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We examine whether equity return dispersion, measured by the cross-
sectional standard deviation of stock returns, is systematically priced
in the cross-section of stock returns in China.We find that return disper-
sion carries a positive price of risk even after controlling formarket, size,
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1. Introduction

As one of the main drivers of global economic output and demand, China and its stock markets have
attracted much attention in the literature. Due to its unique institutional and investor characteristics, re-
searchers have examined the Chinese stock market from many different angles.1 However, the strand of the
literature focusing on asset pricing models for this market is still evolving. Previous studies on the Chinese
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stock market document mixed findings on the systematic risk factors that drive the variation in the cross-
section of returns.2 Overall, the evidence reported so far is generally against the Capital Asset Pricing Model
(CAPM) and suggests that the market factor does not explain the cross-sectional variation in returns in this
emerging market (e.g. Drew et al., 2004; Wang and Xu, 2004; Wong et al., 2006; Eun and Huang, 2007).
The evidence related to the alternative determinants of stock returns is mixed at best. Nevertheless, as one
of the key drivers of global economic activity, understanding the systematic drivers of stock market returns
in this country is of interest to not onlymarket regulators and domestic investors, but also to international in-
vestors who play an increasingly active role in this market.

An increasing number of studies on U.S. stock returns focus on equity return dispersion measured by the
cross-sectional standard deviation of stock returns in the market in a given period. In the literature on U.S.
stock returns, equity return dispersion has been associated with business cycles (Christie and Huang, 1994;
Duffee, 2001), aggregate market volatility (Stivers, 2003), idiosyncratic volatility (Stivers, 2003; Connolly and
Stivers, 2006), and the value andmomentumpremium in stock returns (Stivers and Sun, 2010; Bhootra, 2011).

In an extension to asset pricing models, recent studies document that return dispersion also carries a sig-
nificant positive price of risk even after controlling for alternative systematic risk factors. The findings report-
ed by Jiang (2010) and, more recently, by Demirer and Jategaonkar (2013) suggest that return dispersion
captures the uncertainty related to fundamental economic restructuring that cannot be explained by the al-
ternative well-established market and firm level risk factors. These studies also suggest that the inclusion of
return dispersion in asset pricing models leads to lower pricing errors and improves the goodness of fit
over the CAPM and Fama and French (1993) three factor alternatives.

Given these findings, a natural question to ask is whether return dispersion is significantly priced in the
cross-section of stock returns in China that has experienced a significant economic transformation over the
past several decades. Therefore, this study contributes to the literature on asset pricing in the Chinese stock
market by enlarging our understanding of the dimension of uncertainty in market fundamentals captured
by equity return dispersion. To the best of our knowledge, this study is the first to examine return dispersion
as a systematic factor in asset pricing models for Chinese stock returns.

This study has several contributions to the literature. First, using recent data, we re-examine the validity of
the CAPM and the Fama and French (1993) factors on the cross-section of stock returns in China. Second, we
use alternative portfolio sorts to examine the prevalence of the idiosyncratic volatility (IV) effect on returns in
this market.3 Finally, we extend the asset pricing literature for China by examiningwhether equity return dis-
persion carries a significant price of risk even after controlling for alternative risk factors. By examining the
dimension of uncertainty captured by return dispersion in an emerging market, this study contributes to
not only the asset pricing literature on China, but also to the emerging literature on equity return dispersion.

Consistent with the evidence on U.S. stock returns (Jiang, 2010; Demirer and Jategaonkar, 2013), we find
that equity return dispersion cross-sectionally drives stock returns, even after controlling for market, size,
book-to-market, and idiosyncratic volatility effects.We observe that stockswith greater sensitivities to equity
return dispersion indeed yield higher average returns and that the return dispersion effect is robust to alter-
native portfolio sorts. Following the suggestion by Chen and Petkova (2012) that idiosyncratic volatility may
be associated with real option opportunities with a firm, the finding of a robust return dispersion effect in the
presence of an insignificant idiosyncratic volatility effect suggests that return dispersion indeed captureswhat
Berk et al. (1999) term the real growth options and the flexibility of adaptability to fundamental economic
restructuring associated with a firm. This is also in line with the hypothesis by Pastor and Veronesi (2009)
that the risk that is idiosyncratic to particular firms during the initial phase of technological shifts transforms
into a market wide systematic risk as the adoption probability of the new technology across the market in-
creases over time.

It is possible that equity return dispersion is what Kogan and Papanikolaou (2013) term as the common
systematic risk factor associated with firms’ sensitivities to technology shocks which also drive the difference
in the returns among firms sorted on various firm level characteristics including idiosyncratic volatility.
2 See, for example, Drewet al. (2004),Wang andXu (2004),Wong et al. (2006), Eun andHuang (2007), Chen et al. (2010), Narayan and
Zheng (2010), Opie and Zhang (2013), and Choi et al. (2013). The findings of these studies are discussed in detail in the literature review
section.

3 Drewet al. (2004) argue that size and idiosyncratic volatilitymay serve as proxies for systematic risk in Chinawhereas Eun andHuang
(2007) document a significantly negative relationship between firm-specific risk and expected returns.
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Overall, our findings suggest that equity return dispersion captures the uncertainty associated with economic
transitions and the flexibility of adaptability to fundamental economic restructuring and thus serves as amore
meaningful systematic risk factor in China which has experienced a significant economic transition during
much of the sample period.

The remainder of this paper is organized as follows. Section 2 briefly discusses the asset pricing literature
on the Chinese stockmarket, Section 3 explains the data andmethodology, Section 4 presents empirical find-
ings and Section 5 concludes the paper.

2. Asset pricing literature on China

Earlier studies on pricing issues in the Chinese stock market start with Drew et al. (2003) who present a
multi-factor model explaining returns and note that the market factor alone is not sufficient to explain the
variation in the cross-section of returns in China. While they document a significant size effect, they conclude
that the book-to-market effect is not as pervasive in China as in the United States. Similarly, Wang and Xu
(2004) report a significant size effect whereas market beta and the book-to-market ratio are found to be in-
significant. Later, Drew et al. (2004) provide further support for a multifactor model of returns against the
CAPM and argue that size and idiosyncratic volatility may serve as proxies for systematic risk in this market.
Wong et al. (2006) find that smaller firms and value stocks yield greater returns whereas market beta is not
found to be priced. However, market risk is found to be negatively significant in downmarkets only, suggest-
ing a role for beta in market downturns.

Utilizing principal component analysis, Chen et al. (2007) find that size and book-to-market ratio are
linked to several risk factors including liquidity, financial stress, and market volatility. Following a modified
version of the two-pass approach by Fama and MacBeth (1973) and focusing on A shares only, Eun and
Huang (2007) find that firm size and book-to-market ratio are systematically priced in the cross-section of
stock returns, with significantly greater returns for small capitalization and high book-to-market stocks.
While theirfindings suggest thatmarket risk is not significantly priced in stock returns, they find a significant-
ly negative relationship between firm-specific risk and expected returns.

Inmore recent studies, Chen et al. (2010) examine the role of eighteenfirm-specific variables that have been
documented to be significant drivers of U.S. stock returns and find that book-to-market ratio, net operating as-
sets, R&D spending, asset growth, and illiquidity are the only significant variables explaining the cross-section
of returns in China. They attribute the weak predictability of returns in China relative to the U.S. to the homo-
geneity infirm-specific characteristics acrossfirms andpersistentmispricing in thismarket. Narayan and Zheng
(2010), on the other hand, suggest that market liquidity as a risk factor can well capture the impact of size,
book-to-market, turnover, and momentum. Opie and Zhang (2013) find a positive relation between stock
returns and divergence of opinion, even after controlling for the well-established factors including book-to-
market ratio, size, momentum, etc. However, they findmixed results regarding the sign of this relationship de-
pending on the proxy used tomeasure divergence of opinion. Finally, examining investor heterogeneity from a
different perspective, Choi et al. (2013) find that the increase in ownership breadth predicts low returns when
small retail investors are considered whereas the opposite holds among institutional investors. Overall, the
asset pricing literature documents consistent evidence that the market beta is insignificant in the cross section
of stock returns in this market, with mixed results regarding the effect of the other systematic risk factors.

Despite the growing number of asset pricing studies applied to the Chinese stock market, equity return
dispersion as a systematic risk factor has not yet been introduced to the asset pricing literature in China.
Given the recent findings by Jiang (2010) and Demirer and Jategaonkar (2013) on U.S. stock returns that eq-
uity return dispersion is likely to capture the fundamental uncertainty associatedwith economic transitions, it
is therefore possible that return dispersion is a systematic risk factor driving returns in China that has expe-
rienced significant economic transformation over the past several decades.

3. Data and methodology

3.1. Data

We focus on all A-shares listed on the Shanghai and Shenzhen stock exchanges for the period July 1996
through June 2011. Focusing on A-shares allows us to compare our findings with the evidence documented
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in the literature as most asset pricing studies on China utilize A-shares in their analysis (e.g. Wang and Xu,
2004; Chen et al., 2007; Eun and Huang, 2007; Chen et al., 2010). The stock return, book equity, and the
three-month household deposit rate (as a proxy of risk-free rate, Rf) data are obtained from the Taiwan Eco-
nomic Journal (TEJ) databasewith a total of 2,138 listed firms.We delete thefinancial firms, utilities, andfirms
that do not have an industry code available.4

Daily (monthly) stock returns are used to calculate the return dispersion (RD) for each day (month)
expressed as the cross-sectional standard deviation of daily (monthly) stock returns. The return dispersion,
RDt, for period t is calculated as
4 Our
listed on
price sta
RDt ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
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where ri,t and rm,t are the return for stock i and the market for period t, respectively and N is the number of
stocks in the sample. Since our sample consists of A-shares from both the Shanghai and Shenzhen stock ex-
changes, we construct series of daily and monthly value-weighted average returns using all A-shares listed
on the two exchanges as a proxy for the market return. Using a market model benchmark, return dispersion
can be linked to the cross-sectional correlation of asset returns (Solnik and Roulet, 2000), however, unlike tra-
ditional measures of correlation and volatility, return dispersion provides an aggregate measure of co-
movement in a portfolio for a given time period.

There is indeed a well-established literature associating return dispersion with different aspects of risk.
Earlier studies on U.S. stock returns including Christie and Huang (1994) and Duffee (2001) associate return
dispersion with economic expansions and recessions. Later, Stivers (2003) and Connolly and Stivers (2006)
suggest that return dispersion provides signals about future aggregate market volatility. In an extension to
the asset pricing context, Stivers and Sun (2010) and Bhootra (2011) document a link between the time var-
iation in the value andmomentum premiums and the variation in themarket’s cross-sectional return disper-
sion. Finally, Jiang (2010) documents the first formal evidence that return dispersion indeed carries a positive
price of risk even after controlling for firm and market level factors whereas, later, Demirer and Jategaonkar
(2013) find that return dispersion risk is asymmetrically priced and conclude that return dispersion is more
likely to capture shocks related to fundamental economic restructuring, rather than the business cycle.

3.2. Estimating factor risk premiums

3.2.1. Market, firm size, and book-to-market effects
As explained earlier, we construct a series of value-weighted average returns for all A-shares listed on the

Shanghai and Shenzhen markets. We use this series of market returns, adjusted for the risk-free rate, as our
proxy for the market factor. The SMB (size) and HML (book-to-market) factors are constructed using six
value-weighted portfolios formed on the market value of equity and the book-to-market ratio for the firms.
Following Drew et al. (2004), at the end of December of each year, we assign stocks to two size portfolios
(Big and Small) based on whether the firm’s market value of equity (MVE) is above or below the median
MVE. Independently, we assign the stocks to three book-to-market portfolios (Low, Medium, and High)
based on the breakpoints for the bottom 33.33% and top 66.67%. Everymonth, the SMB (Small minus Big) fac-
tor is the average return on the three small portfolios (SL, SM, SH) minus the average return for the three big
portfolios (BL, BM, BH). Similarly, every month, the HML (Highminus Low) factor is calculated by subtracting
the return for the two growth portfolios (SL, BL) from that of the two value portfolios (SH, BH).

3.2.2. The effect of idiosyncratic volatility
Drewet al. (2004) argue that size and idiosyncratic volatilitymay serve as proxies for systematic risk in the

Chinese stock market. In order to validate our findings on return dispersion in the presence of idiosyncratic
volatility, we calculate the idiosyncratic volatility (IV) factor to be included in the asset pricing tests. Following
Drew et al. (2004), for eachmonth, we calculate the total risk, defined as the variance of returns over the past
initial sample period covers data from 1991 through 2011 and consists of 943 A shares listed on Shanghai and 1,343 A shares
Shenzhen. However, we observe that there are very few firms that have data prior to 1996. Also, as Wang and Xu (2004) state,
bilization was implemented in the latter part of 1996. Therefore, our final sample starts in July 1996.
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24 months, for each stock in the sample. We define the idiosyncratic risk as the difference between the total
risk and the systematic risk for the stock. For each month, the systematic risk is the product of the beta from
the market model, based on the past 24 month returns for the stock and the weighted-average market index
returns, and the variance of the index returns over the same 24 month period.5 At the end of December each
year, we assign the stocks to three IV portfolios (Low IV,Medium IV, High IV) based on the breakpoints for the
bottom 33.33% and top 66.67%. We then construct six (SIZE,IV) portfolios and calculate the HMLIV (high
minus low IV) factor as the difference between the average returns for the two high idiosyncratic volatility
portfolios (SH, BH) and the average returns for the two low idiosyncratic volatility portfolios (SL, BL).

3.2.3. The return dispersion risk factor
Similar to Jiang (2010), we use the daily data to construct portfolios based on the factor loadings onmarket

return and return dispersion defined in Eq. (1). For each stock, the factor loadings on the market return are
obtained each month by estimating
5 We
cluded f
Ri;t ¼ β0 þ βi;RMRm;t þ εi;t ð2Þ
where Ri,t and Rm,t are the excess return for stock i and the weighted average return for the market for day t
respectively, and βi,RM is the loading on the market return for stock i for that month. We run the above
model for each stock each month and estimate the factor loadings on the market return. In order to estimate
the loadings on the return dispersion for each stock, each month, we estimate
Ri;t ¼ β0 þ βi;RMRm;t þ βi;RDRDt þ εi;t ð3Þ

RDt is the return dispersion for day t, and βi,RD is the loading on the return dispersion for stock i during
where
thatmonth.We run the abovemodel for each stock eachmonth and estimate the factor loadings on the return
dispersion. Note that, following Jiang (2010) andDemirer and Jategaonkar (2013), daily data is used in the es-
timation of market and return dispersion loadings for each month. Once the loadings on the market return
and the return dispersion are estimated for eachmonth, subsequent asset pricing tests are done usingmonth-
ly data.

Having estimatedmarket and RD loadings, we first sort the stocks intofive portfolios based on the loadings
on the market return. We then sort each of these five portfolios into quintiles based on the loadings on the
return dispersion. This procedure yields 25 (5x5) portfolios for eachmonth based on the loadings on themar-
ket return and the return dispersion from July 1996 through June 2011.

Having constructed 25 portfolios based on the loadings on the market return and return dispersion, we
then run rolling regressions of each one of the 25 portfolio returns on the three Fama-French (1993) factors
(market, size and book/market), the return dispersion factor, and the idiosyncratic volatility factor to estimate
the betas for eachmonth. More specifically, the following time-series regressions are used to estimate the co-
efficients for the Fama-French, idiosyncratic volatility and the return dispersion risk factors
Rp;T ¼ αp;t þ βm
p;tRm;T þ βsmb

p;t Rsmb;T þ βhml
p;t Rhml;T þ βiv

p;tHMLIVT þ βrd
p;tRDT þ εp;T ð4Þ
where T= t-24, t-23, t-22,…, t-1. In this equation,Rp,T, Rm,T, Rsmb,T, and Rhml,T denote the excess return on port-
folio p, the market, SMB and HML factors for month T, respectively. Finally, the model incorporates the idio-
syncratic volatility and the return dispersion risk factors denoted by HMLIVT and RDT for month T,
respectively. The sensitivities of portfolio p to the three Fama and French (1993) risk factors, the idiosyncratic
volatility and the return dispersion factor for month t are denoted by βp,t

m , βp,t
smb, βp,t

hml, βp,t
iv and βp,t

rd , respectively.
The betas are estimated by running rolling regressions where we roll a window of 24-month returns forward
onemonth at a time. Since the sample period starts in July 1996, the betas are estimated for eachmonth dur-
ing July 1998 through June 2011 period.
require the stocks to have 24months of continuous returns for these calculations. Stocks that do not satisfy this condition are ex-
rom this part of the analysis.
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Following the Fama andMacBeth (1973)methodology, we next use post-ranking beta estimates from the
time-series regression in Eq. (4) and estimate the following cross-sectional regression
Fig. 1. R
Eq. (1)
Rp;t ¼ γ0;t þ γm;t β̂
m
p;t þ γsmb; t β̂

smb
p;t þ γhml;t β̂

hml
p;t þ γiv;tβ̂

iv
p;t þ γrd;tβ̂

rd
p;t þ ϵp;t ð5Þ
where γm,t, γsmb, t, γhml,t γiv,t and γrd,t denote the risk premium on each of the three Fama-French factors, the
idiosyncratic volatility, and the return dispersion risk factor, respectively. Having obtained an estimate for
each γ term each month, we then calculate the average of monthly γ values and estimate the risk premium
for risk factor f asγ f ¼ 1

N ∑N
t¼1γ̂ f ;t whereN is the number of months. In Eq. (5), obtaining statistically signif-

icant estimates for γf,t suggests that factor f is priced in the cross section of returns.

4. Empirical results

4.1. Return dispersion and market risk

Fig. 1 presents the plots of monthly return dispersion, market volatility, and idiosyncratic volatility values.
Not surprisingly, we observe a significant upward trend in themarket and idiosyncratic volatility values dur-
ing the period corresponding to the 2008 global financial crisis that originated in the U.S. financial markets.
However, the return dispersion plot seems to capture the dot-com boom and the subsequent crash in the
U.S. market during late 1990s aswell as themarket boomduringmuch of the 2000s, indicated by the relative-
ly high values of return dispersion.

Table 1 provides several descriptive statistics along with the cross-correlations. We estimate the correla-
tions between return dispersion and the market return to be 42%, return dispersion and market volatility to
be 39%, and return dispersion and idiosyncratic volatility to be 58% suggesting that equity return dispersion
Note: Figure shows the monthly return dispersion calculated using Equation 1 and market and idiosyncratic
volatility calculated following the procedure in Section 3.2.2.
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Table 1
Summary statistics.

Panel A: Descriptive statistics

Variable Mean Std. Dev. Min. Max.

RD (%) 9.942 2.936 4.062 18.717
IV (%) 9.598 1.920 6.359 12.837
MV (%) 8.072 2.448 5.145 14.186
SMB (%) 0.751 4.837 −14.063 13.501
HML (%) −0.037 3.388 −13.837 8.803
Rm (%) 1.750 8.711 −21.104 29.489

Panel B: Cross-correlations

RD IV MV SMB HML

IV 0.583
MV 0.385 0.825
SMB −0.0217 0.249 0.254
HML −0.098 −0.097 −0.041 0.018
Rm 0.421 0.089 0.025 0.104 0.078

Note: This table reports the descriptive statistics for the period July 1996 through June 2011. RD, IV and MV are the monthly return
dispersion, idiosyncratic volatility and market volatility, respectively. Similarly, SMB, HML and Rm are the monthly returns for (small-
big) and (high B/M-low B/M) portfolios and the market portfolio, respectively.
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is likely to be associatedwith risk at themarket and firm level. We observe that return dispersion has a larger
mean (9.942%) than idiosyncratic volatility whereas idiosyncratic volatility is less volatile. In Fig. 1, the high
values of return dispersion in China during the dot-com era as well as the boom period experienced in
much of the 2000s is consistent with the observation by Jiang (2010) of extremely high values of return dis-
persion in the U.S. during late 1990’s when the economywas in amajor transition period to a new technology
termed as the “new” economy.

In order to establish preliminary evidence on the relation between return dispersion and market risk in
China,we first estimate amodel that examines the behavior of return dispersions during periods of largemar-
ket gains and losses as well as during market crisis periods
6 Foll
3/1/200
RDt ¼ 1:895
0:07ð Þ���

þ8:6� 10−5t
3:6x10−5ð Þ���

þ0:621D−
ext

0:05ð Þ���
þ0:231Dþ

ext
0:51ð Þ���

þ0:173DAsian
t

0:08ð Þ���
þ0:479Dglobal

t
0:06ð Þ���

þet ð6Þ
where t is a trend variable and Dext
− (Dext

+ ) takes on the value of unity if the market return on day t is lower
(greater) than the 10 percent tail of the empirical distribution of market returns. The market crisis periods
are represented by Dt

crisis (crisis=Asian, global) capturing the Asian crisis and the 2008 global crisis periods.6

Eq. (6) yields an R2 value of 0.154 with the heteroskedasticity and autocorrelation consistent standard er-
rors reported in parentheses. The inclusion of the time trend follows Baur (2006)who suggests that the return
dispersion statistic can be regarded as a proxy for the degree of association across multiple assets. Eq. (6)
yields a positive and significant trend in return dispersion, suggesting that the degree of association across
stock returns in China has decreased over time. It is possible that the positive trend in the dispersion of
stock returns is partly due to the significant economic transition experienced in this country that led to tech-
nological shifts and is consistent with the observation by Jiang (2010) for the U.S. market.

Similarly, we see that both positive and negative shocks increase the dispersion in returns but the increase
is significantly stronger for negative shocks. It is possible that this is related to the “leverage effect” argument
provided by Black (1976) so that negative return implies greater financial leverage and thus leads to an in-
crease in equity return volatility. From a different perspective, however, considering the return dispersion
as a proxy for cross-sectional correlation along the lines of Solnik and Roulet (2000), the asymmetric response
owing Chiang and Zheng (2010), the Asian crisis period refers to 7/1/1997–12/31/1998 and the 2008 global crisis period refers to
8–3/31/ 2009.
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of return dispersion to bad versus good news implies asymmetric response of stock correlations to market
movements.

We observe significantly higher equity return dispersions during both the Asian and the 2008 global crisis
periods, supporting a possible link between market volatility and equity market dispersion. We also observe
that stock returns are more dispersed during periods of market stress, characterized by large market move-
ments, regardless of the direction of the movement. Overall, our preliminary analysis implies that return dis-
persion may capture some aspect of risk in the market that is related to transitionary periods and business
cycles caused by market shocks which is consistent with earlier suggestions by Christie and Huang (1994),
Duffee (2001), Stivers (2003) and Connolly and Stivers (2006). However, whether return dispersion is sys-
tematically priced in the cross section of returns is yet to be explored. We next proceed with the formal
asset pricing tests.
4.2. Market, size, book-to-market and idiosyncratic volatility effects re-examined

We begin our analysis by first examining the significance of the well-established Fama and French (1993)
risk factors. Table 2 presents the Fama andMacBeth (1973) cross-sectional regression coefficients for twenty-
five (5×5) portfolios sorted first by firm size and then by book-to-market ratio. In the table, M denotes the
excess market return, SMB and HML are the Fama-French size and book-to-market factors, and IV is the idi-
osyncratic volatility factor. The table reports the Fama-MacBeth t-statistics (in parentheses) as well as the
Shanken (1992) t-statistics (in brackets) adjusted for the errors-in-variables problem.7 Results for Model 1
suggest that the market factor does not explain the variation in stocks returns in China. Consistent with the
findings in Drew et al. (2003, 2004), Wang and Xu (2004), Wong et al. (2006) and Eun and Huang (2007),
themarket factor is found to be insignificant in all alternative model specifications. The finding of an insignif-
icant market factor is also robust to portfolios sorted on size and IV, presented in Table 3.

In the case of the size and book-to-market factors, we get mixed results depending on the portfolio sort
employed in the analysis. While the size factor is found to be insignificant in Table 2, the findings for size
and IV based portfolios reported in Table 3 yield a negative size effect in the cross-section of returns.8 A similar
argument can also bemade in the case of the book-to-market factor. While we find a significant and negative
HML factor for portfolios sorted on size and book-to-market ratio (Table 2), we observe that the HML factor is
insignificant for portfolios sorted on firm size and IV in Table 3, consistent with Drew et al. (2004). As will be
shown later, the inclusion of the return dispersion factor leads the Fama and French (1993) factors to be in-
significant in most cases and, coupled with the mixed results reported in Tables 2 and 3, we conclude that
the size and book-to-market effects are not as prevalent in the Chinese stock market as in the case for the
U.S. market.

We next direct our attention to the idiosyncratic volatility factor documented in Drew et al. (2004). Exam-
ining all firms listed in the Shanghai stock exchange, Drew et al. (2004) find that small and low-idiosyncratic
volatility firms generate superior returns compared to big and high-idiosyncratic-volatility firms, indicated by
a significant negative premium on the idiosyncratic volatility factor. Similarly, Eun and Huang (2007) docu-
ment a significant and negative relationship between firm-specific risk and expected returns. In Table 3, we
present our findings for the 25 portfolios based on size and idiosyncratic volatility as in Drew et al. (2004). Al-
though the premium on the IV factor is found to be negative, consistent with Drew et al. (2004), our tests do
not yield any significance for the IV coefficient, suggesting that the idiosyncratic volatility effect is not perva-
sive in the Chinese stockmarket. It is interesting that idiosyncratic volatility is found to be insignificant even in
the case of portfolios sorted on firm size and IV. Once again, the insignificance of idiosyncratic volatility is ro-
bust to alternative model specifications and portfolio sorts reported in Tables 2 and 3.

Finally, it must be noted that the pricing errors in Tables 2 and 3 are generally found to be insignificant
based on the chi-square test for the null hypothesis that the pricing errors are jointly equal to zero. The find-
ings are also robust to the number of dependent portfolios in the cross section; the additional tables are not
7 Following the discussion in Petersen (2009), in order to mitigate the effects of the time-series and the cross-sectional correlation
prevalent in panel data sets, we also apply the Newey andWest (1987) adjustment on the standard errors. The findings are robust to this
adjustment and are available upon request.

8 Earlier studies including Drew et al. (2004), Wang and Xu (2004), Wong et al. (2006) and Eun and Huang (2007) report a significant
size effect whereas Chen et al. (2010), using more recent data, do not find a size effect on returns.



Table 2
Multi-factor model results for portfolios formed on size and book-to-market ratio.

Model γ0 γM γSMB γHML γIV Adj. R2

1 (CAPM) 1.24 −0.334 0.189
(0.65) (−0.20)
[0.65] [−0.18]

2 (CAPM+FF) 0.811 0.193 −0.555 −2.384⁎⁎⁎ 0.583
(0.65) (0.17) (−1.37) (−7.84)
[0.51] [0.12] [−0.85] [−4.96]

3 (CAPM+FF+IV) 1.743 −0.447 −0.784 −2.205⁎⁎⁎ 0.064 0.607
(1.36) (−0.39) (−1.78) (−7.23) (0.22)
[1.11] [−0.28] [−1.15] [−4.67] [0.15]

Note: This table reports the Fama and MacBeth (1973) cross-sectional regression coefficients for 25 portfolios sorted by firm size and
book-to-market ratios. The coefficients are obtained using monthly data during July 1996 through June 2011. M represents the
monthly excess market return; SMB and HML are size and book-to-market factors; and IV is the idiosyncratic volatility factor. The
Fama and MacBeth t-statistics are in parentheses and Shanken (1992) t-statistics adjusted for the error-in-variables problem are in
brackets. ⁎, ⁎⁎, and ⁎⁎⁎ denote statistical significance at 10%, 5%, and 1% level. The superscript 1, 5, and 10 for the pricing error term
(γ0) indicate significance at 1, 5, and 10% level for the chi-square test statistic for the null hypothesis that the N pricing errors are
jointly equal to zero. Lack of superscript indicates insignificance.
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included due to space considerations and are available upon request. Having re-examined the findings of ear-
lier tests on Chinese returns, we next proceed with the analysis of return dispersion as a possible risk factor.

4.3. Return dispersion risk premium

Following Jiang (2010) and Demirer and Jategaonkar (2013), we apply the two-step procedure explained
in Eqs. (2) and (3) and estimate the return dispersion risk loading for each stock each month. At the end of
each month, we sort stocks into quintiles based on the value of return dispersion risk loadings for the
month. Firms in Quintile 1 have the lowest loadings indicating stocks that are least sensitive to return disper-
sion. Similarly, firms in Quintile 5 are the most sensitive with the highest return dispersion loadings. Having
placed each stock in each quintile each month, we then create equally- and value-weighted portfolios and
form time-series returns for each portfolio in Quintiles 1 through 5. Table 4 reports the average returns for
five portfolios sorted on return dispersion loadings. Panels A and B report the findings for equally- and
value-weighted portfolios, respectively. We observe that portfolios with higher return dispersion loadings
yield greater returnswith anaveragemonthly return of−1.023% (5.334%) estimated for Quintile 1 (5) report-
ed in Panel A. The spread in average return between these two quintiles is found to be 6.357% permonth and is
Table 3
Multi-factor model results for portfolios formed on size and idiosyncratic volatility.

Model γ0 γM γSMB γHML γIV Adj. R2

1 (CAPM) 2.705⁎⁎ −1.743 0.148
(2.25) (−1.62)
[2.18] [−1.32]

2 (CAPM+FF) 0.399 1.209 −1.279⁎⁎ 0.216 0.440
(0.47) (1.54) (−3.01) (0.77)
[0.45] [1.10] [−2.12] [0.53]

3 (CAPM+FF+IV) 0.242 1.589 −1.355⁎⁎ 0.211 −0.358 0.492
(0.28) (1.93) (−3.10) (0.74) (−1.32)
[0.26] [1.38] [−2.17] [0.50] [−0.95]

Note: This table reports the Fama and MacBeth (1973) cross-sectional regression coefficients for 25 portfolios sorted by firm size and
idiosyncratic volatility. The coefficients are obtained using monthly data during July 1996 through June 2011. M represents the
monthly excess market return; SMB and HML are size and book-to-market factors; and IV is the idiosyncratic volatility factor. The
Fama and MacBeth t-statistics are in parentheses and Shanken (1992) t-statistics adjusted for the error-in-variables problem are in
brackets. ⁎, ⁎⁎, and ⁎⁎⁎ denote statistical significance at 10%, 5%, and 1% level. The superscript 1, 5, and 10 for the pricing error term
(γ0) indicate significance at 1, 5, and 10% level for the chi-square test statistic for the null hypothesis that the N pricing errors are
jointly equal to zero. Lack of superscript indicates insignificance.



Table 4
Portfolios sorted by exposure to return dispersion.

Portfolio Ranks βRD Return Std. dev.

Panel A: Equally-weighted
1 −2.832 −1.023 10.065
2 −1.198 −0.694 9.209
3 −0.314 0.343 9.079
4 0.599 1.786 9.304
5 2.361 5.334 10.415
5−1 6.357⁎⁎⁎

(5.64)

Panel B: Value-weighted
1 −2.799 −1.221 14.605
2 −1.158 −1.191 11.644
3 −0.321 0.851 13.257
4 0.650 1.053 12.502
5 2.331 5.240 13.709
5-1 6.462⁎⁎⁎

(4.14)

Note: This table reports the average returns (in percent) during the July 1996 through June 2011 period for three portfolios sorted
based on return dispersion risk loadings. Stocks are first ranked into quintiles based on return dispersion risk loadings estimated using
Eq. (3): Ri,t = β0 + βi,RM ∗ Rm,t + βi,RD ∗ RDt + εi,t, where Ri,t and Rm,t are the excess return for stock i and the market index for day t
respectively, RDt is the return dispersion for day t, and βi,RD is the loading on the return dispersion for stock i during that month. Next,
equally-weighted (Panel A) and value-weighted (Panel B) portfolios are constructed using stocks in each quintile from the lowest
(Quintile 1) to the highest (Quintile 5) based on return dispersion loadings. The row “5-1” represents the difference in monthly returns
betweenPortfolio 5 and Portfolio 1 (t-statistic reported in parentheses). ⁎, ⁎⁎, and ⁎⁎⁎denote statistical significance at 10%, 5%, and1% level.
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significant at one percent level. We observe similar results in the case of value-weighted portfolios (reported
in Panel B) with an estimated spread in average return between Quintiles 5 and 1 of 6.462% per month, once
again significant at one percent level. This finding suggests that stockswith greater sensitivity to equity return
dispersion indeed yield significantly higher returns.

In order to see whether the high return observed for stocks that are more sensitive to return dispersion is
driven by the idiosyncratic volatility of these stocks, we examine the return statistics for portfolios sorted first
by return dispersion sensitivity and then by idiosyncratic volatility. Findings reported in Table 5 show that the
Table 5
Sample characteristics: Portfolios formed on return dispersion and idiosyncratic volatility.

Idiosyncratic volatility

1 2 3 4 5

Return Dispersion 1 −0.615 −1.002 −1.341 −1.628 −1.774
(12.302) (12.866) (13.115) (13.486) (14.204)
[27] [28] [28] [28] [27]

2 −0.913 −1.039 −0.757 −1.013 −1.113
(10.639) (11.313) (11.7440 (11.914) (12.879)
[28] [29] [29] [29] [29]

3 −0.122 −0.067 −0.342 −0.303 −0.105
(10.629) (11.2830 (11.310) (12.010) (12.697)
[29] [29] [29] [29] [29]

4 1.162 1.333 1.115 1.428 1.169
(10.786) (11.632) (11.769) (12.561) (13.059)
[29] [29] [29] [29] [29]

5 4.118 4.418 4.212 4.237 4.172
(12.076) (12.854) (13.243) (13.834) (14.602)
[28] [28] [28] [28] [28]

Note: This table reports the mean and standard deviation (in percent) of returns for 25 portfolios sorted by return dispersion and
idiosyncratic volatility. For each portfolio, the standard deviation and the number of stocks are reported in parentheses and brackets,
respectively.
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average portfolio returns do not vary across the high and low IV portfolios. For instance, the average returns
for the five low IV portfolios are−0.615%,−0.913%,−0.122%, 1.162%, and 4.118%, the returns for the corre-
sponding high IV portfolios are −1.774%, −1.113%, −0.105%, 1.169%, and 4.172%. We find a high variation
between the average returns for the low and high return dispersion portfolios. While the average returns
for five low RD portfolios are all negative, the average returns for five high RD portfolios are all positive and
significantly greater than those with lower RD sensitivities. These findings confirm that higher returns are
mainly driven by stocks’ sensitivities to equity return dispersion and not by their idiosyncratic volatility, fur-
ther supporting our findings in Section 4.2.

Table 6 reports our findings for 25 portfolios sorted first bymarket risk loadings and then by return disper-
sion risk loadings as explained in Eqs. (2) and (3). ComparingModels 1 and 2 andModels 4 and 5, we observe
that the inclusion of the return dispersion factor leads to higher average R2 values suggesting that including
the return dispersion factor improves the goodness of fit over the alternative model specifications. We also
observe that the pricing error is generally insignificant in themodels. Examining the estimated risk premiums,
we observe a positive risk premium on the return dispersion factor significant at one percent level in each
case. The risk premium on the return dispersion factor is estimated to be 3.297%, 2.393%, and 1.795% per
month for Models 2, 3, and 5, respectively and is consistent with the findings in Jiang (2010) and Demirer
and Jategaonkar (2013) for the U.S. market. Overall, the findings suggest that return dispersion risk indeed
carries a positive price of risk even after controlling for market, size, book-to-market, and idiosyncratic vola-
tility effects.

4.4. Robustness checks

In a critique of asset pricing tests, Lewellen et al. (2010) note the tendency of researchers to use the size
and book-to-market portfolios to test their proposedmodels and suggest that researchers should use alterna-
tive portfolio specifications sorted on industry or factor loadings. For this purpose, we perform additional ro-
bustness tests using alternative portfolios based on factor loadings and examine the significance of the return
dispersion risk factor for alternative portfolios. Table 7 presents robustness checks for the return dispersion
risk factor using an expanded set of portfolios formed on alternative factor specifications including size and
book-to-market ratio (Panel A), size and idiosyncratic volatility (Panel B), size and return dispersion (Panel
C), and return dispersion and idiosyncratic volatility (Panel D). Additionally, in order to test the robustness
Table 6
Price of return dispersion risk.

Model γ0 γM γSMB γHML γRD γIV Adj. R2

1 CAPM −0.159 0.778 0.167
(−0.18) (0.84)
[−0.17] [0.66]

2 CAPM+RD 1.619 0.299 3.297⁎⁎⁎ 0.465
(1.71) (0.29) (12.91)
[1.07] [0.17] [6.93]

3 CAPM+FF+RD 1.853 0.847 −2.620⁎⁎⁎ −2.448⁎⁎⁎ 2.393⁎⁎⁎ 0.605
(1.67) (0.72) (−4.50) (−6.04) (8.33)
[1.08] [0.43] [−2.66] [−3.57] [4.73]

4 CAPM+FF+IV 1.846 1.059 −3.953⁎⁎⁎ −3.421⁎⁎⁎ 1.068⁎ 0.563
(1.55) (0.89) (−7.46) (−7.97) (3.11)
[0.92] [0.49] [−4.01] [−4.38] [1.70]

5 CAPM+FF+RD+IV 2.939⁎ −0.152 −3.218⁎⁎⁎ −2.739⁎⁎⁎ 1.795⁎⁎⁎ 0.962 0.629
(2.64) (−0.14) (−5.92) (−6.97) (6.32) (2.79)
[1.67] [−0.08] [−3.37] [−3.99] [3.49] [1.62]

Note: This table reports the Fama and MacBeth (1973) cross-sectional regression coefficients for 25 portfolios sorted by first market risk
loadings and then by return dispersion risk loadings. The coefficients are obtained using monthly data during July 1996 through June
2011. M represents the monthly excess market return; SMB, HML, RD and IV are size and book-to-market, return dispersion and
idiosyncratic volatility factors, respectively. The Fama and MacBeth t-statistics are in parentheses and Shanken (1992) t-statistics
adjusted for the error-in-variables problem are in brackets. ⁎, ⁎⁎, and ⁎⁎⁎ denote statistical significance at 10%, 5%, and 1% level. The
superscript 1, 5, and 10 for the pricing error term (γ0) indicate significance at 1, 5, and 10% level for the chi-square test statistic for the
null hypothesis that the N pricing errors are jointly equal to zero. Lack of superscript indicates insignificance.



Table 7
Robustness checks for return dispersion risk using alternative portfolios.

Model γ0 γM γSMB γHML γRD γIV Adj. R2

Panel A: Portfolios formed on size and book-to-market ratio
1 CAPM+RD 2.903⁎ −1.291 1.829⁎⁎⁎ 0.420

(2.20) (−1.07) (6.96)
[1.72] [−0.76] [4.40]

2 CAPM+FF+IV+RD 3.478⁎⁎ −2.259 −0.257 −1.811⁎⁎⁎ 1.830⁎⁎⁎ −0.026 0.644
(2.76) (−2.02) (−0.59) (−6.17) (6.69) (−0.09)
[2.01] [−1.32] [−0.35] [−3.65] [4.05] [−0.06]

Panel B: Portfolios formed on size and idiosyncratic volatility
1 CAPM+RD 0.735 0.597 1.145⁎⁎⁎ 0.355

(0.83) (0.73) (3.99)
[0.77] [0.52] [2.90]

2 CAPM+FF+RD+IV 0.328 1.436 −1.224⁎⁎ 0.149 0.853⁎⁎⁎ −0.302 0.529
(0.38) (1.73) (−2.86) (0.52) (3.95) (−1.13)
[0.35] [1.25] [−2.00] [0.36] [2.63] [−0.82]

Panel C: Portfolios formed on size and return dispersion
1 CAPM+RD −7.304⁎⁎,5 8.45⁎⁎ 3.252⁎⁎⁎ 0.466

(−5.85) (7.46) (11.27)
[−2.12] [2.53] [4.94]

2 CAPM+FF+RD+IV −7.854⁎⁎,1 9.268⁎⁎ −0.589 −0.182 2.949⁎⁎⁎ 0.696 0.639
(−6.69) (8.78) (−1.38) (−0.50) (11.14) (2.17)
[−2.19] [2.56] [0.02] [−0.88] [3.89] [0.67]

Panel D: Portfolios formed on return dispersion and idiosyncratic volatility
1 CAPM+RD −5.404⁎⁎,10 7.119⁎⁎⁎ 2.979⁎⁎⁎ 0.420

(−5.71) (8.76) (12.53)
[−2.37] [3.23] [6.78]

2 CAPM+FF+RD+IV −2.611⁎ 6.039⁎⁎⁎ −3.193 −0.634 2.518⁎⁎⁎ 0.282 0.839
(−2.47) (6.47) (−6.04) (−1.51) (11.32) (1.18)
[−1.76] [3.11] [−1.15] [−0.56] [5.15] [0.08]

Panel E: Industry portfolios
1 CAPM+RD −0.217⁎⁎⁎ 1.607 0.723⁎ 0.169

(−16.82) (1.64) (2.05)
[−16.24] [1.29] [1.67]

2 CAPM+FF+RD+IV −0.220⁎⁎⁎ 2.076⁎ 0.639 0.295 0.712⁎⁎ 0.260 0.302
(−19.49) (2.47) (1.85) (1.26) (3.07) (0.96)
[−18.53] [1.80] [1.16] [0.78] [2.40] [0.70]

Note: This table reports the Fama andMacBeth (1973) cross-sectional regression coefficients for alternative (5×5) portfolio sorts as well
as for 42 industry portfolios formed by assigning each stock to an industry based on the first two digits of its disclosed industry code
following the industry classification issued by the China Securities Regulatory Commission. The Fama and MacBeth t-statistics are in pa-
rentheses and Shanken (1992) t-statistics adjusted for the error-in-variables problem are in brackets. ⁎, ⁎⁎, and ⁎⁎⁎ denote statistical sig-
nificance at 10%, 5%, and 1% level. The superscript 1, 5, and 10 for the pricing error term (γ0) indicate significance at 1, 5, and 10% level for
the chi-square test statistic for the null hypothesis that the N pricing errors are jointly equal to zero. Lack of superscript indicates
insignificance.
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of the RD effect on portfolios that were not formed on a measure of variance, we formed industry portfolios
following the industry classification issued by the China Securities Regulatory Commission based on the
first two digits of each stock’s disclosed industry code. Panel E reports the findings for 42 industry portfolios.9

Since our focus is the robustness of a significant return dispersion effect, we only present in Table 7 the test
results for themodels that include return dispersion. Providing support for our earlier findings on return dis-
persion, the risk premiumon the return dispersion factor is found to be positive and highly significant in each
alternative portfolio sort and after controlling for the alternative risk factors. We also find that the RD effect
remains robust even in the case of portfolios that are not based on ameasure of variance implied by significant
and positive RD premiums observed even in the case of industry portfolios (Panel E). Overall, the findings
9 We thank an anonymous referee for the suggestion on testing RD on industry portfolios aswell. The list of the industries included and
additional findings are available upon request.
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clearly indicate that return dispersion risk is systematically priced in the cross-section of returns in China and
that this result is robust to alternative portfolio specifications.

4.5. Equity return dispersion and fundamental uncertainty

Vassalou (2003) argues that amodel with a factor related to news about the future GDP growth alongwith
the market factor can price equities as well as the three-factor model. In a recent paper, Kogan and
Papanikolaou (2013) show that the difference in returns among firms sorted on various firm-level character-
istics including idiosyncratic volatility is largely driven by their differences in exposures to a common system-
atic risk factor associated with these firms’ sensitivities to technology shocks. Given the finding of a robust
return dispersion effect in the cross-section of returns in China even in the presence of idiosyncratic volatility,
it can be argued that equity return dispersion is likely to capture fundamental uncertainty associated with fu-
ture economic growth and technological transitions.

In a related study, Garcia et al. (2012) show that the cross-sectional variance of stock returns is a consistent
and asymptotically efficient estimator for idiosyncratic volatility. Therefore, it can be argued that return disper-
sion serves as an estimator for idiosyncratic volatility and therefore controls for the idiosyncratic volatility effect
in the cross-sectional tests, rendering the IV factor insignificant. However, in the case of the Chinese stockmar-
ket, idiosyncratic volatility is almost never significant in our prior tests, even in the models that do not include
return dispersion as a risk factor. Therefore, one cannot suggest that return dispersion controls for the idiosyn-
cratic volatility effect in our tests. In a related study focusing on idiosyncratic volatility, Chen and Petkova (2012)
note that high (low) IV stocks have high (low) research and development expenditurewhich can be considered
an indicator of real options associated with a firm (Cao et al., 2008). Therefore, the finding of an insignificant IV
effect in the presence of a robust RD effect suggests that equity return dispersion captures what Berk et al.
(1999) term the real growth options and the flexibility of adaptability to fundamental economic restructuring.

The above interpretation is also consistentwith the suggestion by Pastor and Veronesi (2009) that, during
the initial phase of technological shifts in the economy, risk ismostly idiosyncratic tofirms associatedwith the
new technology, leading new economy stocks to be priced at high valuation ratios. However, as the adoption
probability of the new technology increases, the uncertainty related to the new technology transforms into
market wide systematic risk pushing up discount rates and thus depressing stock prices across the market
and this fundamental uncertainty can be what is captured by equity return dispersion in the case of Chinese
stock returns. Overall, the evidence reported so far implies that equity return dispersion captures shocks re-
lated to fundamental economic restructuring and supports what Jiang (2010) terms as heterogeneous effects
associated with the changes in the relative competitive advantage of firms and resource allocation as a result
of technological shifts. To that end, it is not surprising to find a robust systematic risk factor that is associated
with thedifference infirms’ sensitivities to technological shocks in China, a country that has experienced a sig-
nificant economic transition duringmuch of the sample period. Nevertheless, it can be argued that equity re-
turn dispersion as a systematic risk factor provides amoremeaningful proxy for risk in this emergingmarket.

Clearly, the finding of a significant return dispersion effect on the cross-section returns has implications for
asset pricing and portfolio management. Given the finding of a significant and positive return dispersion risk
premium in Chinese stock returns, portfolio strategies based on stocks’ sensitivities to return dispersion could
be exploited in order to generate abnormal returns. Furthermore, a stock’s sensitivity to equity return disper-
sion can be explored in order to assess growth opportunities for firms. Following the arguments in Cao et al.
(2008) and Chen and Petkova (2012), it can be argued that a stock’s sensitivity to return dispersion serves as
an indicator of real options associated with a firm and this assessment can be utilized in the construction of
growth portfolios in the Chinese stock market. It is possible that, in the case of the Chinese stock market,
growth is not indicated by the book-to-market ratio, but rather by the stock’s sensitivity to equity return dis-
persion. Similarly, regarding capital budgeting decisions, the return dispersion premium associated with a
firm should be taken into account in the analysis of investment opportunities since rational investors will re-
quire a compensation for the added systematic risk driven by exposure to return dispersion.

5. Conclusion

This study extends the literature on asset pricing tests for Chinese stock returns by examiningwhether eq-
uity return dispersion, measured by the cross-sectional standard deviation of stock returns in the market,
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carries a significant price of risk. We find that equity return dispersion is indeed systematically priced in the
cross-section of returns in this emerging market even after controlling for market, size, book-to-market and
idiosyncratic volatility effects. We observe that stocks with greater sensitivities to equity return dispersion
yield significantly higher average returns, corresponding to a monthly spread in returns between stocks
with the highest and lowest sensitivity to return dispersion of 6.357% and 6.462% in equally and valueweight-
ed portfolios, respectively. The finding of a significant and positive return dispersion effect is robust to alter-
native portfolio sorts based on the well-established risk factors as well as for industry portfolios.

Following the suggestion by Chen and Petkova (2012) that idiosyncratic volatility may be associated with
real option opportunitieswith a firm and thefinding by Kogan and Papanikolaou (2013) that the difference in
returns among firms sorted on various firm-level characteristics is largely driven by their differences in expo-
sures to a common systematic risk factor associated with these firms’ sensitivities to technology shocks, the
finding of a robust return dispersion effect in the presence of an insignificant idiosyncratic volatility effect sug-
gests that equity return dispersion indeed captures what Berk et al. (1999) term the real growth options and
the flexibility of adaptability to fundamental economic restructuring associated with a firm. This is also in line
with the hypothesis by Pastor and Veronesi (2009) that the risk that is idiosyncratic to particular firms during
the initial phase of technological shifts transforms into a market wide systematic risk as the adoption proba-
bility of the new technology across themarket increases over time. Therefore, our findings suggest that equity
return dispersion indeed captures the fundamental uncertainty associatedwith economic transitions and the
flexibility of adaptability to fundamental economic restructuring that cannot be captured bymarket and firm
level factors. Given the mixed, and sometimes inconsistent, findings in the literature regarding the determi-
nants of stock returns in China, equity return dispersion as a systematic risk factor provides amoremeaningful
proxy for risk in this emergingmarket that has experienced a significant economic transition duringmuch of
the sample period.
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