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Abstract

This paper shows that low-risk stocks significantly outperform high-risk stocks in the local China A-share market. The main
driver of this low-risk anomaly is volatility, and not beta. A Fama—French style VOL factor is not explained by the Fama—
French—Carhart factors, and has the strongest stand-alone performance among all these factors. Our findings are robust across
sectors and over time, and consistent with previous empirical evidence for the US and international markets. Moreover, the
VOL premium exhibits excellent investability characteristics, as it involves a low turnover and remains strong when applied
to only the largest and most liquid stocks. Our results imply that the volatility effect is a highly pervasive phenomenon, and
that explanations should be able to account for its presence in highly institutionalized markets, such as the US, but also in
the Chinese market where private investors dominate trading.
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Introduction

This paper shows that there exists a strong, distinct, robust,
and investable low-risk anomaly in the China A stock mar-
ket. The low-risk anomaly is the empirical result that the
relation between risk and return is not positive, as predicted
by theoretical models, but flat, or even inverted. This phe-
nomenon has been extensively documented for the US and
other stock markets, and in this paper we extend this result to
the China A-share market. The novel Chinese market offers
a rare opportunity for out-of-sample testing, and allows us to
examine whether previously reported relations between the
low-risk factor and other asset pricing factors are robust. It
may also shed a new light on explanations for the anomaly,
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since trading on the Chinese stock exchanges is dominated
by local, private investors, unlike the US market which is
highly institutionalized. In the remainder of this introduc-
tion, we first review the low-risk anomaly, then discuss prior
studies for the China A market, and finally outline our con-
tributions to the existing literature.

The Capital Asset Pricing Model (CAPM) and its vari-
ous extensions predict a positive relation between risk and
return, but the very first empirical asset pricing studies in
the nineteen seventies already found evidence for a low-risk
anomaly, e.g., Black et al. (1972), Miller and Scholes (1972),
Fama and MacBeth (1973), and Haugen and Heins (1975).
Two decades later, Fama and French (1992) unequivocally
conclude that, contrary to the predictions of the CAPM, mar-
ket beta is unpriced in the cross-section of stock returns.
Despite this finding, the Fama and French (1993, 2015) asset
pricing models retain the classic CAPM relation between
market beta and return, and merely add additional factors
to account for other anomalies documented in the literature.

Blitz and van Vliet (2007) take a fresh look at the low-
risk effect and find that, over their 20-year sample period,
the relation between risk and return is not merely flat, but
even outright inverted. They also find that volatility rather
than beta is the main driver of the anomaly, and that the
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effect is not only present in the US equity market, but also
in the European and Japanese equity markets. Blitz et al.
(2013) document similar results for emerging equity mar-
kets—which did not include local Chinese stocks at that
time. More evidence is provided by, among many others,
Baker et al. (2011), Baker and Haugen (2012), Frazzini
and Pedersen (2014), and Walkshiusl (2014). A parallel
stream of literature examines the empirical performance of
the theoretical minimum-variance portfolio and also finds
clear evidence for the existence of a low-risk anomaly; see
Haugen and Baker (1991, 2010), Clarke et al. (2006, 2011),
and Buehlmaier and Wong (2020). Another related stream
of literature finds a low-risk anomaly for risk measured over
very short-term lookback periods, most notably Ang et al.
(2006, 2009), who consider past 1-month idiosyncratic vola-
tility (iVol), and Bali et al. (2011), who use the maximum
daily return over the past 1 month (MAX). We refer to Russo
(2016) and Blitz et al. (2020b) for a comprehensive overview
of the literature on the low-risk effect.

Trading in local China A shares takes place on the stock
exchanges of Shanghai and Shenzhen since the early nine-
ties. The Chinese A-share market is characterized by higher
volatility, negative skewness and herding.! Initially, the
China A market was only accessible to local investors, but
over time the market gradually opened up to international
investors. An important milestone was reached in 2018,
when leading index provider MSCI added China A shares
to its flagship emerging markets index, resulting in flows
from passive and active investors all over the world into this
market. By that time, the China A market had grown to the
second largest and most liquid market, after only the US.?
A major difference, however, is that whereas the US market
is highly institutionalized, the China A-share market is not.
Hilliard and Zhang (2015), Han and Li (2017), and Hu et al.
(2018) estimate that 80% of the trading volume on Chinese
stock exchanges is from local, private investors.

The literature on the cross-section of stock returns in
China is still relatively young but growing and maturing
rapidly. Early studies such as Wang and Xu (2004), Wong
et al. (2006), and Wang and Di Iorio (2007) find that market
beta is not priced in China, which indicates that the low-risk
anomaly also exists in China. However, the sample periods
used in these studies are relatively short and end already in
2002. More recent evidence is provided by Han et al. (2020)
and Long et al. (2019). They document a significant nega-
tive impact on returns for market beta and systematic tail
risk (beta), respectively, over a twenty-year sample period.

! For more information on China A-share stock return characteristics
see: Su and Fleisher (1999), Seiler et al. (2005), and Tan et al. (2008).
2 Source: World Bank Development Indicators CM.MKT.LCAP.CD
and CM.MKT.TRAD.CD, respectively.

Consistent with this finding of an inverse Security Market
Line, Chen et al. (2018) find that a minimum-variance strat-
egy in China yields a higher return than the market, while
having lower risk. This minimum-variance strategy does
involve a significant amount of trading, with an estimated
turnover of about 100% per annum. The iVol anomaly is
shown to be present in China by Eun and Huang (2007),
Chen et al. (2010), and Cakici et al. (2017), while Cheema
et al. (2018) confirm the MAX anomaly for China. However,
due to the very short (1 month) lookback period of these
strategies, high implementation costs are an even bigger
concern here.?

Our work is most closely related to Cheung et al. (2015)
and Hsu et al. (2018), who examine the general effectiveness
of asset pricing factors in China. Both studies document the
existence of a low-volatility anomaly, as in Blitz and van
Vliet (2007). In addition, they find that the size and value
factors are effective in China, but that the momentum, prof-
itability, and investment factors are not. Thus, the evidence
for factor investing that emerges from these studies is mixed.
Also, the statistical significance, robustness, and distinctness
of the low-volatility anomaly in China remain unclear from
these studies. Liu et al. (2019) propose a 3-factor model
for China, consisting of market, size, and value factors. By
using the market factor, this model assumes that market beta
is priced according to the theoretical CAPM relation. They
find that this model explains the short-term iVol and MAX
anomalies, and also the profitability anomaly. In a contem-
poraneous paper, Jansen et al. (2021) examine the existence
of 32 anomalies in the China A share and find that low-risk
stocks outperform high-risk stocks for different holding peri-
ods, for equal- and value-weighting, for size- and industry-
neutral sorts, and for state- and non-state-owned enterprises.

This paper adds to the existing literature by thoroughly
examining the volatility effect in China. Our study builds
upon the Fama—French framework of creating factors in a
consistent way and empirically testing them on a like-for-
like basis with other factors, following the recommenda-
tions of Lewellen et al. (2010). We construct a VOL factor
following the Fama—French 2 X 3 factor portfolio construc-
tion methodology, which ensures that our results are directly
comparable to other factors. Fama—French are skeptical
towards short-term factors, which require high amounts of
turnover, involve market micro-structure concerns, and do
not exhibit stable style characteristics. Therefore they do
not include fast 1 month price reversal or 12-1 month price
momentum factors in their asset pricing models. Moreover,
Novy-Marx and Velikov (2016) find that most high-turnover

3 Novy-Marx and Velikov (2016) find that most high-turnover anom-
alies do not survive after accounting for transaction costs even when
designed to mitigate transaction costs.
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Fig.1 Factor Sharpe ratios in China, 2000-2018. This figure sum-
marizes the Sharpe ratios of the market (RM-RF), size (SMB),
value (HML), profitability (RMW), investment (CMA), momentum
(UMD), and volatility (VOL) factors for the Chinese A-share market
over the sample period December 2000-December 2018

anomalies do not survive after accounting for transaction
costs, and Hou et al. (2020) find that many anomalies dis-
appear after excluding illiquid micro-cap stocks and using
value-weighting instead of equal-weighting. To address
these concerns, our base-case choice is to measure risk over
a 3-year horizon, similar to Blitz and van Vliet (2007), rather
than a 1-month horizon. In addition, our sample consists of
the largest and most liquid stocks, so micro-cap stocks which
are large in number but make up a tiny part of total market
capitalization are not included.

Our first contribution is to show that the low-risk anomaly
is strongly present in China. Consistent with previous stud-
ies on the low-risk effect, we find that the main driver of
the anomaly is volatility, rather than market beta. We find
very similar results for shorter (up to 1-month) and longer
(up to 5-year) volatility estimation periods. The volatil-
ity effect is also robust across sectors and persistent over
time. A Fama-French style VOL factor shows a higher
risk-adjusted premium than each of the other factors in the
Fama—French—Carhart model. This is illustrated in Fig. 1.

Our second contribution is to show that the low-risk
anomaly in China is a distinct phenomenon. For the US
market, Novy-Marx (2014) and Fama and French (2016)
argue that the low-risk anomaly is subsumed by profitability
and investment factors, but we find that this result does not
carry over to the Chinese market. The volatility effect is also
not explained by the size and value factors, contrary to what
one might expect based on the results of Liu et al. (2019).
We also find that the volatility effect in China is uncorre-
lated with the volatility effect in other markets. The latter
result argues against a unified risk-based explanation for
the volatility premium. Our results cannot be attributed to
investability frictions, since the alpha is also strongly present
among the largest and most liquid stocks, and the required

¥

turnover is low. This also means that the strategy exhibits
good practical investability properties.

The third contribution of our work is that it sheds new
light on explanations for the volatility effect. Unlike the US
market, which is highly institutionalized, trading on the Chi-
nese stock exchanges is dominated by private investors. A
popular explanation for the volatility effect relates to the role
of benchmarks as understood in a classical principal-agent
setup (Baker et al. 2011). If delegated portfolio managers
with leverage constraints are benchmarked against a market
index, they will have a rational preference for risky stocks
over safe stocks, which can lead to a flattening of the risk-
return relation. Our finding that the volatility effect is also
strongly present in a market dominated by private investors
indicates that the phenomenon could have multiple drivers.
Private investors may be more prone to behavioral biases, as
discussed in Blitz et al. (2014), or overpay for risky stocks
because of their lottery-ticket features, as in Barberis and
Huang (2008) and Bali et al. (2017). However, it can also not
be ruled out that, despite not being benchmarked directly,
private investors aim to outperform other investors and
therefore have a relative performance objective, similar to
institutional investors.

Data and methodology

Our sample comprises China A stocks starting from Novem-
ber 2000 until December 2018. At the end of every month,
we identify all constituents of the MSCI China A Onshore
Index and the MSCI China A Onshore Investable Mar-
ket Index (starting in December 2004) for that particular
month. The two indices comprise only securities listed
on the Shanghai and Shenzhen exchanges. Stocks that are
included in both indices are only included once. According
to MSCI, these stocks represent all investable large-, mid-
and small-cap securities and cover approximately 99% of the
market’s free-float adjusted market capitalization. We only
require stocks to have valid market capitalization data to be
included. The resulting universe consists of approximately
1200 stocks on average; the actual number ranges between
about 200 and 2200 over time. These numbers are consider-
ably smaller than the total number of listed A shares, which
varies between about 1050 and 2800 over our sample period.
By excluding the hundreds of stocks which together make
up less than 1% of total market capitalization, we avoid that
our results are distorted by micro-caps (cf., Hou et al. 2020).
Although MSCT already conducts investability screens, we
mitigate the influence of small-cap stocks further by using
value-weighted returns and size breakpoints calculated on
large- and mid-cap securities (more details later in this
section).
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We gather monthly stock returns in US dollars taking
into account dividends, stock splits, and other capital adjust-
ments.* Our first data source for returns and outstanding
shares is Interactive Data Exshare. In case this data is not
available, we use MSCI return series instead. Alternatively,
when neither of these is available, we calculate total returns
using daily data from S&P/IFC. In addition to returns, we
gather free-float adjusted market capitalization data from
MSCI and fundamental data from Worldscope. To avoid a
look-ahead bias we lag Worldscope data by six months. As
a proxy for the risk-free rate, we obtain the 1-month US
Treasury bill rate from the data library of Kenneth French.’
All returns are in US dollars and excess returns are measures
as total returns in excess of the 1-month Treasury bill rate.

Similar to Blitz and van Vliet (2007) and Blitz et al.
(2013), we calculate the past volatility of a stock by tak-
ing the standard deviation of its monthly total returns
over the preceding 3 years. In a robustness test, we look at
the effects of calculating volatility over shorter or longer
lookback periods, and the effects of using daily or weekly
instead of monthly data. In addition, we consider beta as a
second risk measure. The past beta of a stock is calculated
by regressing its monthly excess returns over the past 3 years
on the excess returns of the value-weighted universe of all
stocks.® We require 36 monthly return observations when
calculating volatility or beta. Furthermore, we calculate the
book-to-market ratio (common equity divided by market
equity), operating profitability (operating profits divided by
total assets), asset growth (y-o-y growth rate of total assets),
and momentum (past 12-minus-1 month total return) for all
available stocks in each month.

At the end of every month, we create value-weighted
decile portfolios by ranking stocks on their past 3-year vola-
tility or beta of monthly returns. The top decile contains the
stocks with the highest volatility (beta) and the bottom decile
the stocks with the lowest volatility (beta). We next calculate
for each portfolio the total return in US dollars in excess of
the 1-month Treasury bill rate over the subsequent month.

We also construct Fama—French style factor portfolios.
The Fama—French approach is characterized by 2 X 3 double
sorts on size and the target factor. For the US, Fama and
French (1993, 2015) classify all stocks as either large or

* Qur choice for returns in US dollars is motivated by the interna-
tional asset pricing literature (cf., Fama and French, 2012, 2017).
We do not expect that the currency’s choice affects our results as (i)
RMB/USD changes affect all stocks equally and (ii) the and RMB/
USD rate is very stable over our sample period.

3 http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_libra
ry.html.
¢ Before December 2000, the value-weighted market excess return

is obtained from the China Stock Market and Accounting Research
(CSMAR) database.

small based on the median market capitalization of stocks
listed on the New York Stock Exchange. Since NYSE stocks
tend to be bigger than Nasdaq stocks, this approach results in
a larger size breakpoint than if the entire universe of stocks
would be used. For China A shares, we follow a similar
approach by every month classifying stocks as either large
or small based on the median market capitalization of only
the stocks in the MSCI China A Onshore Index (which
solely consists of large- and mid-cap stocks). Next, low-,
mid-, and high-factor portfolios are created within both size
groups using the 30th and 70th percentiles as breakpoints.
Following Fama and French (2015), we define the size fac-
tor (SMB) as the average of the 9 small portfolios minus
the average of the 9 large portfolios in the 2 X3 sorts on
size and value, size and profitability, and size and invest-
ment. All other factors are the difference between the aver-
age return of the two high and the two low factor portfolios
for the respective factor criteria. In this way, we construct
value (HML), profitability (RMW), investment (CMA), and
momentum (UMD) factors based on the respective factor
criteria (book-to-market ratio, operating profitability, asset
growth, and momentum).

In addition, we construct Fama—French style volatility
(VOL) and beta (BETA) factors based on similar 2 X 3 sorts.
Following Blitz et al. (2020a, b), the only deviation from the
standard Fama—French factor construction methodology is
that the factors are made beta neutral, by levering up the long
leg and levering down the short leg to full-sample markets
betas of 1 each. Without beta neutrality, the VOL and BETA
factors would have a highly negative beta to the market fac-
tor. This beta-neutralization adjustment is analogous to the
betting-against-beta methodology of Frazzini and Pedersen
(2014).

Rankings on volatility or beta can result in structural sec-
tor tilts. Asness et al. (2014) and Baker et al. (2014) show
that the low-risk effect exists within sectors and countries,
and also across sectors and countries. Since China is a single
country, we examine the robustness of our findings by com-
puting the VOL and BETA premiums within each sector. We
use the 11 main sectors as defined by the Global Industry
Classification Standard (GICS) classification, but merge two
sectors with a low number of stocks with related sectors: real
estate (GIGS sector code 60) with financials (40), and com-
munication services (50) with information technology (45).
Due to the lower number of stocks per sector, the single
sector VOL and BETA factors are created based on plain
sorts on volatility and beta, still using the 30th and 70th
percentiles as breakpoints, but without conditioning on size.
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Table 1 Portfolio returns based on past risk measures

D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 D1-D10  Univ

Panel A: Volatility deciles
Return 127%  12.1% 8.3% 11.2%  11.5% 8.3% 6.6% 6.8% 6.0% -0.2% 12.9% 8.8%
Return comp 9.6% 8.2% 4.2% 6.6% 6.7% 3.3% 1.3% 12% -0.1% —6.4% 10.6% 4.6%
Volatility 248%  28.1% 28.5% 303% 31.1% 31.3% 32.5% 33.7% 34.9% 35.1% 21.2% 29.0%
Sharpe 0.51 0.43 0.29 0.37 0.37 0.27 0.20 0.20 0.17 0.00 0.61 0.31
Beta 0.79 0.94 0.96 1.01 1.04 1.06 1.09 1.12 1.16 1.15 -0.36 1.00
Alpha 5.7% 39% —-0.2% 2.2% 23% -10% -3.0% -32% —-42% -104% 16.1% 0.0%
t-value 2.55 2.34 —-0.16 1.26 1.27 —0.65 —1.55 —1.60 —-1.95 -4.01 3.69 0.00
Panel B: Beta deciles
Return 9.4%  12.2% 13.8% 8.4%  10.2% 8.9% 11.3% 7.0% 7.9% 32% 6.2% 8.8%
Return comp 6.1% 8.5% 9.5% 4.0% 5.6% 4.0% 6.0% 1.2% 1.9% —3.4% 3.5% 4.6%
Volatility 257%  27.2% 29.6% 29.7%  30.3% 31.1% 32.6% 33.9% 34.6% 36.5% 22.8% 29.0%
Sharpe 0.36 0.45 0.47 0.28 0.34 0.29 0.35 0.20 0.23 0.09 0.27 0.31
Beta 0.80 0.90 0.99 0.99 1.02 1.05 1.09 1.13 1.16 1.19 -0.39 1.00
Alpha 2.3% 4.2% 51% —-0.3% 1.2% —-0.3% 1.7% =-3.0% —-2.3% -7.4% 9.7% 0.0%
t-value 0.88 2.38 3.18 -0.21 0.73 -0.19 0.89 —1.43 -1.26 -2.74 2.06 0.00

Big Big Big Small Small Small VOL

Low Vol. Neutral High Vol. Low Vol. Neutral High Vol.
Panel C: 2 x 3 Size-Volatility sort
Return 10.7% 6.5% 0.9% 13.9% 11.5% 8.8% 9.1%
Volatility 26.5% 29.5% 34.3% 30.5% 33.7% 36.0% 10.3%
Sharpe 0.40 0.22 0.03 0.45 0.34 0.25 0.88
Beta 0.84 0.99 1.13 1.00 1.10 1.17 0.00
Alpha 32% -22% -9.1% 5.1% 1.7% -1.5% 9.1%
t-value 1.34 -1.28 —3.87 2.16 0.67 -0.50 3.72

Big Big Big Small Small Small BETA

Low Beta Neutral High Beta  Low Beta Neutral High Beta
Panel D: 2 x 3 Size-Beta sort
Return 9.3% 7.7% 3.1% 12.0% 12.5% 10.0% 6.0%
Volatility 26.2% 29.0% 35.8% 30.9% 33.7% 35.8% 10.4%
Sharpe 0.36 0.27 0.09 0.39 0.37 0.28 0.58
Beta 0.84 0.97 1.18 0.99 1.10 1.17 0.00
Alpha 1.9% -0.9% -7.4% 3.2% 2.8% -0.4% 6.0%
t-value 0.86 -0.52 -2.85 1.21 1.07 -0.13 243

This table shows the descriptive statistics for Chinese A-share stocks sorted into portfolios based on past risk measures and the value-weighted
universe (Univ) over the period December 2000—December 2018. The returns are in US dollars, value-weighted and in excess of the 30-day
T-bill rate. Panel A shows the portfolio deciles sorted on 36-month volatility and panel B when stocks are sorted on 36-month beta. Portfolios
are rebalanced on a monthly frequency. To control for differences in volatility, the compounded returns are also shown in Panels A and B. Panels
C and D show the portfolios sorted on size (market capitalization equity) and risk in line with the standard Fama—French 23 portfolio sort-
ing technique. This procedure produces six value-weight portfolios. The size breakpoint is the MSCI China A Onshore Index (solely large- and
mid-cap stocks) median market capitalization but applied to all stocks. The volatility and beta breakpoints are the 30th and 70th percentiles of
36-month volatility and beta within both of these size groups. VOL (BETA) is the equal-weight average of the returns on the two low-volatility
(beta) portfolios minus the average of the returns on the two high stock volatility (beta). The VOL and BETA portfolios are made beta neutral, by
levering up the long leg and levering down the short leg to full-sample markets betas of 1 each. Only simple returns are shown in Panels C and D

Results

In our base-case analysis, we sort stocks every month on
either their past 36-month volatility or 36-month market

¥

beta into value-weighted decile portfolios, and then calcu-
late the excess return of these ten portfolios over the subse-
quent month. The full-sample performance characteristics
for the volatility-sorted portfolios are reported in Panel A of



The Volatility Effect in China

343

Table 2 Controlling for sectors 10 15 20 25 30 35 40&60  45&50 55

Panel A: VOL premium within 9 sectors (30-40-30 sort within each sector)

Return 7.2% 6.9% 8.6% 9.2% 17.9% 7.3% 8.2% 3.4% 13.9%
Volatility — 24.5% 12.7% 14.3% 147%  24.3% 197%  20.2% 15.5% 22.0%
Sharpe 0.30 0.54 0.60 0.62 0.74 0.37 0.41 0.22 0.63
Beta 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Alpha 7.2% 6.9% 8.6% 9.2% 17.9% 7.3% 8.2% 3.4% 13.9%
t-value 1.25 2.29 2.54 2.63 3.12 1.58 1.72 0.92 2.68
Panel B: BETA premium within 9 sectors (30-40-30 sort within each sector)

Return 5.2% 3.3% 7.0% 1.9% 18.6% 3.6% 8.0% 1.9% 4.4%
Volatility  23.3% 12.5% 13.7% 148% 273% 23.8% 21.1% 16.4% 22.6%
Sharpe 0.23 0.26 0.51 0.13 0.68 0.15 0.38 0.11 0.20
Beta 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Alpha 5.2% 3.3% 7.0% 1.9% 18.6% 3.6% 8.0% 1.9% 4.4%
t-value 0.95 1.10 2.15 0.53 2.88 0.63 1.60 0.48 0.83

This table shows VOL and BAB factors within each sector. Due to the lower number of stocks per sector,
VOL and BAB factors are created based on single sorts using again past 36-month volatility (beta) and
the 30th and 70th percentiles as breakpoints. We use the 11 main sectors as defined by the Global Indus-
try Classification Standard (GICS) classification, but merge two sectors with a low number of stocks with
related sectors: real estate (GIGS sector code 60) with financials (40), and communication services (50)
with information technology (45). The VOL and BETA factors for each sector are made beta neutral, by
levering up the long leg and levering down the short leg to full-sample markets betas of 1 each

Table 1. The ex post volatilities of the decile portfolios show
a monotonic increase from less than 25% per annum for the
lowest-risk portfolio (D1) to over 35% for the highest-risk
portfolio (D10), which implies that the sort on ex ante vola-
tility is effective. Looking at the ex post returns, we observe
that the least risky portfolio has the highest return, while the
most risky portfolio has the lowest return. The combined
result is an annualized Sharpe ratio of 0.51 for D1 versus a
Sharpe ratio of 0.00 for D10. Adjusting for market beta we
find a statistically significant annualized alpha of 5.7% for
D1 and an even more significant alpha of — 10.4% for D10.
Thus, the D1-D10 alpha spread amounts to no less than
16.1%. These results are fully consistent with the findings
of Blitz and van Vliet (2007) for the US, Europe, and Japan,
who document a similar inverse relation between risk and
return, and also a particularly big negative alpha for the most
risky stocks.

Panel B of Table 1 reports the results for the portfolios
sorted on market beta. The beta-sorted portfolios show a
generally similar performance pattern as the volatility-
sorted portfolios, but less pronounced. The top decile has
an alpha of just 2.3%, which is not even statistically signifi-
cant. The bottom decile is still significant, with an alpha of
—7.4%, resulting in an also significant D1-D10 alpha spread
of 9.7%. Intriguingly, it is the third decile portfolio which
exhibits the highest return, Sharpe ratio and alpha, closely
followed by the second decile portfolio. For the US, Europe,
and Japan, Blitz and van Vliet (2007) also find that volatil-
ity is more powerful than beta, but the gap between the two

metrics is particularly large in China. Since the beta of a
stock is equal to its volatility times its correlation with the
market divided by a constant, the volatility of the market, the
differences between sorts on beta and volatility come from
correlations. In unreported tests, we find that stocks with
very low correlations exhibit particularly poor performance
in China. In other words, by sorting on beta we effectively
contaminate a powerful metric, volatility, with a metric that
only detracts from performance, correlation.

The results for Fama—French style (2x3) VOL and
BETA factors, as described in the methodology section, are
reported in Panels C and D of Table 1. The VOL factor gen-
erates a highly significant premium of 9.1% per annum. The
Sharpe ratio of the VOL factor is 0.88, which is higher than
the 0.61 Sharpe ratio of the D1-D10 portfolio. Besides not
being in line with the Fama—French factor methodology, the
D1-D10 portfolio also has a negative market beta of — 0.36
which lowers its raw return and Sharpe ratio. Consistent with
the findings in Panels A and B of Table 1, the BETA factor
is a bit weaker, with a premium of 6.0% per annum and a
Sharpe ratio of 0.58. By construction, the VOL and BETA
factors have the same return as alpha, since their betas are
zero. The t-statistic of the volatility factor is 3.72, and for
the beta factor it is 2.43.

Table 2 reports the VOL and BETA premium within each
sector, as described in the methodology section. The VOL
and BETA premiums turn out to be positive in each sector,
without a single exception. The VOL premium is even statis-
tically significant in the majority of sectors. The dominance

¥
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Table 3 Comparison with other RM-RF SMB HML CMA RMW UMD VOL

factors
Return 8.8% 4.5% 10.2% 2.1% 0.9% -1.0% 9.1%
Volatility 29.0% 16.3% 15.0% 8.2% 9.0% 13.7% 10.3%
Sharpe 0.31 0.28 0.68 0.25 0.10 -0.07 0.88
Beta 1.00 0.12 0.06 -0.07 -0.01 -0.08 0.00
Alpha - 3.6% 9.7% 2.6% 1.0% -0.3% 9.1%
t-value - 0.95 2.75 1.39 0.45 -0.09 3.72

Table 4 Controlling for other
factors

This table shows the annualized return, volatility, and Sharpe ratio for the market (RM-RF), size (SMB),
value (HML), profitability (RMW), investment (CMA), momentum (WML), and volatility (VOL) factors
for the Chinese A-share market over the December 2000—December 2018. For all factors besides the mar-
ket, we also compute the realized CAPM beta and alpha (and the associated 7-value)

Panel A: Value factor (HML) based on BtM Panel B: Value factor (VMG) based on EtP

CAPM 3FM 5FM 6FM ALL CAPM 3FM SFM 6FM ALL
Alpha 9.1% 8.9% 8.7% 8.0% 8.2% Alpha 9.1% 6.8% 6.6% 52% 53%
t-value 3.72 3.95 3.88 3.51 3.49 t-value 3.72 291 2.96 2.27 2.27
RM-RF  0.00 0.02 0.03 0.04 0.04 RM-RF 0.00 0.03 0.03 0.03 0.03
t-value 0.00 1.06 1.53 1.59 1.60 t-value  0.00 1.24 1.33 1.57 1.58
SMB - -025 -0.19 -0.15 -0.15 SMB - -0.17 -0.14 -0.06 -0.06
t-value - -630 -394 -297 -293 t-value - -3.60 -282 -1.06 -1.05
HML - 0.12 0.04 0.11 0.11 VMG - 0.24 0.21 0.32 0.32
t-value - 2.74 0.82 1.70 1.70 t-value - 3.96 3.21 4.26 4.25
CMA - - 0.20 0.20 0.21 CMA - - 0.07 0.04 0.04
t-value - - 2.00 2.08 2.10 t-value - - 0.63 0.34 0.36
RMW - - 0.16 0.15 0.15 RMW - - 0.20 0.28 0.28
t—value - - 1.84 1.78 1.73 t-value - - 2.89 3.84 3.77
UMD - - - 0.11 0.11 UMD - - - 0.16 0.17
t-value - - - 1.80 1.82 t-value - - - 2.93 2.93
BONDS —-0.06 BONDS —-0.04
t-value -0.37 t-value -0.26
Adj. R 0% 19%  21%  22%  21%  Adj. R 0% 2%  24%  21%  27%

This table presents the results of a series of spanning tests where we regress VOL factor returns on the
CAPM, Fama and French (1993) three-factor model (3FM), Fama and French (2015) five-factor model
(5FM), the SFM augmented with a momentum factor to a six-factor model (6FM), and the 6FM augmented
with a Bond factor (ALL). The Bond factor is based on the excess return of the iBoxx ABF China Govern-
ment Index. Panel A shows the results for the standard value factor (HML) based on the book-to-market
ratio (BtM), while Panel B shows results for a value factor (VMG) based on the earnings-to-price (EtP).

The sample period runs from December 2000 to December 2018

of volatility over beta is reconfirmed by the finding that the
VOL premium is larger than the BETA premium in 8 out
of 9 sectors. In the rest of the paper, we will focus on the
volatility factor.

In Table 3, we compare the VOL premium with the well-
known and widely used factor premiums of Fama and French
(2015) and Carhart (1997). The VOL premium turns out to
be the strongest of all on a risk-adjusted basis, i.e., in terms
of Sharpe ratio or t-statistic of the alpha. Only the value
premium, HML, has a slightly higher raw return of 10.2%
(versus 9.1% for VOL), but with higher risk. Together, the
low-risk and value premiums are the strongest factors in

¥

China. The size premium, SMB, is positive but not even half
as strong, while the profitability, investment, and momentum
premiums appear to be completely absent. These findings are
consistent with Cheung et al. (2015), Guo et al. (2017), and
Hsu et al. (2018). The Sharpe ratios for the various factors
in China are summarized in Fig. 1.

The low-risk premium in the US equity market is dis-
missed by Novy-Marx (2014) and Fama and French (2016),
who argue that it is subsumed by a profitability factor in
time-series regressions. Blitz and Vidojevic (2017) chal-
lenge this conclusion by showing that cross-sectional Fama
and MacBeth (1973) tests do support the existence of a
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Table 5 Correlation with other countries/regions

China US Europe Japan  Asia Pacific
Return 9.1% 6.7%  8.0% 5.6% 10.2%
Volatility 103% 11.0% 10.6% 11.5% 12.6%
Sharpe 0.88 0.61 0.75 048  0.81
Cor. with China - 0.05 0.03 -0.02 0.10

This table shows the annualized return, volatility, and Sharpe ratio for
the VOL factor in China and similarly constructed VOL factors for
the US, Europe, Japan, and Asia Pacific excluding Japan regions and
the correlation of the VOL factor in these regions with the VOL fac-
tor in China. The sample period runs from December 2000 to Decem-
ber 2018

distinct low-risk anomaly. In addition, Blitz et al. (2020a)
find that the time-series results are fully driven by the short
legs of the low-risk and profitability factors, and that the
long low-risk portfolio is not subsumed by the long high-
profitability portfolio.

In Table 4, we show that the VOL premium in China is
not subsumed by other factors in time-series regressions.
Controlling for the market, size, value, profitability, invest-
ment, and momentum, hardly affects the alpha, with 8.0%
out of the raw 9.1% remaining unexplained. There are two
reasons for this very different conclusion compared to the
US. First, the loadings on the Fama—French—Carhart factors
are relatively low, in particular the loading on the profit-
ability factor which is crucial for the US results. Second, as
shown in Table 3, the profitability factor is simply too weak
in China to explain a factor as strong as VOL.

Prior research suggests that the low-risk effect may be
explained by an implicit exposure to interest rate changes
(cf., Baker and Wurgler 2012; Muijsson et al. 2015; and
Blitz 2020). De Franco et al. (2017) formally examine this
issue for the US and conclude that although low-risk stocks
have a statistically significant exposure to interest rate risk,
this only explains a very small part of their alpha. We also
analyze this relationship for the Chinese market by adding
a bond factor (the excess return of the iBoxx ABF China
Government Index) to the spanning tests in Table 4.” How-
ever, our conclusions remain unchanged as the VOL factor in
China has a negligible loading on the bond factor. Therefore,
we conclude that interest rate risk cannot explain the low-
risk effect for China A shares.

Liu et al. (2019) propose a 3-factor model for China, con-
sisting of market, size, and value factors, which they show
explains the short-term iVol and MAX anomalies. Impor-
tantly, their value factor departs from the HML factor of
Fama and French (1993) by using the earnings-to-price ratio
(EtP) instead of the book-to-market ratio (BtM), based on

7 We are grateful to an anonymous referee for this suggestion.

their finding that EtP is a much more powerful valuation
metric in China than BtM. We therefore repeat the spanning
tests using an EtP value factor. The results are reported in
Panel B of Table 4. Although the VOL factor has a sig-
nificant loading on the alternative value factor, the alpha is
only partially explained. The bigger part of the VOL alpha
remains unexplained and statistically significant.

In Table 5, we compare the VOL factor in China with
the value-weighted 2 X3 VOL factors for the US, Europe,
Japan, and Asia Pacific excluding Japan regions as used in
Blitz et al. (2020a).® The comparison shows that China is
among the markets in which the VOL factor is most power-
ful. Also, the VOL factor’s performance in China is practi-
cally uncorrelated with the VOL factors in other regions.
The low correlations between the VOL factor in China and
other regions also imply that they are not driven by some
shared global systematic risk factor, which argues against
risk-based explanations while supporting explanations based
on mispricing. Furthermore, the VOL factor in China offers
a distinct source of alpha that is not already captured by
VOL factors from other regions.

We further examine the robustness of the VOL factor in
China by varying the lookback period for measuring vola-
tility, by extending the holding period from one month up
to 60 months, by breaking the VOL factor down into its
separate large-cap and small-cap components, and by look-
ing at performance over subsamples. Panel A of Table 6
shows that there is a similar-sized VOL premium for vola-
tility measured over the past 20 days, the past 52 weeks, the
past 36 months, and the past 60 months. The alphas show
no clear pattern along the lookback horizon, amounting to
9.3%, 10.1%, 9.1%, and 9.3%, respectively. The t-values
are all well above 3, ranging between 3.40 and 4.38. Thus,
the factor is highly robust to the choice for the lookback
period. To investigate the robustness of the VOL factor for
longer holding periods, we follow the overlapping portfo-
lio approach of Jegadeesh and Titman (1993, 2001). With
this approach, the strategies hold a series of portfolios, in
any given month, that are selected in the current month as
well as in the previous K—1 months, where K is the hold-
ing period. Panel B shows that the VOL factor is robust to
holding periods up to 60 month. The alphas for 1-, 6-, and
12-month holding periods are similar and range from 9.1%
t0 9.3%, while for the 36- and 60-month holding period, the
alphas slightly decrease to 8.0% and 7.1.%, respectively. The
t-values, however, are all above 3 and range between 3.72
and 4.01. This robustness is not surprising as the 36-month
lookback period leads to a persistent volatility estimate that
results in low turnover. Next, we make a breakdown of the

8 The sample and factor construction is described in Hanauer and

Windmiiller (2020).
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Table 6 Robustness
Panel A: Estimation period VOL factor

20-day 52-week 36-month 60-month
Alpha 9.3% 10.1% 9.1% 9.3%
Volatility 11.6% 11.0% 10.3% 8.9%
t-value 3.40 3.87 3.72 4.38
Sharpe 0.80 0.92 0.88 1.04
Panel B: Holding period VOL factor

1-month 6-month 12-month 36-month 60-month
Alpha 9.1% 9.3% 9.1% 8.0% 7.1%
Volatility 10.3% 9.9% 9.6% 8.5% 7.9%
t-value 3.72 3.94 4.01 3.99 3.80
Sharpe 0.88 0.93 0.95 0.94 0.90
Panel C: Large- and small-cap component of VOL factor

VOL VOL, VOLg
Alpha 9.1% 11.9% 6.4%
Volatility 10.3% 16.0% 7.8%
t-value 3.72 3.14 3.47
Sharpe 0.88 0.74 0.82
Panel D: Subsamples VOL factor

00-05 06-10 10-15 15-18 Full
Return 5.0% 5.0% 12.7% 17.2% 9.1%
Volatility 7.5% 11.8% 12.1% 8.5% 10.3%
Sharpe 0.66 0.42 1.05 2.02 0.88
Beta 0.04 0.01 -0.03 0.02 0.00
Alpha 5.4% 4.7% 13.0% 17.4% 9.1%
t-value 1.60 0.85 2.37 3.46 3.72

This table shows the annualized alpha, the associated volatility and #-value, and Sharpe ratio for the volatility (VOL) factor constructed based
on various past volatility estimates (Panel A), for various holding periods (Panel B), for the VOL factor broken down into its separate large-cap
and small-cap components (Panel C), and for several subperiods (Panel D). Panel D shows additionally also the annualized return and realized
CAPM beta. The full sample period runs from December 2000 to December 2018

VOL factor into the large-cap and small-cap component.
Panel C shows that both components of the VOL factor are
strong. The large-cap component has a higher raw return, but
the small-cap component has a higher risk-adjusted return.
Based on these results, we conclude that the volatility effect
in China is not driven by small- or micro-cap stocks. Finally,
we split the sample period into four distinct subperiods.
Panel D of Table 6 shows that the VOL factor is positive
in every subperiod, which further confirms the robustness
of the factor. Contrary to the popular notion that anomalies
may disappear once everyone knows about them (see, e.g.,
McLean and Pontiff 2016), the VOL factor only appears to
have become stronger over time.

Novy-Marx and Velikov (2016) find that anomalies that
involve a low turnover can usually be exploited success-
fully after costs, while anomalies that require a high turnover

¥

generally do not survive after costs. In light of their findings,
it is questionable how much performance will be left after
costs for low-risk strategies with a high turnover, such as
the iVol and MAX strategies that are based on lookback
periods of just one month. However, the turnover of the VOL
factor in this study is much lower, since it uses a 36-month
lookback period. As a result, stocks are held for more than
a year on average and economic and statistical significant
VOL premiums exists for holding periods at least up to 60
months. Another potential concern is the finding of Hou
et al. (2020), who find that many anomalies disappear after
excluding illiquid micro-cap stocks and using value-weight-
ing instead of equal-weighting. However, this concern also
does not apply to the VOL factor, which is value-weighted,
constructed on a universe which excludes micro-caps, and
consisting of separate large-cap and small-cap components
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that are both strong, as shown in Panel C of Table 6. Thus,
the low-risk anomaly exhibits good investability properties.

Summary

This paper shows that the low-risk anomaly is strongly
present in the local China A-share market. Contrary to the
predictions of prevailing theoretical asset pricing models,
the least risky stocks in China exhibit the highest returns,
while the most risky stocks earn the lowest returns. The
main driver of the low-risk anomaly in China is volatil-
ity, and not beta. These findings are highly consistent with
previous empirical evidence for the US and international
developed and emerging equity markets. Our findings are
robust across sectors and over time. These ‘out-of-sample’
results also help to better understand the low-risk anomaly.
A Fama-French style VOL factor cannot be explained by the
established Fama—French—Carhart factors, and even shows a
stronger risk-adjusted performance than each of these other
factors. Altogether, our results imply that the volatility effect
is a highly pervasive phenomenon, and that explanations
should be able to account for its presence in highly institu-
tionalized markets such as the US, but also in the Chinese
market where trading is dominated by private investors.
Finally, the VOL factor exhibits good practical investability
properties, as it involves a low turnover and is also powerful
when applied to only the largest and most liquid stocks. We
acknowledge that the inclusion of China A shares to MSCI
Emerging Market index starting in 2018 might affect the
future behavior of local asset prices.” With some years of
additional data, such an examination is certainly an interest-
ing topic for future research.
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