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Abstract
We establish a direct link between sophisticated investors in the option market, private
stock market investors, and the idiosyncratic volatility (IVol) puzzle. To do so, we
employ three option-based volatility spreads and attention data from Google Trends.
In line with the IVol puzzle, the volatility spreads indicate that sophisticated investors
indeed consider high-IVol stocks as being overvalued. Moreover, the option mea-
sures help to distinguish overpriced from fairly priced high-IVol stocks. Thus, these
measures are able to predict the IVol puzzle’s magnitude in the cross-section of stock
returns. Further, we link the origin of the IVol puzzle to the trading activity of irrational
private investors as the return predictability only exists among stocks that receive a
high level of private investor attention. Overall, our joint examination of option and
stock markets sheds light on the behavior of different investor groups and their con-
tribution to the IVol puzzle. Thereby, our analyses support the intuitive idea that noise
trading leads tomispricing, which is identified by sophisticated investors and exploited
in the option market.
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1 Introduction

Investor groups differ with respect to their behavior in financial markets. In particu-
lar, sophisticated and private investors deviate with respect to their relation to stock
mispricing. Theoretical evidence suggests that sophisticated investors recognize mis-
pricing and try to exploit it, while irrational traders cause prices to diverge from
fundamental values in the first place (De Long et al. 1990; Shleifer and Vishny 1997).
We test this theoretical prediction on the idiosyncratic volatility (IVol) puzzle. The
IVol puzzle depicts a stock market anomaly that has recently received increased atten-
tion in both research and investment industry (Ang et al. 2006; Boyer et al. 2010;
Stambaugh et al. 2015; Hou and Loh 2016; Li et al. 2016).1 We find support for the
theoretical prediction relying on option-based measures of informed trading, which
indicate that sophisticated investors trade against overvalued high-IVol stocks in the
option markets. Moreover, we show that the magnitude of the IVol puzzle depends on
these option-based measures of informed trading. Turning to the underlying source of
the mispricing, we find the IVol puzzle to be statistically significant only if a shock
in private investor attention moves stock prices beyond their fundamental values.
These overall insights support and extend behavioral explanations for the IVol puzzle.
In addition, they provide comprehensive evidence on how different investor groups
influence market efficiency and thereby the efficient allocation of capital in financial
markets.

More specifically, we test three hypotheses to examine the empirical link between
the IVol puzzle and different investor groups. First, we expect the IVol puzzle to
be strongest among stocks that are considered to be overvalued by sophisticated
investors. Since not every single high-IVol stock is overvalued, we hypothesize
that the opinion of sophisticated investors can be used to distinguish between mis-
priced and fairly priced high-IVol stocks. To measure the opinion of sophisticated
investors empirically, we apply the three option-implied volatility spreads pro-
posed by Bali and Hovakimian (2009), Cremers and Weinbaum (2010), and Xing
et al. (2010). The authors argue that these measures show demand pressure in call
versus put options (Bollen and Whaley 2004; Garleanu et al. 2009). As a con-
sequence, the measures reflect the superior information of sophisticated investors
that is not immediately reflected in stock prices.2 Applying the three measures, we
find that the IVol puzzle is more pronounced among stocks for which informed

1 The IVol puzzle refers to the anomaly that high-IVol stocks yield comparably low subsequent returns
despite their high level of idiosyncratic risk.
2 Empirically differentiating between private investors and sophisticated investors is rather difficult as both
investor groups are present in both the stock and the option markets. However, as shown by Lemmon and
Ni (2014), discount customers (private investors with small trades) are responsible for only about 15%
of all trades in individual stock options. Thus, the proportion of sophisticated investors dominates trading

123



Idiosyncratic volatility puzzle 199

trading points towards an overvaluation. Vice versa, we show the return spreads
associated with IVol to be smaller if the measures of informed trading indicate no
overvaluation.

Second, we hypothesize that the IVol puzzle is particularly strong if stocks expe-
rience high private investor attention since theoretical considerations frequently link
irrational private investors to the origin of mispricing. We use Google Search volume
as a direct attentionmeasure proposed byDa et al. (2011).3 They provide evidence that
stock-related Google Search volume mainly reflects the attention paid by private (not
sophisticated) investors as they gather information most likely using Google. Thus,
Google Search volume indices provide a timely measure of firm-level private investor
attention. We confirm that the IVol puzzle’s magnitude increases from insignificant
0.09%perweek among low-attention stocks to significant 0.16%amonghigh-attention
stocks.

Our third central hypothesis is that the IVol puzzle is most pronounced for stocks
that are both considered overvalued by sophisticated investors and prone to high pri-
vate investor attention. This hypothesis is supported in conditional triple sorts that
jointly investigate the interplay of informed trading, investor attention, and idiosyn-
cratic volatility. During low investor attention periods, the IVol puzzle disappears. In
high investor attention periods, on the contrary, we observe a very pronounced IVol
puzzle among the stocks with negative sophisticated trader opinion. These results
strongly support the following intuitive line of argument for the IVol puzzle: irrational
noise trading can lead to an overvaluation of high-IVol stocks, which is identified by
sophisticated investors and exploited in the option market.

To further support these behavioral arguments, we refer to previous empirical evi-
dence and investigate the role of illiquidity and short-sell constraints. Studies have
shown that first, mispricing is more likely to persist if limits to arbitrage are high, that
is, if liquidity is low (see, for example, Lam andWei 2011). Second, Blau and Brough
(2015) argue that sophisticated investors especially prefer to trade in the option market
if shorting in the stock market is constrained. In line with these arguments, we show
that the previously documented phenomena tend to be stronger among stocks with
high Amihud (2002) illiquidity, low institutional ownership, high bid-ask-spreads,
and high option-implied volatility.

The remainder of this paper is organized as follows. Section 2 introduces the empir-
ical data as well as the construction of the key and control variables. Moreover, we
provide summary statistics for these variables. Section 3 tests our three hypotheses.
Section 3.1 examines the relation between the IVol puzzle and informed trading. Sec-
tion 3.2 presents our analyses on the interaction between the IVol puzzle and private
investor attention. Section 3.3 tests the joint interplay of the IVol puzzle, sophisticated
investors, and private investor attention. In Sect. 3.4, we provide further empirical
evidence with respect to the impact of illiquidity and short-sell constraints. Finally,
Sect. 4 concludes.

activity in the option market (Jarrow et al. 2018), which justifies the use of option data to elicit sophisticated
investors’ opinions.
3 While Google Trends directly measures search activity for a specific company, other attention measures
such as a firm’s press coverage represent only indirect attention proxies that assume a positive relation
between information demand and information supply.
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200 H. Mohrschladt, J. C. Schneider

2 Data and summary statistics

We construct our sample by merging weekly option market data from OptionMetrics
(IvyDB)withweekly stockmarket data from theCenter for Research in Security Prices
(CRSP), covering the period from January 1996 to April 2016. Further, accounting
data comes from Compustat. Daily data on the risk-free rate and the Fama-French-
Carhart (FFC) factors are obtained fromKenneth R. French’s homepage. Our analyses
make use of all common ordinary shares trading on NYSE, AMEX, or NASDAQ.
Observations are included if idiosyncratic volatility, measures of informed trading,
and all control variables as elaborated in this section are available. This procedure
leads to 797,169 firm-week-observations in total. To measure investor attention, we
use Google Trends data for a truncated sample period beginning in 2005. We apply a
weekly framing for two reasons. First, themeasures of informed trading are particularly
able to identify short-run mispricing. Second, Google Trends data is provided at a
weekly frequency.

2.1 Variable construction

2.1.1 Idiosyncratic volatility

IVol is the annualized idiosyncratic return volatility of the most recent week based
on FFC-adjusted returns. These FFC-adjusted returns are calculated as the difference
between realized daily excess returns and FFC-implied daily returns. More precisely,
we estimate the FFC-factor loadings using daily returns over the previous year, skip-
ping one month, and calculate the FFC-implied daily returns as FFC-factor returns
times estimated factor loadings. This methodology differs from the standard IVol esti-
mation procedure in Ang et al. (2006). On a monthly basis, IVol is conventionally
set to the volatility of residuals from time-series factor regressions over the previ-
ous month. However, we do not proceed identically on a weekly basis since this
would imply regressions with, at maximum, five observations and four explanatory
variables,whichwould imply very unreliable factor loading estimates.Moreover, com-
paring these two methodologies, differences are marginal: the untabulated correlation
between IVol based on pre-estimated factor loadings and IVol based on the Ang et al.
(2006)-approach is 0.97 for monthly estimates.

2.1.2 Measures of informed trading

The three measures of informed trading are based on implied volatility data from
OptionMetrics. We use data from the last trading day of each week (usually Friday)
for all individual stock options maturing within 10 to 180 days.4 The moneyness
is restricted to be between 0.5 and 1.5; we only consider options that have positive
open interest and positive bid prices. All implied volatilities are adjusted for dividends

4 The choice of maturities is similar to Bali and Hovakimian (2009), Xing et al. (2010), or Stilger et al.
(2017). Moreover, no significant correlation exists between measures of informed trading and option matu-
rities such that our findings are not driven by the term structure of option-implied volatility.
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Idiosyncratic volatility puzzle 201

and potential early exercise premiums. To ensure sufficient option availability and
liquidity, we consider only those maturities with at least four options—two out-of-
the-money put options and two out-of-the-money call options—and discard options
with nonstandard settlement. If different option maturities are available for a given
stock, we choose the option set with the shortest time to maturity.

The volatility spread measure VSCW by Cremers and Weinbaum (2010) is cal-
culated based on differences between call-implied volatilities I VC and put-implied
volatilities I VP , where call and put have identical strike prices. These spreads are
aggregated across strike prices using the underlying options’ open interest as weights
w. Formally, the measure for firm i in week t reads

VSi,tCW =
Ni,t∑

j=1

w
i,t
j

(
I V i,t

C, j − I V i,t
P, j

)
,

where Ni,t is the number of valid call-put-option-pairs j on stock i at week t . Cremers
and Weinbaum (2010) show that their measure captures demand differences in call
versus put options and thus reflects informational price pressure in the option market.

A similar finding is put forward by Bali and Hovakimian (2009), who also show
that differences between call- and put-implied volatility proxy for option-embedded
superior information. The corresponding volatility spread VSBH is computed as the

difference in average implied volatilities between near-the-money call (I V
i,t
NT MC ) and

put options (I V
i,t
NT MP ), i.e.,

VSi,tBH = I V
i,t
NT MC − I V

i,t
NT MP

for firm i in week t . Thereby, an option is considered near-the-money if its log-
moneyness is below 0.1 in absolute terms.

Finally, we examine the implied volatility SMIRK following Xing et al. (2010).
They argue that informed traders with negative information in particular buy out-of-
the-money put options—either to hedge existing positions or to speculate on negative
returns. To measure these demand effects, Xing et al. (2010) define SMIRK as the
difference between out-of-the-money put (OTMP) and at-the-money call (ATMC)
implied volatility. To allow for a directional consistent comparison with VSCW and
VSBH, we set

SMIRKi,t = I V i,t
AT MC − I V i,t

OT MP .

The ATMC option is defined as the call option that shows the smallest deviation from
a moneyness of 1 in absolute terms. The OTMP option is the put option with a money-
ness closest to but below 0.95. All three measures—VSCW, VSBH, and SMIRK—are
signed, i.e., low values indicate an overhang of negative information and vice versa.
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202 H. Mohrschladt, J. C. Schneider

2.1.3 Investor attention

To examine the impact of private investors on the IVol puzzle, we use Google Trends
data to identify stocks that receive unusually high investor attention. Google pro-
vides weekly relative search frequency data (https://trends.google.com/) from 2004
onwards. According to Da et al. (2011), these search volume indices provide a timely
measure of firm-level investor attention. Moreover, they consider Google Search vol-
umes to reflect, in particular, private investor behavior such that we can use the data
to test our second hypothesis that the IVol puzzle is related to private investors. We
use Compustat firm names as Google Search terms and base our analysis on the sam-
ple period from January 2005 to April 2016. Note that we adjust the Compustat firm
names as we delete the legal form of the entity and share class codes. Moreover, we
undo abbreviations. Based on this data set, following Da et al. (2011), the abnormal
search volume index (ASVI) is calculated as the log-difference between the Google
Search Volume Index (GSV I ) of one week and the median Google Search Volume
Index of the previous eight weeks, i.e.,

ASVIt = logGSV It − log (median (GSV It−1, . . . ,GSV It−8)) .

2.1.4 Control variables

All control variables are measured at the portfolio formation date at the end of each
week unless stated otherwise. Being strongly correlated with IVol, we consider the
maximum daily return of the previous week (MAX) as the weekly version of the maxi-
mumdaily return of the previousmonth, as proposed byBali et al. (2011). REVdenotes
the stock return of the previous week as a proxy for short-term reversal (Jegadeesh
1990). The market value of equity (MV) is calculated as the closing share price times
the number of shares outstanding. The book value of equity is used in accordance with
Fama and French (1993), i.e., we exclude firms with negative book values and do not
use annual balance sheet data before the beginning of July of the subsequent year.
Book-to-market (BM) is set to the ratio of book equity and the most recent market
value of equity. Further, we include momentum (Jegadeesh and Titman 1993) mea-
sured as the return over the previous year skipping the most recent month (MOM).
Finally, we estimate the illiquidity measure, ILLIQ, following Amihud (2002): ILLIQ
is the ratio of absolute daily return to daily dollar trading volume averaged over the
previous year.

2.2 Summary statistics

Table 1 presents pooled descriptive statistics on IVol, the three measures of informed
trading,MAX, short-term reversal, the logarithmoffirmsize, book-to-market,momen-
tum, Amihud (2002) illiquidity, and the abnormal search volume index. Moreover,
correlation coefficients are provided.5 Several points are noteworthy. Our sample con-

5 In Online Appendix Table A1, we also state time-series averages of cross-sectional summary statistics
and correlation coefficients.
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sists of rather large, liquidly traded stocks with a median market capitalization of 3.8
bnUSD and amedianAmihudmeasure of 0.47.6 The distributions of VSCW andVSBH
are very similar. Their negative average values show that put-implied volatilities tend
to exceed call-implied volatilities. SMIRK is even more negative on average since it
does not only reflect implied volatility spreads between calls and puts, but also the on
average negative slope of the implied volatility curve, i.e., it also takes the skewness
of the risk-neutral density into account.

Turning to the correlations, we find support for a negative relationship between
IVol and the three measures of informed trading: Each of the three measures tends
to be higher for low- compared to high-IVol stocks. This observation is in line with
the hypothesis that sophisticated investors recognize the overvaluation of high-IVol
stocks and buy corresponding put options. This demand would imply comparably
high put-implied volatilities and result in low option-implied volatility spreads. Not
surprisingly, as all these three volatility spreads are used to proxy informed trading, the
correlation among VSCW, VSBH, and SMIRK is strongly positive indicating similar
information content. Moreover, we find a strong positive correlation of 0.75 between
IVol and MAX, which supports the positive relationship (also correlation coefficient
of 0.75) reported by Bali et al. (2011) for a monthly sample. Finally, IVol and investor
attention are positively correlated with a correlation coefficient of 0.13, indicating
comparably high attention for stocks with high idiosyncratic volatility.

3 Empirical results

3.1 The IVol puzzle and sophisticated investors

The cross-sectional return predictability of IVol and option-implied volatility spreads
is well-documented in the previous literature. Referring to the former, Han and Kumar
(2013), Stambaugh et al. (2015), Hou and Loh (2016), and Kumar et al. (2018) provide
empirical evidence on the overvaluation of high-IVol stocks, leading to their low
subsequent returns. Referring to the latter, Bali and Hovakimian (2009), Cremers and
Weinbaum (2010), and Xing et al. (2010) argue that the proposed volatility spreads
reflect demand effects of sophisticated investors and thus allow for the prediction of
subsequent returns.

To confirm these base-line effects while simultaneously taking control variables
into account, we run regressions following Fama and MacBeth (1973), with the stock
return of the subsequent week as the dependent variable. The corresponding regression
estimates are presented in Table 2. First, we examine the relation between IVol and
subsequent returns. The IVol puzzle has been commonly investigated in larger samples
that begin far before 1996 and that contain the entire cross-section of U.S. stocks
(see, for example, Ang et al. 2006). On the contrary, our analyses are restricted to a
comparably large and liquidly traded subset of stocks among which the magnitude of

6 If we would use the entire CRSP universe from 1996 to 2016 without imposing the option availability
restriction, median market capitalization would drop from 3.8 bn USD to 0.2 bn USD while the median
Amihud illiquidity measure would increase from 0.47 to 3.82.
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Table 2 Fama–MacBeth-regressions

(1) (2) (3) (4) (5) (6)

Intercept 0.0033 0.0023 0.0023 0.0032 0.0040 0.0069

(4.40) (2.46) (2.49) (3.50) (5.40) (1.83)

IVol −0.0041 −0.0037 −0.0043

(−3.73) (−3.37) (−4.60)

VSCW 0.0348 0.0128 0.0119

(11.48) (2.91) (2.85)

VSBH 0.0385 0.0179 0.0206

(11.69) (3.65) (4.55)

SMIRK 0.0280 0.0114 0.0096

(9.39) (3.49) (3.66)

MAX 0.0030

(0.25)

REV −0.0108

(−2.19)

ln(MV) −0.0002

(−1.05)

BM 0.0003

(0.44)

MOM 0.0005

(0.87)

ILLIQ 0.0000

(0.26)

The table reports Fama–MacBeth-regression estimates for the sample period from January 1996 to April
2016 based on weekly data. The dependent variable is the stock return of the subsequent week. The explana-
tory variables are given in the first column. IVol is the stock’s idiosyncratic volatility. It is estimated over the
previous week based on FFC-adjusted returns where factor loadings are estimated over the previous year,
skipping one month. VSCW and VSBH are the implied volatility spreads following Cremers andWeinbaum
(2010) and Bali and Hovakimian (2009), respectively. The estimation of SMIRK follows Xing et al. (2010).
MAX is themaximum daily return of the previous week. REV denotes the stock return of the previous week.
MV is the market capitalization of the stock. BM refers to the stock’s book-to-market-ratio. MOM is the
momentum return measured over the previous year skipping 1 month. ILLIQ corresponds to the illiquidity
measure of Amihud (2002) in billions estimated over the previous year. The t-statistics in parentheses are
based on standard errors following Newey and West (1987) using five lags

mispricing is usually assumed to be less strong. Nevertheless, regression (1) supports
the significantly negative relation between IVol and subsequent returns in our sample.

In line with the original studies, each of the volatility spreads VSCW, VSBH, and
SMIRKpositively predicts subsequent returns in columns (2) to (4).Moreover, all three
measures stay significant if they are jointly used as explanatory variables in regression
(5). Although the coefficient magnitude sharply declines due to multicollinearity (see
correlation coefficients in Table 1), each of the three measures reflects a slightly dif-
ferent part of the option universe and thus retains significant explanatory power. These
results support the idea that sophisticated investorsmight trade on superior information
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in the option market—for example because of short-sell constraints or because they
might want to express their opinion in a levered way (Black 1975; Easley et al. 1998).7

As a consequence of this informed option demand, cross-market return predictability
emerges. This supports our analyses’ baseline prerequisite that the measures are suited
to identify overvalued stocks. Finally, IVol and the three measures of informed trad-
ing remain significant when we introduce further well-known cross-sectional return
determinants in regression (6).8

After verification of these base-line effects, the focus of our analysis lies in the
interaction between the IVol puzzle and the measures of informed trading. Recall that
the correlation coefficients in Table 1 depict a negative relationship between IVol and
each of the three measures. This is consistent with the conjecture that sophisticated
investors identify high-IVol stocks as overvalued and trade in order to exploit this
anomaly.9 From a behavioral point of view, trading against high-IVol stocks can be
attractive for sophisticated investors for the following three reasons: First, sophisti-
cated investors can easily calculate IVol and trade in order to exploit the mispricing.
Second, the corresponding literature largely favors a behavioral explanation for the
IVol puzzle and does not suggest that respective trading strategies render unprofitable
if systematic risk exposure is taken into account. Third, Li et al. (2016) suggest that a
stock trading strategy based on IVol is unprofitable after costs such that sophisticated
investors might turn to the option market in order to exploit the IVol puzzle.

Extending this line of argument, previous research shows that the IVol puzzle is
driven by the overvaluation of high-IVol stocks rather than the undervaluation of low-

7 These argumentsmight especially apply to informed trading on the IVol puzzle. Bali et al. (2018) argue that
margin call risk is particularly high for high-IVol stocks such that shorting these stocks is rather unattractive.
8 As Xing et al. (2010) point out, the measures of informed trading might also proxy for the implied
skewness of the return distribution (also see Stilger et al. (2017) and Ammann and Feser (2019)). However,
our robustness tests (see Online Appendix Table A2) show that the three measures remain significant if
model-free implied skewness (MFIS) as proposed by Bakshi et al. (2003) is used as additional control
variable. Moreover, we show that MFIS is less robust in predicting subsequent returns as a measure of
informed trading compared to VSCW, VSBH, and SMIRK. Given this finding and since MFIS relies on
potentially noisy extrapolation and interpolation techniques, we investigate its predictability in a robustness
test only. In Table A3 of the Online Appendix, we also rule out that the return premiums are a compensation
for option market illiquidity given that high absolute implied volatility spreads VSCW and VSBH might
indicate illiquid options. Further, TableA4 shows that the return predictability of the option-implied volatility
spreads is not the mere result of potential nonsynchroneity in stock and option market closing time (Battalio
and Schultz 2006).
9 This view is also supported by untabulated findings with respect to option trading volume: the put trading
volume is 33% higher in the highest IVol-quintile of stocks compared to the lowest IVol-quintile. These
findings are also in line with a model of informed trading introduced by An et al. (2014). They argue
that option measures of informed trading should be particularly informative if trading volume is high.
However, one might also suspect the relationship between sophisticated trading measures and IVol to be a
consequence of investor disagreement: Considering IVol to be a proxy for investor disagreement (Boehme
et al. 2009), high-IVol should be associated with lower measures of informed trading if optimistic opinions
are predominantly reflected in the stock price while pessimistic investors buy puts in the option market. For
Table A5 in the Online Appendix, we use analyst forecast dispersion data from the Institutional Brokers
Estimate System (I/B/E/S) to examine this alternative hypothesis. Analyst forecast dispersion is measured
as the standard deviation of annual earnings per share forecasts scaled by the most recent stock price.
Indeed, we find support for the negative relation between disagreement and measures of informed trading.
However, this effect does not subsume the relation between IVol and the measures of informed trading in
Fama-MacBeth-regressions.
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IVol stocks (see corresponding return asymmetry in seminal portfolio sorts of Ang
et al. (2006)).10 Consequently, we expect that the return effects associated with the
IVol puzzle are particularly strong if sophisticated investor trading also points towards
an overvaluation. Vice versa, we expect the return spreads associated with IVol to be
smaller if the measures of informed trading indicate no overvaluation. For example,
a correctly priced, fundamentally driven increase in idiosyncratic volatility does not
imply an overvaluation and should not induce any return predictability. Thus, the
measures of informed trading should be helpful in identifying those high-IVol stocks
that are most likely prone to severe overvaluation.

Table 3 empirically examines this hypothesis on the relationship between mea-
sures of informed trading and IVol, presenting cross-sectional conditional double
sorts. First, every stock is allocated to a portfolio based on VSCW, VSBH, or SMIRK.
Second, each of these portfolios is divided into three IVol terciles. Table 3 presents
the equally-weighted FFC-adjusted portfolio returns of the subsequent week and the
return differences between the extreme terciles.11 The results support a behavioral
explanation for the IVol puzzle since it is especially pronounced for those stocks
that are considered to be overpriced by sophisticated investors in the option market.
Instead, for stocks with positive sophisticated investor opinion, the IVol puzzle is less
strong since these stocks are apparently less prone to overvaluation.12 Referring to the
SMIRK-based analyses, for example, the IVol puzzle amounts to significant 0.29%
per week in the low-SMIRK tercile and to insignificant 0.10% in the high-SMIRK
tercile. The difference between these two figures is also statistically significant.

Moreover, Table 3 supports our hypothesis that themeasures of informed trading can
be used to distinguish between overvalued and fairly priced high-IVol stocks. While
high-IVol stocks subsequently underperform on average, this effect does not apply
to all high-IVol stocks. For example, high-IVol stocks show a substantial negative
abnormal return of −0.34% for the low-CSCW tercile but an even slightly positive
abnormal return for the high-CSCW tercile (0.07%). In addition, Table 3 shows that
the return spreads associated with VSCW, VSBH, and SMIRK are particularly strong
for high-IVol stocks.13 This underpins our conjecture that informed option trading is
presumably most successful for the most overvalued stocks, which offer the largest
return opportunities.

Table A20 in the Online Appendix further supports this mispricing hypothesis.
First, the return predictability associated with IVol should be strongest when new

10 This return asymmetry can also be observed in our sample (see portfolio sorts in Table A16 in the Online
Appendix).
11 The Online Appendix shows all portfolio sort analyses in this paper for unadjusted returns and value-
weighted returns (see Tables A6 to A15).
12 In the Online Appendix Table A17, we show that this interaction effect is not merely driven by an
asymmetry in IVol spreads, that is, stronger IVol-spreads in the negative sophisticated investor opinion
portfolios. This supports our interpretation that themeasures of informed trading help to identify overvalued
high-IVol stocks.
13 Strictly speaking, this interpretation of Table 3 implies a conditional double sort where idiosyncratic
volatility is the first sorting criterion and the measures of informed trading are the second sorting criterion.
However, in our Online Appendix Table A18, we show that the sorting criterion order does not affect the
results in this case. In addition, we also run unconditional double sorts (Table A19) which confirm our
conditional sort findings.

123



208 H. Mohrschladt, J. C. Schneider

Ta
bl
e
3

C
on

di
tio

na
ld

ou
bl
e
so
rt
s
on

m
ea
su
re
s
of

in
fo
rm

ed
tr
ad
in
g
an
d
id
io
sy
nc
ra
tic

vo
la
til
ity

Fi
rs
ts
or
tin

g
cr
ite
ri
on

V
S C

W
Fi
rs
ts
or
tin

g
cr
ite
ri
on

V
S B

H
Fi
rs
ts
or
tin

g
cr
ite

ri
on

SM
IR

K
IV
ol

L
ow

2
H
ig
h

3-
1

t(
3-
1)

L
ow

2
H
ig
h

3-
1

t(
3-
1)

L
ow

2
H
ig
h

3-
1

t(
3-
1)

L
ow

−0
.0
9

0.
03

0.
23

0.
32

(9
.2
6)

−0
.0
8

0.
05

0.
22

0.
30

(9
.7
3)

−0
.0
4

0.
06

0.
15

0.
19

(6
.9
9)

2
−0

.1
6

0.
03

0.
19

0.
36

(9
.0
9)

−0
.1
7

−0
.0
0

0.
20

0.
37

(9
.7
9)

−0
.0
8

0.
00

0.
14

0.
22

(5
.5
9)

H
ig
h

−0
.3
4

−0
.0
6

0.
07

0.
40

(8
.1
7)

−0
.3
6

−0
.0
7

0.
11

0.
48

(8
.8
5)

−0
.3
3

−0
.0
7

0.
05

0.
38

(7
.0
6)

3-
1

−0
.2
4

−0
.0
9

−0
.1
6

−0
.2
8

−0
.1
2

−0
.1
1

−0
.2
9

−0
.1
3

−0
.1
0

t(
3-
1)

(−
4.
37

)
(−

1.
73

)
(−

2.
91

)
(−

4.
98

)
(−

2.
59

)
(−

1.
92

)
(−

5.
11

)
(−

2.
83

)
(−

1.
87

)

T
he

ta
bl
e
re
po

rt
s
eq
ua
lly

-w
ei
gh

te
d
FF

C
-a
dj
us
te
d
po

rt
fo
lio

re
tu
rn
s
fo
r
th
e
w
ee
k
af
te
r
po

rt
fo
lio

fo
rm

at
io
n
fr
om

Ja
nu

ar
y
19

96
to

A
pr
il
20

16
.F

ir
st
,e
ac
h
st
oc
k
is
al
lo
ca
te
d
to

on
e
te
rc
ile

(c
ol
um

ns
)
ba
se
d
on

th
e
im

pl
ie
d
vo
la
til
ity

sp
re
ad

fo
llo

w
in
g
C
re
m
er
s
an
d
W
ei
nb
au
m

(2
01

0)
,V

S C
W
,t
he

im
pl
ie
d
vo
la
til
ity

sp
re
ad

fo
llo

w
in
g
B
al
ia
nd

H
ov
ak
im

ia
n

(2
00

9)
,V

S B
H
,o

r
SM

IR
K
ba
se
d
on

X
in
g
et
al
.(
20

10
).
Se
co
nd
,w

ith
in

ea
ch

te
rc
ile
,e
ve
ry

st
oc
k
is
as
si
gn
ed

to
an

IV
ol

te
rc
ile

(r
ow

s)
ba
se
d
on

its
id
io
sy
nc
ra
tic

vo
la
til
ity
.T

he
t-
st
at
is
tic
s
in

pa
re
nt
he
se
s
ar
e
ba
se
d
on

st
an
da
rd

er
ro
rs
fo
llo

w
in
g
N
ew

ey
an
d
W
es
t(
19

87
)
us
in
g
fiv

e
la
gs
.S

ub
se
qu
en
tF

FC
-a
dj
us
te
d
re
tu
rn
s
ar
e
st
at
ed

in
%

123



Idiosyncratic volatility puzzle 209

fundamental information on the stock is released (Engelberg et al. 2018). Second,
informed option trading is supposed to be most successful before substantial infor-
mation becomes public (Atilgan 2014). We therefore expect that the observed return
patterns in Table 3 become stronger if the return measurement period contains a quar-
terly earnings announcement. Indeed, the return spreads on average more than double
for this subsample of firm-week-observations.

To sum up, the IVol puzzle is most pronounced for those stocks that sophisticated
investors perceive as overvalued. Thus, our findings are in linewith those of Stambaugh
et al. (2015) who also find a strong dependence of the IVol puzzle on the direction
of a stock’s mispricing. However, they proxy overvaluation through a combination of
eleven market anomalies. Thus, their measure of mispricing does not allow for a link
to the opinion of sophisticated investors and their trading on overvaluation. Moreover,
Table A21 in the Online Appendix shows that the return patterns in Table 3 are not
subsumed by the measure proposed by Stambaugh et al. (2015). If we only use the
parts of VSCW, VSBH, and SMIRK that are orthogonal to their mispricing score, the
findings from Table 3 remain qualitatively unchanged.

3.2 The IVol puzzle and private investors

The correlation figures in Table 1 and the double sorts in Table 3 suggest that sophis-
ticated investors trade against overvalued high-IVol stocks in the option market. This
raises the question why stock prices do not correctly reflect fundamental values in
the first place given the existence of a seemingly well-informed investor group that
could arbitrage away themispricing. In this context, the theoretical models of De Long
et al. (1990) and Shleifer and Vishny (1997) imply that noise traders can cause stock
mispricing even in the presence of rational market participants (see also an empirical
application in Aabo et al. (2017)). In reality, these noise traders are often consid-
ered to be unsophisticated private investors. In this context, Han and Kumar (2013)
show that the IVol puzzle only exists among stocks that are strongly traded by private
investors. Similarly, Stambaugh et al. (2015) show that the IVol puzzle’s magnitude is
substantially higher following periods of high market-wide investor sentiment.

Beyond sentiment, Kumar et al. (2018) consider investor attention a key driver
of the IVol puzzle as it only appears among stocks that show up on daily winner
and loser rankings in newspapers. This finding is related to the following line of
argument. Given the enormous amount of stock market information, paying attention
to every piece would exceed individuals’ cognitive abilities (Kahneman 1973) such
that only a few stocks end up in the choice set of unsophisticated private investors.
Barber and Odean (2008) formalize the idea of attention-induced trading. Only if
investors pay attention to a stock, they can exert buying pressure and trigger the
stock’s overvaluation. In conclusion, these studies suggest that private sentiment-
driven investors are responsible for the overvaluation of attention-grabbing stocks
like high-IVol stocks. Therefore, our second hypothesis implies a positive relationship
between the IVol puzzle’s magnitude and private investor attention.

We test this hypothesis by using Google Trends data as a direct stock-specific mea-
sure for sentiment-related private investor attention. Supporting our methodological
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Table 4 Conditional double sort on private investor attention and idiosyncratic volatility

Private investor attention
IVol Low 2 High

Low 0.03 0.05 0.06

2 0.02 0.03 0.04

High −0.06 −0.04 −0.10

3-1 −0.09 −0.09 −0.16

t(3-1) (−1.91) (−2.08) (−3.37)

The table reports equally-weighted FFC-adjusted portfolio returns for the week after portfolio formation
from January 2005 to April 2016. First, each stock is allocated to one tercile (columns) based on the stock’s
ASVI. ASVI is the abnormal search volume index calculated as the log Google Search volume of the
previous week minus the median log Google Search volume of the preceding 8 weeks. Second, within each
tercile, every stock is assigned to an IVol tercile (rows) based on its idiosyncratic volatility. The t-statistics
in parentheses are based on standard errors following Newey and West (1987) using five lags. Subsequent
FFC-adjusted returns are stated in %

approach, Da et al. (2011, 2014) show that Google Search volume can be used to
proxy for private investor attention and sentiment.14 Table 1 has already provided ini-
tial indication that IVol and investor attention are related as the respective correlation
coefficient is 0.13.

Table 4 reports conditional double sorts where we first sort on private investor
attention (a stock’s abnormal search volume) and then on IVol. The corresponding
weekly return effect associated with IVol increases from insignificant 0.09% in the
low-ASVI tercile to significant 0.16% in the high-ASVI tercile.15 This finding supports
our hypothesis that links the origin of the IVol puzzle to the trading behavior of
sentiment-driven private investors.16

3.3 The IVol puzzle, sophisticated investors, and private investors

The natural follow-up question is how the IVol puzzle interacts with both the sophisti-
cated and the private investor group. Hence, our final central hypothesis is that the IVol
puzzle is most pronounced for stocks that are considered overvalued by sophisticated
investors and that receive high private investor attention at the same time.

We test this relation in conditional triple sorts. At the end of eachweek, we first allo-
cate stocks into three portfolios based on their abnormal search volume. Then within
each tercile, we form portfolios based on each of the three measures of informed trad-

14 According to Da et al. (2011), changes in investor attention are able to predict subsequent returns. We
cannot significantly support that finding, which we assert to our sample of large and liquidly traded stocks,
given that Da et al. (2011) consider their findings to be mainly driven by smaller less liquid stocks.
15 Note that the overall lower magnitude of the IVol puzzle in Table 4 is due to the Google Trends sample
restriction. Among the 468,064 firm-week-observations that are examined in Table 4, the IVol puzzle
amounts to 0.12% per week in tercile portfolio single sorts.
16 Tables A22 and A23 in the Online Appendix present analyses where we use the sentiment index of Baker
and Wurgler (2006) to identify periods of high investor sentiment. In line with Stambaugh et al. (2015), the
IVol puzzle is stronger in months with high investor sentiment in our sample as well. However, as this is a
market-wide sentiment proxy, it is not able to identify cross-sectional differences in investor attitudes.
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ing. Finally, the stocks in each sub-portfolio are allocated to one of three IVol terciles.
Table 5 shows the FFC-adjusted subsequent portfolio returns for the high-ASVI tercile
in Panel A and the low-ASVI tercile in Panel B. The results show that the IVol puzzle
is indeed strongest if both attention is high and sophisticated trader opinion is low.
Referring to the VSBH-based analyses in the high-ASVI tercile, the corresponding
weekly return effect associated with IVol decreases from significant 0.23% for neg-
ative sophisticated trader opinion to 0.12% for positive sophisticated trader opinion.
Comparing these figures with the low-ASVI tercile, the IVol puzzle becomes smaller
and insignificant. Moreover, we find additional evidence that the overvaluation and
low subsequent returns of high-IVol stocks are no overarching phenomenon, but most
pronounced for high-attention stocks with low measures of informed trading. These
results strongly support a behavioral explanation of the return patterns associated
with idiosyncratic volatility: private investors can cause an overvaluation of high-IVol
stocks if the market power of sophisticated investors does not suffice to compensate
demand effects of these investors. In this case, sophisticated investors trade on the
mispricing in the option market. This interpretation directly implies that we should
observe stronger return effects for stocks with high illiquidity and severe short-sell
constraints. We explore this line of argument in the following subsection.

3.4 The impact of market frictions

Fundamental price risk and market frictions such as trading costs and short-sell con-
straints can render arbitrage strategies unattractive (see, for example, Lam and Wei
2011). As a consequence, the magnitude of potential mispricing can be higher if lim-
its to arbitrage are more severe. Since we consider IVol as a potential mispricing
indicator, spreads associated with IVol should be more pronounced for constrained
stocks. Indeed, several articles including Boehme et al. (2009), Duan et al. (2010), and
Stambaugh et al. (2015) document that short-sell impediments result in larger return
spreads associated with IVol. In addition, stock market constraints should also imply
that sophisticated investors trade on their superior information in the option market
rather than in the stock market. Thus, we hypothesize that the measures of informed
trading are particularly able to identify overvalued high-IVol stocks if short-selling
is restricted. Hence, these constrained high-IVol stocks with negative sophisticated
investor opinion should earn the lowest subsequent returns. Similarly, illiquidity and
short-sell constraints can prevent sophisticated investors from immediately correcting
the mispricing stemming from private investor activity. We therefore expect that high-
IVol stocks with potential sentiment-driven price pressure from private investors and
restricted short-selling earn very low subsequent returns as well.

Tables 6 and 7 examine this line of argument using conditional cross-sectional triple
sorts. We include four proxies for market frictions and limits to arbitrage. First, we use
the Amihud (2002) illiquidity measure, as defined in Sect. 2. Second, we use residual
institutional ownership following Nagel (2005) to account for the level of professional
institutional investors. These investors might reduce the amount of mispricing per

123



212 H. Mohrschladt, J. C. Schneider

Ta
bl
e
5

C
on

di
tio

na
lt
ri
pl
e
so
rt
s
on

pr
iv
at
e
in
ve
st
or

at
te
nt
io
n,

m
ea
su
re
s
of

in
fo
rm

ed
tr
ad
in
g,

an
d
id
io
sy
nc
ra
tic

vo
la
til
ity

Pa
ne
lA

:h
ig
h
pr
iv
at
e
in
ve
st
or

at
te
nt
io
n

V
S C

W
V
S B

H
SM

IR
K

IV
ol

L
ow

2
H
ig
h

3-
1

t(
3-
1)

L
ow

2
H
ig
h

3-
1

t(
3-
1)

L
ow

2
H
ig
h

3-
1

t(
3-
1)

L
ow

−0
.0
6

0.
06

0.
17

0.
23

(3
.9
9)

−0
.0
1

0.
04

0.
16

0.
17

(3
.3
3)

−0
.0
0

0.
06

0.
14

0.
14

(2
.9
6)

2
−0

.0
1

0.
04

0.
13

0.
14

(2
.3
0)

−0
.0
3

0.
03

0.
10

0.
12

(2
.0
4)

−0
.0
3

0.
05

0.
09

0.
12

(1
.7
5)

H
ig
h

−0
.2
5

−0
.0
2

−0
.0
0

0.
25

(3
.1
7)

−0
.2
5

−0
.0
4

0.
04

0.
28

(3
.4
1)

−0
.2
6

−0
.0
4

0.
03

0.
30

(3
.4
4)

3-
1

−0
.2
0

−0
.0
8

−0
.1
7

−0
.2
3

−0
.0
8

−0
.1
2

−0
.2
6

−0
.1
0

−0
.1
0

t(
3-
1)

(−
2.
66

)
(−

1.
28

)
(−

2.
82

)
(−

3.
18

)
(−

1.
35

)
(−

1.
93

)
(−

3.
82

)
(−

1.
72

)
(−

1.
46

)

Pa
ne
lB

:l
ow

pr
iv
at
e
in
ve
st
or

at
te
nt
io
n

V
S C

W
V
S B

H
SM

IR
K

IV
ol

L
ow

2
H
ig
h

3−
1

t(
3−

1)
L
ow

2
H
ig
h

3−
1

t(
3−

1)
L
ow

2
H
ig
h

3−
1

t(
3−

1)

L
ow

−0
.0
1

0.
01

0.
09

0.
11

(2
.0
0)

−0
.0
6

0.
02

0.
12

0.
18

(3
.5
5)

0.
04

−0
.0
3

0.
11

0.
07

(1
.4
2)

2
−0

.0
3

−0
.0
4

0.
11

0.
14

(2
.4
9)

−0
.0
1

−0
.0
5

0.
10

0.
11

(1
.8
8)

0.
01

0.
02

0.
04

0.
03

(0
.5
1)

H
ig
h

−0
.1
4

−0
.0
2

−0
.0
0

0.
14

(1
.8
3)

−0
.1
7

−0
.0
4

0.
04

0.
21

(2
.6
5)

−0
.1
3

−0
.0
6

−0
.0
1

0.
12

(1
.4
3)

3-
1

−0
.1
3

−0
.0
3

−0
.0
9

−0
.1
1

−0
.0
6

−0
.0
8

−0
.1
7

−0
.0
3

−0
.1
1

t(
3-
1)

(−
1.
78

)
(−

0.
54

)
(−

1.
36

)
(−

1.
51

)
(−

1.
03

)
(−

1.
22

)
(−

2.
16

)
(−

0.
52

)
(−

1.
76

)

T
he

ta
bl
e
re
po

rt
s
eq
ua
lly

-w
ei
gh

te
d
FF

C
-a
dj
us
te
d
po

rt
fo
lio

re
tu
rn
s
fo
r
th
e
w
ee
k
af
te
r
po

rt
fo
lio

fo
rm

at
io
n
fr
om

Ja
nu

ar
y
20

05
to

A
pr
il
20

16
.F

ir
st
,e
ac
h
st
oc
k
is
al
lo
ca
te
d
to

a
te
rc
ile

po
rt
fo
lio

ba
se
d
on

pr
iv
at
e
in
ve
st
or

at
te
nt
io
n
(m

ea
su
re
d
by

A
SV

I)
.S

ec
on
d,

w
ith

in
ea
ch

te
rc
ile
,e
ve
ry

st
oc
k
is
al
lo
ca
te
d
to

on
e
te
rc
ile

(c
ol
um

ns
)
ba
se
d
on

th
e
im

pl
ie
d

vo
la
til
ity

sp
re
ad

fo
llo

w
in
g
C
re
m
er
s
an
d
W
ei
nb
au
m

(2
01

0)
,V

S C
W
,t
he

im
pl
ie
d
vo
la
til
ity

sp
re
ad

fo
llo

w
in
g
B
al
i
an
d
H
ov
ak
im

ia
n
(2
00

9)
,V

S B
H
,o

r
SM

IR
K

ba
se
d
on

X
in
g

et
al
.(
20

10
).
T
hi
rd
,w

ith
in
ea
ch

te
rc
ile
,e
ve
ry

st
oc
k
is
as
si
gn
ed

to
an

IV
ol
te
rc
ile

(r
ow

s)
ba
se
d
on

its
id
io
sy
nc
ra
tic

vo
la
til
ity
.T

he
t-
st
at
is
tic
s
in
pa
re
nt
he
se
s
ar
e
ba
se
d
on

st
an
da
rd

er
ro
rs
fo
llo

w
in
g
N
ew

ey
an
d
W
es
t(
19

87
)
us
in
g
fiv

e
la
gs
.T

he
su
bs
eq
ue
nt

FF
C
-a
dj
us
te
d
re
tu
rn
s
ar
e
st
at
ed

in
%

123



Idiosyncratic volatility puzzle 213

Ta
bl
e
6

C
on

di
tio

na
lt
ri
pl
e
so
rt
s
on

m
ar
ke
tf
ri
ct
io
ns
,m

ea
su
re
s
of

in
fo
rm

ed
tr
ad
in
g,
an
d
id
io
sy
nc
ra
tic

vo
la
til
ity

Pa
ne
lA

:h
ig
h
am

ih
ud

ill
iq
ui
di
ty

Pa
ne
lB

:l
ow

am
ih
ud

ill
iq
ui
di
ty

V
S C

W
V
S B

H
SM

IR
K

V
S C

W
V
S B

H
SM

IR
K

IV
ol

L
ow

2
H
ig
h

L
ow

2
H
ig
h

L
ow

2
H
ig
h

L
ow

2
H
ig
h

L
ow

2
H
ig
h

L
ow

2
H
ig
h

L
ow

−0
.2
2

−0
.0
5

0.
25

−0
.2
0

−0
.0
3

0.
25

−0
.1
8

−0
.0
1

0.
17

−0
.0
3

0.
04

0.
19

0.
00

0.
04

0.
18

0.
01

0.
07

0.
14

2
−0

.2
3

−0
.0
8

0.
15

−0
.3
2

−0
.0
8

0.
20

−0
.1
6

−0
.1
1

0.
13

−0
.1
3

0.
07

0.
23

−0
.1
2

0.
05

0.
23

0.
01

0.
02

0.
16

H
ig
h

−0
.4
5

−0
.1
7

0.
06

−0
.5
0

−0
.1
9

0.
12

−0
.4
7

−0
.1
9

0.
09

−0
.2
0

−0
.0
3

0.
18

−0
.1
8

−0
.0
2

0.
14

−0
.1
6

0.
00

0.
06

3-
1

−0
.2
3

−0
.1
2

−0
.1
9

−0
.2
9

−0
.1
5

−0
.1
3

−0
.2
9

−0
.1
7

−0
.0
7

−0
.1
6

−0
.0
8

−0
.0
2

−0
.1
8

−0
.0
6

−0
.0
4

−0
.1
8

−0
.0
7

−0
.0
8

t(
3-
1)

(−
3.
04

)
(−

1.
64

)
(−

2.
53

)
(−

3.
90

)
( −

2.
07

)
(−

1.
87

)
(−

3.
73

)
(−

2.
43

)
(−

1.
02

)
(−

2.
66

)
(−

1.
35

)
(−

0.
31

)
(−

2.
91

)
(−

1.
12

)
(−

0.
58

)
(−

2.
82

)
(−

1.
21

)
(−

1.
29

)

Pa
ne
lC

:l
ow

re
si
du
al
in
st
.o
w
ne
rs
hi
p

Pa
ne
lD

:h
ig
h
re
si
du
al
in
st
.o
w
ne
rs
hi
p

V
S C

W
V
S B

H
SM

IR
K

V
S C

W
V
S B

H
SM

IR
K

IV
ol

L
ow

2
H
ig
h

L
ow

2
H
ig
h

L
ow

2
H
ig
h

L
ow

2
H
ig
h

L
ow

2
H
ig
h

L
ow

2
H
ig
h

L
ow

−0
.1
2

0.
01

0.
26

−0
.1
3

0.
02

0.
25

−0
.0
6

0.
02

0.
15

−0
.0
7

0.
02

0.
20

−0
.0
5

0.
04

0.
16

−0
.0
3

0.
04

0.
13

2
−0

.1
9

−0
.0
0

0.
15

−0
.2
2

−0
.0
3

0.
19

−0
.1
2

0.
02

0.
12

−0
.1
5

0.
02

0.
14

−0
.1
5

−0
.0
1

0.
17

−0
.0
7

0.
02

0.
09

H
ig
h

−0
.4
2

−0
.1
7

0.
02

−0
.4
6

−0
.1
4

0.
05

−0
.4
1

−0
.1
1

−0
.0
6

−0
.3
6

−0
.0
5

0.
08

−0
.3
7

−0
.0
5

0.
09

−0
.3
0

−0
.1
2

0.
06

3-
1

−0
.3
0

−0
.1
8

−0
.2
4

−0
.3
3

−0
.1
6

−0
.2
0

−0
.3
5

−0
.1
2

−0
.2
1

−0
.2
9

−0
.0
7

−0
.1
2

−0
.3
2

−0
.0
9

−0
.0
7

−0
.2
7

−0
.1
6

−0
.0
6

t(
3-
1)

(−
3.
64

)
(−

2.
48

)
( −

3.
26

)
(−

3.
93

)
(−

2.
22

)
(−

2.
66

)
(−

4.
50

)
(−

1.
73

)
(−

2.
71

)
(−

4.
32

)
(−

1.
18

)
(−

1.
90

)
(−

5.
18

)
(−

1.
47

)
(−

1.
02

)
(−

4.
28

)
(−

2.
67

)
(−

0.
96

)

123



214 H. Mohrschladt, J. C. Schneider

Ta
bl
e
6

co
nt
in
ue
d

Pa
ne
lE

:h
ig
h
bi
d-
as
k-
sp
re
ad

Pa
ne
lF

:l
ow

bi
d-
as
k-
sp
re
ad

V
S C

W
V
S B

H
SM

IR
K

V
S C

W
V
S B

H
SM

IR
K

IV
ol

L
ow

2
H
ig
h

L
ow

2
H
ig
h

L
ow

2
H
ig
h

L
ow

2
H
ig
h

L
ow

2
H
ig
h

L
ow

2
H
ig
h

L
ow

−0
.1
8

−0
.0
4

0.
29

−0
.1
6

−0
.0
4

0.
29

−0
.1
2

0.
02

0.
19

−0
.0
5

0.
01

0.
19

−0
.0
5

0.
05

0.
18

−0
.0
1

0.
06

0.
12

2
−0

.2
6

−0
.0
2

0.
18

−0
.3
1

−0
.0
2

0.
19

−0
.1
4

−0
.1
1

0.
12

−0
.0
4

0.
06

0.
19

−0
.0
6

0.
02

0.
23

−0
.0
4

0.
05

0.
16

H
ig
h

−0
.3
9

−0
.1
5

0.
08

−0
.4
5

−0
.0
9

0.
09

−0
.4
2

−0
.0
8

0.
05

−0
.1
8

−0
.0
3

0.
12

−0
.1
7

−0
.0
2

0.
09

−0
.1
5

−0
.0
0

0.
08

3-
1

−0
.2
1

−0
.1
1

−0
.2
1

−0
.2
9

−0
.0
5

−0
.2
0

−0
.3
0

−0
.1
0

−0
.1
4

−0
.1
3

−0
.0
4

−0
.0
7

−0
.1
2

−0
.0
7

−0
.0
9

−0
.1
4

−0
.0
6

−0
.0
3

t(
3-
1)

(−
2.
82

)
( −

1.
67

)
(−

2.
96

)
(−

4.
02

)
(−

0.
81

)
(−

2.
77

)
(−

3.
86

)
(−

1.
58

)
(−

1.
96

)
(−

1.
96

)
(−

0.
67

)
(−

0.
94

)
(−

1.
85

)
(−

1.
02

)
(−

1.
20

)
(−

2.
05

)
(−

0.
96

)
(−

0.
39

)

Pa
ne
lG

:h
ig
h
op
tio

n-
im

pl
ie
d
vo
la
til
ity

Pa
ne
lH

:l
ow

op
tio

n-
im

pl
ie
d
vo
la
til
ity

V
S C

W
V
S B

H
SM

IR
K

V
S C

W
V
S B

H
SM

IR
K

IV
ol

L
ow

2
H
ig
h

L
ow

2
H
ig
h

L
ow

2
H
ig
h

L
ow

2
H
ig
h

L
ow

2
H
ig
h

L
ow

2
H
ig
h

L
ow

−0
.2
2

−0
.0
7

0.
23

−0
.2
9

−0
.0
5

0.
26

−0
.1
7

−0
.0
5

0.
23

−0
.0
3

0.
05

0.
16

−0
.0
2

0.
07

0.
16

0.
02

0.
09

0.
09

2
−0

.3
0

−0
.0
3

0.
18

−0
.2
6

−0
.0
5

0.
19

−0
.2
4

−0
.0
5

0.
10

−0
.0
1

0.
06

0.
20

−0
.0
0

0.
06

0.
18

0.
02

0.
06

0.
15

H
ig
h

−0
.5
3

−0
.2
8

−0
.0
2

−0
.5
7

−0
.2
8

−0
.0
1

−0
.5
8

−0
.2
5

−0
.0
3

−0
.0
8

0.
00

0.
12

−0
.1
0

0.
00

0.
14

−0
.0
3

−0
.0
2

0.
11

3-
1

−0
.3
1

−0
.2
1

−0
.2
5

−0
.2
8

−0
.2
3

−0
.2
7

−0
.4
1

−0
.2
0

−0
.2
6

−0
.0
6

−0
.0
5

−0
.0
4

−0
.0
8

−0
.0
7

−0
.0
1

−0
.0
5

−0
.1
1

0.
01

t(
3-
1)

(−
3.
65

)
(−

2.
78

)
( −

3.
04

)
(−

3.
33

)
(−

3.
09

)
(−

3.
28

)
(−

4.
90

)
(−

2.
42

)
(−

3.
13

)
(−

1.
79

)
(−

1.
42

)
(−

1.
09

)
(−

2.
24

)
(−

2.
01

)
(−

0.
43

)
(−

1.
74

)
(−

3.
51

)
(0
.3
5)

T
he

ta
bl
e
re
po

rt
s
eq
ua
lly

-w
ei
gh

te
d
FF

C
-a
dj
us
te
d
po

rt
fo
lio

re
tu
rn
s
fo
r
th
e
w
ee
k
af
te
r
po

rt
fo
lio

fo
rm

at
io
n
fr
om

Ja
nu

ar
y
19

96
to

A
pr
il
20

16
.F

ir
st
,e
ac
h
st
oc
k
is
al
lo
ca
te
d
to

a
te
rc
ile

po
rt
fo
lio

ba
se
d
on

A
m
ih
ud

ill
iq
ui
di
ty

(P
an
el
s
A
an
d
B
),
re
si
du

al
in
st
itu

tio
na
lo

w
ne
rs
hi
p
(P
an
el
s
C
an
d
D
),
th
e
st
oc
k’
s
av
er
ag
e
bi
d-
as
k-
sp
re
ad

ov
er

th
e
pr
ev
io
us

ye
ar

(P
an
el
s
E
an
d
F)
,
an
d
op

tio
n-
im

pl
ie
d
vo
la
til
ity

(P
an
el
s
G

an
d
H
).
T
he

ta
bl
e
sh
ow

s
to
p
an
d
bo

tto
m

te
rc
ile

on
ly
.
Se

co
nd

,
w
ith

in
ea
ch

po
rt
fo
lio

,
ev
er
y
st
oc
k
is
al
lo
ca
te
d
to

on
e
te
rc
ile

(c
ol
um

ns
)
ba
se
d
on

th
e
im

pl
ie
d
vo
la
til
ity

sp
re
ad

fo
llo

w
in
g
C
re
m
er
s
an
d
W
ei
nb
au
m

(2
01

0)
,V

S C
W
,t
he

im
pl
ie
d
vo
la
til
ity

sp
re
ad

fo
llo

w
in
g
B
al
ia
nd

H
ov
ak
im

ia
n

(2
00

9)
,V

S B
H
,o

r
SM

IR
K

ba
se
d
on

X
in
g
et

al
.(
20

10
).
T
hi
rd
,w

ith
in

ea
ch

te
rc
ile
,e
ve
ry

st
oc
k
is
as
si
gn
ed

to
an

IV
ol

te
rc
ile

(r
ow

s)
ba
se
d
on

its
id
io
sy
nc
ra
tic

vo
la
til
ity
.T

he
t-
st
at
is
tic
s
in

pa
re
nt
he
se
s
ar
e
ba
se
d
on

st
an
da
rd

er
ro
rs
fo
llo

w
in
g
N
ew

ey
an
d
W
es
t(
19

87
)
us
in
g
fiv

e
la
gs
.T

he
su
bs
eq
ue
nt

FF
C
-a
dj
us
te
d
re
tu
rn
s
ar
e
st
at
ed

in
%

123



Idiosyncratic volatility puzzle 215

se or provide a sufficient number of lendable shares to enable short-selling.17 The
calculation of residual institutional ownership follows Nagel (2005): the fraction of
shares held by institutional investors is winsorized at 0.01% and 99.99%; then the
logit transformation of this fraction is regressed on log-size and squared log-size.
Each week’s cross-sectional residuals constitute the residual institutional ownership
measure.18 As a third measure, we apply the stock’s average closing bid-ask-spread
over the previous year (Goyenko et al. 2009). Fourth, we use the stock’s model-
free option-implied volatility (MFIV). MFIV corresponds to the standardized second
moment of the risk-neutral density and is calculated from option prices following
the methodology of Bakshi et al. (2003). Similar to the VIX on the market level,
MFIV represents a forward-lookingmeasure of volatility on the individual stock level.
According to Pontiff (2006), volatility is one of the major factors limiting arbitrage
activity.

In the first analyses of Table 6, we assign stocks to Amihud (2002) illiquidity
terciles and sort on the option-implied volatility spreads and IVol afterwards. The
empirical results support our line of argument: the most negative subsequent FFC-
adjusted portfolio returns are obtained for those high-IVol stocks that are illiquid
and overvalued based on the sophisticated investors’ opinion. On the contrary, for
the most liquid stocks with positive sophisticated investor opinion, the IVol puzzle
largely disappears. Overall, the strength of the IVol puzzle seems to depend on both
the opinion of sophisticated investors about the stock’s overpricing and the stock’s
exposure to market frictions. We repeat this analysis for the other three limits to
arbitrage proxies. The picture remains broadly the same and supports the suggested
mechanisms. Merely the results with respect to residual institutional ownership are
slightly weaker; this might indicate that—within our sample of comparably large
firms—short-sell constraints play a less strong role as arbitrage impediments compared
to general illiquidity proxies.

Next, we assess the origin of the IVol puzzle by relating it to attention-driven
investors (see Table 7). Again, we first assign stocks to one of the limits to arbitrage
portfolios and sort on investor attention and IVol afterwards. For all limits to arbitrage
proxies, the IVol puzzle is strongest for those stocks that are illiquid/short-sell con-
strained and exposed to high investor attention. These findings are in line with our
conjecture that the IVol puzzle particularly emerges if private investors are active and
if sophisticated investors cannot eliminate the mispricing due to market frictions.

17 Note that Bali et al. (2014) interpret institutional ownership as a measure for sophisticated investor
attention. Thus, if sophisticated investor attention is high, mispricing is lower. The results of our analysis
are also in line with such a line of argumentation. Private investor attention can drive prices beyond their
fundamental value, while sophisticated investor attention should mitigate this effect.
18 The corresponding institutional ownership data comes from the Thomson Financial Institutional Hold-
ings (13F) database. Note that other studies also use estimated shorting fees as related proxy. However, for
its estimation the availability of options is used as dummy variable which would be one for all companies
in our analysis (Boehme et al. 2006) such that large parts of the proxy would be meaningless.
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4 Conclusion

The paper provides an in-depth analysis on the impact of different investor groups on
the IVol puzzle. Our results support behavioral explanations for the IVol puzzle and
also shed new light on how anomalies are driven by private investor attention.

We employ three measures of informed trading calculated from option data as
proxies for sophisticated investor opinion. We show that all of these three measures as
well as IVol have incremental value in forecasting stock returns and are not subsumed
by other commonly used control variables. Compared to conventional measures, the
use of option-implied measures of informed trading has several advantages. While
other measures like institutional holdings merely cover the presence of one investor
group, the option market also allows to derive their opinion. In addition, option data
is available on daily frequencies and can thus reflect short-term changes in sophisti-
cated investor opinion. This seems especially suitable given the short-term variation
in idiosyncratic volatility. We find empirical evidence consistent with sophisticated
investor trading against overvalued high-IVol stocks. Furthermore, the return spreads
associated with IVol are strongest for those stocks that are identified as overvalued
by the measures of informed trading. These findings provide further support to a
behavioral explanation of the IVol puzzle.

We are not only interested in the interplay of sophisticated investors and the IVol
puzzle but also in its underlying sources. We therefore include a proxy for attention-
driven private investors in our analyses: the return spreads associatedwith idiosyncratic
volatility strongly increase if private investor attention is high, which directly links
noise traders to themispricing’s origin. Themagnitude of these effects further increases
among stocks that are prone to market frictions. Overall, the analyses point out the
following conclusion: attention-driven noise traders seem to generate mispricing,
which leads to return predictability and corresponding option trading by sophisti-
cated investors. These empirical findings imply that different investor groups have
a different impact on financial markets and that the acknowledgment of a very het-
erogeneous investor base is a necessary condition to fully understand capital market
phenomena.

Funding OpenAccess funding enabled and organized byProjektDEAL. Financial support from theGerman
Research Foundation (DFG grant number 316058991) is gratefully acknowledged.

OpenAccess This article is licensedunder aCreativeCommonsAttribution 4.0 InternationalLicense,which
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence,
and indicate if changes were made. The images or other third party material in this article are included
in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If
material is not included in the article’s Creative Commons licence and your intended use is not permitted
by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

123

http://creativecommons.org/licenses/by/4.0/


Idiosyncratic volatility puzzle 219

References

Aabo, T., Pantzalis, C., & Park, J. C. (2017). Idiosyncratic volatility: An indicator of noise trading? Journal
of Banking & Finance, 75, 136–151.

Amihud, Y. (2002). Illiquidity and stock returns: Cross-section and time-series effects. Journal of Financial
Markets, 5(1), 31–56.

Ammann, M., & Feser, A. (2019). Option-implied Value-at-Risk and the cross-section of stock returns.
Review of Derivatives Research, 22(3), 449–474.

An, B.-J., Ang, A., Bali, T. G., & Cakici, N. (2014). The joint cross section of stocks and options. Journal
of Finance, 69(5), 2279–2337.

Ang, A., Hodrick, R. J., Xing, Y., & Zhang, X. (2006). The cross-section of volatility and expected returns.
Journal of Finance, 61(1), 259–299.

Atilgan, Y. (2014). Volatility spreads and earnings announcement returns. Journal of Banking & Finance,
38, 205–215.

Baker, M., & Wurgler, J. (2006). Investor sentiment and the cross-section of stock returns. Journal of
Finance, 61(4), 1645–1680.

Bakshi, G., Kapadia, N., & Madan, D. (2003). Stock return characteristics, skew laws, and the differential
pricing of individual equity options. Review of Financial Studies, 16(1), 101–143.

Bali, T. G., Bodnaruk, A., Scherbina, A., & Tang, Y. (2018). Unusual news flow and the cross section of
stock returns. Management Science, 64(9), 4137–4155.

Bali, T. G., Cakici, N., & Whitelaw, R. F. (2011). Maxing out: Stocks as lotteries and the cross-section of
expected returns. Journal of Financial Economics, 99(2), 427–446.

Bali, T. G., & Hovakimian, A. (2009). Volatility spreads and expected stock returns.Management Science,
55(11), 1797–1812.

Bali, T. G., Peng, L., Shen, Y., & Tang, Y. (2014). Liquidity shocks and stock market reactions. Review of
Financial Studies, 27(5), 1434–1485.

Barber, B. M., & Odean, T. (2008). All that glitters: The effect of attention and news on the buying behavior
of individual and institutional investors. Review of Financial Studies, 21(2), 785–818.

Battalio, R., & Schultz, P. (2006). Options and the bubble. Journal of Finance, 61(5), 2071–2102.
Black, F. (1975). Fact and fantasy in the use of options. Financial Analysts Journal, 31(4), 36–72.
Blau, B. M., & Brough, T. J. (2015). Are put-call ratios a substitute for short sales? Review of Derivatives

Research, 18(1), 51–73.
Boehme, R. D., Danielsen, B. R., Kumar, P., & Sorescu, S. M. (2009). Idiosyncratic risk and the cross-

section of stock returns: Merton (1987) meets Miller (1977). Journal of Financial Markets, 12(3),
438–468.

Boehme, R. D., Danielsen, B. R., & Sorescu, S. M. (2006). Short-sale constraints, differences of opinion,
and overvaluation. Journal of Financial and Quantitative Analysis, 41(2), 455–487.

Bollen, N. P. B., & Whaley, R. E. (2004). Does net buying pressure affect the shape of implied volatility
functions? Journal of Finance, 59(2), 711–753.

Boyer, B., Mitton, T., & Vorkink, K. (2010). Expected idiosyncratic skewness. Review of Financial Studies,
23(1), 169–202.

Cremers, M., & Weinbaum, D. (2010). Deviations from put-call parity and stock return predictability.
Journal of Financial and Quantitative Analysis, 45(2), 335–367.

Da, Z., Engelberg, J., & Gao, P. (2011). In search of attention. Journal of Finance, 66(5), 1461–1499.
Da, Z., Engelberg, J., & Gao, P. (2014). The sum of all FEARS investor sentiment and asset prices. Review

of Financial Studies, 28(1), 1–32.
De Long, J. B., Shleifer, A., Summers, L. H., & Waldmann, R. J. (1990). Noise trader risk in financial

markets. Journal of Political Economy, 98(4), 703–738.
Duan, Y., Hu, G., & McLean, R. D. (2010). Costly arbitrage and idiosyncratic risk: Evidence from short

sellers. Journal of Financial Intermediation, 19(4), 564–579.
Easley, D., O’hara, M., & Srinivas, P. S. (1998). Option volume and stock prices: Evidence on where

informed traders trade. Journal of Finance, 53(2), 431–465.
Engelberg, J., McLean, R. D., & Pontiff, J. (2018). Anomalies and news. Journal of Finance, 73(5), 1971–

2001.
Fama, E. F., & French, K. R. (1993). Common risk factors in the returns on stocks and bonds. Journal of

Financial Economics, 33(1), 3–56.

123



220 H. Mohrschladt, J. C. Schneider

Fama, E. F., & MacBeth, J. D. (1973). Risk, return, and equilibrium: Empirical tests. Journal of Political
Economy, 81(3), 607–636.

Garleanu, N., Pedersen, L. H., & Poteshman, A. M. (2009). Demand-based option pricing. Review of
Financial Studies, 22(10), 4259–4299.

Goyenko, R. Y., Holden, C.W., & Trzcinka, C. A. (2009). Do liquidity measures measure liquidity? Journal
of Financial Economics, 92(2), 153–181.

Han, B., & Kumar, A. (2013). Speculative retail trading and asset prices. Journal of Financial and Quanti-
tative Analysis, 48(2), 377–404.

Hou, K., & Loh, R. K. (2016). Have we solved the idiosyncratic volatility puzzle? Journal of Financial
Economics, 121(1), 167–194.

Jarrow, R., Fung, S., & Tsai, S.-C. (2018). An empirical investigation of large trader market manipulation
in derivatives markets. Review of Derivatives Research, 21(3), 331–374.

Jegadeesh, N. (1990). Evidence of predictable behavior of security returns. Journal of Finance, 45(3),
881–898.

Jegadeesh, N., & Titman, S. (1993). Returns to buying winners and selling losers: Implications for stock
market efficiency. Journal of Finance, 48(1), 65–91.

Kahneman, D. (1973). Attention and effort. Englewood Cliffs, NJ: Prentice-Hall.
Kumar, A., Ruenzi, S., & Ungeheuer, M. (2018). Daily winners and losers. Working paper.
Lam, F. Y. E. C., & Wei, K. C. J. (2011). Limits-to-arbitrage, investment frictions, and the asset growth

anomaly. Journal of Financial Economics, 102(1), 127–149.
Lemmon, M., & Ni, S. X. (2014). Differences in trading and pricing between stock and index options.

Management Science, 60(8), 1985–2001.
Li, X., Sullivan, R. N., & Garcia-Feijóo, L. (2016). The low-volatility anomaly: Market evidence on sys-

tematic risk vs. mispricing. Financial Analysts Journal, 72(1), 36–47.
Nagel, S. (2005). Short sales, institutional investors and the cross-section of stock returns. Journal of

Financial Economics, 78(2), 277–309.
Newey,W.K.,&West, K.D. (1987). A simple, positive semi-definite, heteroskedasticity and autocorrelation

consistent covariance matrix. Econometrica, 55(3), 703–708.
Pontiff, J. (2006). Costly arbitrage and themyth of idiosyncratic risk. Journal of Accounting and Economics,

42(1), 35–52.
Shleifer, A., & Vishny, R. W. (1997). The limits of arbitrage. Journal of Finance, 52(1), 35–55.
Stambaugh, R. F., Yu, J., & Yuan, Y. (2015). Arbitrage asymmetry and the idiosyncratic volatility puzzle.

Journal of Finance, 70(5), 1903–1948.
Stilger, P. S., Kostakis, A., & Poon, S.-H. (2017). What does risk-neutral skewness rell us about future stock

returns? Management Science, 63(6), 1814–1834.
Xing, Y., Zhang, X., & Zhao, R. (2010). What does the individual option volatility smirk tell us about future

equity returns? Journal of Financial and Quantitative Analysis, 45(3), 641–662.

Publisher’s Note Springer Nature remains neutral with regard to jurisdictional claims in published maps
and institutional affiliations.

123


	Idiosyncratic volatility, option-based measures of informed trading, and investor attention
	Abstract
	1 Introduction
	2 Data and summary statistics
	2.1 Variable construction
	2.1.1 Idiosyncratic volatility
	2.1.2 Measures of informed trading
	2.1.3 Investor attention
	2.1.4 Control variables

	2.2 Summary statistics

	3 Empirical results
	3.1 The IVol puzzle and sophisticated investors
	3.2 The IVol puzzle and private investors
	3.3 The IVol puzzle, sophisticated investors, and private investors
	3.4 The impact of market frictions

	4 Conclusion
	References




