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Abstract
This paper attempts to extend the approach of quantitative investment and provide
investors with suggestions about volatility timing. Based on the volatility-managed
portfolios strategy, we propose two volatility–tail risk-managed portfolios strategies
by combining the volatility and tail risk forecasting methods.We subject seven indices
in China’s stock market to verify the performance of these two strategies. The empir-
ical results show that volatility–tail risk-managed portfolios yield better performance
than buy-and-hold portfolios and volatility-managed portfolios in terms of annualized
average returns, Sharpe ratio, maximum drawdown and Calmer ratio. Furthermore,
we find that the effectiveness also depends on the volatility clustering of portfolios
and the selection of investment periods.

Keywords Volatility timing · Quantitative investment · Volatility-managed portfolios
strategy · Volatility–tail risk-managed portfolios · Volatility forecasting

JEL Classification C53 · G11 · G17 · G32

1 Introduction

Affected by various macro- and micro-factors, asset prices often exhibit volatility ran-
domness. Determining the best time of buying and selling financial assets to obtain
excess returns has become a major problem commonly faced by investors. With the
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emergence of financial innovation and the development of financial technology, quan-
titative investment has attracted much attention from academia and industry.

Prior literature documents that volatility is widely used in practice for quantita-
tive timing. In order to meaningfully compare the momentum strategies of time-series
between assets,Moskowitz et al. (2012) first introduce volatility scaling. Subsequently,
Barroso and Santa-Clara (2015) suggest that using volatility to manage momentum
risk can eliminate momentum crashes and increase the Sharpe ratios of momentum
strategies. Further, Moreira and Muir (2017) find a negative correlation between the
volatility in the previous period and the return per unit of risk in the next period. Moti-
vated by this, they formally propose the volatility-managed portfolios strategy, which
reduces positions when volatility is high and increases when volatility is low. They
show that managed portfolios earn significantly positive excess returns and increase
Sharpe ratios compared with unmanaged portfolios. Since then, many scholars have
focused on studying the effectiveness and interpretation of volatility-managed port-
folios strategy. Cederburg et al. (2020) show that when the sample is expanded to
103 stock portfolios, the strategy shows a positive in-sample excess return but per-
forms poorly outside the sample. Barroso and Detzel (2021) explore the reasons why
volatility-managed portfolios can produce abnormal returns. The results show that the
abnormal returns generally concentrate in stocks with low arbitrage risk and impedi-
ments to short selling, and the strategy only performs well when sentiment is high.

As noted by the above literature, volatility-managed portfolios could earn excess
returns in the US market. However, China’s stock market is distinct from the US
stock market due to its unique system, laws, and trading rules (Bell and Feng 2009;
O’Neill et al. 2016). In order to promote the stable and healthy development of China’s
stock market, regulators often intervene and restrict stocks trading (Carpenter et al.
2021). Unlike the slow bull market and the fast bear market in the US market, the fast
bull market and the slow bear market are characteristic of China’s market. Therefore,
although the strategy has performed well in the US stock market, whether it can be
effectively applied to China’s stock market is still a question worth discussing.

Chi et al. (2021) have studied the industry portfolios of China’s A-share stock mar-
ket. They find a positive correlation between realized volatility and returns, contrary
to the premise that volatility-managed portfolios can achieve abnormal returns. Given
this, we choose the representative stock indices of China’s A-share market to explore
the effectiveness of the strategy applied toChina’smarket. Furthermore, to improve the
strategy performance, we propose forecast volatility management and tail risk man-
agement. At the same time, combining the characteristics of the above two strategies,
we propose volatility–tail risk management, and the empirical results suggest that the
strategy is a more effective method to manage portfolios.

First, we followMoreira andMuir (2017) to manage seven representative indices of
China’s stock market by volatility-managed portfolios strategy. The empirical results
show that the strategy is valid for most indices, but performs poorly on others. The
reason is that the implementation of the strategy depends on the negative correlation
between realized volatility and current return per unit of risk. In contrast, the negative
correlation is not significant in some indices. However, we find that the negative
correlation between current volatility and current return per unit of risk is stronger for
the above seven stock indices. Then we use current volatility to manage portfolios and
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obtain higher excess returns. Nevertheless, the current volatility is not available, so
only the historical data can be accessed for predicting if investors want to apply this
method in real time.

There are many pieces of research on volatility prediction (Wilhelmsson 2006;
Xiao and Koenker 2009; Andersen et al. 2010; Kim and Won 2018; Aliyev et al.
2020; Zhang and Zhang 2020). Hallerbach (2012) finds that the more accurate the
volatility prediction is in the target volatility strategy, the higher the Sharpe ratio will
be. It indicates that the accuracy of prediction is crucial in volatility management.
Since volatility is highly predictable in the short term (Christoffersen and Diebold
2000), the most commonmethod is to replace current volatility with realized volatility
(Andersen and Bollerslev 1998; Barndorff-Nielsen and Shephard 2002; Andersen
et al. 2003). Realized volatility reflects past changes of assets, but the volatility of
stock prices often has strong randomness; realized volatility cannot accurately predict
the current volatility. Therefore, more and more scholars employ GARCH models to
predict volatility.

Bali and Demirtas (2008) use GARCH models and EGARCH models based on
normal distribution, GED distribution, and t distribution to predict the volatility of
S&P500 index futures. They state that theGED-EGARCHmodel has themost accurate
prediction results.Alberg et al. (2008) suggest that theEGARCHmodel basedon skew-
t distribution provides the best variance prediction for the Tel Aviv Stock Exchange
(TASE) Stock index. Agnolucci (2009) finds that GARCH models perform better
than implied volatility (IV) in predicting the volatility of crude oil futures. Cao and
Tsay (1992) respectively employ the TARmodel, ARMAmodel, GARCHmodel, and
EGARCH model to predict stock volatility in the US market. They demonstrate that
the EGARCH model performs best in predicting small-cap volatility. Perchet et al.
(2015) use GARCH-type models to predict the volatility of the S&P500 index and
apply the predictive value to the target volatility strategy. The results suggest that the
target volatility strategy using the I-GARCHmodel could stabilize the volatility at the
target level and improve the Sharpe ratio of the asset.

Further, we verify whether forecast-based current volatility management can obtain
excess returns in real time. Because of the high kurtosis, fat-tails, and conditional het-
eroscedasticity of the indices, we choose GARCH-type models whose residuals obey
the generalized hyperbolic distribution to predict the volatility. Finally, we compare
them with realized volatility management. The results suggest that forecast volatility
management is more advantageous.

Although using volatility tomanage financial assets is amainstream timing strategy,
some scholars explore other risk measurement methods to manage risky assets. Qiao
et al. (2020) present that downside volatility can provide investorswith additional value
that volatility cannot capture. Strub (2016) introduces a tail risk hedging algorithm that
uses EVT theory to estimate CVaR and adjusts the level of risk exposure through the
estimated value. Rickenberg (2020) proposes a tail risk targeting strategy and obtains a
higher Sharpe ratio by replacing the volatility in the target volatility strategy with VaR
andCVaR. Spilak andHärdle (2020) present a dynamic tail risk protection strategy and
adopt the trading signals generated by the target VaR strategy for investment timing.

The above literature illustrates that tail risk, as another important measure of risk,
can also adjust portfolios’ positions. However, whether it can be applied to the form

123



1194 Z. Guo et al.

of volatility management to achieve the same or even better performance as forecast
volatility management in China’s market is still a question. Synthesizing the above
studies and referring to the tail risk targeting strategy proposed by Rickenberg (2020),
we present tail riskmanagement. It usesVaR andES tomeasure tail risk and analogizes
the form of volatility management. We find that this strategy can obtain significant
excess returns in China’s market and outperform forecast volatility management on
some stock indices.

The empirical results of the above two parts show that forecast volatility and tail risk
management perform inconsistently on different indices. So we integrate the advan-
tages and disadvantages of various portfolio management strategies in the literature
above and propose volatility–tail risk management. It uses the product of volatility
and tail risk as a comprehensive measure of asset risk for portfolio timing. The results
suggest that the combination strategy earns significantly higher excess returns than
the single timing strategy. The reason is that, on the one hand, the combination strat-
egy reduces the leverage of portfolios. On the other hand, it enhances the positive
correlation between investment positions and returns.

This paper has the following academic innovations. First, we present forecast
volatility management and tail risk management based on VaR and ES. In addition,
we verify their effectiveness in China’s market. Second, we explain the reasons for
the distinct performance between volatility management based on different forecast-
ing methods from the perspective of volatility clustering. Third, we demonstrate the
rationality of calculating VaR and ES with the daily return to rebalance portfolios’
monthly return. At last, we propose volatility–tail risk management, which uses the
product of volatility and tail risk to manage portfolios.

The remainder of the paper is organized as follows. Section2 is the introduction
of data explanation and related methods. Section3 contains our empirical tests on
current volatility management, forecast volatility management, tail risk management,
and volatility–tail risk management. Section4 discusses the impact of investment time
selection on portfoliomanagement, the rationality of theVaR and ES calculationmeth-
ods, and summarizes the similarities and differences between volatility management
and volatility targeting strategy. Section5 concludes.

2 Data andmethodology

2.1 Data

We consider the representative stock indices published by Shanghai Stock Exchange
andShenzhenStockExchange inChina’s stockmarket: SSEComposite Index (SSEC),
SSE A Share Index (SSEA), SSE 50 Index (SSE50), CSI 300 Index (CSI300), SZSE
Component Index (SCI), SZSE Composite Index (SZSC), SZSE A Index (SZSA).
We collect their daily returns to explore the effectiveness of volatility management in
China’s stock market. In terms of the risk-free rate, due to the availability of data, we
use the 1-year deposit rate as the risk-free rate before 2002 and the 1-year treasury
bond interest rate as the risk-free rate in 2002 and onwards.
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Table 1 Descriptive statistics

Index Date Mean Standard deviation Kurtosis Skewness

SSEC 02/01/1997–30/06/2021 0.000255 0.015691 4.999987 −0.251855

SSEA 02/01/1997–30/06/2021 0.000256 0.015706 5.009613 −0.255050

SSE50 05/01/2004–30/06/2021 0.000331 0.016845 3.973807 −0.126977

CSI300 11/04/2005–30/06/2021 0.000466 0.016981 3.766015 −0.390143

SCI 02/01/1997–30/06/2021 0.000322 0.017820 3.550653 −0.221719

SZSC 02/01/1997–30/06/2021 0.000396 0.017529 3.591643 −0.478155

SZSA 02/01/1997–30/06/2021 0.000398 0.017588 3.558211 −0.474323

All returns in this paper are simple returns. SSE50 and CSI300 are established late, with data from 5 January
2004 and 11 April 2005, respectively

Most scholars apply the excess return to portfolios timing, which is defined in Eq.
(1),

fi = Ri − r f , (1)

where fi is the original, unscaled index’s excess return on day i , Ri is the return on
day i , and r f is the risk-free rate.

As China’s stock market started to implement the price-limit system on 13 Decem-
ber 1996, the market’s volatility at the beginning was significant. Additionally, due
to the immature operation mechanism of China’s stock market at the beginning of its
establishment, we verify that the performance of managed portfolios from the begin-
ning of stock index establishment is not as good as from 1997. The empirical results
are shown in Discussion 4.1. Accordingly, we use data from 1997 and onwards as the
subject of this paper; the detailed daily excess returns are described in Table 1.

Table 1 shows that the daily excess returns for all seven indices have the character-
istics of high kurtosis and left-skewed with positive mean values. Experience shows
that financial series tend to have the characteristic of fat tail. After calculation, we
found that each index above also has this characteristic. Hence, it is more accurate to
fit the index return by using the distribution with the three characteristics theoretically.

We follow Moreira and Muir (2017), setting 22 trading days as a month and rebal-
ancing portfolios monthly. The excess return in month can be calculated as follows:

ft =
22∏

i=1

(1 + fi ) − 1, (2)

where fi has been defined in Eq. (1).

2.2 Volatility-managed portfolios strategy

Moreira and Muir (2017) state that the volatility-managed portfolios strategy is effec-
tive in the US equity market due to the negative correlation between realized volatility
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and current return per unit of risk. Therefore, higher excess returns and Sharpe ratios
can be obtained if exposure is reduced when realized volatility is high and increased
when it is not. The adjustment method of this strategy is constructed as1:

f σ
t = c

σ̂ 2
t−1

ft , (3)

where ft is the monthly excess return of the buy-and-hold portfolio, the benchmark
return used to compare different management strategies. f σ

t is the excess return of the
managed portfolio. c/σ 2

t−1 represents the position of the volatility-managed portfolio
in month t . c is a constant chosen such that f σ

t and ft have the same full-sample
variance. σ 2

t−1 is the realized volatility,2 which is calculated as:

σ̂ 2
t−1( f ) =

22∑

i=1

(
f it−1 −

∑22
i=1 f it−1

22

)2

, (4)

where f it−1 is the daily excess return of the buy-and-hold portfolio on day i of month
t − 1. In addition, they use the following time series regression to estimate the excess
return:

f σ
t = α + β ft + εt . (5)

Since the full-sample variance of portfolios before and after management is con-
trolled by c in Eq. (3), a positive α implies that the volatility-managed portfolio has
increased the Sharpe ratio relative to the original portfolio.

2.3 GARCHmodel and EGARCHmodel

There is empirical evidence that volatility clustering often occurs in financial assets,
where large price movements tend to cluster together, leading to persistence in the
magnitude of price changes (Cont 2007). Moreover, we construct the ARCH-LM
test on indices, which shows an ARCH effect on these indices. Therefore, we use
the GARCH model (Bollerslev 1986) to portray the time-varying characteristics of
the volatility fully and predict it. The structure of the GARCH(p,q) model can be
expressed by:

ft = μ + εt , (6)

εt = σtξt , ξt ∼ N (0, 1), (7)

σ 2
t = α0 +

q∑

i=1

αiε
2
t−i +

p∑

j=1

β jσ
2
t− j , (8)

1 For monthly rebalancing, the time of adjustment can be set to the first trading day of the month t .
2 Volatility indicates the degree of asset returns’ dispersion and is generallymeasured as the sample standard
deviation, but sometimes variance is used also as a volatility measure (Poon 2005).
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where ft is the monthly excess return in month t ; ξt is an independent and identi-
cally(i.i.d.) normally distributed noise variable; the coefficients in Eq. (8) match the
following conditions: α0 > 0, αi , β j ≥ 0, i, j = 1, . . . , p. Financial data often have
high kurtosis, fat-tails, and skewness that the normal distribution cannot adequately
characterize, thus Bollerslev (1987) and Hansen (1994) point that ξt could obey gener-
alized t and skew-t distributions, respectively. Since then, more and more distributions
have been used in GARCH-type models to describe financial data.

By calculating the AIC and BIC values, we select the order of each model as
p = q = 1 in Sect. 3.2. So, Eq. (8) can be transformed into the following equation:

σ 2
t = α0 + α1ε

2
t−1 + β1σ

2
t−1, (9)

The parameter α, β in Eq. (9) can be utilized to describe the degree of volatility
clustering. The closer α + β is to 1, the slower the decay of the autocorrelation of σt ,
and vice versa (Cont 2007).

To explain the leverage effect of the financial series and remove the non-negative
restrictions on the coefficients in GARCH models, Nelson (1991) develop the
EGARCH model. The conditional variance for the EGARCH can be written as:

ln(σ 2
t ) = α0 +

q∑

i=1

(αiεt−i + γi (|εt−i | − E |εt−i |)) +
p∑

j=1

β j ln(σ
2
t− j ). (10)

A negative αi indicates that there is a leverage effect: a negative shock of the same
magnitude has amore substantial impact on volatility than a positive shock. γi captures
the magnitude of the leverage effect.

2.4 Tail risk management based onVaR and ES

VaR and ES are two conditional risk measures that can also be used for managing
portfolios. VaR with significance level α at time t can be written as:

P(Lt ≤ VaRα
t |It−1) = 1 − α, (11)

where Lt = − ft is the loss rate of the asset at time t ; It−1 denotes the known
information at time t − 1 and before; VaRα

t is the estimate of the maximum loss of the
asset under confidence 1−α. We apply VaR to construct a tail risk-managed portfolio
with the following management process:

f VaRt = c

̂VaR
α

t

ft , (12)

where c is still the constant such that f σ
t and ft have the same full-sample variance,

and̂VaR
α

t is the estimated value of VaRα
t . Since VaR is not a consistent risk measure

and cannot consider the loss beyond the threshold, it will generally underestimate the
loss.
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For this reason, Rockafellar and Uryasev (1999) introduce the ES, which represents
the conditional expectation of the loss exceeding VaR in a given period and confidence
level. Thus, it is an adequate measure of tail risk than VaR. ES with significance level
α at time t is given by:

ESα
t = E(Lt |Lt ≥ VaRα

t , It−1). (13)

Similarly, we employ ES to construct a tail risk-managed portfolio with the follow-
ing management process:

f ESt = c

ÊS
α
t

ft , (14)

where c is defined in the same way as Eq. (12) and ÊS
α
t is an estimated value of ESα

t .
In this paper, VaR and ES are calculated by two methods:

The historical simulation method calculates the quantile and the conditional expec-
tation of the series within the window. Let L(1) ≤ L(2) ≤ · · · ≤ L(n) be the series of
losses sort in ascending order within the window, then

̂VaR
α

t = L([n(1−α)]), (15)

ÊS
α
t = 1

n − [n(1 − α)] + 1
·

n∑

i=[n(1−α)]
L(i). (16)

The conditional distribution method is based on the assumption that the data within
the window can be described by a given distribution. Then VaR and ES are calculated
by the quantile and conditional expectation of this distribution:

̂VaR
α

t = F−1
L (1 − α), (17)

ÊS
α
t = E(Lt |Lt ≥ ̂VaR

α

t ). (18)

In the empirical part of Sects. 3.4 and 3.5, we carefully adopt the rolling window
before time t for out-of-sample estimation of VaRα

t and ESα
t to avoid look-ahead bias.

Further, the information of time t is not needed in time t − 1, so investors can use it
to invest in real time.

2.5 Volatility–tail risk management

In order to integrate the positive effects of volatility and tail risk on portfolio manage-
ment, we construct a volatility–tail risk-managed portfolio. Taking ES as an example,
it can be illustrated by:

f σ ·ES
t = c

σ̂ 2
t · ÊSα

t

ft , (19)
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Fig. 1 Relationship between realized volatility and average return per unit of risk. We divide the monthly
time series of realized volatility into five buckets. The lowest, “low vol,” looks at the lowest 20% of realized
volatility months. We show the average return per unit of risk in the next month of every bucket. In other
words, the horizontal coordinates of the graph indicate the division of realized volatility σt−1 into five
groups from lowest to highest by quintile, and the vertical coordinates indicate the current average return
per unit of risk for different groups (i.e., E[ ft/σt ]). To ensure that the data we used in this graph are
consistent with Table 3, we remove the first 100 months’ excess return data for each index used in this graph

where σ̂ 2
t is the estimated value of the variance at time t , ÊS

α
t is the estimated value of

ES at the significance level α. The implementation of the volatility-managed portfolios
strategy proposed by Moreira and Muir (2017) is primarily based on the negative
correlation between risk and return per unit of risk. Therefore, it is vital to measure
the risk for this strategy adequately. As common risk measures, volatility focuses
on uncertainty, and ES pays attention to tail risk. Volatility–tail risk management
combines both risk measures to measure the risk of a portfolio more adequately and
thereby achieve higher excess returns.

3 Result

3.1 The comparison of realized volatility management with current volatility
management

Moreira and Muir (2017) construct a volatility-managed portfolio, which inspired by
the negative correlation between realized volatility and current return per unit of risk
in the US market. This section explores whether this negative correlation holds in
China’s market, the results are shown in Fig. 1.

Figure 1 confirms that most indices do not have this significant negative correlation
in China’s stock market, except SSE50 and CSI300. As a consequence, the effect of
realized volatility management may not be effective in China’s market. Based on this,
we explore the correlation between current volatility σt and average return per unit of
risk E[ ft/σt ] in China’s market. Here we apply the historical data within the sample
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Fig. 2 Relationship between current volatility and average return per unit of risk. We divide the monthly
time series of current volatility into five buckets. The lowest, “low vol,” looks at the lowest 20% of current
volatility months. We show the current average return per unit of risk of every bucket. In other words, the
horizontal coordinates of the graph indicate the division of current volatility σt into five groups from lowest
to highest by quintile, and the vertical coordinates indicate the average return per unit of risk for different
groups(i.e., E[ ft/σt ]). To ensure that the data we used in this graph is consistent with Table 3, we remove
the first 100 months’ excess return data for each index used in this graph

to try to give readers some enlightenment from the past experience. The results are
presented in Fig. 2.

As shown in Fig. 2, the negative correlation between current volatility and return
per unit of risk is more significant in terms of the overall trend compared to it between
realized volatility and return per unit of risk. For Fig. 1, most indices have a high
average return per unit of risk during a period of high volatility. According to Eq. (3),
the position in high volatility periods is small, so the realized volatility management
will give up the return in these periods. Considering Fig. 2, the average return per unit
of risk for each index in high volatility periods is small or even negative; reducing
position in these periods will result in higher excess returns. Similarly, the return per
unit of risk is higher in low volatility periods in Fig. 2 compared to Fig. 1, so giving
higher leverage to these periods will result in higher excess returns. Therefore, we
consider that using current volatility instead of realized volatility in Eq. (3) will result
in better performance theoretically.

So as to verify the ability of current management to bring excess returns (i.e., utilize
σ 2
t to replace the volatility σ 2

t−1 in Eq. (3)), we apply the two strategies to adjust the
position of the buy-and-hold portfolio.

Table 2 suggests that current volatility management can generate annualized aver-
age returns andSharpe ratios that far outperform realized volatilitymanagement except
in SSE50. For SZSC and SZSA, the realized volatility management generates neg-
ative annualized α, which indicates that this strategy is invalid in these indices. On
the contrary, the current volatility management performs well in these two indices,
confirming the findings in Figs. 1 and 2. However, current volatility is not observable
in practice, so some methods for accurately forecasting current volatility are required
to pursue the excess returns.

123



Research on the effectiveness of the volatility–tail risk… 1201

Table 2 The results of current volatility management and realized volatility management

Index Annualized α Annualized average return Sharpe ratio

SSEC 0.181559 (0.071864) 0.253937 (0.144964) 0.214806 (0.128017)

SSEA 0.181559 (0.071864) 0.253651 (0.145338) 0.214518 (0.128286)

SSE50 0.144353 (0.155264) 0.203532 (0.224303) 0.209385 (0.228888)

CSI300 0.211260 (0.175978) 0.303234 (0.259195) 0.330400 (0.287103)

SCI 0.227089 (0.025493) 0.360274 (0.144466) 0.248278 (0.108101)

SZSC 0.307584 (−0.010747) 0.483956 (0.137428) 0.318190 (0.102657)

SZSA 0.309119 (−0.010747) 0.486198 (0.137502) 0.317719 (0.102160)

This table reports the performance ofmanaged portfolios, including annualized α, which is calculated by the
Eq. (5), the annualized average return, and the Sharpe ratio. The results of realized volatility management
are shown in brackets. We eliminate the first 100 months’ excess return data to be consistent with the
positioning interval of the strategy in Table 3

3.2 Performance of forecast volatility management

We use four methods to forecast volatility. The most common forecast method is to
replace current volatility with realized volatility3 (Andersen et al. 2003). The remain-
ing three prediction methods are the GARCHmodel based on normal distribution, the
GARCH model, and the EGARCH model based on generalized hyperbolic distribu-
tion.

We apply the predictive value of volatility to manage portfolios. In this case, we
get the forecast volatility management:

f σ
t = c

σ̂ 2
t
ft . (20)

We compare the performance of different forecast volatility management strategies
from the return and risk perspective by calculating four statistics: annualized average
return, Sharpe ratio,4 maximum drawdown, and Calmar ratio. The results of annual-
ized average return and Sharpe ratio are summarized in Table 3, and the maximum
drawdown and Calmar ratio are shown in “Appendix” Table 11.

As shown in Table 3, forecast volatility management achieves a higher annualized
average return and Sharpe ratio than the buy-and-hold strategy. In comparison, realized
volatility management attains the highest annualized average returns in SSE50 and
CSI300. The annualized average return increases by 14.01% and 12.34% compared to
the buy-and-hold, but this method underperforms on the rest indices. The EGARCH-
GHD captures the highest annualized average return and Sharpe ratio across SSEC,

3 When we use this method to forecast volatility and then manage portfolios (that is the realized volatility
management in Sect. 3.1), this strategy is the same as volatility-managed portfolios strategy proposed by
Moreira and Muir (2017).
4 Cederburg et al. (2020) suggest that a positive α in regression (5) is a lower bar for declaring success of a
given managed strategy relative to a positive Sharpe ratio difference in a direct comparison. Therefore, we
employ the Sharpe ratio instead of the α used by Moreira and Muir (2017).
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Table 3 Annualized average returns and Sharpe ratios of indices after forecast volatility management

SSEC SSEA SSE50 CSI300 SCI SZSC SZSA

Annualized averaged return

Buy and hold 0.09761 0.09759 0.08420 0.13582 0.15474 0.20234 0.20421

Realized-Vola 0.14496 0.14534 0.22430 0.25920 0.14447 0.13743 0.13750

GARCH-norm 0.16168 0.16224 0.11686 0.18141 0.17598 0.24631 0.25016

GARCH-GHD 0.17186 0.17313 0.12468 0.15091 0.18002 0.26026 0.26280

EGARCH-GHD 0.21268 0.21607 0.12146 0.15504 0.20864 0.27075 0.26376

Sharpe ratio

Buy and hold 0.08792 0.08787 0.09097 0.15797 0.11530 0.14724 0.14770

Realized-Vola 0.12802 0.12829 0.22889 0.28710 0.10810 0.10266 0.10216

GARCH-norm 0.14181 0.14222 0.12452 0.20712 0.13001 0.17621 0.17775

GARCH-GHD 0.15012 0.15110 0.13242 0.17443 0.13278 0.18520 0.18583

EGARCH-GHD 0.18279 0.18540 0.12917 0.17890 0.15215 0.19191 0.18644

(1) When constructing the above management strategies based on GARCH-type models, we choose 100
months as a rolling forecast window. (2) Since the different forecasting windows of the strategies will lead
to inconsistent management horizons, we unify the management horizons as the maximum time horizons
that GARCH-type models can manage (e.g., SSEC has a total of 269 months’ excess returns. The GARCH
model uses a rolling forecasting window of 100months; thus, we onlymanage themonthly excess returns of
the portfolio for months 101-269). (3) The buy-and-hold denotes the buy-and-hold strategy. The Realized-
Vola represents realized volatility management. The GARCH-norm denotes forecast volatility management
predicted by the GARCH model based on the normal distribution. The GARCH-GHD and the EGARCH-
GHD represent forecast volatility management predicted by GARCH and EGARCH models based on
generalized hyperbolic distribution (GHD)

SSEA, SCI, SZSC, and SZSA, which increases the annualized average return by
11.51%, 11.85%, 5.39%, 6.84%, and 5.96% compared to the buy-and-hold.

Table 11 suggests that the EGARCH-GHD significantly reduces the maximum
drawdown of the portfolio, with the lowest maximum drawdown across SSEA, SCI,
SZSC, and SZSA. In addition, the results show that the EGARCH-GHD gains the
highest Calmar ratio5 across SSEC, SSEA, SCI, SZSC, and SZSA, which is the same
as the conclusion observed by annualized average returns, further demonstrating the
superiority of this strategy.

Accordingly, we obtain several interesting findings. First, management strategies
based on generalized hyperbolic distribution can attain better performance than those
based on the normal distribution. Comparing the GARCH-norm with the GARCH-
GHD, the latter significantly improves annualized average return, Sharpe ratio,
maximumdrawdown, andCalmar ratio. It indicates that the generalized hyperbolic dis-
tribution with high kurtosis, fat-tails, and skewness is more suitable for describing the
return data. Second, theEGARCH-GHDsignificantly outperforms theGARCH-GHD,
meaning that there is a leverage effect in the index series, thus applying EGARCH
models to forecast volatility can lead to higher accuracy.

5 The Calmar ratio is a commonmetric that combines excess return and maximum drawdown. The Sterling
ratio and the Burke ratio are also metrics which combine excess return and maximum drawdown(Eling and
Schuhmacher 2007).
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Table 4 Correlation of volatility clustering with the effectiveness of realized volatility management

Statistics SSEC SSEA SSE50 CSI300 SCI SZSC SZSA

α 0.10246 0.10242 0.15561 0.14955 0.11218 0.16553 0.16470

β 0.83142 0.83039 0.79004 0.81141 0.79502 0.73314 0.73396

α + β 0.93387 0.93281 0.94565 0.96096 0.90720 0.89867 0.89866

Current-Vola 0.13059 0.12974 0.15705 0.26350 0.11377 0.21640 0.21245

Realized-Vola 0.06466 0.06201 0.20925 0.24304 0.02809 0.02107 0.01606

CV − RV 0.06594 0.06772 −0.05220 0.02045 0.08568 0.19533 0.19639

Pearson(α + β,CV − RV )=−0.86265

In light of Sect. 2.3, α + β of the GARCH model can be used to measure the volatility clustering. Hence,
we adopt the GARCH model based on generalized hyperbolic distribution to fit indices and calculate the
value of α and β in Eq. (9). Furthermore, we consider current volatility management(Current-Vola) as
the best strategy, that can be achieved by forecast volatility management. Consequently, we calculate the
annualized average return difference (CV − RV ) of current volatility management and realized volatility
management(Realized-Vola) to measure the performance gap between the realized volatility management
and the optimal strategy. Finally, we calculate the correlation coefficient between α + β and CV − RV .
The conclusion verify that the performance of the realized volatility management is directly related to the
volatility clustering of the indices. Incidentally, to adequately measure the volatility clustering of indices,
the values in this table are calculated by the full sample data

3.3 Volatility clustering

According to the results in Sect. 3.2, we find realized volatility management only per-
forms best in SSE50 andCSI300,while forecast volatilitymanagement performs better
on the remaining indices. Consequently, we explore the reasons for this phenomenon
below.

Themain difference between realized volatility andvolatility predicted byGARCH-
type models is that the former only reflects the volatility one month before, while
the latter can combine volatility information over the previous period. Intuitively,
GARCH-type models could obtain higher prediction accuracy on indices with low
volatility clustering, resulting in better management performance. Therefore, in this
section, we explore the correlation between the extent of volatility clustering and the
performance of realized volatility management on different indices.

Table 4 reports the correlation of volatility clustering with the effectiveness of
realized volatility management. The smaller the volatility clustering is, the larger the
difference between the realized volatility management and the optimal strategy will
be. The Pearson correlation coefficient between α+β andCV −RV can reach−0.86,
which indicates the two have a strong negative linear correlation with each other. The
reason is that realized volatility uses the last month’s volatility in place of the current
volatility, so it will only performwell on indiceswith the slow decay of the autocorrela-
tion of σt . In contrast, using GARCH-typemodels to forecast volatility will effectively
capture previous periods’ volatility information. Thus, it can be applied to portfolios
management to achieve better performance on data with weak volatility clustering.
We therefore provide a reasonable recommendation to investors: for portfolios with
stronger volatility clustering, the realized volatility management should be chosen;
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Table 5 Annualized average returns and Sharpe ratios of the indices after tail risk management

SSEC SSEA SSE50 CSI300 SCI SZSC SZSA

Annualized averaged return

Buy and hold 0.09761 0.09759 0.08420 0.13582 0.15474 0.20234 0.20421

VaR-HS 0.13872 0.13907 0.09162 0.14749 0.20833 0.25074 0.25324

VaR-GPD 0.13971 0.13970 0.08979 0.14897 0.20672 0.25233 0.25455

VaR-stew-t 0.13546 0.13519 0.09409 0.14874 0.20134 0.24565 0.24777

ES-HS 0.16463 0.16476 0.09477 0.16065 0.22257 0.27346 0.27559

ES-GPD 0.16261 0.16267 0.09422 0.16022 0.22090 0.27179 0.27381

ES-stew-t 0.16356 0.16991 0.09166 0.16222 0.24149 0.30258 0.30479

Sharpe ratio

Buy and hold 0.08792 0.08787 0.09097 0.15797 0.11530 0.14724 0.14770

VaR-HS 0.12282 0.12307 0.09868 0.17071 0.15195 0.17908 0.17972

VaR-GPD 0.12364 0.12360 0.09678 0.17233 0.15087 0.18010 0.18056

VaR-stew-t 0.12009 0.11983 0.10122 0.17208 0.14725 0.17578 0.17621

ES-HS 0.14423 0.14429 0.10193 0.18496 0.16143 0.19363 0.19394

ES-GPD 0.14257 0.14257 0.10137 0.18449 0.16032 0.19257 0.19281

ES-stew-t 0.14335 0.14848 0.09872 0.18665 0.17388 0.21194 0.21218

We apply six methods to measure tail risk. The VaR-HS and the ES-HS denote tail risk management based
on historical simulation. The VaR-GPD and the ES-GPD represent tail risk management based on the
conditional distribution method with generalized Pareto distribution (GPD). The VaR-stew-t and the ES-
stew-t denote tail riskmanagement based on the conditional distributionmethodwith the skew-t distribution.
There are a fewwindows in which the data cannot converge to a given distribution. In such rare windows, we
adopt the historical simulation method to calculate VaR and ES. (2) In the above management strategies, we
set 36 months as a rolling window. Especially, we adopt daily excess returns to calculate estimated values of
VaR and ES, then rebalance themonthly returns (i.e., the rebalancedweight inmonth t is equal to the product

of the inverse of̂VaR
α

t or ÊSα
t and a constant c.̂VaR

α

t or ÊSα
t is calculated by the daily excess returns of the

792 days before the month t). The rationality of this method is summarized in Discussion 4.2 (3) Because
the window lengths for calculating volatility and tail risk are different, we set the samemanagement horizon
of tail risk management as volatility management in Table 3. (4) We set the significance level to 5%, and
the extreme value in the GPD distribution to 10% of the window

otherwise, they should select forecast volatility management based on GARCH-type
models.

3.4 Performance of tail risk management based onVaR and ES

Inspired byRickenberg’s study on target tail risk strategy(Rickenberg 2020),we extend
the volatility management to tail risk management to explore whether it can also
achieve excess returns, and we measure the tail risk by VaR and ES. Table 5 presents
the annualized average return and Sharpe ratio of managed indices. The maximum
drawdown and Calmar ratio are written in “Appendix” Table 12.

Tables 5 and 12 illustrate no significant differences in annualized average return,
Sharpe ratio, maximum drawdown, and Calmar ratio of three VaR-based tail risk man-
agement strategies. Comparing different ES-based tail risk management strategies, we
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suggest that the ES-stew-t has the best performance across the seven indices, which
improve the annualized average returns by 6.59%, 7.23%, 0.75%, 2.64%, 5.67%,
10.02%, and 10.06% respectively compared with the buy-and-hold. In addition, the
ability to obtain excess returns of ES-based management strategies has the follow-
ing relationship: ES-stew-t>ES-HS>ES-GPD> buy-and-hold, which illustrates the
effectiveness of tail risk managements and reaffirms the superiority of using distribu-
tions with high kurtosis, fat-tailed, and skewed characteristics to describe the index
series. We also find ES-based management strategies gain higher annualized average
returns of 2–3%, Sharpe ratios of around 0.02, and lower maximum drawdowns than
VaR-based management strategies. This conclusion confirms that ES is an adequate
measure of tail risk empirically.

3.5 Performance of volatility–tail risk management

From the above analysis, the estimations of volatility and tail risk are essentially
the prediction of the possible risks faced by the portfolio in the future. Comparing
volatility management with tail risk management, both have methods’ advantages
across different indices. The EGARCH-GHD performs best on SSEC and SSEA, the
realized volatility management performs best on SSE50 and CSI300, and the ES-
stew-t performs best on the remaining three indices. The basic idea is to combine
the strengths of the two risk measures and apply them to manage the portfolio to
achieve higher excess return and lower maximum drawdown. Therefore, we combine
the two best volatility management strategies: the realized volatility management and
the EGARCH-GHD, with the best tail risk management: the ES-stew-t.6 Then, we
get two kinds of volatility–tail risk management strategies. (We also refer to it as a
combination strategy in the following.)

Table 6 reports the performance of combination management. Both the RV*ES
and the EGARCH*ES show significant improvement compared with the single strat-
egy.7 The RV*ES, compared with the realized volatility management, improves the
average annualized return by 6.58%, 8.41%, 3.94%, 13.82%, 17.30%, 17.23% except
for SSE50, and reduces the maximum drawdown by 9.29%, 8.04%, 5.92%, 3.08%,
15.37%, 23.07%, 23.12%, respectively, across the seven indices. As the result of the
reduction in maximum drawdown, the RV*ES obtains a higher Calmar ratio than
the realized volatility management across all indices. Compared with the EGARCH-
GHD, the EGARCH*ES improves the annualized average return by 4.70%, 3.82%,
3.02%, 10.45%, 10.49%, and 9.29% except for SSE50, and shows the same superiority
on other metrics. In addition, both two combination strategies also have significant
improvements over the ES-stew-t. As current volatility management underperforms
realized volatility management in SSE50, it is logical that EGARCH*ES underper-
forms RV*ES in this index.

6 Weuse different distributions to calculate volatility and tail risk, but it is not contradictory for the following
reasons: First, the two distributions describe different objects: the GHD in the GARCH model describes
the distribution of the random variable in Eq. (7), thus indirectly affects the distribution of returns, whereas
the skew-t distribution in the ES calculation is directly fitted by the series of returns within the window.
Second, the window lengths for the two calculations are different.
7 Table 13 shows the statistical significance of the return and Sharpe ratio differences.
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Table 6 Results of volatility–tail risk management

SSEC SSEA SSE50 CSI300 SCI SZSC SZSA

Annualized averaged return

Realized-Vola 0.14496 0.14534 0.22430 0.25920 0.14447 0.13743 0.13750

EGARCH-GHD 0.21268 0.21607 0.12146 0.15504 0.20864 0.27075 0.26376

ES-stew-t 0.16356 0.16991 0.09166 0.16222 0.24149 0.30258 0.30479

RV*ES 0.21080 0.22944 0.22115 0.29860 0.28267 0.31039 0.30980

EGARCH*ES 0.25967 0.25431 0.11916 0.18522 0.31312 0.37570 0.35671

Sharpe ratio

Realized-Vola 0.12802 0.12829 0.22889 0.28710 0.10810 0.10266 0.10216

EGARCH-GHD 0.18279 0.18540 0.12917 0.17890 0.15215 0.19191 0.18644

ES-stew-t 0.14335 0.14848 0.09872 0.18665 0.17388 0.21194 0.21218

RV*ES 0.18131 0.19586 0.22594 0.32590 0.20039 0.21679 0.21526

EGARCH*ES 0.21918 0.21503 0.12685 0.21114 0.21949 0.25631 0.24369

Maximum drawdown

Realized-Vola 0.56432 0.56432 0.27545 0.15422 0.78883 0.83257 0.83440

EGARCH-GHD 0.64088 0.53043 0.24661 0.41566 0.68089 0.64393 0.61385

ES-stew-t 0.62250 0.62454 0.36221 0.40141 0.65222 0.61219 0.60908

RV*ES 0.47139 0.48397 0.21626 0.12346 0.63511 0.60187 0.60317

EGARCH*ES 0.49495 0.39018 0.23261 0.27603 0.58744 0.54482 0.50941

Calmar ratio

Realized-Vola 0.02010 0.02015 0.06174 0.12574 0.01434 0.02010 0.02015

EGARCH-GHD 0.02528 0.03099 0.03892 0.02907 0.02338 0.03132 0.03209

ES-stew-t 0.02041 0.02108 0.02025 0.03141 0.02789 0.03638 0.03681

RV*ES 0.03409 0.03588 0.07763 0.17829 0.03301 0.03785 0.03771

EGARCH*ES 0.03924 0.04885 0.04052 0.05167 0.03909 0.04944 0.05054

We calculate the combination managed portfolios’ annualized average return, Sharpe ratio, maximum
drawdown, and Calmar ratio. The RV*ES represents the combination management based on Realized
Vola*ES-stew-t; The EGARCH*ES represents the combination management based on EGARCH-GHD
*ES-stew-t

We compare the RV*ESwith the EGARCH*ES, the former performs best in SSE50
and CSI300, while the latter performs best across the remaining five indices. It has the
same conclusion as comparing the realized volatility management with the EGARCH-
GHD, which illustrates the robustness of the combination strategy.

To visually demonstrate the superiority of the combination strategy, we plot the
cumulative return curve for each index. We show the results in Fig. 3:

Figure 3 highlights that the cumulative returns of the combination managed port-
folios are higher than those of the buy-and-hold portfolios over the last 15 years.
SSE50 and CSI300 perform best in the RV*ES, while the others reach the best in
the EGARCH*ES, further supporting the previous conclusions. For the first graph in
Fig. 3, if an investor invested 1 CNY in SSEC in February 2006, the EGARCH*ES
would increase its value to 14.84 CNY by 2021. The cumulative returns of SSEC
reached a peak in late 2007 and showed a downtrend that lasted nearly a year due to
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Fig. 3 Cumulative return curves. We calculate the cumulative return at each period if you invest 1 CNY at
the beginning of the strategy. The start time is the date of the first window’s end

the global financial crisis in 2008. However, the RV*ES and the EGARCH*ES allow
the portfolio to maintain a more stable cumulative return at this time. The reason is
that combination management reduces risk exposures in high-risk crisis periods; thus,
the losses are avoided.8 China’s stock market saw a new bull market in 2014 after a
multi-year bear market, and combination strategies showmore significant gains at this
time, which suggests that combination strategies can deliver more excess returns in
low-risk periods.

In order to analyze the risk reduction effect of the combination strategy, we also plot
the drawdowns of the above seven managed indices. The curves of the seven indices
are shown in Fig. 4:

As Fig. 4 shows, the EGARCH*ES and the RV*ES can significantly reduce portfo-
lios’ drawdowns at almost all times. During the financial crisis in 2008, the drawdown
of SSEC reached about 70%, while the EGARCH*ESmanaged index suffered a draw-
down around 30%, and the RV*ES managed version suffered a drawdown less than
20%. It demonstrates the significant risk reduction effect of combination strategies

8 We also plot the time-varying weight of the risky assets for strategy RV*ES and EGARCH*ES in
“Appendix” Figs. 6 and 7.
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Fig. 4 Drawdowns curves. The periods for calculating drawdowns are consistent with cumulative returns

in times of crisis. Figure4 also shows that the drawdown of SSE50 and CSI300 is
less than 0.2 in almost all periods after being managed. The strategies have a more
prominent effect on reducing drawdown in these two indices than in the other indices.
We analyze that this is because the sample stocks of the two indices are large, liquid,
and stable stocks. This result means that the effectiveness of the timing strategy is
related to the performance of the underlying portfolio.

3.6 Average return decomposition

To explore the reasons for the superior performance of the volatility–tail risk-managed
portfolios, refer to Wang and Yan (2021); we decompose the excess average returns
difference of portfolios before and after management.

f σ
t − ft = wt ft − ft

= (wt ft − wt × ft ) + (wt × ft − ft )

= cov(wt , ft ) + ft (wt − 1),

(21)
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Table 7 Decomposition of the average return difference

SSEC SSEA SSE50 CSI300 SCI SZSC SZSA

cov(wt , ft )

Realized-Vola 0.00235 0.00238 0.00944 0.00998 −0.00155 −0.00538 −0.00555

EGARCH-GHD 0.00945 0.01046 0.00502 0.00330 0.00497 0.00685 0.00692

ES-stew-t 0.00546 0.00599 0.00145 0.00373 0.00740 0.00820 0.00823

RV*ES 0.00829 0.00982 0.00991 0.01352 0.01004 0.00863 0.00846

EGARCH*ES 0.01387 0.01431 0.00561 0.00730 0.01429 0.01637 0.01581

wt − 1

Realized-Vola 0.15658 0.15654 0.15165 −0.10610 0.06568 0.04301 0.04500

EGARCH-GHD −0.12718 −0.22484 −0.31470 −0.17254 −0.08965 −0.13651 −0.17856

ES-stew-t −0.06582 −0.07422 −0.12661 −0.16338 −0.10215 −0.08767 −0.08803

RV*ES 0.00484 −0.02390 0.03313 −0.18809 −0.08930 −0.08210 −0.08157

EGARCH*ES −0.27702 −0.37851 −0.42692 −0.33914 −0.27431 −0.31082 −0.35749

We use Realized-Vola, EGARCH-GHD, ES-stew-t, RV*ES, and EGARCH*ES to manage indices and
decompose the excess average returns difference of portfolios before and after management

where wt is the investment position (i.e. c

σ̂ 2
t ·̂ESα

t

). Since wt is dimensionless, the first

part cov(wt , ft ) describes the correlation between the investment position and the
portfolio’s excess return. It illustrates that the stronger the correlation is, the higher
the average return obtained by the managed portfolio. The second part ft (wt − 1)
represents the leverage size, which is affected only by the leverage of the manage-
ment strategy. Since ft is the average return of the buy-and-hold portfolio, under the
assumption of positive average return, the higher the average leverage is, the higher
the average return of the managed portfolio will be.

Table 7 reveals, for cov(wt , ft ), the covariance of the RV*ES is 0.81% higher than
the Realized-Vola on average, and the covariance of the EGARCH*ES is 0.58% higher
than the EGARCH-GHD on average. We acknowledge that the positive relationship
between the investment position of the combination strategy and the buy-and-hold
portfolio’s return is stronger than the relationship of the single strategy. For ft (wt −1),
so we only need to compare the value ofwt −1. Table 7 demonstrates that the average
leverage of the RV*ES is less than that of the Realized-Vola, which is 0.939 and 1.073,
respectively. The average leverage of the EGARCH*ES is smaller than EGARCH-
GHD’s, which is 0.662 and 0.822. Moreover, the value of ft (wt − 1) is small, so
it has less impact on the strategy than the first part. According to the results of the
two aspects, the reason why the combination strategy can obtain higher returns is the
stronger positive correlation between the investment position and the return of the
buy-and-hold portfolio, rather than the increased leverage.
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Table 8 Impact of investment horizon selection on management strategy

Sharpe ratio SSEC SSEA SCI SZSC SZSA

Panel A: Start-12/1996

Buy and hold 0.21199 0.21349 0.16871 0.18890 0.09973

Current-Vola 0.15456 0.15661 −0.12428 −0.10074 −0.18364

Realized-Vola 0.23458 0.22875 −0.12436 0.15188 0.01816

Panel B: 01/1997-06/2021

Buy and hold 0.08019 0.08051 0.10588 0.12657 0.12716

Current-Vola 0.13059 0.12974 0.11377 0.21640 0.21245

Realized-Vola 0.06466 0.06201 0.02809 0.02107 0.01606

Panel C: Start-06/2021

Buy and hold 0.11303 0.11329 0.10007 0.11967 0.09073

Current-Vola 0.07229 0.07313 −0.05465 0.14695 0.11108

Realized-Vola 0.10605 0.10331 −0.05477 0.05099 0.02394

We document the Sharpe ratio of managed portfolios. The Current-Vola represents the current volatility
management based on in-sample actual data. For SSEC, SSEA, SCI, SZSC, SZSA, the start time is 12/1990,
12/1990, 04/1991, 07/1991, and 10/1992

4 Discussion

4.1 The influence of investment period

Many documents point out that China’s stock market was unstable at the beginning of
its establishment. Subsequently, the market began to implement the price limit system
in 12/1996. Therefore, in this section, we explore the performance of current volatility
management and realized volatility management in three periods:9 Start-12/1996,
01/1997-06/2021, Start-06/2021.

Table 8 shows the Sharpe ratio of the managed portfolios. Panel B of Table 8
illustrates that the current volatility management outperforms the buy-and-hold strat-
egy in 01/1997-06/2021, but the realized volatility management underperforms the
buy-and-hold strategy. On the one hand, the result indicates the effectiveness of the
current volatility management at this time. On the other hand, it indicates that current
volatility is more suitable for volatility management than realized volatility. Panel C
shows that both management strategies underperform the buy-and-hold strategy, thus
applying the management strategy to this time is ineffective. Panel A explains the
phenomenon in Panel C by applying the two strategies to the Start-12/1996; we find
that the managed portfolio obtains a much lower Sharpe ratio than the buy-and-hold
portfolio. Because China’s stock market was in its infancy with low stock diversity
and high stock market volatility. Therefore, it is challenging to achieve excess returns
from volatilitymanagement during this unstable period. In summary, we adopt the data
after 1997 to study the managed-portfolios strategy, which is of practical significance.

9 Only SSEC, SSEA, SCI, SZSC, SZSA are managed here, as SSE50 and CSI300 were published since
2004 and 2005, these two indices are not valuable to discuss in the above time segment.
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The results above show that the performance of the management strategy depends
on the choice of investment periods. In Table 9, we analyze the performance of the
current volatility management strategy before and after the financial crisis.

We find the buy-and-hold portfolio during the surge period generally outperforms
the current volatility-managed portfolio, with the opposite conclusion during the
plunge period. The reason is that market volatility is higher during these two peri-
ods. Volatility management will allow the portfolio to take a lower position, giving up
some gains during the surge period. However, in the plunge period, the lower position
effectively weakens the potential exposure to future losses. After the crash, there is
often a period of stable growth followed. When the market is less volatile and steadily
rising, the management strategy will allow the portfolio to take higher leverage, which
further increases the portfolio’s excess return. In summary, the current volatility man-
agement is effective during the plunge period and the stable growth period after the
crisis, while it has no significant effect during the pre-crisis surge period.

4.2 Transaction costs

We refer to Fleming et al. (2003) to analyze the performance of strategies after account-
ing for transaction costs. Transaction costs include establishing initial positions and
implementing monthly rebalancing. Only the result of the SSEC index is given here,
and the results of other indices are similar. We set the transaction costs as 0 bps,
1 bps, 10 bps, 100 bps, respectively. Under normal circumstance, the transaction cost
of China’s stock market is 3bps, so the results given in this paper have guiding signif-
icance for real transactions.

Table 10 shows the performance of Realized-Vola, RV*ES and EGARCH*ES on
SSEC index after considering transaction costs. The results show that with the increase
of transaction costs, the annualized average return shows a downward trend, but it
still performs better than the buy-and-hold strategy. This means that the strategy in
this paper is robust to transaction costs. The reason is that the leverage of the trading
strategy in this paper is constrained by the weight calculation method, and only adjusts
the position bymonthly frequency.Comparedwith the daily tradingmethod inFleming
et al. (2003) and other high-frequency tradingmethods, the strategy in this paper is less
affected by transaction costs, so transaction costs will not weaken the performance of
the strategy. Evenwhen the transaction cost is 10bps, it has far exceeded the transaction
cost of 3bps in the China’s stock market, and the annualized average return of the three
strategies has only decreased by 1% or less, and still can make profits compared with
the buy-and-hold strategy.

4.3 Rationality of tail risk management based onVaR and ES

When constructing the tail risk-managed portfolio, we use daily excess returns to
calculate ̂VaR

α

t , ÊS
α
t and rebalance the monthly excess return. The reason is that a

large number of data is required to fit the time series. At the same time, the time
horizon of the window is too long when using monthly returns, but the returns of early
months would not provide valuable information for the estimation of VaR and ES.
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Table 10 Transaction costs of
SSEC

0 bps 1 bps 10 bps 100 bps

Annualized averaged return

Realized-Vola 0.14496 0.14409 0.13627 0.06069

RV*ES 0.21080 0.20999 0.20268 0.13182

EGARCH*ES 0.25967 0.25926 0.25558 0.21931

Sharpe ratio

Realized-Vola 0.12802 0.12731 0.12088 0.05569

RV*ES 0.18131 0.18070 0.17516 0.11843

EGARCH*ES 0.21918 0.21892 0.21664 0.19283

Maximum drawdown

Realized-Vola 0.56432 0.56526 0.57361 0.70917

RV*ES 0.47139 0.47245 0.48196 0.59333

EGARCH*ES 0.49495 0.50963 0.49780 0.52757

Calmar ratio

Realized-Vola 0.02010 0.01996 0.01866 0.00694

RV*ES 0.03409 0.03389 0.03216 0.01748

EGARCH*ES 0.03924 0.05047 0.03846 0.03158

We evaluate our strategies for SSEC when including transaction costs.
The 0bps is the case where there are no transaction costs. The transac-
tion costs are imposed by subtracting the appropriate percentage each
month from the monthly portfolio returns

We explore the rationality for this by using the calculation of ES as an example.
The conditional distribution method requires the data within the window to fit a given
distribution when calculating ÊS

α
t . Due to the large sample size in the window, chang-

ing a value will have a minimal impact on the distribution fitting; thus, it will not
bias the estimated value. The ÊS

α
t in each day of month t calculated by daily data are

basically the same. Since the monthly return is approximately equal to the daily return
multiplied by the number of trading days included in a month, namely:

fmon ≈ 22 ∗ fday. (22)

The ES calculated by the monthly return can be transformed from the ES calculated
by the daily return without losing a large amount of information:

ESmon ≈ 22 ∗ ESday. (23)

The above transformations do not have any impact on f ESt . It can be illustrated by
the calculations below. Since the volatility management strategy defines a constant c
which is chosen such that the managed portfolio has the same full-sample variance as
the buy-and-hold portfolio, c can be calculated as follows:
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∑
( f ESt − f ESt )2 =

∑
( ft − ft )

2
, (24)

c =
√√√√∑

( ft − ft )
2
/
∑

(
1

ÊS
α
t

ft − 1

ÊS
α
t

ft )
2

, (25)

substitute it into the tail risk management strategy based on ES, then:

f ESt = c

ÊS
α
t,mon

ft

=

√
∑

( ft − ft )
2
/
∑

( 1
ÊSα

t,mon
ft − 1

ÊSα
t,mon

ft )
2

ÊS
α
t,mon

ft

≈

√
∑

( ft − ft )
2
/
∑

( 1
22∗ÊSα

t,day
ft − 1

22∗ÊSα
t,day

ft )
2

22 ∗ ÊS
α
t,day

ft

=

√
∑

( ft − ft )
2
/
∑

( 1
ÊSα

t,day
ft − 1

ÊSα
t,day

ft )
2

ÊS
α
t,day

ft .

(26)

Equation (26) shows that the number of trading days 22 will be dropped in the
calculation process, so whether or not to convert the daily estimated value to monthly
will have no impact on the results of this strategy. The advantages of this approach are
mainly twofold.

First, it solves the problem that the data of China’s stock market is insufficient to
use monthly returns to calculate the ES.

Second, most ES-based managed portfolios are rebalanced daily, whereas this
approach allows rebalancing monthly, which significantly reduces transaction costs.

4.4 Contrast between volatility-managed portfolios strategy with volatility target
strategy

The target volatility strategy had been widely used in risk control before volatility
management (Hocquard et al. 2013; Benson et al. 2014; Dachraoui 2018). The target
volatility strategy could stabilize the portfolio’s volatility at a target level and improve
its Sharpe ratio at the same time. The basic idea of this strategy is to allocate money
between the risky and the riskless asset, thus maintaining the volatility at the target
level. The strategy is given by:

Lt = σtarget

σ̂t−1
, (27)

Rp
t = Ltrt + (1 − Lt ) r f , (28)
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where Lt is the weight of risky asset at time t , σtarget is the desired volatility target,
σ̂t−1 is the portfolio’s volatility at time t − 1, rt is the risky asset’s return, r f is the
risk-free rate, and Rp

t is the portfolio’s return. When the volatility is lower than the
volatility target, the investor will invest in more than 100% of risky assets, and they
need to add leverage to the portfolio. When the volatility is higher than the volatility
target, the weight of the risky assets is less than 1, so they can draw a portion to
invest in risk-free assets and obtain a risk-free return. The target volatility strategy and
volatility management are similar in format, but few papers explore the connection
and difference. Next, we explore their similarities and differences from the purpose
and principle of the above strategies.

First, the strategies have different purposes: volatility management is to earn excess
returns. However, the target volatility strategy controls the portfolio’s volatility at a
target level, thereby controlling its risk.

Second, the principle of management is different: volatility management reduces
exposure when volatility is high and increases exposure when volatility is low, based
on the negative correlation between realized volatility and return per unit of risk.
Thereby, this strategy could increase the Sharpe ratio of the portfolio, and the Sharpe
ratio is independent of c. The reason is as follows:

SRσ = E
[
f σ
t

]

σ
[
f σ
t

] =
E

[
c

σ̂ 2
t−1

ft

]

σ

[
c

σ̂ 2
t−1

f

] =
E

[
1

σ̂ 2
t−1

ft

]

σ

[
1

σ̂ 2
t−1

ft

] (29)

The principle of the target volatility strategy is to adjust the ratio of risky and risk-
free assets in the portfolio in real-time, thereby keeping the volatility of the portfolio
at the level of the volatility target.

Figure 5 presents the impact of the volatility target on the target volatility strategy.
We find that the higher the preset-volatility target, the higher the average return and
volatility of the portfolio. Because a higher volatility target corresponds to higher
leverage, which leads to an increase in return and risk simultaneously. However, the
volatility increases faster than the return; thus, it will decrease the Sharpe ratio as
the volatility increases, so investors need to decide the level of the volatility target
according to their appetite for risk.

The advantage of volatility management is that the managed portfolio can deliver
abnormal returns without considering issues related to setting volatility targets. At the
same time, it can avoid the failure of strategy due to inappropriate volatility target
settings and simplify the process of strategy implementation. The advantage of the
target volatility strategy is that risk-averse investors can apply the strategy to reduce
risk, and risk-preference investors can use the strategy to pursue higher risk for higher
returns. In summary, we suggest that the two strategies are proposed from different
purposes and ideas, but volatility management can be a particular case of the target
volatility strategy (when σtarget = c).
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Fig. 5 Impact of the volatility target on strategy.To investigate the impact of different volatility target settings
on the strategy, we employ the target volatility strategy to SSEC and calculate the annualized average return,
Sharpe ratio, maximum drawdown, and standard deviation of the portfolio under the annualized volatility
target of 10–25%

5 Conclusion

Much empirical literature suggests that using volatility to adjust portfolios’ exposures
dynamically can yield significant excess returns in the US stock market. However, it
is still worth exploring whether it can get the same results in China’s stock market
and improve the ability to earn excess returns. This paper proposes volatility–tail
risk management based on volatility and tail risk management from China’s stock
market. By applying this strategy, we obtain a higher performance compared with the
buy-and-hold strategy.

First, we find that using current volatility to adjust portfolios’ positions can lead
to higher returns. Therefore, we use different methods to predict volatility and man-
age portfolios. The results show that the EGARCH-GHD performs optimally on five
indices. On the one hand, it suggests that the generalized hyperbolic distribution is
suitable for describing the index returns. On the other hand, the index series has a
leverage effect, and the use of EGARCH models is better than GARCH models in
predicting volatility.

Second, the effectiveness of volatilitymanagement inChina’s stockmarket relies on
the choice of investment periods. Significantly, the current volatility management can
obtain higher Sharpe ratios than buy-and-hold strategy in themid-crisis plunge periods
and post-crisis stable growth periods while missing out on huge risk compensation
and underperforming in surge periods.

Third, the application of tail risk management in China’s market could also earn
excess returns over the buy-and-hold strategy. The results suggest that risk measure
methods other than volatility can also be applied to timing strategies. Therefore, finding
the best measure of risk is one way to optimize volatility management.

Finally, we propose volatility–tail risk management, which uses the product of
volatility and tail risk to adjust portfolios’ positions dynamically. This strategy achieves
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performance that far exceeds the single management strategy, due to the significant
positive correlation between the combination strategy’s investment position and the
excess return of the buy-and-hold portfolio.We can get the following insights from the
above results: At first, volatility and tail risk are two measures of risk, and combining
them may be a new approach to measure risk. Second, the combined risk may be a
better pricing factor than the volatility factor.

Data availability statement The data that support the findings of this study are available from CSMAR and
Choice. Restrictions apply to the availability of these data, which were used under license for this study.
Data are available from the authors with the permission of CSMAR and Choice.
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Appendix

See Figs. 6, 7, Tables 11, 12, 13.

Fig. 6 Time-varying weight of the risky assets for strategy RV*ES. The blue line represents a weight of 1.
(Color figure online)
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Fig. 7 Time-varying weight of the risky assets for strategy EGARCH*ES. The blue line represents a weight
of 1. (Color figure online)

Table 11 Maximum drawdowns and Calmar ratios of indices after forecast volatility management

SSEC SSEA SSE50 CSI300 SCI SZSC SZSA

Maximum drawdown

Buy and hold 0.71267 0.71246 0.41756 0.45777 0.71332 0.71271 0.71314

Realized-Vola 0.56432 0.56432 0.27545 0.15422 0.78883 0.83257 0.83440

GARCH-norm 0.66433 0.66407 0.16583 0.26590 0.73214 0.67521 0.67722

GARCH-GHD 0.64795 0.64824 0.23365 0.42479 0.70678 0.66951 0.67204

EGARCH-GHD 0.64088 0.53043 0.24661 0.41566 0.68089 0.64393 0.61385

Calmar ratio

Buy and hold 0.01093 0.01093 0.01619 0.02331 0.01691 0.02171 0.02188

Realized-Vola 0.02010 0.02015 0.06174 0.12574 0.01434 0.02010 0.02015
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Table 11 continued

SSEC SSEA SSE50 CSI300 SCI SZSC SZSA

GARCH-norm 0.01892 0.01899 0.05580 0.05261 0.01858 0.02743 0.02773

GARCH-GHD 0.02053 0.02066 0.04211 0.02774 0.01965 0.02907 0.02922

EGARCH-ghyp 0.02528 0.03099 0.03892 0.02907 0.02338 0.03132 0.03209

We calculate maximum drawdowns and Calmar ratios of indices after forecast volatility management. See
Table 3 for specific settings

Table 12 Maximum drawdowns and Calmar ratios of indices after tail risk management

SSEC SSEA SSE50 CSI300 SCI SZSC SZSA

Maximum drawdown

Buy and hold 0.71267 0.71246 0.41756 0.45777 0.71332 0.71271 0.71314

VaR-HS 0.64522 0.64547 0.38683 0.44128 0.66540 0.65050 0.64607

VaR-GPD 0.63971 0.64040 0.38594 0.44104 0.66088 0.64461 0.64293

VaR-stew-t 0.64054 0.64129 0.37223 0.43794 0.65810 0.64967 0.64885

ES-HS 0.62534 0.62586 0.35017 0.41552 0.64357 0.61997 0.61881

ES-GPD 0.62800 0.62865 0.35191 0.41640 0.64601 0.62195 0.62113

ES-stew-t 0.62250 0.62454 0.36221 0.40141 0.65222 0.61219 0.60908

Calmar ratio

Buy and hold 0.01093 0.01093 0.01619 0.02331 0.01691 0.02171 0.02188

VaR-HS 0.01687 0.01690 0.01895 0.02613 0.02389 0.02893 0.02939

VaR-GPD 0.01713 0.01711 0.01863 0.02639 0.02388 0.02936 0.02967

VaR-stew-t 0.01662 0.01656 0.02021 0.02654 0.02341 0.02844 0.02869

ES-HS 0.02044 0.02044 0.02163 0.03007 0.02624 0.03282 0.03311

ES-GPD 0.02012 0.02011 0.02140 0.02993 0.02596 0.03254 0.03280

ES-stew-t 0.02041 0.02108 0.02025 0.03141 0.02789 0.03638 0.03681

We calculate maximum drawdowns and Calmar ratios of indices after tail risk management. See Table 5
for specific settings

Table 13 Statistical significance of the annualized averaged return and Sharpe ratio differences

Combination Underlying SSEC SSEA SSE50 CSI300 SCI SZSC SZSA

Panel A: paired samples t-test

RV*ES Buy and hold 0.06420 0.03823 0.02341 0.03930 0.06310 0.11601 0.12364

ES-skew-t 0.23676 0.18113 0.03041 0.07281 0.29570 0.46175 0.47571

Realized-Vola 0.01777 0.01722 0.54772 0.10157 0.00072 0.00008 0.00009

EGARCH*ES Buy and hold 0.01668 0.02307 0.25959 0.22878 0.02953 0.04234 0.07682

ES-skew-t 0.05514 0.08869 0.27671 0.35638 0.13344 0.18422 0.28487
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Table 13 continued

Combination Underlying SSEC SSEA SSE50 CSI300 SCI SZSC SZSA

EGARCH-GHD 0.01854 0.03156 0.59216 0.07197 0.00227 0.00162 0.00308

Panel B: Sharpe ratio difference test

RV*ES Buy and hold 0.06455 0.03853 0.02360 0.04034 0.06375 0.11723 0.12487

ES-skew-t 0.23768 0.18230 0.03068 0.07459 0.29685 0.46208 0.47591

Realized-Vola 0.01814 0.01762 0.54726 0.10582 0.00075 0.00008 0.00009

EGARCH*ES Buy and hold 0.01690 0.02333 0.25957 0.22970 0.03003 0.04331 0.07799

ES-skew-t 0.05612 0.08990 0.27675 0.35715 0.13517 0.18672 0.28671

EGARCH-GHD 0.01932 0.03264 0.59204 0.07313 0.00240 0.00178 0.00333

This table provides a comparison of the combination strategies and underlying strategies. We refer to
Georgantas et al. (2021) to assess the statistical significance of the annualized average return differences
using paired samples t-test. The statistical significance of Sharpe ratio differences is compared using the
approach in Jobson and Korkie (1981). Panel A and Panel B show the p-values of the test
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