markets; that is to say, the higher the risk tolerance
for the current period is, the higher the possibility there is
for it to become lower for the next period, and the behavior
intensity of the risk tolerance will weaken; the sign of 𝜌

2
is

negative, which implies the risk-adjusted positive unexpected
return will drive up investors’ unit risk premium. With the
risk remaining fundamentally unchanged, the influence of
the unexpected return on the degree of speculation is just
the opposite to those on other markets. The higher the
unexpected return for the last period is, the more likely the
risk tolerance is to become higher; that is to say, the degree
of speculation is more likely to decrease. This will cause
investors to become more cautious in trading, which is the
typical psychology to keep the profit.

It is well known that NASDAQ and SSE are widely
recognized as two markets with relatively high speculation;
the completely different risk tolerance behavior of the two
markets from the other markets may be possibly determined
by the degrees of speculation on the two markets. Accord-
ingly, we set to investigate the influence of the market risk
on the degrees of speculation in the two markets. When
the unexpected return is positive and remains basically
unchanged, the market is relatively bullish. The fact that
the estimation results of 𝜌

2
for the two markets are positive

indicates that the higher the risk for the last period is, the
smaller the risk premium coefficient for the current period
is; that is, the higher the risk tolerance is, the higher the
speculation degree is; when the unexpected return is negative
and remains basically unchanged, the market is relatively
bearish. In that case, the positive 𝜌

2
implies that the higher

the risk is for the last period, the smaller the risk premium
coefficient is for the current period; that is to say, the smaller
the risk tolerance is, the lower the degree of speculation is.
This implies that when it is bullish, investors, more often than
not, seek risks in NASDAQ and SSE, and the higher the risk

is, the more likely it is for investors to engage in speculation,
while investors tend to evade risk, when themarket is bearish,
and increased risk will reduce speculation in the market.
In a mature market, investors reaction to risk is completely
different from investors in the above two markets: investors
prefer relatively low risk for stable return in a bullish market,
and increased risk will lead to less speculation, while they
prefer relatively higher risk, which will prompt speculation
in the market.

The above discussion shows that there is striking differ-
ence in investors’ reaction to the return and the risk in a
speculative market and a mature market, which may serve as
an indicator for whether the market is mature or not.

Besides, it can be seen from the examination of the
estimation results of the coefficient of the skewness process
that the conditional skewness process (not including the
constant term) of most of the indices is significant at 10%
(DAX, IGBM, and Hangseng are excluded, but part of the
coefficients for DAX and IGBM and the corresponding 𝑃

value are relatively small, being 0.2559 and 0.1647, resp.).
This shows that the time variation of the skewness is well
characterized. As the conditional skewness process has been
well studied, this paper will not discuss much about the
estimation results.

3.4.2. The Relationship between the Risk Premium Coefficient
and the Skewness. From the above discussion we can see that
the GARCHS-M model with the time-varying risk premium
coefficient can well characterize the conditional skewness
process and the time variation process of the risk premium
coefficient of the 14 stock indices simultaneously. On the basis
of the estimation results, this paper will further examine the
relationship between the risk premium coefficient and the
skewness on the dimension of time.

First, we will plot the conditional skewness and the
risk premium coefficient of the 14 indices, as shown in
Figure 3 (for S&P 500 and Nikkei 225), where the line is the
regression line. The Pearson correlation can only measure
the linear correlation between the variables [37], but the
scatter plots will give us the impression that the relationship
between the risk premium coefficient and the skewness may
be complicated. Consequently, this paper will select Kendall’s
tau and Spearman’s rho to measure whether the 2 variables’
variation tendencies are in the same direction. The values for
the 2 correlations of the 2 variables are given in Table 4.

It can be seen from Tables 3 and 4, except NASDAQ
and SSE, that the conditional skewness and the risk pre-
mium coefficient are significantly negatively correlated. The
significantly negative correlation further corroborated Wen
and Yang’s [29] viewpoints: the high degree of speculation
in the market will cause the positive skew in the return
distribution. It can be shown with further investigation of
the causes for the negative correlation using models and
their estimation results: in general, the conditional skewness
is positively correlated with the cube of the unexpected
return, while the risk premium coefficient is negatively
correlatedwith the unexpected return.Thedifferent reactions
to the unexpected return are possibly the main causes for
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Figure 3: The scatter plots of the relationship between the risk premium coefficient gamma and the conditional skewness.

Table 4: The correlation between the risk premium coefficient gamma and the conditional skewness.

(a)

S&P 500 Dow J. NASDAQ NYSE N 225 FTSE 100 SSE
Pearson correlation −0.106 −0.223 0.175 −0.118 −0.308 −0.246 0.158
Kendall’s tau −0.144 −0.200 0.193 −0.175 −0.558 −0.415 0.130
Spearman’s rho −0.211 −0.295 0.272 −0.255 −0.756 −0.591 0.183

(b)

DAX CAC 40 GSPTSE MIBTEL IGBM BVSP Hangseng
Pearson correlation −0.438 −0.402 −0.156 −0.232 −0.358 −0.474 −0.371
Kendall’s tau −0.619 −0.514 −0.250 −0.218 −0.609 −0.460 −0.449
Spearman’s rho −0.818 −0.714 −0.368 −0.321 −0.808 −0.644 −0.632
Note: all the values are significantly different from zero at 1% level.

the negative correlation. Behavioral finance research findings
show that the nonnormality of the return distribution is
caused by investors’ behavioral biases, and the unexpected
return series (i.e., the error series) can be viewed as the
proxy of the information flow, so we might as well think
that the negative correlation is essentially caused by investors’
different reactions to information.

On the contrary, the conditional skewness and the risk
premium coefficient of the NASDAQ and the SSE are sig-
nificantly positively correlated, which is also consistent with
the findings of Wen and Yang [29]. It can be seen from
the scatter plots that none of the correlations between the
risk premium coefficient and the conditional skewness for
all the markets is linear. Simply judging from the degree
of consistency of the tendencies in the changes of the two
variables, even in the case of low linear correlation, the
directions in the changes are usually of high degree of
consistency. This shows that the influence of speculation on

the skewness in the return distribution is not linear and may
have a very complex mechanism. Apart from speculation
in the market, the skewness in the return distribution may
be attributed to other factors, which partly explains the
complicated relationship between the speculation and the
skewness in the return distribution.

4. Conclusions

This paper characterizes the time variation of the risk pre-
mium coefficient, that is, how investors’ risk attitude varies
with the time. By proposing a modified GARCH-M model
and using the daily return series of the representative 14 stock
indices as samples, this paper empirically investigates the
correlation of the skewness in the return distribution and the
risk premium coefficient, and the empirical results show the
following.
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Firstly, the risk premium coefficient is obviously time-
varying, and the current risk premium investors demand for
unit risk is influenced not only by the last-period unexpected
return and the risk but also by the persistence of the risk
attitude for the last period. Secondly, there is significant
difference in investors’ reactions to the return and the risk
in a speculative market and a mature market: in a mature
market investors prefer low risk for a stable return when
the market is bullish, while they seek relatively high risk
when it is bearish and may trigger more speculation in the
market. Lastly, the skewness in the return distribution and the
risk premium coefficient is significantly negatively correlated
even in amaturemarket when examined on the dimension of
time.

The above results of this paper further validate the
correlation between the skewness in the return distribution
and the degree of speculation in the market. Meanwhile, the
results also show that the influence of speculation on the
skewness in the return distribution is rather complicated.
It is necessary and meaningful to further investigate the
deep-seated relationship between the skewness in the return
distribution and speculation, and the possible influence of
other factors on the skewness in the return distribution, such
as the cultural background of themarket participants, and the
microstructure of the market.
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