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Attitudes towards ambiguous information and
stock returns
Ziyun Zhang*

Abstract: This study examines whether investors’ attitudes toward ambiguity can
explain cross-sectional stock returns by investigating the relationship between future
stock returns and option-implied volatilities as well as implied third moments. We find
that investors’ attitudes toward different levels of ambiguous stocks help explain cross-
sectional variations of stock returns during the 1996–2010 period in the U.S. stock
market. In this study, investors’ attitudes toward ambiguity are measured by stocks’
option-implied third moments. Negative-skewed quintiles represent ambiguity aver-
sion and vice versa. Different levels of ambiguity for stocks are distinguished by stocks’
option-implied volatility. High volatility quintiles represent stocks with high information
ambiguity. Independent two-dimension sorting results show that ambiguity averters
are compensated for holding stocks with higher ambiguity. Meanwhile, ambiguity-
loving investors are willing to give up some returns to hold stocks with lower levels of
ambiguity. The results show that both types of ambiguity attitudes increase the factor
model’s explanatory power. The estimated monthly premiums for ambiguity-aversion
and ambiguity-loving factors are 0.38% and 1.28%, respectively.

Subjects: Finance; Public Finance; Investment & Securities

Keywords: uncertainty; ambiguity-aversion premium; ambiguity-loving premium; stock
returns; factor model
Subjects: G12

1. Introduction
In stock markets, investors make judgements about price innovations based on information that
incorporates signals of stocks’ fundamentals. However, the content of some information is difficult
for investors to qualify. The information that includes unsure content is called “ambiguous infor-
mation.” For example, investors can infer certain return innovations from a company’s earnings
reports, but not from news reports on the company. Some studies propose capturing the effect of
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ambiguous information on decision makers’ utility. Ellsberg (1961) defines decision makers’ dislike
for ambiguous signals as ambiguity aversion. Gilboa and Schmeidler (1989) propose the concept of
maxmin expected utility (MEU) to incorporate investors’ ambiguity-aversion attitude. According to
the MEU model, decision makers tend to maximize utility under the worst-case situation, that is,
ambiguity-averse investors consider ambiguous bad news as precise, and then react strongly to
this bad news. Therefore, stock returns with more ambiguous information are negatively skewed.
After the seminal work of Gilboa and Schmeidler (1989), some research has generalized the MEU
and derived other models to capture ambiguity aversion, including Dow and da Costa Werlang
(1992), Epstein and Wang (1994), and Chen and Epstein (2002). In addition, some studies capture
other attitudes toward ambiguity, like ambiguity-loving preferences. Ghirardato, Maccheroni, and
Marinacci (2004) extend the MEU of Gilboa and Schmeidler (1989) to consider “maxmax” expected
utility, which models investors’ love of ambiguity. According to maxmax expected utility, ambiguity
lovers tend to maximize the utility of the best-case situation. Investors consider ambiguous good
news as precise and bad news as imprecise. As ambiguity-loving investors react more strongly to
ambiguous good information, stock returns with more ambiguous information are likely to be more
positively skewed.

Epstein and Schneider (2008) document that skewness of stock returns is driven by the extent of
ambiguity. With more negative-skewed returns, stocks tend to have more ambiguous information.
Hence, ambiguity-averse investors would be compensated for holding negative-skewed stocks,
and ambiguity-loving investors would be compensated for holding positively skewed stocks.
However, Stilger, Kostakis, and Poon (2016) find a positive relationship between future stock
returns and implied skewness. This contradicts the argument of Epstein and Schneider (2008).
Based on theories of preference for ambiguity, the love of ambiguity might also be incorporated in
stock returns.

Motivated by the dissent between the theory of Epstein and Schneider (2008) and the empirical
results of Stilger et al. (2016), this study examines whether investors’ attitudes toward ambiguity
can explain cross-sectional stock returns by investigating the relationship between future stock
returns and option-implied volatilities as well as implied third moments, which are both forward
looking. As Epstein and Schneider (2008) states, ambiguity adds excess volatility to stock return
distribution, and thus, stocks with high volatility usually are also characterized by more ambiguous
information. The ambiguity-aversion premium is measured by returns of portfolios with long
negative-skewed high volatility stocks and short negative-skewed low volatility stocks. The ambi-
guity-loving premium is measured by returns of portfolios with long positive-skewed low volatility
stocks and short positive-skewed high volatility stocks.

The first step in this study is to sort stocks independently into volatility and third moment quintiles
in order to investigate whether clear patterns exist across these subportfolios or not. The empirical
findings suggest that a positive relationship exists between option-implied third moments and stock
returns. This result is consistent with Stilger et al. (2016), who find a positive relationship between
risk-neutral skewness and future stock returns. In the negative third moment quintiles, portfolio
returns increase with volatility, and thus, ambiguity averters are compensated for holding stocks
with higher ambiguity levels. In the positive quintiles, returns are negatively related to volatility, and
thus, ambiguity lovers pay some premium to hold stocks with higher ambiguity levels.

In the second step, a Fama–Macbeth regression is conducted on subportfolios to examine the
patterns of Carhart’s αs across volatility-third moment quintiles. Abnormal returns exhibit a similar
pattern to returns on volatility-third moment quintiles. These results contradict the findings of
Cumming, Johanning, Ordu, and Schweizer (2015) of a negative relationship between Carhart’s
αs and skewness. However, Stilger et al. (2016) find a similar positive relationship between
skewness and Carhart’s αs, and provide the following rationale: hedging demand for overpriced
stock options leads to a negatively skewed implied distribution. In other words, compensations for
investors’ attitudes toward ambiguity are not explained by Carhart’s four factors.
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Finally, ambiguity-aversion and ambiguity-loving factors are incorporated into Carhart’s four-
factor model and generate three different pricing models through different combinations of these
two ambiguity attitude factors. The Fama–MacBeth regression approach is conducted on these
models to examine premiums for ambiguity factors. The most suitable model estimates
a significant monthly ambiguity-aversion premium of 0.38% and a significant monthly ambiguity-
loving premium of 1.28%. As the prices of these factors cannot be explained by Carhart’s four
factors, investors’ different attitudes toward ambiguity should be priced.

This study contributes to the existing literature in two ways. First, this study finds an effect of
investors’ different attitudes toward ambiguity on stock returns. Second, the study estimates
monthly premiums for ambiguity-aversion and ambiguity-loving factors.

This rest of this paper is constructed as follows. In section 2, we discuss the existing literature
focused on ambiguity. Section 3 presents details of the theory of ambiguity, data, and the
methodology used in the study. In section 4, the empirical results are analyzed and compared
with those of other studies. Finally, section 5 concludes.

2. Literature review

2.1. The ambiguity of information quality and ambiguity attitude
Knight (1921) proposes a distinction between risk and uncertainty. He defines risk as when
investors know the distribution of possible outcomes with certainty, whereas uncertainty refers
to the unassigned distribution of possible outcomes. This uncertainty is called Knightian uncer-
tainty. Knight (1921) states that uncertainty plays an even more important role in decision-making
than risk. Ellsberg (1961) develops a thought experiment to provide a formal explanation for
ambiguity. The experiment indicates that people are more willing to deal with an event whose
probability is known rather than an ambiguous event. Ellsberg (1961) defines investors’ dislike of
ambiguity as ambiguity aversion.

To deal with the well-known Ellsberg paradox1, some researchers promote utility models to
incorporate the effect of ambiguity aversion. Gilboa and Schmeidler (1989) propose the MEU model
for investors’ ambiguity aversion. The implication of the utility model is that ambiguity-averse
investors maximize utility under the most unfavorable situation. The utility model is shown in the
following representation:

f > g if and only if min
p2} Ep U fð Þ½ � � min

p2} Ep U gð Þ½ �

where probability p belongs to }, which is a convex set that indicates the precision of information
quality. Following the seminal work of the atemporal model of Gilboa and Schmeidler (1989), many
theoretical models, which generalize the MEU, display variant different versions of ambiguity
aversion in various areas. For instance, Dow and da Costa Werlang (1992) examine the effect of
ambiguity on portfolio choice. They study the two-period problem and find that ambiguity causes
a wide interval for prices.

Although some researchers emphasize modelling ambiguity aversion, others formulate inves-
tors’ other attitudes toward ambiguity. Ghirardato et al. (2004) extend the MEU with ambiguity-
loving attitude, which makes ambiguity aversion in MEU zero. Ambiguity-averse investors max-
imize utility under the best case, and then, the utility model is the maxmax expected utility model:

f > g if and only if max
p2}

Ep U fð Þ½ � � max
p2}

Ep U gð Þ½ �

Klibanoff, Marinacci, and Mukerji (2005) characterize a decision-making model to capture investors’
preference for ambiguity. In their model,
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f > g if and only if Eμϕ EπU fð Þ½ � � Eμ ϕ EπU gð Þ½ �

where μ is subjective probability, U is the utility function, and ϕ is an increasing transformation that
captures investors’ ambiguity attitude. A concave ϕ implies an ambiguity-aversion attitude and
a convex ϕ implies an ambiguity-loving attitude.

There are many theoretical studies on the subject of asset pricing under ambiguity. As the Ellsberg
paradox contradicts the Savage model, which does not distinguish between risk and uncertainty,
Epstein and Wang (1994) extend the Lucas equilibrium and propose an intertemporal asset-pricing
model that incorporates the effect of Knightian uncertainty. The study of Epstein and Wang (1994) is
developed by Chen and Epstein (2002), who derive a continuous-time intertemporal recursive multi-
ple-priors utility, which is a formof utility that allows a distinction between risk aversion and ambiguity
aversion. The model places constraints on stock returns that permit a risk premium and additional
premium for ambiguity. Epstein and Schneider (2003) axiomatize the intertemporal recursivemultiple-
priors utility on a dynamic setting without restricting investors’ response to data. Epstein and
Schneider (2003) model investors’ behavior when they face ambiguity.

EpsteinandSchneider (2008) proposea three-periodmodel basedon their earlier intertemporalmodel
Epstein and Schneider (2003) in order to obtain insights into the effect of ambiguity of signals. Their
thought experiment shows that ambiguity-averse investors react asymmetrically to ambiguous informa-
tion, as theyadoptworst-case assessments of uncertainty for information. Theexperiment also indicates
that people are more willing to choose an event with less prior ambiguity, which is the uncertainty of
fundamentals before the arrival of ambiguous information. Therefore, ambiguity-averse investors have
more dislike for stocks with ambiguous information if they have high volatility fundamentals.

2.2. Information quality, ambiguity premium, and returns
In addition to theoretical utility frameworks of the effects of ambiguity, many researchers show
the relationship between information quality and returns. Caskey (2009) shows that ambiguity-
averse investors prefer aggregated information, which has less exposure to ambiguity, even at the
cost of loss of information. Furthermore, Caskey (2009) finds that investors prefer summary signals
in order to reduce ambiguity, as even disaggregated information is freely available to investors.
The cross-sectional analysis of Easley and O’Hara (2004) posits that information structure could
affect stock premiums. If information structure shifts from public information to private informa-
tion, returns tend to rise, as uninformed investors cannot infer the return innovation from this
information. Consistent with the findings of Caskey (2009), they also conclude that investors like
aggregated information, even that with less content, for low ambiguity.

Although many studies analyze the effect of ambiguity on investors’ behavior and asset-pricing
theory, many researchers have attempted to develop an exact method to quantify ambiguity.
However, there is no comprehensive acceptable method to measure the extent of ambiguity yet.
Anderson, Ghysels, and Juergens (2009) propose an approach to measure ambiguity by employing the
degree of disagreement of forecasters. Their empirical results show that high correlation exists between
market excess returns and uncertainty (ambiguity). After investigating the role played by uncertainty in
asset pricing, they conclude that the uncertainty premium is significantly positive and improves the
explanatory power of the Fama–French three-factormodel. Moreover, they document that uncertainty is
a more important determinant of returns than risk. This result proves Knight (1921) conclusion that
investors are compensated for bearing uncertainty instead of risk. Differently, Jiang, Lee, and Zhang
(2005) define information uncertainty (IU) as value ambiguity. For firms with high IU, it is more difficult
for investors to interpret their intrinsic values from available information. Jiang et al. (2005) conclude
that fundamental analysis of high IU firms is costly and less reliable, and thus, returns tend to exhibit
higher volatility. In addition, they find thatmomentum strategy ismore profitable among high IU stocks.

As numerous studies endeavor to investigate sources of the equity premium puzzle, some
researchers have attempted to examine whether the risk premium anomaly can be explained by
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uncertainty. Veronesi (2000) adopts a dynamic asset-pricing model to examine the relationship
between public information quality and stock market returns. They find that with less ambiguous
information about the state of the economy, the risk premium tends to increase. Therefore, the
situation is even more puzzling after considering ambiguity.

However, other studies find the opposite. Olsen and Troughton (2000) state that risk has limited
power to explain return variations. The authors gather data on ambiguity and risk from
a questionnaire and survey, and their results show that most investors are ambiguity averse,
and that risk aversion and ambiguity aversion are not correlated. Their analysis of risk premium
anomaly and ambiguity indicates that investors require higher premiums for outcomes whose
values are difficult to estimate. In addition, Rieger and Wang (2012) document a similar result—
that ambiguity aversion provides an explanation for the equity premium puzzle.

Epstein and Schneider (2008) adopt the information classification introduced by Daniel and
Titman (2006), which defines intangible information2 as ambiguous information. Epstein and
Schneider (2008) show that ambiguous information (signals with low information quality) induces
ambiguity premium. Furthermore, they find that the skewness of stock returns is driven by
ambiguity of information, and thus, the return distributions would have more negative skewness
if signals for these stocks were more ambiguous.

2.3. The relationship between high moments and returns
Epstein and Schneider (2008) state that stocks with more ambiguity have more negative skewness,
and thus, skewness can be an indicator of ambiguity. If skewness is priced in stock returns, the
ambiguity premium is then supported by the empirical evidence. Recently, many studies incorpo-
rate skewness as a pricing factor. Kraus and Litzenberger (1976) first derive a three-moment
capital asset pricing model (CAPM), which includes unconditional systematic skewness. Empirical
evidence shows that the estimated coefficients are consistent with their expectations: there is an
insignificant intercept, a significantly positive coefficient for market beta, and a significantly
negative coefficient for systematic skewness. Incorporating systematic skewness also increases
the R2 of the CAPM. In addition, Lim (1989) employs Kraus and Litzenberger (1976) three-moment
CAPM and concludes that systematic skewness is priced in stock returns.

There is some empirical evidence that echoes the model of Epstein and Schneider (2008). Harvey
and Siddique (2000) examine the role of conditional skewness3 in asset pricing mainly by employing
monthly U.S. equity returns. They conclude that conditional skewness indeed significantly explains
variations of cross-sectional returns, which size and the book-to-market ratio cannot explain. The
authors estimate an annual 3.6% risk premium for systematic skewness and state the economic
importance of skewness. Further tests show that skewness for momentum losers is higher than for
momentum winners. Recently, some studies have focused on innovation in high moments of returns.
Chang, Christoffersen, and Jacobs (2013) investigate the pricing effect of innovations in market
volatility, market skewness, and market kurtosis by using option-implied moments, similar to Ang,
Hodrick, Xing, and Zhang (2006). Chang et al. (2013) document that stocks with higher exposures to
innovations in market volatility and market skewness have lower returns, while stocks with higher
exposures to innovations in market kurtosis have higher returns. Furthermore, their robustness test
shows that market skewness is a significant factor explaining cross-sectional stock returns and
cannot be explained by other factors of Carhart’s four-factor model.

3. Method

3.1. Theory of ambiguity
Epstein and Schneider (2008) introduce amodel that incorporates ambiguity to help explain stock prices
and returns by measuring information quality. This model is built on Epstein and Schneider (2003)
recursive multiple-priors utility, and assumes that investors are risk neutral and ambiguity averse.
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3.1.1. Price and return under ambiguity
Epstein and Schneider (2008) derive a model that incorporates the premium induced by ambig-
uous information, rather than the ambiguity of fundamentals, on which the previous literature
focused. Epstein and Schneider (2008) decompose stock returns into three terms. The first term of
returns captures ambiguity-averse investors’ asymmetric response to current intangible informa-
tion. The second term captures forecasting error, which is the difference between current dividend
innovation and response to the past signal. Finally, the third term of stock returns captures the
present value of premiums on future ambiguous information. The premium of the third part in the
return increases with both the information quality range and the volatility of fundamentals.
Furthermore, in Epstein and Schneider (2008) model, with the true content of information (γ�),
the expected excess return of stocks is defined as

E� Rtþ1ð Þ ¼ �γ � γ
� � 1ffiffiffiffiffiffiffiffi

2πγ
q 1þ r

r þ κ

ffiffiffiffiffiffiffiffiffi
γ=γ�

q� �
σu

where �γ and γ are upper and lower bounds of γt, respectively. With good news, the volatility of the
signal is high, and ambiguity-averse investors consider the news as having lower quality; thus, γt
takes the lowest value of γ. With bad news, the volatility of the signal is low, and ambiguity-averse

investors regard the news as having high quality; thus, the γt takes the highest value of �γ. r is the
interest rate and κ is the persistence level, which reflects the speed at which dividends converge to
the mean. σu is the volatility of the dividend shock or the volatility of fundamentals. Obviously, the
ambiguous information causes a premium to excess return; with unambiguous information,
information quality is certain, �γ ¼ γ, E� Rtþ1ð Þ ¼ 0. This zero return is generated because of the

assumption that investors are risk neutral. Again, stock returns increase with both the range of
information quality �γ � γ and the volatility of fundamental σu.

3.1.2. Volatility of return under ambiguity
Epstein and Schneider (2008) state that ambiguity of information quality creates additional
volatility to returns. In their model, the variance of return is defined as

var Rtð Þ ¼ σ2u
1þ r
r þ k

� �2

1� �γ � γ þ 1þ β2

2γ�
�γ2 þ γ2 � 1

π
�γ � γ

� �2
� �� �

where β is the discount factor. In the case of no information, the variance is related only to the

volatility of foundational, σ2u. From the model, the increase in either �γ or γ leads to an increase of

volatility of returns. At the Bayesian benchmark, without ambiguous news, γ� ¼ γ ¼ �γ, so that

a change in volatility of returns is decided not only by fundamental volatility. Unlike the Bayesian
benchmark, the existence of ambiguous information increases �γ and decreases γ, so that ambiguous

information increases the range of �γ � γ, and contributes large volatility to stock returns.

3.1.3. The third moment of return under ambiguity
One stylized fact in stock markets is that most stock returns have negative skewness. In the model,
this is explained by ambiguity-averse investors’ dislike of ambiguous information; they respond
more strongly to bad ambiguous news than to good ambiguous news. Those investors’ asymme-
trical response leads to negatively skewed returns. The model of Epstein and Schneider (2008)
defines the third moment of stock returns as

μ3 Rtþ1ð Þ ¼ 1þ r
r þ κ

� �3

� 1� β3
	 


μ3 γtstð Þ � σ3uffiffiffiffiffiffiffiffiffiffiffiffi
2πγ�3

p �γ � γ
� �

�γþ γ � γ�
� �( )

Obviously, the second term in the big brackets is negative. With ambiguous information in the
market, γtst is also negative, and thus, the term � 1� β3

	 

μ3 γtstð Þ is negative with a high discount

factor β, or a lower discount rate4. For stocks without information, skewness is zero, because
γ ¼ �γ ¼ 0. By contrast, an ambiguous signal usually causes stock returns to be negatively skewed.
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However, ambiguity-loving investors have the opposite attitude toward ambiguity. According to
Ghirardato, Maccheroni and Marinacci’s (2004) maxmax expected utility, ambiguity lovers max-
imize their utility in the best case. They regard good news as precise and bad news as imprecise
and respond more strongly to good news. They prefer assets with more ambiguous information
and even pay a premium to take a gamble, because they tend to consider good ambiguous
information as precise and as increasing stock prices. Thus, they have different asymmetrical
responses to ambiguity averters when they obtain ambiguous information. Thus, the asymmetrical
response leads to positively skewed returns.

3.2. Test of ambiguity premium
In this subsection, the data and βmethod used to explore the role of ambiguity in asset pricing
are explained in detail. The ambiguity-aversion premium and ambiguity-loving premium are
tested through the following steps. First, sort stocks’ volatilities and third moments into portfo-
lios independently to analyze post-ranking return variations across sorted volatility-third
moment portfolios. Similar with Stilger et al. (2016), this study uses the option-implied volatility
and third moment data, which aims to explore the forward looking results. Then, regress time-
series returns of each portfolio on the market risk factor, size factor, and book-to-market factor
proposed by Fama and French (1992) as well as an additional momentum factor proposed by
Carhart (1997), to compare abnormal returns of these subportfolios. Next, test whether pre-
miums for attitudes to ambiguity are significant or not, construct mimicking portfolios, and
include them in Carhart’s four-factor model. Finally, compare the regression results of different
pricing models, and choose the best one.

3.2.1. Data description
This study uses monthly option-implied volatility and third moment data for the time period from
January 1996 to December 2010. Individual stocks’ high moments’ data with 1-month maturity
are collected from OptionMetrics. In addition, dividend, split and other treatments are automati-
cally adjusted in OptionMetrics. There are 9303 individual companies in the chosen time period
with their CUSIP identifiers. The volatility, measured by σ Rtð Þ; is obtained by taking the square root
of implied variances.

Monthly individual holding period returns from February 1996 to January 20115 are from the
Center for Research in Security Prices. To perform the following analysis, we merge these 1-month
post-ranking monthly returns with their individual volatility and third moments by both the
corresponding dates and their CUSIP identifiers. However, after the merging process, only 7255
companies remain in total, owing to the unmatched date of two data sets. In addition, some
missing returns from the downloaded data set cause the unmatched data problem.

To build the asset-pricing model, monthly factor premiums of market risk factor, size factor,
book-to-market factor, and momentum factor, for February 1996 to January 2011, are collected
from the Fama French & Liquidity Factors database of Wharton Research Data Services (WRDS).
The 1-month Treasury bill rate is the proxy for the risk-free rate, as samples of high moments and
returns are for the U.S. market.

3.2.2. Double-sorting based on stocks’ individual volatilities and skewness
As stated by Epstein and Schneider (2008), stocks with more ambiguous information have higher
volatility than do those with less ambiguous information. Ambiguity-averse investors respond
more strongly to ambiguous bad news, and the stock returns in which they invest are mostly
negatively skewed. However, ambiguity-loving investors have the opposite attitude toward ambig-
uous information and generate positively skewed returns.

The double-sorting method introduced by Fama and French (1993) is applied to test the theory
of Epstein and Schneider (2008). Stocks are independently sorted into two dimensions of portfolios
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by their individual volatilities and third moments. The compositions of portfolios are rebalanced
monthly to ensure that each volatility-third moment portfolio is dynamic and accurate at any time.

First, stocks are sorted into five volatility quintiles based on their individual volatilities in ascending
order from quintiles 1 to 56. Hence, stocks in portfolio 1 have the lowest volatilities and those in portfolio
5 have the highest volatilities. Second, stocks are sorted into five third moment quintiles based on their
individual third moments, also in ascending order from portfolios 1 to 57. Stocks in portfolio 1 have the
most negative skewness and those in portfolios 5 have the most positive skewness.

After assigning each stock into volatility and third moment quintiles, 25 subportfolios are con-
structed based on these two independent dimensions.Within each subportfolio, post-rankingmonthly
returns of its composite stocks are recorded. The cross-sectional average of these post-ranking returns
is taken as the portfolio’s return. Thus, these 25 volatility-third moment portfolios are equal-weighted
average portfolios. With the monthly returns of 25 subportfolios from February 1996 to January 2011,
the time-series average of each portfolio is calculated to present the return of each portfolio.

If the implications of Epstein and Schneider (2008) asset-pricing model hold, some clear trends
of returns should be evident. On the one hand, the most negatively skewed returns imply that
ambiguity-averse investors have the most asymmetrical response to ambiguous signals, and thus,
negative third moments reflect the behavior of the ambiguity-aversion premium. According to
Epstein and Schneider (2008) model, stocks with higher volatility tend to have higher levels of
ambiguity. Hence, stocks with higher volatility are expected to have higher returns in the negative
third moment quintile, as ambiguity averters dislike ambiguity. On the other hand, positively
skewed returns reflect the behavior of the ambiguity-loving premium. As ambiguity-loving inves-
tors prefer stocks with more ambiguous signals, they need higher returns for holding assets with
less ambiguity, and thus, a negative relationship between return and volatility is expected.

3.2.3. Sources of returns variations across subportfolios
This subsection aims to explore the sources of return trends and patterns shown in the previous
section. A large body of empirical evidence in the literature supports the notion that Carhart’s four
factors can explain cross-sectional stock returns. In this subsection, we test whether Carhart’s four
factors can explain the patterns of returns across volatility-third moment portfolios in subsection
3.2.2. Fama and MacBeth (1973) two-pass regression method is conducted to test sources of
variations across subportfolios’ returns.

The first pass is a time-series regression for each portfolio for the time period rolling window
t ¼ 1; . . . T. The form to be estimated is

Ri; t � Rf ;t ¼ αi þ βi;mktZmkt;t þ βi;SMBZSMB;t þ βi;HMLZHML;t þ βi;UMDZUMD;t þ �i;t (1)

where Ri; t is the return of subportfolio i8 for time period t. Rf ;t is the risk-free return of window t. In
this study, the 1-month Treasury bill rate is the proxy for the risk-free rate. Zmkt;t is the market
premium for time period t; ZSMB;t, ZHML;t, and ZUMD;t are factor premiums for the size factor, book-to-
market factor, and momentum factor, respectively, at rolling window t.

In order to keep enough variations to perform the first-pass time-series regression, the length of the
rolling window is 5 years (T is 60). Thereafter, the window is rolledmonthly. After running the first-pass
regression, the collected abnormal returns (αs) are used to compare their differences between sub-
portfolios. Abnormal returns are the part of returns that cannot be explained by factors in the model.

If investors’ attitude toward ambiguity is actually priced in the stock market, Carhart’s four-factor
model does not capture premiums for investors’ attitudes. Therefore, we anticipate that αs increase
with volatility for the negative third moment quintile, similarly to subsection 3.2.2. In addition, αs are
expected to increase with the decrease of volatility for the positive third moment quintile.

Zhang, Cogent Economics & Finance (2019), 7: 1693678
https://doi.org/10.1080/23322039.2019.1693678

Page 9 of 33



In order to obtain factor premiums, loadings of time-series regressions, βs, are collected to
regress the second-pass regression. The regression form is as follows:

�Zi;t ¼ λ0 þ λmktβ̂i:mkt;t�1 þ λSMBβ̂i;SMB;t�1 þ λHMLβ̂i;HML;t�1 þ λUMDβ̂i;UMD;t�1 þ εi (2)

where �Zi;t is the time-series average excess return of portfolio i in rolling window t. β̂ s are collected
estimates from the first-pass regression. λ s are the estimated factor premiums from the cross-
sectional regression.

Under the hypothesis of ambiguity-aversion and ambiguity-loving premiums, the constant term
λ0 is expected to be significantly different from zero. Risk premiums for the four risk factors are
expected to be positive and significantly different from zero.

3.2.4. Extension of the four-factor model with ambiguity
To test whether ambiguity-aversion and ambiguity-loving premiums are priced in stock returns,
factors that capture investors’ attitudes toward ambiguity are incorporated into a four-factor
model. Following the approach introduced by Fama and French (1993), this study constructs two
mimicking portfolios to build two factors that measure aversion and loving attitudes to ambiguity,
respectively. Meanwhile, according to Epstein and Schneider (2008), volatility is a good proxy for
ambiguity, as ambiguity adds volatility to stock returns.

For the most negative-skewed quintile 1, stocks accurately capture the asymmetric response of
ambiguity-averse investors. Therefore, the mimicking portfolio that longs high volatility quintiles and
shorts low volatility quintiles captures the ambiguity-aversion premium in the most negative third
moment quintile. The return of the ambiguity-aversion factor is considered as a premium or compen-
sation for ambiguity-averse investors to hold stocks for which more ambiguous signals are relevant.

Third moment quintile 5 reflects investors’ preference for assets with more ambiguous information,
as ambiguity-loving investors react strongly to ambiguous good news. The secondmimicking portfolio
takes a long position on low volatility portfolios and a short position on high volatility portfolios in third
moment quintile 5. Hence, themimicking portfolio is taken as an ambiguity-loving factor that captures
premiums for ambiguity lovers to hold stocks for which less ambiguous information is relevant.

Both of these ambiguity factors are incorporated into the four-factor model to test whether they
can help explain stock returns. The regression method introduced by Fama and MacBeth (1973) is
used. The first-pass regression is conducted on the following forms for rolling window t ¼ 1; . . . T:

Ri;t � Rf ;t ¼ αi þ βi;mktZmkt;t þ βi;SMBZSMB;t þ βi;HMLZHML;t þ βi;UMDZUMD;t þ βi;AVEZAVE;t þ �i;t (3)

Ri;t � Rf ;t ¼ αi þ βi;mktZmkt;t þ βi;SMBZSMB;t þ βi;HMLZHML;t þ βi;UMDZUMD;t þ βi;LOVZLOV;t þ �i;t (4)

Ri;t � Rf ;t ¼ αi þ βi;mktZmkt;t þ βi;SMBZSMB;t þ βi;HMLZHML;t þ βi;UMDZUMD;t þ βi;AVEZAVE;t þ βi;LOVZLOV;t
þ �i;t (5)

where ZAVE;t and ZLOV;t are the returns of the ambiguity-aversion factor and the ambiguity-loving
factor, respectively, at rolling window t. βi;AVE and βi;LOV are subportfolio i’s exposures to the

ambiguity-aversion factor and the ambiguity-loving factor, respectively. Each rolling window con-
tains 5-year data (T is 60) and is rolled over each month. After running the first-pass regression,
time-varying exposures β s are collected in order to run the second-pass regression.

Different from Equation (1), the αs of Equations (3)–(5) are expected to be insignificantly
different from zero. In addition, trends of αs across subportfolios are expected to be less clear
than those of Equation (1), since the ambiguity-aversion factor and the ambiguity-loving factor are
expected to explain the αs of Equation (1) to some extent. Loadings to ambiguity-aversion and
ambiguity-loving factors are expected to be significant.
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After collecting time-varying exposures from the first-pass regression, the cross-sectional
regression is conducted in the following forms:

�Zi;t ¼ λ0 þ λmktβ̂i;mkt;t�1 þ λSMBβ̂i;SMB;t�1 þ λHMLβ̂i;HML;t�1 þ λUMDβ̂i;UMD;t�1 þ λAVEβ̂i;AVE;t�1 þ εi (6)

�Zi;t ¼ λ0 þ λmktβ̂i;mkt;t�1 þ λSMBβ̂i;SMB;t�1 þ λHMLβ̂i;HML;t�1 þ λUMDβ̂i;UMD;t�1 þ λLOVβ̂i;LOV;t�1 þ εi (7)

�Zi;t ¼ λ0 þ λmktβ̂i;mkt;t�1 þ λSMBβ̂i;SMB;t�1 þ λHMLβ̂i;HML;t�1 þ λUMDβ̂i;UMD;t�1 þ λAVEβ̂i;AVE;t�1

þ λLOVβ̂i;LOV;t�1 þ εi (8)

where λAVE and λLOV are estimated premiums for ambiguity-aversion and ambiguity-loving factors,
respectively. Since the two factors are expected to help to explain stock returns, both λNMP and λLOV
are anticipated to be positive and significant. In addition, premiums for the other risk factors, λmkt,
λSMB, λHML, and λUMD, are expected to be positive and significant. Finally, the constant term λ0 is
expected to be insignificantly different from zero.

4. Results

4.1. Double-sorting based on stocks’ individual volatilities and third moments
As Table A1 shows, the 25 volatility-third moment portfolios have a wide range of average returns
from −0.15% to 1.75%. Each volatility quintile shows a positive relationship between portfolio
returns and third moment quintiles, which is consistent with the result of Stilger et al. (2016). The
positive relationship provides evidence contrary to that of Epstein and Schneider (2008) in which
negatively skewed returns reflect more ambiguity and ambiguity-averse investors are compen-
sated more for holding stocks with more ambiguous information.

At the negative third moment quintiles, portfolios’ returns have a positive relationship with
volatility. Ambiguity-averse investors usually react strongly to ambiguous bad news, as they
consider it to be more precise than good news. The most negative third moment quintile captures
the attitudes of ambiguity averters in the market. Because ambiguity averters need to be com-
pensated for holding assets with more ambiguous information (high volatility quintiles), they
would obtain higher returns for holding high volatility quintiles. Therefore, for the most negative
third moment quintile, there should be a positive relationship between return and volatility.

At the most positive third moment quintiles, however, the returns of subportfolios have
a negative relationship with volatility quintiles. On the contrary to ambiguity-averse investors,
ambiguity-loving investors prefer assets for which more ambiguous signals are relevant. Ambiguity
lovers are willing to give up some returns to hold stocks with more ambiguous information, which
have high volatility. In addition, they are compensated for holding stocks with lower volatility and
for not taking an ambiguity gamble. Hence, there is a negative relationship between returns and
volatility for the most positive third moment quintiles.

To test whether these average returns are significant or not, each portfolio’s monthly returns are
regressed on a constant term to obtain the t-statistics. In Table A1, the t-statistics for this time-
series regression indicate that most returns are significant. However, all returns of high volatility
quintiles and negative third moment quintiles are insignificant. The return differences between
volatility quintiles are also not significant.

4.2. Results of Fama–Macbeth regression in the four-factor model
Table A2 displays the results of the first-pass regression of the Fama–Macbeth approach discussed
in subsection 3.2.3. The regression form is

Ri; t � Rf ;t ¼ αi þ βi;mktZmkt;t þ βi;SMBZSMB;t þ βi;HMLZHML;t þ βi;UMDZUMD;t þ �i;t (1)
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The results in panel A of Table A2 show that abnormal returns have a similar pattern to the volatility-
third moment portfolio returns described in subsection 4.1. The abnormal returns have a wide range
from −1.11% to 1.14%, with a length of 2.25%. Similar to the patterns of returns in subsection 4.1,
αs have a positive relationship with third moment quintiles for the majority of volatility quintiles.
Furthermore, for negative third moment quintiles, all abnormal returns are negative, and thus, stocks
in negative third moment quintiles are overpriced by the four-factor model. Stilger et al. (2016) find
a positive relationship between skewness and stock returns, and provides the following explanation:
hedging demand for overpriced stocks raises the prices of these stocks’ put options and lowers the prices
of their call options, leading to negative skewness. However, Cumming et al. (2015) document a negative
relationship between Carhart’s alpha and skewness. They take Carhart’s alphas as ambiguity-aversion
premiums.

Again, the relationship between volatility and abnormal returns differs among third moment
quintiles. For the negative third moment quintile, abnormal returns increase with volatility quin-
tiles; for the positive third moment quintile, αs are negatively related to volatility quintiles. This
result indicates that the return pattern in subsection 4.1 cannot be explained by Carhart’s four
factors.

Since the method of Fama and MacBeth (1973) does not correct the statistics calculation for the
time-series regression, t-statistics are calculated by the following formula:

ti ¼
�αi

se αið Þ

where �αi is the time-series average of estimated αi in the first-pass regression. se αið Þs is the time-
series average of the Newey–West standard error of �αi to correct the autocorrelation problem.
These t-statistics show that most abnormal returns in third moment quintiles 1 and 5 (negative
and positive quintiles) are significant. In particular, the abnormal returns of negative third moment
quintiles are more significant than those of double sorting in subsection 4.1.

The time-series averages of exposures to four factors are shown in panel B. Exposures to the
market risk factor increase with volatility quintiles. It is reasonable that market risk is one
component of the volatility. All exposures to the market risk factor are significantly different
from zero. These significant slopes suggest that the market risk factor captures cross-sectional
variations of stock excess returns.

In terms of exposures to size factor, portfolios of the lowest volatility quintiles have the smallest
and most insignificant exposures to size factor. Both size factors’ exposures and their t-statistics
increase with volatility quintiles. As the previous empirical evidence suggests that small companies
usually have higher size factor exposures, the high volatility quintiles may include more companies
with small market capitalization. As Epstein and Schneider (2008) state, small stocks with more prior
ambiguity have higher volatility and as a result have a higher premium for coming ambiguous
information. The results of the size factor exposures echo the theory of Epstein and Schneider (2008).

Exposures to the book-to-market factor mostly decrease significantly with volatility quintiles.
However, there is no clear trend across subportfolios for momentum factor loadings. Therefore, the
momentum factor may have lower power to explain variations of stock excess returns in this
study. Furthermore, exposures to the momentum factor are less significant.

To estimate the premiums for the four factors, the following model is employed to run
the second-pass regression

�Zi;t ¼ λ0 þ λmktβ̂i:mkt;t�1 þ λSMBβ̂i;SMB;t�1 þ λHMLβ̂i;HML;t�1 þ λUMDβ̂i;UMD;t�1 þ εi (2)
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The results are shown in Table A3. The t-statistics of the regression coefficients are calculated by
the following formula, which is introduced by Fama and MacBeth (1973):

t λ̂j
� �

¼ λ̂j

s λ̂j
	 


=
ffiffiffi
n

p

where s λ̂j
	 


is the standard deviation of the estimates of λj, and n is the number of cross-sectional
regressions, which is 120 here.

The risk premiums for the market risk factor and book-to-market factor are positive and
significant, which is in line with the expectation. Hence, the market risk factor and book-to-
market factor have the ability to predict stock returns. In addition, the market risk factor has
a risk premium of 1.01% per month and that of the book-to-market factor is 0.87% per month.

However, there are several empirical results that throw doubt on the validity of the four-factor
model. On the one hand, premiums for the size factor and momentum factor are significant but
with an unexpected negative sign. On the other hand, the constant term λ0 is significantly different
from zero. This suggests that there are risks other than these four factors to explain the cross-
sectional variations of stock excess returns. Hence, there are other factors that need to be included
in the pricing model.

R2 shown in the table is the time-series average of R2 for 120 cross-sectional regressions and

s R2
� �

is the standard deviation for R2. Ra
2 is the adjusted R2. The 48% Ra

2 suggests that the factor

model explains 48% of cross-sectional variations of stocks’ excess returns.

Therefore, abnormal return patterns of the first-pass regression show that the four-factor model
does not explain the clear patterns of returns across subportfolios discussed in subsection 4.1.
Significant constant terms of the second-pass regression prove this point again.

4.3. Results of Fama–Macbeth regression on models incorporating ambiguity
Figure A1 shows cumulative returns for Carhart’s four factors, the ambiguity-aversion factor, and
the ambiguity-loving factor. All these six factors have positive cumulative returns from
February 1996 to January 2011. The ambiguity-aversion factor has a cumulative return of
60.91% during the 15 years; the ambiguity-loving factor has the highest cumulative return of
136.62% during the 15 years; those of the other five factors range from 56.89% to 78.17%. From
Figure A1, the cumulative return of the ambiguity-aversion factor is obviously negatively related to
that of the ambiguity-loving factor. The formal correlation test indicates that the returns of these
two factors are negatively related to the −0.7022 correlation coefficient.

The conclusion of subsection 4.2 suggests that factors that other than Carhart’s four factors are
expected to explain part of the cross-sectional variations of stock excess returns. To investigate
whether these two new factors related to ambiguity could help explain the return pattern across
subportfolios in subsection 4.1 and the abnormal return pattern in subsection 4.2, we run the first-
pass regression on the following models and compare their αs:

Ri;t � Rf ;t ¼ αi þ βi;mktZmkt;t þ βi;SMBZSMB;t þ βi;HMLZHML;t þ βi;UMDZUMD;t þ βi;AVEZAVE;t þ �i;t (3)

Ri;t � Rf ;t ¼ αi þ βi;mktZmkt;t þ βi;SMBZSMB;t þ βi;HMLZHML;t þ βi;UMDZUMD;t þ βi;LOVZLOV;t þ �i;t (4)

Ri;t � Rf ;t ¼ αi þ βi;mktZmkt;t þ βi;SMBZSMB;t þ βi;HMLZHML;t þ βi;UMDZUMD;t þ βi;AVEZAVE;t þ βi;LOVZLOV;t
þ �i;t (5)

Table A4 shows constant term αi of the time-series regressions in models (3) to (5). Panels A, B,
and C display average αis for models (3), (4), and (5), respectively. Three facts support the view that
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the ambiguity-aversion factor and the ambiguity-loving factor help capture abnormal returns of
model (1). First, compared with α’s 2.25% range of Carhart’s four-factor model, these three new
models have a narrower range of abnormal returns of 1.85%, 2.24%, and 1.68%, respectively.

Second, abnormal returns among subportfolios are much more random for models (3), (4), and
(5) than for model (1). After adding new factors, clear patterns of αs of Equation (1) vanish. In
terms of αs’ differences between negative and positive third moment quintiles, models (3), (4), and
(5) all have a less clear pattern than does model (1) across volatility quintiles. This also holds for
the αs’ differences between high and low volatility quintiles. In particular, none of αs’ differences
between high and low volatility quintiles are significant in model (5).

Finally, t-statistics calculated through the average Newey–West standard errors show that
αs are less significant for the new models. Models (1), (3), (4), and (5) have 7, 6, 8, and 5 αs,
respectively, which are significant at the 10% level. Hence, the model with both factors shows that
attitudes toward ambiguity perform best at explaining the abnormal returns produced in model
(1). These constant terms provide evidence that part of αs produced in Carhart’s four-factor model
can be explained by investors’ aversion and loving attitudes to ambiguous signals.

Table A5 presents the average exposures to risk factors in the three new models. Panels A, B, and
C show the average factor exposures for models (3), (4), and (5), respectively. In panel A, loadings to the
ambiguity-aversion factor move from negative to positive with low to high volatility quintiles. Hence,
ambiguity averters have high exposures to ambiguity-aversion risk if they hold high volatility risk,
regardless of the third moment quintiles. They expect to earn high returns for exposure to this risk
factor. However, only seven slopes are significant at least at the 10% level of confidence. Thus, the power
of the ambiguity-aversion factor to explain cross-sectional variations is not significant, as expected.

In panel B of Table A5, loadings to ambiguity-loving factors have the opposite pattern to that of
ambiguity-aversion factors. For high volatility quintiles, exposures to the ambiguity-loving factor
are negative; they become positive at low volatility quintiles. Thus, when they hold low volatility
quintiles, ambiguity lovers have high levels of ambiguity-loving risk and expect to obtain high
return for this part of risk. Again, the factor does not have the expected significant t-statistics and
only five slopes are significant at the 1% level of confidence.

In panel C of Table A5, both ambiguity-aversion and ambiguity-loving factors have a similar
pattern and significant performance. In all three panels, exposure to Carhart’s four factors and
their t-statistics do not change much in the three new models. Exposures to market risk factor and
size factor increase with volatility quintiles. All loadings to the market risk factor are significant at
the 1% level of confidence. Loadings to the size factor for high volatility quintiles are more
significant than those for low volatility quintiles. The slopes for the book-to-market factor decrease
with the increase of volatility quintiles. However, most loadings to the momentum factor are
insignificant and do not display any clear pattern across subportfolios.

In panel B of Table A2, subportfolios’ average adjusted R2s for the four-factor model have
a range from 47% to 92%, which is high enough. In Table A4, the three new models have even
higher level of goodness of fit. Thus, the three new models can explain more excess return

variations. Furthermore, average adjusted R2 for model (3) and model (5) do not exhibit any
distinction across the 25 subportfolios. Hence, these two models have similar explanatory power
for different portfolios.

In order to obtain the factor premiums for five, cross-sectional regressions of the Fama–Macbeth
approach are run on the following models:

�Zi;t ¼ λ0 þ λmktβ̂i;mkt;t�1 þ λSMBβ̂i;SMB;t�1 þ λHMLβ̂i;HML;t�1 þ λUMDβ̂i;UMD;t�1 þ λAVEβ̂i;AVE;t�1 þ εi (6)
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�Zi;t ¼ λ0 þ λmktβ̂i;mkt;t�1 þ λSMBβ̂i;SMB;t�1 þ λHMLβ̂i;HML;t�1 þ λUMDβ̂i;UMD;t�1 þ λLOVβ̂i;LOV;t�1 þ εi (7)

�Zi;t ¼ λ0 þ λmktβ̂i;mkt;t�1 þ λSMBβ̂i;SMB;t�1 þ λHMLβ̂i;HML;t�1 þ λUMDβ̂i;UMD;t�1 þ λAVEβ̂i;AVE;t�1

þ λLOVβ̂i;LOV;t�1 þ εi (8)

Table A6 shows the result of the second-pass regression of models (2), (6), (7), and (8). In model (8),
consistent with the expectation, the market risk factor, size factor, and book-to-market factor have
a positive and significant monthly factor premium of 0.55%, 0.24%, and 0.70%, respectively. For each
unit increase in exposure to the market risk factor, size factor, and book-to-market factor, the expected
compensation for excess monthly returns is 0.55%, 0.24%, and 0.70%, respectively. The premiums for
these three factors are also positive and significant inmodels (6) and (7). In all threemodels, the prices of
the momentum factor are negative and significant, which is contrary to with expectation.

In all three models, ambiguity-aversion and ambiguity-loving factors have significant and positive
premiums as expected. Monthly prices for the ambiguity-aversion factor are 0.31%and 0.38% inmodels
(6) and (8), respectively. Monthly prices for the ambiguity-loving factor are 1.21% and 1.28% in models
(7) and (8), respectively. In model (8), for each unit increase in exposure to ambiguity-aversion and
ambiguity-loving factors, the monthly excess return would increase about 0.38% and 1.28%, respec-
tively. Hence, the evidence support the fact that these two factors can significantly predict stock returns.

In terms of the models’ adjusted R2, model (8) has the highest R2 of 58.35%. Thus, 58.35% of the
cross-sectional variations of stock returns can be explained by the six risk factors in model (8).
Since these exposures used in the second-pass regression are estimated betas from the first-pass

regression, but not the true betas, the results of R2 are considered to be overstated. However, it still
can be a criterion when comparing asset-pricing models.

However, in Table A6, all models have significant λ0, which weaken the validity of six-factor
model (8). The result suggests that there are other factors that could explain stock returns that not
included in the six-factor model.

Therefore, the results imply that the ambiguity-aversion factor and the ambiguity-loving factor
should be included in the asset-pricing model. On the one hand, they significantly explain excess
return variations that Carhart’s four factors cannot. On the other hand, the pricing model exhibits
higher explanatory power after including these two factors.

5. Conclusion
This study investigates the importance of ambiguity-aversion and ambiguity-loving factors in
pricing stock returns by measuring these two factors through stocks individual option-implied
volatilities and third moments. The empirical findings of sorting stocks into volatility-third moment
quintiles show that a positive relationship exists between stocks’ individual third moments and
future stock returns. Stilger et al. (2016) document similar results—that a positive relationship
exists between individual skewness and future stock returns. In negative third moment quintiles,
the positive relationship between stock returns and volatility implies that ambiguity-averse inves-
tors are compensated for holding assets for which more ambiguous information is relevant. In
positive third moment quintiles, stock returns are negatively related to volatility, and thus, ambi-
guity-loving investors give up some returns in order to hold assets with greater ambiguity.
Carhart’s alphas of these volatility-third moment portfolios have the same patterns as returns of
these subportfolios. Thus, previous return patterns across these 25 subportfolios cannot be
explained by Carhart’s four factors. Therefore, other factors that can explain premiums for inves-
tors’ ambiguity attitudes should be included in the factor model.

To investigate whether the ambiguity-aversion premium and ambiguity-loving premium are priced in
stock returns, the prices of these two factors are the returns ofmimicking portfolios. A negative relation-
ship exists between ambiguity-aversion and ambiguity-loving premiums with a correlation coefficient
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−0.7022. After adding these new factors into Carhart’smodel, patterns of alphas across portfolios vanish.
In addition, the model that incorporates both ambiguity-aversion and ambiguity-loving premiums has
the highest goodness of fit. The estimated premium for the ambiguity-aversion factor is 0.38% per
month; that for the ambiguity-loving factor is 1.28% per month.
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Notes
1. The Ellsberg paradox, popularized by Denial Ellsberg,

indicates that people prefer a risk situation in which
the distribution of outcomes’ possibilities is known
rather than an uncertainty situation in which the dis-
tribution of probabilities is ambiguous.

2. Daniel and Titman (2006) define concrete information,
such as earnings reports and financial statements, as
tangible information and all other information, like news,
as intangible. Investors cannot infer the exact innova-
tions for dividends or prices from intangible information,
but they can do so from tangible information.

3. Harvey and Siddique (1999) propose a method to esti-
mate time-varying skewness and find the importance
of conditional skewness.

4. The role of discount factor is as follows. Epstein and
Schneider (2008) show the response to future intan-
gible signal induces negative skewness to return dis-
tribution, but the forecasting error induces positive
skewness. With high discount factor, ambiguous
information about future dividends is discounted at
a lower discount rate, and generated negative skew-
ness is high enough to cancel the positive skewness
caused by forecasting error.

5. The time period of return data has a 1-month lag, as
the option-implied high moment is forward looking.
Therefore, the 1-month post-return is collected and
merged with its volatility and third moment.

6. Volatility quintile 1 is called low quintile and volatility
quintile 5 is called high quintile throughout the paper.

7. Third moment quintile 1 is called negative quintile and
third moment quintile 5 is called positive quintile
throughout the paper.

8. Portfolio i is the equal weighted subportfolio i from the
cross-sectional average of returns of subportfolio i’s
compositions, as discussed in subsection 3.2.2.
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Appendices

Table A1. Double sorting on individual volatilities and third moments.
Stocks are sorted into five quintiles based on their individual volatility in ascending order.
Quintile 1 contains stocks with the lowest volatility and quintile 5 contains those with the
highest volatility. Independently, these stocks are sorted into five quintiles based on their
individual third moments in ascending order. Therefore, quintile 1 contains stocks with the
most negative third moments and quintile 5 contains those with the most positive third
moments. The time period of option-implied individual volatilities and third moments is
from January 1996 to December 2010. Compositions of each portfolio are rebalanced
monthly. After assigning the stocks, we record stock returns in the next month. The post-
ranking cross-sectional simple average of stock returns is calculated to represent the portfo-
lio’s return in this month. After gathering the time-series returns from February 1996 to
January 2011, the time-series average of each portfolio’s returns is calculated to represent the
portfolio’s return. These returns and standard deviations for the 25 portfolios are
shown. Newey–West standard errors are in brackets and t-statistics are calculated through
these robust standard errors. ***, **, and * indicate statistical significance at a confidence
level of 1%, 5%, and 10%, respectively

Third
moment
quintiles

Volatility quintiles

Low 2 3 4 High High-Low

Mean return

Negative −0.15% 0.30% 0.33% 0.53% 0.19% 0.34%

(0.0043) (0.0047) (0.0049) (0.0060) (0.0082) (0.0068)

2 0.54% 0.84%** 0.93%** 0.75% 0.20% −0.34%

(0.0034) (0.0037) (0.0045) (0.0055) (0.0076) (0.0064)

3 0.67%** 0.83%** 0.94%** 0.97%* 0.89% 0.23%

(0.0032) (0.0040) (0.0043) (0.0051) (0.0067) (0.0055)

4 1.04%*** 1.05%** 1.26%*** 1.07%* 0.36% −0.68%

(0.0031) (0.0041) (0.0045) (0.0055) (0.0077) (0.0067)

Positive 1.53%*** 1.66%*** 1.75%*** 1.39%** 0.77% −0.76%

(0.0047) (0.0048) (0.0050) (0.0058) (0.0074) (0.0065)

Negative-
Positive

1.67%*** 1.36%*** 1.41%*** 0.87%*** 0.57%*

(0.0040) (0.0037) (0.0036) (0.0028) (0.0031)
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Table A3. Second-pass regression results on four-factor model
After the first-pass regression, the following model is regressed:

�Zi;t ¼ λ0 þ λmktβ̂i:mkt;t�1 þ λSMBβ̂i;SMB;t�1 þ λHMLβ̂i;HML;t�1 þ λUMDβ̂i;UMD;t�1 þ εi
The betas are collected estimates from the first-pass regression. As the first-pass regression is
run on 121 rolling windows, there are 120 collected betas employed to run the second-pass
regression. The average of estimates of λs and the standard deviation of λ s λð Þ, are shown in
the table. t-statistics for the estimates are calculated through the Fama–MacBeth method by
the following formula:

t λ̂j
� �

¼ λ̂j
s λ̂jð Þ= ffiffi

n
p

where n is number of observations. As we use current exposures to predict the excess return
for the next period, there are only 120 observations.
R2 is the time-series average of R2 of 175 cross-sectional regressions. sðR2Þ represents their
standard deviations.

�λ s λð Þ t-statistics

Description of premium for four factors

Market risk factor, λmkt 0.0101 0.0068 16.23

Size factor, λSMB −0.0016 0.0068 −2.53

Book-to-market factor,
λHML

0.0087 0.0071 13.42

Momentum factor, λUMD −0.0214 0.0099 −23.61

Abnormal return, λ0 −0.0085 0.0092 −10.10

Goodness of fit for the four-factor model

R2 0.57 s R2
� �

0.2376

Ra2 0.48 s Ra2
� �

0.2851
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Figure A1. Cumulative returns
on factor portfolios.

The data for MKT, SMB, HML,
and UMD are collected from
the WRDS website. The data for
the ambiguity-aversion factor
and the ambiguity-loving fac-
tor are calculated from the
returns of volatility-third
moment portfolios. Panel
A displays premiums for ambi-
guity-aversion and ambiguity-
loving factors. Panel B shows
premiums for Carhart’s four
factors.
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Table A4. First-pass regression’s abnormal returns on model (3), (4), and (5).
At each rolling window of 60 months, the time-series regression is run on the following forms:

Ri;t � Rf ;t ¼ αi þ βi;mktZmkt;t þ βi;SMBZSMB;t þ βi;HMLZHML;t þ βi;UMDZUMD;t þ βi;AVEZAVE;t þ �i;t (3)
Ri;t � Rf ;t ¼ αi þ βi;mktZmkt;t þ βi;SMBZSMB;t þ βi;HMLZHML;t þ βi;UMDZUMD;t þ βi;LOVZLOV;t þ �i;t (4)

Ri;t � Rf ;t ¼ αi þ βi;mktZmkt;t þ βi;SMBZSMB;t þ βi;HMLZHML;t þ βi;UMDZUMD;t þ βi;AVEZAVE;t þ βi;LOVZLOV;t þ �i;t (5)
The regression is run on each volatility-third moment portfolio and the rolling window is rolled
monthly. The constant term results of models (3), (4), and (5) are displayed in Panels A, B, and
C, respectively. In each model, there are only 121 observations for the time-series regression.
Then, the time-series average of these 121 periods of αi is displayed. Their average Newey–
West standard errors are shown in brackets. t-statistics are calculated by dividing average
returns by average standard errors. ***, **, and * indicate statistical significance at
a confidence level of 1%, 5%, and 10%, respectively.

Third moment
quintiles

Volatility quintiles

Low 2 3 4 High High-Low

Mean abnormal return
Panel A

Negative −0.74%** −0.58% −0.54% −0.49% −0.74%** 0.00%

(0.0031) (0.0040) (0.0033) (0.0030) (0.0031) (0.0000)

2 −0.19% 0.06% 0.09% −0.19% −0.72% −0.53%

(0.0020) (0.0019) (0.0024) (0.0033) (0.0046) (0.0074)

3 −0.05% 0.01% 0.16% −0.10% 0.18% 0.23%

(0.0016) (0.0018) (0.0023) (0.0035) (0.0053) (0.0054)

4 0.43%* 0.27% 0.43% 0.07% −0.30% −0.73%

(0.0022) (0.0026) (0.0027) (0.0036) (0.0050) (0.0072)

Positive 1.04%* 0.75%** 1.11%*** 0.54% 0.08% −0.96%**

(0.0058) (0.0038) (0.0038) (0.0036) (0.0042) (0.0038)

Negative-Positive 1.78%*** 1.33%* 1.65%* 1.03%** 0.82%

(0.0064) (0.0071) (0.0088) (0.0042) (0.0060)

Panel B

Negative −1.11%** −0.61% −0.59%* −0.37% −0.35% 0.76%*

(0.0055) (0.0040) (0.0034) (0.0030) (0.0036) (0.0040)

2 −0.31% 0.00% 0.08% −0.06% −0.38% −0.08%

(0.0020) (0.0018) (0.0024) (0.0034) (0.0044) (0.0063)

3 −0.12% −0.03% 0.20% 0.01% 0.30% 0.41%

(0.0016) (0.0018) (0.0022) (0.0035) (0.0052) (0.0049)

4 0.38%* 0.24% 0.46% 0.22% 0.04% −0.34%

(0.0022) (0.0026) (0.0028) (0.0036) (0.0049) (0.0064)

Positive 0.63%* 0.71%* 1.13%** 0.70%* 0.63%* 0.00%

(0.0037) (0.0040) (0.0042) (0.0042) (0.0037) (0.0000)

Negative-Positive 1.74%** 1.32% 1.72% 1.07%** 0.98%

(0.0077) (0.0081) (0.0107) (0.0050) (0.0061)

Panel C

Negative −0.58%* −0.59% −0.54% −0.48% −0.58%* 0.00%

(0.0031) (0.0042) (0.0036) (0.0030) (0.0031) (0.0000)

2 −0.27% 0.02% 0.10% −0.14% −0.47% −0.20%

(0.0019) (0.0019) (0.0024) (0.0033) (0.0044) (0.0071)

3 −0.08% 0.00% 0.19% −0.04% 0.31% 0.38%

(0.0016) (0.0019) (0.0023) (0.0036) (0.0052) (0.0053)

(Continued)
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Third moment
quintiles

Volatility quintiles

Low 2 3 4 High High-Low

Mean abnormal return

4 0.37%* 0.28% 0.41% 0.13% −0.05% −0.42%

(0.0022) (0.0026) (0.0028) (0.0036) (0.0048) (0.0075)

Positive 0.54% 0.69%* 1.09%** 0.58% 0.54% 0.00%

(0.0035) (0.0040) (0.0040) (0.0038) (0.0035) (0.0000)

Negative-Positive 1.12%* 1.28% 1.63%* 1.06%** 1.12%*

(0.0059) (0.0081) (0.0095) (0.0043) (0.0059)
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