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Abstract
This study investigates the impact of uncertainty on the mean-variance relationship. We find that the stock
market’s expected excess return is positively related to themarket’s conditional variances and implied variance
during low uncertainty periods but unrelated or negatively related to conditional variances and implied
variance during high uncertainty periods. Our empirical evidence is consistentwith investors’ attitudes toward
uncertainty and risk, firms’ fundamentals and leverage effects varying with uncertainty. Additionally, we
discover that the negative relationship between returns and contemporaneous innovations of conditional
variance and the positive relationship between returns and contemporaneous innovations of implied variance
are significant during low uncertainty periods. Furthermore, our results are robust to changing the base assets
to mimic the uncertainty factor and removing the effect of investor sentiment.
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1. Introduction
Many studies have shown interest in models with rational investors in financial markets and
have developed models to explain anomalies in financial markets. Based on classical finance
theories, taking a high risk is compensated with high returns, consistent with a positive
mean–variance relationship. However, the ambiguous mean–variance relationship has been
argued for decades (French et al., 1987; Campbell, 1987; Turner et al., 1989). Additionally,
some literature argues the effect of behavioral biases of investors on the mean–variance
relationship (Cohen et al., 2005; Yu andYuan, 2011; Kim et al., 2017a; Seo et al., 2021) to explain
this unclear relationship.

The theory of rational asset pricing insists on a positive mean–variance relationship.
Merton (1973) shows a positive relationship between the conditional expected excess stock
returns and the conditional variance in the intertemporal capital asset pricing model. The
literature, including French et al. (1987), Bailie and De Gennaro (1990), Ghysel et al. (2005) and
P�astor et al. (2008), finds empirical evidence supporting this positive mean–variance
relationship. However, some studies, including Campbell (1987), Nelson (1991) and Brandt
and Kang (2004), discover a negative mean–variance relationship. Turner et al. (1989) and
Glosten et al. (1993) provide empirical evidence of both a positive and negative relationship.

Uncertainty is an important concept in finance, accompanied by much literature on its
impact on asset price movements. Buraschi and Jiltsov (2006) show that the model uncertainty
induced by heterogeneous agents explains better dynamics of option prices and volume than
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the models with stochastic volatility. Andersen et al. (2009) find empirical evidence that
uncertainty seems to be different from risk and seems to have a different impact on asset prices,
compared with risk. Some literature suggests the measure of uncertainty. Baker et al. (2016)
develop economic policy uncertainty (EPU) [1] based on news. They show that EPU contains
information on the movements in policy-related economic uncertainty. Based on EPU, many
studies including P�astor and Veronesi (2013), Brogaard and Detzel (2015) and Arouri et al.
(2016) confirm that EPU exerts influence on risk premium. In addition, Baltussen et al. (2018)
propose the measurement of uncertainty about risk, the volatility-of-volatility (VOV) [2], and
show that the stocks with low VOV outperform the stocks with high VOV. Based on VOV,
Hollstein et al. (2019) show that time-varying VOV commands a significant negative risk
premium after controlling for volatility and jump risk. Ruan (2020) provides empirical evidence
that there is a significant negative relationship between equity option returns and VOV after
controlling for numerous option and stock characteristics. In this study, we focus on the
influence of uncertainty on the risk–return relationship in the stock market.

Since uncertainty plays an important role in asset pricing, some literature explores the
effect of uncertainty on the mean–variance relationship. Yang and Yang (2021) show the
impact of EPU on themean–variance relationship in the Chinese stockmarket. They find that
the stock market’s excess return is positively (negatively) related to conditional variance
during low (high) EPU periods. However, they use only one uncertainty measure to provide
direct evidence of themean–variance relationship with conditional variances. Moreover, they
do not consider the influence of other factors on the mean–variance relationship, as
investigated in previous literature.

This study employs not only EPU but also the VOV to measure uncertainty in the stock
market. We utilize the model-free implied variance from the options market as future stock
market return variance in addition to four conditional variances estimated based on historical
stock market returns.We also check the return–innovation relationship to provide additional
indirect empirical evidence of themean–variance relationship and consider the information of
investor sentiment [3] to identify unique information of uncertainty on the mean–variance
relationship.

Along with Yang and Yang (2021), we expect high EPU to distort the positive mean–
variance relationship. EPU increases investors’ uncertainty aversions and risk perceptions
and changes in the firm’s fundamental information [4]. While both EPU and VOV generally
contain information on uncertainty, VOV reveals uncertainty about risk, which is different
from the government’s policy uncertainty in EPU. Therefore, the mechanism by which VOV
affects the stock market’s mean–variance relationship is different from that of the EPU.

In addition, we also conjecture that high VOV weakens the positive mean–variance
relationship. Park (2015) shows that the negative skewness in the return distribution is
proportional to the VOV, and the excess kurtosis in the return distribution is proportional to
the squared VOV. Thus, he proposes VOV as a tail risk indicator in his model and argues that
an increase in VOV would raise the prices of tail risk hedging options and lower subsequent
returns. The extent of uncertainty about risk is a critical factor for determining the likelihood
of meager returns. Through the stochastic channel (i.e. a persistent volatility process with a
leverage effect), VOV can reveal the degree of themarket’s perception of tail risk incorporated
into stock market dynamics. As an increase in VOV associated with the leverage effect of
Black (1976) and Christie (1982) causes a negative mean–variance relationship [5], a positive
risk–return tradeoff is undermined during the period of high VOV.

Collectively, we hypothesize that a positive relationship between the expected stock
market return and variance is invalidated in periods of high uncertainty (i.e. periods of high
EPU or high VOV). Still, this relationship is restored in low uncertainty periods (i.e. periods of
low EPU or low VOV). Following Yu and Yuan (2011), we analyze the mean–variance
relationship within high and low uncertainty regimes to test the hypotheses. In high
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uncertainty periods, we find the mean–variance tradeoff to be significantly negative. In
contrast, during low uncertainty periods, a positive risk–return tradeoff is observed. Further
evidence that the effect of uncertainty is critical for the risk–return tradeoff occurs in the
reactions of stock market returns to variance innovations. During periods of high
uncertainty, a negative relationship between returns and contemporaneous innovations of
conditional variances and a positive relationship between returns and contemporaneous
innovations of implied variance are significantly weakened. These results are consistent with
changes in investors’ uncertainty aversion, investors’ risk perceptions, the firm’s cash flow
risk, investment risk and the leverage effect generated by the uncertainty shock. In low
uncertainty periods, the return is negatively related to contemporaneous innovations of
conditional variances and positively related to contemporaneous innovations of implied
variance, consistent with the positive mean–variance relationship we show during such
periods. The results are robust to changing the base assets to construct amimicking factor for
uncertainty and removing the effect of investor sentiment on the mimicking factor for
uncertainty.

This study contributes to the literature on uncertainty by proving that uncertainty plays
an important role in empirical asset pricing. First, we extend the uncertainty measures
beyond EPU. EPU is a news-based measure constructed based on text mining techniques; it
lacks investors’ perspectives in the stock market. However, VOV offers various advantages
over uncertainty measure based on articles in newspapers: it is ex ante, easy to compute,
extracted directly from the options market, includes information on future underlying asset
movements, available at a daily frequency and circumvents the self-selection problem in
articles in newspapers (Just and Crigler, 1989). Additionally, our study suggests a novel
mechanism for uncertainty derived from the options market to movements in the stock
market. Second, we employ the model-free implied variance extracted from options prices in
addition to the conditional variances estimated based on historical stock market returns.
Many studies document that implied volatility contains superior information that can help
forecast future volatility (Christensen and Prabhala, 1998; Blair et al., 2001; Jiang and Tian,
2005; Busch et al., 2011). Therefore, exploiting the implied variance can help confirm the
information of uncertainty on the stock market movements more strongly. Third, we provide
additional indirect evidence based on the return–innovation relationship analysis to confirm
the impact of uncertainty on a positive risk–return tradeoff. Lastly, as Yu and Yuan (2011)
show high sentiment undermines a positive mean–variance tradeoff; we check whether
uncertainty has unique and additional information on the risk–return tradeoff beyond
investor sentiment.

The remainder of this paper is organized as follows. Section 2 introduces the uncertainty
measures and the methodology used to create the mimicking factor for the uncertainty
measures. Section 3 describes the data and presents the main empirical results. Section 4
discusses the robustness checks. Finally, Section 5 concludes the paper.

2. Uncertainty and variance
This section introduces the uncertainty measures and the methodology used to form a
mimicking factor to track uncertainty. We also introduce the conditional variances and
implied variance mainly investigated in this study.

2.1 Uncertainty
2.1.1 Economic policy uncertainty. Baker et al. (2016) develop an EPU to gauge policy
uncertainty shocks. They construct the United States (US) EPU based on search results from
articles of 10 prominent newspapers: USA Today, Miami Herald, Chicago Tribune, The
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Washington Post, Los Angeles Times, The Boston Globe, San Francisco Chronicle, The
Dallas Morning News, Houston Chronicle and The Wall Street Journal. Notably, the US EPU
is calculated based on normalizing the number of articles containing at least one term related
to economic and policy uncertainty such as “uncertainty” or “uncertain,” “economic” or
“economy,” and one or more among the following terms: “congress,” “legislation,” “white
house,” “regulation,” “federal reserve” or “deficit.”

2.1.2 Volatility-of-Volatility. Baltussen et al. (2018) propose VOV to measure uncertainty
about risk. They argue that as VOV gauges dispersed investors’ subjective beliefs about the
volatility of expected stock return distribution, it could capture the uncertainty about the risk
perceived by investors. Specifically, the implied volatility extracted from options prices is
regarded as the expected stock return volatility, and VOV is computed as the standard
deviation of implied volatility scaled by average implied volatility. Therefore, we employ the
VOV on day t, calculated as follows:

VOVt ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
19

Pt
i¼t�19

�
σi � σt

IV
�2s

σt
IV

; (1)

where σt
IV ¼ 1

20

Pt
i¼t − 19

σi; and σi is the implied volatility on day i.

2.1.3 Mimicking factor for uncertainty. Following empirical asset pricing literature,
including Ang et al. (2006) and Kapadia (2011), we construct a mimicking factor to
measure the exposure to uncertainty by estimating the coefficient b’ in the following
regression:

EPUtðor VOVtÞ ¼ cþ b0Xt þ ut; (2)

where EPUt (VOVt) is the EPU (VOV) in month t, and Xt is the set of returns on the base
assets in month t. Following Kapadia (2011), we use the Fama–French three factors as
base assets. Based on the estimation of equation (2), the mimicking factor for EPU (FEPU)
or VOV (FVOV) in month t is defined as:

FEPUtðor FVOVtÞ ¼ bb0Xt; (3)

where bb 0 is the coefficient estimate of b
0
. Based on FEPU and FVOV, we analyze the effect

of uncertainty on the mean–variance relationship.

2.2 Conditional variances and implied variance
2.2.1 Rolling window model. French et al. (1987) find empirical evidence of a positive
relationship between the expected market risk premium and the volatility estimated by the
rolling window model. Following them, we employ the realized variance based on the daily
returns in month t as the conditional variance of the return on the next month tþ1:

VartðRtþ1Þ ¼ 22

Nt

XNt−1

d¼0

r2eðtÞ−d; (4)

where Vart(Rtþ1) is the estimate of the stock market return variance for the next month tþ1
based on conditional information at month t. e(t) is the last day of the month t, re(t)�d is the
demeaned return on the day (e(t)�d), with subtraction of the average daily return during
month t and Nt is the number of trading days in month t.

JDQS
30,1

26



2.2.2 Mixed data sampling model. Ghysel et al. (2005) introduce the mixed data sampling
(MIDAS) model to estimate monthly conditional variance forecasts with past daily returns.
Following them, we employ the conditional variance estimator of the MIDAS with the
exponential Almon lag specifications (Almon, 1965; Judge et al., 1985) as follows:

VartðRtþ1Þ ¼ αþ β
X252
d¼1

wdðκ1; κ2Þr2eðtÞþ1−d; (5)

where wdðκ1; κ2Þ ¼ expðκ1dþκ2d
2ÞP252

i¼1

expðκ1 iþκ2 i2Þ
; e(t) is the last day of the month t, and re(t)þ1�d is the return

on the day (e(t)þ1�d). We obtain the monthly conditional variance forecast using the daily
data of the previous 252 days with the parameter estimates from the rolling window
estimation with the previous 252 daily observations.

2.2.3 GARCH model. Bollerslev (1986) and Taylor (1986) propose the GARCH model to
estimate conditional variances by considering the effects of historical variance and return
innovation on future variance. In this study, we utilize GARCH(1,1) to estimate daily
conditional variances:

riþ1 ¼ μþ εiþ1; where εiþ1jIiþ1 ∼N
�
0; σ2iþ1

�
; (6)

σ2iþ1 ¼ αG þ βGε
2
i þ γGσ

2
i ; (7)

where riþ1 is the stock market return on day iþ1, μ is the conditional mean of the daily stock
market returns, σ2iþ1 is the conditional variance of the daily stock market returns on day iþ1.
Thus, Iiþ1 is the information set at day iþ1,N(a, b) is the normal distribution with mean a and
variance b, and εiþ1 is the daily stock market return innovation on day iþ1. We compute the
monthly conditional variance forecast based on the daily conditional variance estimates with
the parameter estimates from the rolling window estimation with the previous 252 daily
observations:

VartðRtþ1Þ ¼ Et

 X22
d¼1

σ2
eðtÞþd

!
; (8)

where Vart(Rtþ1) is the estimate of the stock market return variance for the next month tþ1
based on conditional information at month t, and e(t) is the last day of month t.

2.2.4 GJR-GARCH model. Glosten et al. (1993) propose the GJR-GARCH model, which
allows for different shocks of positive and negative return innovations on return volatility,
while the GARCH model does not allow for different shocks. Following Glosten et al. (1993),
we employ the GJR-GARCH(1,1) to estimate the daily conditional variance as follows:

riþ1 ¼ μþ εiþ1; where εiþ1jIiþ1 ∼N
�
0; σ2iþ1

�
; (9)

σ2iþ1 ¼ αGJR þ βGJRε
2
i þ γGJRDiε2i þ θGJRσ2

i ; (10)

where Di is a dummy variable, the value of which is one when εi is negative and the other
notations are the same as those in GARCH(1,1). Like the monthly conditional variance
forecasts from GARCH(1,1), we calculate the monthly conditional variance estimates based
on the daily conditional variance estimates with the parameter estimates of the GJR-
GARCH(1,1) from the rolling window estimation with previous 252 daily observations.

2.2.5 Implied variance. Jiang and Tian (2005) suggest that model-free implied volatility,
independent of option pricingmodels, has superior forecasting ability for future volatility and
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contains more information than the historical volatility and Black–Scholes implied volatility.
This study uses the square of the model-free implied volatility as the implied variance.

3. Data and empirical analysis
In this section, we analyze the effect of uncertainty on the risk–return relationship. First, we
describe the data for FEPU and FVOV, conditional variances, and implied variance in the US.
Second, we test whether uncertainty affects the relationship between expected stock market
returns and the variances described in Section 2. Additionally, we check the effect of
uncertainty on the relationship between realized excess stock market returns and
contemporaneous unexpected volatility innovations to analyze the mean–variance
relationship indirectly.

3.1 Data description
Our sample spans from January 2003 to November 2018, with 191 monthly observations. We
use monthly returns of the S&P500 index as a proxy for stock market returns and the
3-month treasury bill rate yield as the risk-free rate of stock market returns. These data are
obtained from the Chicago Board Options Exchange (CBOE) and the Federal Reserve Bank of
St. Louis. The US EPU is obtained from the EPU website [6], and the US VOV is constructed
based on the VIX provided by the CBOE. Fama–French three factors are obtained from
French’s website to construct the mimicking factor for uncertainty [7]. The conditional
variances and implied variance are estimated based on the daily returns of the S&P500 index
and VIX, respectively.

Table 1 reports the basic summary statistics for uncertainty and Fama–French three factors.
In Panel A, the average and standard deviation of EPU are 121.2328 and 45.7760, respectively.
The average and standard deviation of FEPU are �1.2049 and 7.0066, respectively. The
difference between EPU and FEPU is similar to those of China in Yang and Yang (2021). The
mean and standard deviation of FVOV are smaller than those of VOV. The correlations among
uncertaintymeasures andFama–French three factors are represented in Panel B. The correlation
between EPU and VOV is 0.2444 and significant at the 1% level, indicating that the raw
uncertainty measures derived from various sources such as newspapers and options markets
capture common uncertainty components. Additionally, as the correlation between FEPU and
FVOV is 0.9151 and significant at the 1% level, the mimicking factors for raw uncertainty
measures are more positively correlated than the raw uncertainty measures themselves.

Table 2 presents the moments of the monthly excess stock market returns, conditional
variances and implied variance. We divide the entire sample period into high and low
uncertainty periods depending on the signs of FEPU and FVOV, respectively. If FEPU or
FVOV in a month is positive, the month is in a high uncertainty period, and 0 otherwise. Out
of the 191 months of the whole sample period, 79 months fall into high uncertainty periods,
while 112 months fall into low uncertainty periods based on FEPU. As for FVOV, 68 months
fall into high uncertainty periods, while 123 months fall into low uncertainty periods. In
periods of high uncertainty, the average monthly excess market returns are lower than those
in low uncertainty periods. In contrast, the monthly excess market returns during high
uncertainty periods are more volatile than those during low uncertainty periods. However,
the mean and standard deviation of conditional variances and implied variance during high
uncertainty periods are higher than their counterparts during low uncertainty periods. In
summary, during high uncertainty periods, the realized excess stock market returns are
lower and more volatile, and the variance estimates are larger.

Table 3 shows the correlations between the monthly excess stock market returns,
conditional variances, and implied variance. The correlations between excess stock market
returns and conditional variances are negatively significant at the 1% or 5% levels. Though
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insignificant, the correlation between excess stock market returns and implied variance is
negative. The correlations among conditional variances and implied variance range from
0.6935 to 0.9629 and are positively significant at the 1% level. Thus, the correlations in
Table 3 indicate a negative mean–variance relationship over the entire sample period, which
is inconsistent with the fundamental risk–return tradeoff in finance.

Figure 1 displays the time-series of monthly excess stock market returns, conditional
variances and implied variance duringhigh and lowuncertainty periods, depending on the sign
of FEPU. During low uncertainty periods, the conditional variances and implied variance tend
to co-move with stock market returns. However, they move in the opposite direction of stock
market returns during periods of high uncertainty. The correlations between stock market
returns and variances are positive and statistically significant at the l% level during periods of
low uncertainty. However, the correlations are negative and significant at the 1% or 5% levels
in high uncertainty periods, except for the implied variance [8].

Figure 2 illustrates the time-series of monthly excess stock market returns, conditional
variances and implied variance during high and low uncertainty periods, depending on the
sign of FVOV. As shown in Figure 1, stock market returns tend to move closer to the
conditional variances and implied variance during low uncertainty periods than during high
uncertainty periods. While the correlations between stock market returns and variances
during low uncertainty periods are positive and significant at the 5% or 10% levels, except
for the case of the rolling window model, the correlations between them during high
uncertainty periods are negative and significant at the 1% level except for the case of the
implied variance [9]. For both FEPU and FVOV, the difference between the patterns of the
correlations during high and low uncertainty periods suggests a positive mean–variance

Panel A: Descriptive statistics
Mean Median Max Min Std. Dev Skewness Kurtosis

EPUt 121.2328 110.7019 283.6656 44.7828 45.7760 0.8535 3.4578
FEPUt �1.2049 �1.5139 29.4078 �17.9971 7.0066 0.7559 5.3361
VOVt 0.0930 0.0819 0.4545 0.0296 0.0506 2.6505 16.5365
FVOVt �0.0033 �0.0043 0.0700 �0.0461 0.0160 0.7005 5.2154
MKTt 0.0079 0.0118 0.1135 �0.1723 0.03931 �0.7326 5.2188
SMBt 0.0018 0.0023 0.0613 �0.0478 0.0231 0.1763 2.6288
HMLt �0.0001 �0.0011 0.0822 �0.1112 0.0241 �0.1202 5.7476

Panel B: Correlations
EPUt FEPUt VOVt FVOVt MKTt SMBt

FEPUt 0.1531**

VOVt 0.2444*** 0.2889***

FVOVt 0.1401* 0.9151*** 0.3157***

MKTt �0.1412* �0.9223*** �0.3098*** �0.9815***

SMBt �0.0038 �0.0245 �0.0764 �0.2421*** 0.3610***

HMLt �0.0639 �0.4175*** �0.0305 �0.0966 0.2472*** 0.1015

Note(s): The table reports summary statistics of monthly uncertainty variables and the Fama–French three
factors in US stock market. Panel A presents descriptive statistics for monthly uncertainty variables and the
Fama–French three factors. Panel B presents correlations between monthly uncertainty variables and the
Fama–French three factors. EPUt is the EPU in month t. FEPUt is the mimicking factor for the EPU in month t.
VOVt is the VOV inmonth t. FVOVt is the mimicking factor for the VOV inmonth t.MKTt is the market return
in excess of risk-free rate in month t. SMBt is the average return on the three small portfoliosminus the average
return on the three big portfolios in month t.HMLt is the average return on the two high B/M portfolios minus
the average return on the two low B/M portfolios in month t. *, ** and *** represent significance at the 10, 5 and
1% levels, respectively. The sample period covers January 2003 to November 2018

Table 1.
Summary statistics of
uncertainty and Fama–

French three factors
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Variable Mean(%) Median(%) Max(%) Min(%) Std. Dev.(%) Skewness Kurtosis
Panel A: Whole sample period (191 monthly observations)

Rtþ1 0.5364 0.8728 10.7706 �16.9984 3.8743 �0.7829 5.2820

σ2RW ; tþ1
0.2801 0.1231 5.4539 0.0138 0.5796 6.0531 46.6412

σ2M ; tþ1
0.3457 0.1430 8.7049 0.0391 0.7787 7.8393 76.4870

σ2G; tþ1
0.2981 0.1419 5.2800 0.0397 0.5856 6.0737 45.1464

σ2GJR; tþ1
0.2792 0.1654 3.3902 0.0422 0.4441 5.4099 35.8330

σ2IV ; tþ1
4.1351 2.6569 35.8681 0.9044 4.6218 3.8514 21.5677

Panel B: High uncertainty periods with positive FEPUt (79 monthly observations)

Rtþ1 0.3097 0.8423 10.7706 �16.9984 4.9157 �0.6526 4.0718

σ2RW ; tþ1
0.4727 0.2281 5.4539 0.0446 0.8283 4.2532 22.8819

σ2M ; tþ1
0.5140 0.2069 8.7049 0.0573 1.1509 5.4612 35.9613

σ2G; tþ1
0.4566 0.1986 5.2800 0.0584 0.8441 4.2677 21.9725

σ2GJR; tþ1
0.4285 0.2456 3.3902 0.0623 0.6349 3.7371 17.0246

σ2IV ; tþ1
5.9205 3.9402 35.8681 1.1707 6.1749 2.8557 12.1809

Panel C: Low uncertainty periods with negative FEPUt (112 monthly observations)

Rtþ1 0.6963 1.0166 9.3792 �9.3764 2.9412 �0.6396 4.4701

σ2RW ; tþ1
0.1442 0.0914 1.9980 0.0138 0.2188 6.0243 48.2440

σ2M ; tþ1
0.2270 0.1275 1.5481 0.0391 0.2699 3.1271 12.9936

σ2G; tþ1
0.1863 0.1191 2.0411 0.0397 0.2363 5.2797 37.3554

σ2GJR; tþ1
0.1739 0.1322 1.4297 0.0422 0.1653 4.8534 33.3487

σ2IV ; tþ1
2.8758 2.0867 19.4834 0.9044 2.4292 3.9540 23.8663

Panel D: High uncertainty periods with positive FVOVt (68 monthly observations)

Rtþ1 0.3887 0.7338 10.7706 �16.9984 4.6578 �0.7512 5.0119

σ2RW ; tþ1
0.4810 0.2253 5.4539 0.0267 0.8679 4.2022 21.8380

σ2M ; tþ1
0.5232 0.1813 8.7049 0.0869 1.2324 5.1580 31.7502

σ2G; tþ1
0.4675 0.1689 5.2800 0.0826 0.9037 4.0162 19.3136

σ2GJR; tþ1
0.4405 0.2190 3.3902 0.0831 0.6782 3.5215 14.9894

σ2IV ; tþ1
6.0566 3.8133 35.8681 1.4496 6.4383 2.8337 11.6743

Panel E: Low uncertainty periods with negative FVOVt (123 monthly observations)

Rtþ1 0.6181 1.0554 9.3792 �9.3764 3.3827 �0.6968 4.2307

σ2RW ; tþ1
0.1690 0.0934 2.0075 0.0138 0.2732 5.2131 34.0925

σ2M ; tþ1
0.2476 0.1393 1.5481 0.0391 0.2882 2.7451 10.3425

σ2G; tþ1
0.2045 0.1254 2.0411 0.0397 0.2465 4.4355 28.5622

σ2GJR; tþ1
0.1901 0.1356 1.4297 0.0422 0.1789 3.8126 22.4139

σ2IV ; tþ1
3.0729 2.1433 19.4834 0.9044 2.7033 3.4404 17.9136

Note(s): The table reports descriptive statistics of monthly excess stock market returns, conditional variances, and implied
variance. Rtþ1 is the monthly excess stock market returns in month tþ1. σ2RW ; tþ1 is the conditional variance in month tþ1

estimated by the rolling windowmodel. σ2M ; tþ1 is the conditional variance in month tþ1 estimated by theMIDAS. σ2G; tþ1 is the

conditional variance in month tþ1 estimated by the GARCH(1,1). σ2GJR; tþ1 is the conditional variance in month tþ1 estimated

by the GJR-GARCH(1,1). σ2IV ; tþ1 is the implied variance in month tþ1 calculated by the square of VIXt. Panel A reports the

descriptive statistics during the whole sample period. Panel B and Panel D report the descriptive statistics during high
uncertainty periods with positive FEPUt and positive FVOVt, respectively. Panel C and Panel E report the descriptive
statistics during low uncertainty periods with negative FEPUt and negative FVOVt, respectively. The sample period is from
January 2003 to November 2018

Table 2.
Descriptive statistics of
monthly excess stock
market returns,
conditional variances
and implied variance
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relationship in low uncertainty periods. Still, this relationship deteriorates in periods of high
uncertainty.

3.2 Mean–variance relation
The mean–variance relationship has been analyzed with the following regression:

Rtþ1 ¼ aþ bVartðRtþ1Þ þ εtþ1; (11)

where Rtþ1 is the monthly excess stock market return, and Vart(Rtþ1) is the conditional
variance or implied variance of the stock market returns for the next month tþ1 based on

Rtþ1 σ2RW ; tþ1 σ2M ; tþ1 σ2G; tþ1 σ2GJR; tþ1

σ2RW ; tþ1
�0.2122***

σ2M ; tþ1
�0.2795*** 0.7587***

σ2G; tþ1
�0.1738** 0.9564*** 0.8389***

σ2GJR; tþ1
�0.1917*** 0.9117*** 0.9019*** 0.9629***

σ2IV ; tþ1
�0.0545 0.8976*** 0.6935*** 0.8927*** 0.8888***

Note(s): The table reports correlations between monthly excess stock market returns, conditional variances
and implied variance. All variable definitions are identical to those in Table 2. ** and *** represent significance
at the 5 and 1% levels, respectively
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Note(s): This figure plots the time-series of monthly excess stock market returns, 
conditional variances, and implied variance during high (i.e. FEPUt > 0) and low 
(i.e., FEPUt ≤ 0) uncertainty periods. The left scale presents excess stock market returns and
implied variance, and the right scale presents conditional variances. The sample period covers
January 2003 to November 2018, with 191 monthly observations

Table 3.
Correlations of

monthly excess stock
market returns,

conditional variances
and implied variance

Figure 1.
Time-series of monthly

excess stock market
returns, conditional

variances and implied
variance with FEPU

Mean–variance
relationship

31



conditional information at month t. To analyze the effect of uncertainty on this
mean–variance relationship, we conduct the following two-regime equation:

Rtþ1 ¼ a1 þ b1VartðRtþ1Þ þ a2Dt þ b2DtVartðRtþ1Þ þ εtþ1; (12)

where Dt is a dummy variable for the high uncertainty regime, the value of which equals 1 if
month t is included in high uncertainty periods, and 0 otherwise [10, 11]

Table 4 reports the coefficient estimates and t-statistics for the one-regime and two-regime
equations. In the one-regime equation, the coefficient estimates (b) on the conditional
variances estimated by the rolling windowmodel andMIDAS are negative and significant at
the 1% or 5% levels, as expected. Although insignificant, the coefficient estimates (b) on the
conditional variances of GARCH(1,1) and GJR-GARCH(1,1) and implied variance are
negative. The adjusted R2s of the one-regime equation range from �0.230% to 7.322%.
Therefore, we confirm that a positive mean-variance tradeoff is reversed.

The results from the two-regime equation support our expectation that the mean-variance
tradeoff varies with the degree of uncertainty. In low uncertainty periods, we find a
significant positive tradeoff in models (1)-E, (2)-E, (2)-V, (3)-E, (3)-V, (4)-E, and 5-(E). Although
the mean–variance relation is insignificant during low uncertainty periods in models (1)-V,
(4)-V, and (5)-V, the coefficient estimates (b1) are positive. In periods of high uncertainty, such
a positive tradeoff is strongly undermined because the coefficient estimates (b2) on the
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Note(s): This figure plots the time-series of monthly excess stock market returns, 

conditional variances, and implied variance during high (i.e., FVOVt > 0) and low 

(i.e., FVOVt ≤ 0) uncertainty periods. The left scale presents excess stock market 

returns and implied variance, and the right scale presents conditional variances. The 

sample period covers January 2003 to November 2018, with 191 monthly observations

Figure 2.
Time-series of monthly
excess stock market
returns, conditional
variances and implied
variance with FVOV
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interaction term between Dt and the conditional variances or implied variance are negatively
significant at the 1% or 5% levels. The adjusted R2s of the two-regime equation range from
1.261% to 12.482%,which is an improvement over those of the one-regime equation. The two-
regime equation improvements in the adjustedR2s of FEPU, 3.855%p to 5.160%p, are always
larger than those with FVOV, 0.924%p to 4.220%p.

Table 4 shows that considering uncertainty restores a positive mean–variance
relationship across the four conditional variance models and model-free implied variance.
Additionally, the impact of FEPU on themean–variance relationship is larger than the impact
of FVOV, and the results indicate that uncertainty has an important effect on the mean–
variance relationship in stock markets. Therefore, we can confirm a varying mean–variance
relationship depending on the level of uncertainty: The mean–variance relationship is
significantly negative during high uncertainty periods, but a positive mean–variance
relationship is observed during low uncertainty periods.

3.3 Return–innovation relation
We perform an indirect test for the mean–variance relationship suggested by French et al.
(1987) and Banerjee et al. (2007). Specifically, a regression is conducted to measure the

Model a(a1) b(b1) a2 b2 Adj. R2 (%)
Panel A: Rolling window model

(1) 0.0093*** (4.2790) �1.4184*** (�2.6544) 3.998
(1)-E 0.0016 (0.6460) 3.7435*** (3.9470) 0.0108* (1.6542) �5.6970*** (�6.8944) 8.572
(1)-V 0.0049** (2.2718) 0.7455 (0.5562) 0.0079* (1.8228) �2.6120** (�2.0728) 4.922

Panel B: MIDAS

(2) 0.0102*** (4.7540) �1.3904** (�2.0073) 7.322
(2)-E 2.00 3 10–5 (0.0074) 3.0585*** (5.5544) 0.0120** (2.0444) �4.7987*** (�8.4804) 12.482
(2)-V 7.25 3 10–4 (0.2404) 2.2035* (1.6617) 0.0124** (2.5079) �3.9700*** (�3.3228) 11.542

Panel C: GARCH(1,1)

(3) 0.0088*** (4.4181) �1.1497 (�1.3162) 2.507
(3)-E 2.55 3 10–4 (0.0945) 3.5999*** (5.0673) 0.0104* (1.8016) �5.2620*** (�7.6733) 6.973
(3)-V 6.86 3 10–4 (0.2572) 2.6870* (1.8149) 0.0111** (2.3772) �4.3717*** (�3.5855) 5.917

Panel D: GJR-GARCH(1,1)

(4) 0.0100*** (4.3402) �1.6726 (�1.1836) 3.166
(4)-E �0.0013 (�0.3852) 4.7389*** (3.1716) 0.0143** (2.5191) �7.0444*** (�4.8563) 7.021
(4)-V �6.14 3 10–4 (�0.1748) 3.5749 (1.5031) 0.0151*** (2.7747) �5.9796*** (�3.2495) 6.604

Panel E: Implied variance

(5) 0.0073*** (2.7026) �0.0457 (�0.3959) �0.230
(5)-E �0.0037 (�1.1008) 0.3719*** (4.2482) 0.0143** (2.1373) �0.4979*** (�3.1338) 3.553
(5)-V �8.89 3 10–5 (�0.0234) 0.2040 (1.1913) 0.0113** (1.9868) �0.3255*** (�3.0768) 1.261

Note(s): The table reports estimates from the regressions of monthly excess stock market returns against
conditional variances and implied variance. Models (1) to (5) are estimates from the regressions without a
dummy variable of uncertainty. Models (1)-E to (5)-E ((1)-V to (5)-V) are estimates from the regressions with a
dummy variable of FEPU (FVOV). Newey andWest (1987) corrected t-statistics are reported in parentheses. *,
** and *** represent significance at the 10, 5 and 1% levels, respectively

Table 4.
Monthly excess stock

market returns against
conditional variances
and implied variance

with uncertainty

Mean–variance
relationship
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relationship between future excess stock market returns and contemporaneous unexpected
volatility innovations.

French et al. (1987) mention that if a larger conditional variance in the next month is
predicted, the volatility innovation in the next month will decrease. Additionally, the
variance for future periods will be revised upward. If there is a positive relationship
between the risk premium and the predicted variance, the discount rate for future cash
flows will increase. Thus, if cash flows are not affected, the current stock price, which is the
discounted value of future cash flows from the firms, will decrease with a higher discount
rate. Thus, there is a negative relationship between volatility innovation and future stock
market returns if there is a positive relationship between conditional variance and future
stock market returns.

Banerjee et al. (2007) develop a theory on the reactions of future returns to implied variance
and implied variance shocks. If the price risk premium is positive and the implied variance
positively predicts future realized variance, the level of implied variance and innovations of
implied variance are positively related to future returns. For the VIX and S&P500 index
excess returns, they provide empirical evidence that VIX is positively associated with 30-day
and 60-day geometric returns on the S&P500 index. However, innovations in VIX are
unrelated to future market returns.

Based on the above arguments for innovations on conditional variances and implied
variance, we hypothesize a negative mean–innovation relationship in low uncertainty
periods. Still, this relation is undermined in periods of high uncertainty. Additionally, we
expect that innovations in VIX will positively impact future stock market returns during low
uncertainty periods and negatively (or insignificantly) impact returns in periods of high
uncertainty.

Before exploring these hypotheses, we first calculate the volatility innovation. Following
French et al. (1987) and Yu and Yuan (2011), the volatility innovation in the rolling window
model and MIDAS is calculated as the difference between the realized variance and the
conditional variances:

VarðRtþ1Þu ¼ σ2tþ1 � VartðRtþ1Þ: (13)

Additionally, Yu and Yuan (2011) employ the monthly volatility innovations of GARCH(1,1)
andGJR-GARCH(1,1) as the difference between conditional variances formonth tþ2 based on
conditional information at month tþ1 and conditional information at month t. Therefore,
followingYu andYuan (2011), we calculate the volatility innovations of GARCH(1,1) andGJR-
GARCH(1,1) as follows:

VarðRtþ1Þu ¼ Vartþ1ðRtþ2Þ � VartðRtþ2Þ ¼ Etþ1

 X22
d¼1

σ2eðtþ1Þþd

!
� Et

 X44
d¼23

σ2
eðtÞþd

!
:

(14)

Following Banerjee et al. (2007), we use the difference between the squared VIXs at month t
and month t�1 as the innovations in the model-free implied variance:

VarðRtþ1Þu ¼ VIX 2
t � VIX 2

t−1: (15)

Based on the estimated innovations on the conditional variances and implied variance, the
return–innovation relationship is examined with the following regression:

Rtþ1 ¼ cþ dVartðRtþ1Þ þ eVarðRtþ1Þu þ εtþ1; (16)
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where Vart(Rtþ1) is the conditional variance or implied variance of the stock market returns
for the next month tþ1 based on conditional information at month t, and Var(Rtþ1)

u is the
contemporaneous volatility innovation. To explore our hypotheses, we examine the following
two-regime equation:

Rtþ1 ¼ c1 þ d1VartðRtþ1Þ þ e1VarðRtþ1Þu þ c2Dt þ d2DtVartðRtþ1Þ þ e2DtVarðRtþ1Þu

þ εtþ1;

(17)

where Dt is a dummy variable for the high uncertainty regime, the value of which equals 1 if
month t is included in high uncertainty periods.

Table 5 reports the results of the regression with volatility innovation. For the conditional
variances of four models in Panels A to D, most of the coefficient estimates (e2) on the
interaction term between the volatility innovation and Dt are positively significant at the 1%
or 5% levels, except for the volatility innovations of conditional variances estimated by
GARCH(1,1) withDt of FEPUandGJR-GARCH(1,1) withDt of FVOV.Although the coefficient
estimates (e) on the volatility innovation are always negatively significant, the magnitude of
coefficient estimates (e1) on the volatility innovation during low uncertainty periods becomes
bigger than e in models (1) to (4). Among models with the conditional variances, the
improvements in the adjusted R2 range from 4.783%p to 9.281%p with Dt of FEPU and from
2.610%p to 4.606%pwithDt of FVOV.As shown inTable 4, the increments of the adjustedR2

by considering FEPU are always larger than those by considering FVOV in models with the
conditional variances.

In model (5) of Panel E, the relationship between future stock market returns and the
innovation on the implied variance is significantly negative, which is inconsistent with the
theory of Banerjee et al. (2007). Considering the effect of uncertainty, the coefficient estimates
(e2) on the interaction term between volatility innovation and Dt are negatively significant at
the 1% level. Additionally, the coefficient estimates (e1) on volatility innovation during low
uncertainty periods are positively significant at the 1% or 10% levels. While the coefficient
estimate (d) on the implied variance is insignificant in model (5), the coefficient estimates (d1)
on the implied variance during low uncertainty periods are positively significant at the 1%
level in models (5)-E and (5)-V. In contrast to the results in models with the conditional
variances, the improvement in the adjusted R2 with exploiting FVOV is larger than that with
exploiting FEPU.

To conclude, uncertainty impacts the relationship between future stock market returns
and the expected variance, including the conditional variances and implied variance, and the
relationship between future stock market returns and contemporaneous volatility
innovations. We confirm that a negative relationship between the return and innovation of
the conditional variance and a positive relationship between the return and the innovation of
the implied variance are significant during low uncertainty periods. Conversely, uncertainty
undermines these two relations in periods of high uncertainty. Such two-regime patterns
provide indirect empirical evidence of the influence of uncertainty on the link between returns
and volatility.

4. Robustness checks
In this section, we check the robustness of our empirical results. In Section 4.1, we first replace
the base assets to construct a mimicking factor for uncertainty. In Section 4.2, we analyze the
mean–variance relation and the return–innovation relation after controlling for the effect of
investor sentiment.

Mean–variance
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Table 5.
Monthly excess stock
market returns against
conditional variances,
implied variance and
volatility innovations
with uncertainty
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4.1 Base assets
Lamont (2001) utilizes the return on four bond portfolios, eight industry-sorted stock
portfolios, and the market portfolio for the stock market over the T-bill return as the base
assets’ returns for seven macroeconomic variables’ mimicking factors. Ang, Hodrick, Xing,
and Zhang (2006) use excess returns as the returns on the base assets to create a mimicking
factor for innovation in VIX. Following them, we change the base assets from the Fama–
French three factors to excess stock market returns (i.e. the market risk factor) [12].

Table 6 presents the regression results with the mimicking factor for uncertainty using
excess stock market returns as the base asset’s returns [13]. For the regressions of the mean–
variance relationship, the coefficient estimates (b2) on the interaction term between the
variances andDt are negatively significant at the 1% level, which undermines a positivemean–
variance relationship. Although the coefficient estimates (b1) on the variances are insignificant
or significant at the 10% level, their sign is always positive, as expected. Compared with
models (1) to (5) in Table 4, the changes of the adjusted R2 range from 1.013%p to 4.252%p,
which are always positive. Consistent with the results in Table 4, the results in models (1) to (5)
of Table 6 indicate that the deteriorated mean–variance tradeoff is induced by uncertainty.
Thus, considering uncertainty improves the explanatory power for the mean–variance
relationship.

In the return–innovation relationship with four conditional variances, the coefficient
estimates (e2) on the interaction term between the volatility innovations and Dt are positively
significant at the 1% or 5% levels, except for GJR-GARCH(1,1), in which the coefficient
estimate (e2) is insignificant. During low uncertainty periods, the coefficient estimates (e1) on
the innovations of the conditional variances are negatively significant at the 1% level, which
is consistent with the empirical evidence in French et al. (1987). For the innovation of the
implied variance, the coefficient estimates (e2) are negatively significant at the 1% level, and
the coefficient estimate (e1) is positively significant at the 1% level. This positive sign of e1 is
consistent with Banerjee et al. (2007). The improvements in the adjusted R2 range from
2.543%p to 10.479%p, compared with the adjusted R2 in models (1) to (5) of Table 5. The
results inmodels (1)-I to (5)-I of Table 6 also support our hypothesis that uncertainty weakens
the return–innovation relationship. Consequently, a positive mean–variance relationship is
undermined when uncertainty is high.

4.2 Investor sentiment
Yu and Yuan (2011) show the impact of investor sentiment on the mean–variance tradeoff in
stock markets. They find empirical evidence that the expected stock market return is
positively related to the conditional variance during low sentiment periods. Still, this positive
relationship is weakened during high sentiment periods. These patterns are very similar to
the results of this study. Therefore, in this subsection, the analyses in Tables 4 and 5 are
repeated after controlling for the effect of investor sentiment on FEPU or FVOV. To control
for the effect of investor sentiment, we perform the following regression:

FEPUtðor FVOVtÞ ¼ f þ gSENTt−1 þ ηtðor νtÞ; (18)

where SENTt�1 is Baker andWurgler’s (2006) investor sentiment index atmonth t�1 [14, 15],
and ηt (νt) is the residual FEPU (FVOV) in month t. DI

t is a dummy variable for the high
uncertainty regime based on FEPU (FVOV), the value of which equals 1 if ηt (νt) is positive.
For equations (12) and (17), we replace Dt with DI

t to analyze the effect of residual FEPU or
residual FVOV on the mean–variance relationship and the return–innovation relationship.

Table 7 reports the regression results for the two-regime equation after controlling for the
effect of investor sentiment. In models (1)-E to (5)-E, the coefficient estimates (b2) on the
interaction term between the conditional variances or the implied variance and DI

t are
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37



M
od
el

a
1
(c
1
)

b 1
(d
1
)

e 1
a
2
(c
2
)

b 2
(d
2
)

e 2
A
d
j.
R
2
(%

)
P
an
el
A
:R

ol
li
n
g
w
in
d
ow

m
od
el

(1
)

0.
00
47

*
*
(2
.2
80
7)

0.
71
03

(0
.5
37
0)

0.
00
91

*
(1
.8
86
2)

�2
.6
10
1*

*
(�

2.
09
08
)

5.
01
1

(1
)-
I

0.
01
22

*
*
*
(6
.6
83
5)

�2
.7
46
4*

*
*
(�

5.
53
76
)

�7
.9
22
7*

*
*
(�

4.
05
13
)

0.
00
44

(1
.0
77
5)

0.
18
85

(0
.4
71
5)

4.
74
60

*
*
(2
.3
19
3)

28
.2
02

P
an
el
B
:M

ID
A
S

(2
)

6.
16

3
10

–
4
(0
.2
07
3)

2.
16
87

(1
.5
97
2)

0.
01
34

*
*
(2
.4
91
0)

�3
.9
49
6*

*
*
(�

3.
21
37
)

11
.5
74

(2
)-
I

0.
00
71

*
*
(2
.5
34
1)

�2
.2
09
8*

(�
1.
85
03
)

�7
.5
64
9*

*
*
(�

4.
90
85
)

0.
01
06

*
*
(2
.4
74
5)

�0
.5
68
9
(�

0.
84
06
)

4.
54
40

*
*
*
(3
.5
33
3)

30
.2
92

P
an
el
C
:G

A
R
C
H
(1
,1
)

(3
)

7.
01

3
10

–
4
(0
.2
67
9)

2.
59
84

*
(1
.6
93
7)

0.
01
19

*
*
(2
.3
33
6)

�4
.2
97
9*

*
*
(�

3.
38
46
)

5.
79
1

(3
)-
I

0.
00
46

*
*
(2
.3
42
4)

0.
40
81

(0
.7
87
5)

�5
.5
74
7*

*
*
(�

5.
97
93
)

0.
01
07

*
*
(2
.2
61
3)

�2
.9
28
3*

*
*
(�

6.
38
00
)

2.
48
49

*
*
*
(2
.8
75
8)

25
.4
53

P
an
el
D
:G

JR
-G
A
R
C
H
(1
,1
)

(4
)

�4
.9
4
3

10
–
4
(�

0.
14
01
)

3.
41
87

(1
.3
86
6)

0.
01
59

*
*
*
(2
.6
74
7)

�5
.8
51
9*

*
*
(�

3.
03
61
)

6.
47
5

(4
)-
I

0.
00
16

(0
.6
73
0)

2.
27
52

*
*
*
(2
.8
44
9)

�5
.8
74
3*

*
*
(�

4.
61
54
)

0.
01
41

*
*
*
(3
.0
63
7)

�5
.4
54
6*

*
*
(�

6.
49
76
)

�1
.1
36
3
(�

1.
23
80
)

29
.3
48

P
an
el
E
:I
m
p
li
ed

v
ar
ia
n
ce

(5
)

�3
.0
6
3

10
–
4
(�

0.
08
21
)

0.
20
38

(1
.1
87
0)

0.
01
26

*
(1
.9
67
2)

�0
.3
30
8*

*
*
(�

3.
10
85
)

1.
32
7

(5
)-
I

�0
.0
03
4
(�

1.
20
84
)

0.
49
14

*
*
*
(4
.1
07
1)

0.
66
06

*
*
*
(2
.9
41
5)

0.
01
48

*
*
(2
.0
41
8)

�0
.4
51
4*

*
*
(�

2.
91
67
)

�1
.2
63
0*

*
*
(�

4.
43
60
)

11
.3
00

N
o
te
(s
):

T
h
e
ta
b
le

re
p
or
ts

es
ti
m
at
es

fr
om

th
e
re
g
re
ss
io
n
s
of

m
on
th
ly

ex
ce
ss

st
oc
k
m
ar
k
et

re
tu
rn
s
ag
ai
n
st

co
n
d
it
io
n
al

v
ar
ia
n
ce
s,
im

p
li
ed

v
ar
ia
n
ce

an
d
v
ol
at
il
it
y

in
n
ov
at
io
n
s.
M
od
el
s
(1
)t
o
(5
)a
re
es
ti
m
at
es

fr
om

th
e
re
g
re
ss
io
n
s
w
it
h
co
n
d
it
io
n
al
v
ar
ia
n
ce
,i
m
p
lie
d
v
ar
ia
n
ce

an
d
a
d
u
m
m
y
v
ar
ia
b
le
of
F
E
P
U
or

F
V
O
V
.M

od
el
s
(1
)-
I
to
(5
)-
I

ar
e
es
ti
m
at
es

fr
om

th
e
re
g
re
ss
io
n
s
w
it
h
co
n
d
it
io
n
al
v
ar
ia
n
ce
,i
m
p
lie
d
v
ar
ia
n
ce
,v
ol
at
il
it
y
in
n
ov
at
io
n
s
an
d
a
d
u
m
m
y
v
ar
ia
b
le
of

F
E
P
U
or

F
V
O
V
.N

ew
ey

an
d
W
es
t
(1
98
7)

co
rr
ec
te
d
t-
st
at
is
ti
cs

ar
e
re
p
or
te
d
in

p
ar
en
th
es
es
.*
,*

*
an
d

*
*
*
re
p
re
se
n
t
si
g
n
if
ic
an
ce

at
th
e
10
,5

an
d
1%

le
v
el
s,
re
sp
ec
ti
v
el
y

Table 6.
Effect of changing base
assets: Monthly excess
stock market returns
against conditional
variances, implied
variance and volatility
innovations with
uncertainty

JDQS
30,1

38



negatively significant at the 1% level. Additionally, the coefficient estimates (b1) on the
conditional variances or implied variance are positively significant at the 1% level. In models
(1)-V to (5)-V, the patterns of b1 and b2 are similar to those in models (1)-E to (5)-E.
Furthermore, includingDI

t of the residual FEPU significantly improves the adjusted R2, with
a minimum and maximum increase of 4.462%p and 5.274%p, respectively. The
improvements of the adjusted R2 by exploiting the dummy variable of the residual FVOV
range from 5.221%p to 6.500%p. These results in Table 7 are very similar to those of the two-
regime mean–variance equations in Table 4.

In Table 8, we repeat the analysis for the return–innovation relationship in Table 5 with
the dummy variables of the residual FEPU and residual FVOV. The results in Table 8 are
similar to the two-regime return–innovation equations results with Dt in Table 5. The
coefficient estimates (e2) on the interaction term between the innovation on the conditional
variances andDI

t are positively significant at the 1% or 5% levels, except for GARCH(1,1),
while the coefficient estimates (e2) in the models with the innovation on the implied
variance are negatively significant at the 1% level. During low uncertainty periods, the
relationship between the return and volatility innovation is restored. Additionally, the
adjusted R2s of all models in Table 8 are substantially improved by utilizing the dummy
variable of uncertainty. Thus, these results confirm that including the dummy variable of
uncertainty is valuable, regardless of controlling for the effect of investor sentiment on
uncertainty.

Model a1 b1 a2 b2 Adj. R2 (%)
Panel A: Rolling window model

(1)-E 0.0020 (0.7564) 3.8492*** (4.5014) 0.0089* (1.7045) �5.7503*** (�7.7159) 8.640
(1)-V �7.12 3 10–4 (�0.2854) 4.3781*** (6.3711) 0.0142*** (3.7523) �6.4427*** (�11.3850) 10.498

Panel B: MIDAS

(2)-E 1.59 3 10–4 (0.0555) 3.2272*** (5.9357) 0.0107** (2.1665) �4.9393*** (�8.3578) 12.596
(2)-V �0.0015 (�0.5874) 3.1987*** (5.3412) 0.0146*** (3.9200) �4.9571*** (�8.2909) 12.819

Panel C: GARCH(1,1)

(3)-E 4.81 3 10–4 (0.1732) 3.7434*** (6.2314) 0.0091* (1.8885) �5.3781*** (�8.5842) 7.239
(3)-V �0.0018 (�0.6836) 3.9706*** (6.0568) 0.0137*** (3.6034) �5.7159*** (�8.8836) 8.097

Panel D: GJR-GARCH(1,1)

(4)-E �0.0019 (�0.6117) 5.4890*** (6.1301) 0.0137*** (2.8953) �7.7743*** (�7.5828) 7.938
(4)-V �0.0044 (�1.4859) 5.7892*** (5.9516) 0.0189*** (4.4732) �8.2731*** (�8.3799) 9.255

Panel E: Implied variance

(5)-E �0.0042 (�1.1450) 0.4054*** (6.2509) 0.0138** (2.0619) �0.5294*** (�3.6461) 4.232
(5)-V �0.0064* (�1.8488) 0.4188*** (6.2855) 0.0191*** (3.4688) �0.5658*** (�4.1600) 4.991

Note(s): The table reports estimates from the regressions of monthly excess stock market returns against
conditional variances, and implied variance. Models (1)-E to (5)-E ((1)-V to (5)-V) are estimates from the
regressions with a dummy variable of FEPU (FVOV) after removing the effect of investor sentiment. Newey
andWest (1987) corrected t-statistics are reported in parentheses. *, ** and *** represent significance at the 10, 5
and 1% levels, respectively

Table 7.
Removing effect of
investor sentiment:

Monthly excess stock
market returns against
conditional variances
and implied variance

with uncertainty
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5. Conclusion
This study examines the impact of uncertainty on the mean–variance tradeoff—high
uncertainty undermines a positive tradeoff—which is further confirmed by theweakness of a
negative relationship between contemporaneous innovations of conditional variances with
stock market returns and a positive relationship of contemporaneous innovations of the
implied variance with stock market returns during periods of high uncertainty. Additionally,
our findings are robust to the change in the base assets used to construct themimicking factor
for uncertainty and the elimination of the influence of investor sentiment from uncertainty.
Our empirical evidence is consistent with high ambiguity aversion and risk perception for
investors, high cash flow risk and unfavorable investment opportunities, and the leverage
effect during periods of high uncertainty.

Our paper extends the research on the asset pricing implications of option-implied
uncertainty and risk. VOV and the implied variance have different information compared
with EPU and the conditional variances, respectively. Therefore, we check the influence of
VOV on the risk–return relationship and the relationship of the implied variance with stock
market return depending on the level of uncertainty. Additionally, we provide a novel
algorithm in which the information extracted from the options market, such as uncertainty
and risk, exerts influence on the asset pricing model with rational investors and
compensation for bearing risk.

Our study also suggests an additional perspective on portfolio management and
policymaking. It is possible to apply uncertainty in making decisions regarding asset
allocation and practical riskmanagement. In addition, one policy implication of our findings is
that regulators should require financial institutions to acknowledge the effect of uncertainty
on risk measurement. For example, the impact of uncertainty can be considered when
estimating value-at-risk (e.g. Xu et al., 2021), and the policymakers in the stock exchange
should build the standard for the margin requirements based on value-at-risk estimates
considering the level of uncertainty. Furthermore, researchers should reach a consensus on the
measure of uncertainty. Although EPU and VOV show similar results in this study, the
mechanisms of uncertainty impacting the risk–return relationship are different. We leave the
further investigation to improve the measure of uncertainty to future research.

Notes

1. Prior literature including Baker et al. (2016, 2020), Gulen and Ion (2016), Mueller et al. (2017), Sharif
et al. (2020), Jiang andKim (2021), Kim (2021) andYang andYang (2021) utilizes EPU as themeasure
of policy- or economic-related uncertainty.

2. Knight (1921) describes that risk is defined as a situation in which the investor has an unknown
outcome of the investment, but the distribution of its outcome is known, and (Knightian) uncertainty
is defined as a situation in which the investor has an unknown outcome of the investment and
unknown distribution of the outcome. Previous literature including Park (2015), Andreou et al.
(2018), Baltussen et al. (2018), Kim (2018), Borochin and Zhao (2019), Dubinsky et al. (2019), Hollstein
et al. (2019), Jeon et al. (2020) and Ruan (2020) employs VOV as Knightian uncertainty about
volatility.

3. Prior literature including Yu and Yuan (2011), Kim et al. (2014), Seo and Kim (2015),
Kim et al. (2017a, b) investigates the effect of investor sentiment on asset pricing and volatility
forecasting.

4. A detailed explanation for the investor channels is available in Section 2 of Yang and Yang (2021).

5. Wu and Lee (2015) find that during bear market periods, there is a negative risk–return relationship
in the US stockmarket and argue that the leverage effect may play an important role in such periods
so that the negative mean–variance relationship in bear markets may be a response to the stronger
leverage effect.
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6. www.policyuncertainty.com

7. https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html

8. The correlations of the stock market return with the variances range from 0.2663 to 0.3072 during
low uncertainty periods (i.e. the period with negative FEPU). During high uncertainty periods
(i.e. the period with positive FEPU), the correlations of the stock market return with the variances
range from �0.4074 to �0.1583.

9. In low uncertainty periods (i.e. the period with negative FVOV), the correlations of the stock market
returnwith the variance range from 0.0602 to 0.1958. During high uncertainty periods (i.e. the period
with positive FVOV), the correlations of the stock market return with the variances range from
�0.4674 to �0.1680.

10. Our results are unaffected by another definition ofDt: if FEPUt or FVOVt is higher than the median
of the monthly FEPU or FVOV over the whole sample period, then Dt equals 1, and 0 otherwise.
These results are available upon request.

11. Further, we check the results with Dt depending on the level of EPUt or VOVt: if EPUt or VOVt

is higher than the median of the monthly EPU or VOV over the whole sample period, then Dt

equals 1, and 0 otherwise. These results are consistent with our findings and are available upon
request.

12. Following Ang et al. (2006), we check the robustness of our results utilizing the equal-weighted and
value-weighted returns of the six Fama–French 33 2 portfolios sorted on size and book-to-market
as the base assets’ return. These results are qualitatively similar to the results in Tables 4 and 5 and
available upon request.

13. Whenwe employ the excess stockmarket returns as the base asset’s returns, the time-series onDt of
FEPU are identical to those on Dt of FVOV. Thus, we only report the results for Dt of FEPU
or FVOV.

14. The monthly investor sentiment index is obtained from the website of Jeffrey Wurgler (http://
people.stern.nyu.edu/jwurgler/).

15. Yu and Yuan (2011) define the current year as a high sentiment year if the prior years’
investor sentiment index is positive. Similarly, we employ the prior months’ investor sentiment
index to remove the effect of the investor sentiment index from the mimicking factor for
uncertainty.

References

Almon, S. (1965), “The distributed lag between capital appropriations and expenditures”,
Econometrica, Vol. 33 No. 1, pp. 178-196.

Andersen, E.W., Ghysels, E. and Juergens, J.L. (2009), “The impact of risk and uncertainty on expected
returns”, Journal of Financial Economics, Vol. 94 No. 2, pp. 233-263.

Andreou, P.C., Kagkadis, A., Philip, D. and Tuneshev, R. (2018), “Differences in options investors’
expectations and the cross-section of stock returns”, Journal of Banking and Finance, Vol. 94,
pp. 315-336.

Ang, A., Hodrick, R.J., Xing, Y. and Zhang, X. (2006), “The cross-section of volatility and expected
returns”, Journal of Finance, Vol. 61 No. 1, pp. 259-299.

Arouri, M., Estay, C., Rault, C. and Roubaud, D. (2016), “Economic policy uncertainty and stock
markets: long-run evidence from the US”, Finance Research Letters, Vol. 18, pp. 136-141.

Baillie, R.T. and DeGennaro, R.P. (1990), “Stock returns and volatility”, Journal of Financial and
Quantitative Analysis, Vol. 25 No. 2, pp. 203-214.

Baker, M. and Wurgler, J. (2006), “Investor sentiment and the cross-section of stock returns”, Journal
of Finance, Vol. 61 No. 4, pp. 1645-1680.

JDQS
30,1

42

http://www.policyuncertainty.com
https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
http://people.stern.nyu.edu/jwurgler/
http://people.stern.nyu.edu/jwurgler/


Baker, S.R., Bloom, N. and Davis, S.J. (2016), “Measuring economic policy uncertainty”, The Quarterly
Journal of Economics, Vol. 131 No. 4, pp. 1593-1636.

Baker, S.R., Bloom, N., Davis, S.J., Kost, K., Sammon, M. and Viratyosin, T. (2020), “The unprecedented
stock market reaction to COVID-19”, The Review of Asset Pricing Studies, Vol. 10 No. 4,
pp. 742-758.

Baltussen, G., Van Bekkum, S. and Van der Grient, B. (2018), “Unknown unknown: uncertainty about risk
and stock returns”, Journal of Financial and Quantitative Analysis, Vol. 53 No. 4, pp. 1615-1651.

Banerjee, P.S., Doran, J.S. and Peterson, D.R. (2007), “Implied volatility and future portfolio returns”,
Journal of Banking and Finance, Vol. 31, pp. 3183-3199.

Black, F. (1976), “Studies in stock price volatility changes”, in Proceedings of American Statistical
Association, Business and Economic Statistics Section, pp. 177-181.

Blair, B.J., Poon, S.-H. and Taylor, S.J. (2001), “Forecasting S&P 100 volatility: the incremental
information content of implied volatilities and high-frequency index returns”, Journal of
Econometrics, Vol. 105 No. 1, pp. 5-26.

Bollerslev, T. (1986), “Generalized autoregressive conditional heteroskedasticity”, Journal of
Econometrics, Vol. 31 No. 3, pp. 307-328.

Borochin, P. and Zhao, Y. (2019), “Belief heterogeneity in the option markets and the cross-section of
stock returns”, Journal of Banking and Finance, Vol. 107, 105591.

Brandt, M.W. and Kang, Q. (2004), “On the relationship between the conditional mean and volatility of
stock returns: a latent VAR approach”, Journal of Financial Economics, Vol. 72 No. 2,
pp. 217-257.

Brogaard, J. and Detzel, A. (2015), “The asset-pricing implications of government economic policy
uncertainty”, Management Science, Vol. 61 No. 1, pp. 3-18.

Buraschi, A. and Jiltsov, A. (2006), “Model uncertainty and option markets with heterogeneous
beliefs”, Journal of Finance, Vol. 61 No. 6, pp. 2841-2897.

Busch, T., Christensen, B.J. and Nielsen, M.Ø. (2011), “The role of implied volatility in forecasting
future realized volatility and jumps in foreign exchange, stock, and bond markets”, Journal of
Econometrics, Vol. 160 No. 1, pp. 48-57.

Campbell, J.Y. (1987), “Stock returns and the term structure”, Journal of Financial Economics, Vol. 18
No. 2, pp. 373-399.

Christensen, B.J. and Prabhala, N.R. (1998), “The relation between implied and realized volatility”,
Journal of Financial Economics, Vol. 50 No. 2, pp. 125-150.

Christie, A.A. (1982), “The stochastic behavior of common stock variances: value, leverage and
interest rate effects”, Journal of Financial Economics, Vol. 10 No. 4, pp. 407-432.

Cohen, R., Polk, C. and Vuolteenaho, T. (2005), “Money illusion in the stock market: the Modigliani-
Cohn hypothesis”, The Quarterly Journal of Economics, Vol. 120 No. 2, pp. 639-668.

Dubinsky, A., Johannes, M., Kaeck, A. and Seeger, N.J. (2019), “Option pricing of earnings
announcement risks”, Review of Financial Studies, Vol. 32 No. 2, pp. 646-687.

French, K.R., Schwert, W. and Stambaugh, R.F. (1987), “Expected stock returns and volatility”, Journal
of Financial Economics, Vol. 19 No. 1, pp. 3-29.

Ghysels, E., Santa-Clara, P. and Valkanov, R. (2005), “There is a risk-return trade-off after all”, Journal
of Financial Economics, Vol. 76 No. 3, pp. 509-548.

Glosten, L.R., Jagannathan, R. and Runkle, D.E. (1993), “On the relation between the expected value and
the volatility of nominal excess return on stocks”, Journal of Finance, Vol. 48 No. 5, pp. 1779-1801.

Gulen, H. and Ion, M. (2016), “Policy uncertainty and corporate investment”, Review of Financial
Studies, Vol. 29 No. 3, pp. 523-564.

Hollstein, F., Nguyen, D.B.B. and Prokopczuk, M. (2019), “Asset prices and ‘the devil(s) you know’”,
Journal of Banking and Finance, Vol. 105, pp. 20-35.

Mean–variance
relationship

43



Jeon, B., Seo, S.W. and Kim, J.S. (2020), “Uncertainty and the volatility forecasting power of option-
implied volatility”, Journal of Futures Markets, Vol. 40 No. 7, pp. 1109-1126.

Jiang, W. and Kim, H.-S. (2021), “Economic policy uncertainty and overinvestment: evidence from
Korea”, Journal of Derivatives and Quantitative Studies: 선물연구, Vol. 29 No. 4, pp. 301-318.

Jiang, G.J. and Tian, Y.S. (2005), “The model-free implied volatility and its information content”,
Review of Financial Studies, Vol. 18 No. 4, pp. 1305-1342.

Judge, G., Griffith, W.E., Hill, R.C., L€utkepohl, H. and Lee, T.C. (1985), The theory and Practice of
Econometrics, 2nd ed., John Wiley & Sons, New Jersey.

Just, M. and Crigler, A. (1989), “Learning from the news: experiments in media, modality, and
reporting about star wars”, Political Communication, Vol. 6 No. 2, pp. 109-127.

Kapadia, N. (2011), “Tracking down distress risk”, Journal of Financial Economics, Vol. 102 No. 1,
pp. 167-182.

Kim, J.S. (2018), “Return predictive power of uncertainty about risk for U.S. and Korean stock
markets”, Korean Journal of Financial Management, Vol. 35 No. 1, pp. 49-81.

Kim, J.S. (2021), “The effect of uncertainty on the information content of term spread and its
components”, Journal of Derivatives and Quantitative Studies: 선물연구, Vol. 29 No. 1, pp. 2-28.

Kim, J.S., Ryu, D. and Seo, S.W. (2014), “Investor sentiment and return predictability of disagreement”,
Journal of Banking and Finance, Vol. 42, pp. 166-178.

Kim, J.S., Kim, D.-H. and Seo, S.W. (2017a), “Individual mean-variance relation and stock-level investor
sentiment”, Journal of Business Economics and Management, Vol. 18 No. 1, pp. 20-34.

Kim, J.S., Kim, D.-H. and Seo, S.W. (2017b), “Investor sentiment and return predictability of the option
to stock volume ratio”, Financial Management, Vol. 46 No. 3, pp. 767-796.

Knight, F.H. (1921), Risk, Uncertainty and Profit, Houghton Mifflin Company, Boston, MA.

Lamont, O.A. (2001), “Economic tracking portfolios”, Journal of Econometrics, Vol. 105 No. 1, pp. 161-184.

Merton, R.C. (1973), “An intertemporal capital asset pricing model”, Econometrica, Vol. 41 No. 5,
pp. 867-887.

Mueller, P., Tahbaz-Salehi, A. and Vedolin, A. (2017), “Exchange rates and monetary policy
uncertainty”, Journal of Finance, Vol. 72 No. 3, pp. 1213-1252.

Nelson, D.B. (1991), “Conditional heteroskedasticity in asset returns: a new approach”, Econometrica,
Vol. 59 No. 2, pp. 347-370.

Newey, W.K. and West, K.D. (1987), “A simple, positive semi-definite, heteroskedasticity and
autocorrelation consistent covariance matrix”, Econometrica, Vol. 55 No. 3, pp. 703-708.

P�astor, �L. and Veronesi, P. (2013), “Political uncertainty and risk premia”, Journal of Financial
Economics, Vol. 110 No. 3, pp. 520-545.

P�astor, �L., Sinha, M. and Swaminathan, B. (2008), “Estimating the intertemporal risk-return tradeoff
using the implied cost of capital”, Journal of Finance, Vol. 63 No. 6, pp. 2859-2897.

Park, Y. (2015), “Volatility-of-volatility and tail risk hedging returns”, Journal of Financial Markets,
Vol. 26, pp. 38-63.

Ruan, X. (2020), “Volatility-of-volatility and the cross-section of option returns”, Journal of Financial
Markets, Vol. 48, 100492.

Seo, S.W. and Kim, J.S. (2015), “The information content of option-implied information for volatility
forecasting with investor sentiment”, Journal of Banking and Finance, Vol. 50, pp. 106-120.

Seo, S.W., Kim, J. and Kim, J.S. (2021), “Risk–return relationship and individualism”, Applied
Economics Letters. doi: 10.1080/13504851.2021.1885604.

Sharif, A., Aloui, C. and Yarovaya, L. (2020), “COVID-19 pandemic, oil prices, stock market,
geopolitical risk and policy uncertainty nexus in the US economy: fresh evidence from the
wavelet-based approach”, International Review of Financial Analysis, Vol. 70, 101496.

JDQS
30,1

44

https://doi.org/10.1080/13504851.2021.1885604


Taylor, S. (1986), Modelling Financial Time Series, Wiley, New York.

Turner, C.M., Startz, R. and Nelson, C.R. (1989), “A Markov model of heteroscedasticity, risk, and
learning in the stock market”, Journal of Financial Economics, Vol. 25 No. 1, pp. 3-22.

Wu, S.-J. and Lee, W.-M. (2015), “Intertemporal risk-return relationship in bull and bear markets”,
International Review of Economics and Finance, Vol. 38, pp. 308-325.

Xu, Y., Wang, X. and Liu, H. (2021), “Quantile-based GARCH-MIDAS: estimating value-at-risk using
mixed-frequency information”, Finance Research Letters, 101965, doi: 10.1016/j.frl.2021.101965.

Yang, J. and Yang, C. (2021), “Does economic policy uncertainty impact the mean-variance relation?
Evidence from China”, Applied Economics, Vol. 53 No. 30, pp. 3438-3456.

Yu, J. and Yuan, Y. (2011), “Investor sentiment and the mean-variance relation”, Journal of Financial
Economics, Vol. 100 No. 2, pp. 367-381.

Corresponding author
Jun Sik Kim can be contacted at: junsici@inu.ac.kr

For instructions on how to order reprints of this article, please visit our website:
www.emeraldgrouppublishing.com/licensing/reprints.htm
Or contact us for further details: permissions@emeraldinsight.com

Mean–variance
relationship

45

https://doi.org/10.1016/j.frl.2021.101965
mailto:junsici@inu.ac.kr

	Mean–variance relationship and uncertainty
	Introduction
	Uncertainty and variance
	Uncertainty
	Economic policy uncertainty
	Volatility-of-Volatility
	Mimicking factor for uncertainty

	Conditional variances and implied variance
	Rolling window model
	Mixed data sampling model
	GARCH model
	GJR-GARCH model
	Implied variance


	Data and empirical analysis
	Data description
	Mean–variance relation
	Return–innovation relation

	Robustness checks
	Base assets
	Investor sentiment

	Conclusion
	Notes
	References


