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Stocks with increases in idiosyncratic risk tend to earn low subsequent returns for a few

months. However, high idiosyncratic risk stocks eventually earn persistently high returns.

These results are consistent with positively priced idiosyncratic risk and temporary under-

reaction to idiosyncratic risk innovations. Because risk levels and innovations are corre-

lated, the relation between historical idiosyncratic risk and returns may reflect both risk

premiums and underreaction and yield misleading inference regarding the price of risk.

The results reconcile previous work offering conflicting evidence on the price of idiosyn-

cratic risk and help to discriminate among explanations for the idiosyncratic risk-return

relation. (JEL G10, G11, G12)
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Introduction

A large number of empirical studies have examined the cross-sectional price
of idiosyncratic risk. Recent empirical work has focused on the negative re-
lation between historical idiosyncratic risk and returns documented byAng et
al. (2006, 2009), who find a negative price of idiosyncratic risk. This result is
provocative because theory generally suggests that the price of idiosyncratic
risk should be zero or positive (see Merton 1987). Some researchers find
support for the results of Ang et al. (2006),1 and others find the results to
be fragile and possibly a manifestation of liquidity-related return patterns or
skewness rather than reflective of an idiosyncratic risk-return relation.2
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1 See Guo and Savickas (2010) and Peterson and Smedema (2011).

2 See Bali andCakici (2008), Huang et al. (2009), Fu (2009), Han andLesmond (2011), Bali, Cakici, andWhitelaw
(2011), and Boyer, Mitton, and Vorkink (2010).
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Overall, the existing literature offers a confusing picture of idiosyncratic risk-
related return patterns.
In this paper, we examine the relation between idiosyncratic risk and re-

turns. However, in contrast to prior work, we also consider the relation be-
tween idiosyncratic risk innovations and subsequent returns. Such a relation
can be caused by frictions and/or investor biases that lead to temporary price
underreaction to risk innovations.3 Empirically, prior studies find evidence of
apparent underreaction in a wide variety of settings, suggesting that prices
may underreact to risk innovations as well.4 Also, there is evidence that in-
vestors underreact to innovations in volatility when setting option prices
(Poteshman 2001). Provided idiosyncratic risk is priced, underreaction to
idiosyncratic risk innovations should lead to predictable patterns in returns.
We build a simple model to show that, in the presence of underreaction,

risk innovations are negatively related to future returns. This occurs because
prices reflect the risk news (which implies a higher discount rate and lower
price) with a delay. However, provided that underreaction is temporary and
idiosyncratic risk is positively priced, stocks with high idiosyncratic risk will
eventually earn higher returns.We calibrate themodel to deliver the empirical
predictions for the idiosyncratic risk-return relation. We simulate the long-
run expected return response to a positive idiosyncratic volatility shock. Our
results suggest that expected returns are negative for a few months after the
shock, with themost negative return inmonth one. However, returns become
positive over time as the shock gradually decays. This is consistent with a
positive long-run price of idiosyncratic risk, but investors temporarily under-
react to risk innovations.
We test our model by partitioning historical idiosyncratic volatility into

recent (e.g., idiosyncratic volatility over the last six months) and distant (e.g.,
idiosyncratic volatility lagged six months) components. Because idiosyncratic
volatility is persistent, both recent and distant historical idiosyncratic volatil-
ity are informative about expected idiosyncratic risk. However, recent infor-
mation may not be fully assimilated into prices, while distant information is
more likely fully priced. Then our model suggests that, controlling for distant
idiosyncratic volatility, recent idiosyncratic volatility should be negatively
related to subsequent returns. Also, controlling for recent idiosyncratic vola-
tility, distant idiosyncratic volatility should be positively related to subsequent
returns.

3 Such biases and frictions include biased investor beliefs (Barberis, Shleifer, and Vishny 1998; Daniel, Hirshleifer,
and Subrahmanyam 1998), slow information diffusion (Hong and Stein 1999; Hong, Torous, and Valkanov
2007), information capacity constraints (Sims 2003), nontrivial transactions costs, and short-sale constraints.

4 Prior research suggests that investors underreact to earnings announcements (Ball andBrown 1968; Bernard and
Thomas 1989), prior returns (Jegadeesh and Titman 1993), dividend news (Michaely, Thaler, and Womack
1995), share repurchases (Ikenberry, Lakonishok, and Vermaelen 1995), seasoned equity offerings (Loughran
and Ritter 1995), increased R&D expenditures (Eberhart, Maxwell, and Siddique 2004), predictable demo-
graphic trends (DellaVigna and Pollet 2007), industry returns (Hong, Torous, and Valkanov 2007) and news
about related firms (Cohen and Frazzini 2008; Menzly and Ozbas 2010).
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We empirically confirm the predictions of our model using portfolio ana-
lysis and stock-level cross-sectional regressions. In the portfolio analysis, we
find that after controlling for “recent” idiosyncratic volatility, “distant” idio-
syncratic volatility is positively related to future returns. In addition, after
controlling for “distant” idiosyncratic volatility, “recent” idiosyncratic vola-
tility is negatively related to future returns. The Fama-MacBeth (1973) re-
gression results echo the portfolio analysis. We also examine the returns of
idiosyncratic volatility-sorted portfolios for many months after portfolio for-
mation. Consistent with the model, returns of idiosyncratic volatility-sorted
hedge portfolios are negative for about six months after portfolio formation
and then are persistently positive. Additionally, the negative returns are con-
centrated in the month immediately after portfolio formation. This suggests
that, in the long-run (i.e., after the effects of temporary underreaction), the
idiosyncratic risk-return relation is positive.

Our results are robust to eliminating low-priced or illiquid stocks from the
sample. Also, we generally report both value- and equal-weighted results and
find that the choice of weighting scheme does not have much of an effect.
Therefore, our results are not easily attributed to some subset of small stocks,
and appear to be important for the average investor. This is notable because
many characteristics known to be associated with returns (market-to-book,
size, momentum, and liquidity) are attenuated and sometimes statistically
insignificant under value weighting. Finally, we find that well-known liquid-
ity-related return patterns that may explain the relation documented by Ang
et al. (2006) cannot explain our results.5

Our paper contains three main contributions to the idiosyncratic volatility
literature. First, we document a short-lived negative relation between idio-
syncratic risk innovations and subsequent returns that explains much of the
Ang, Hodrick, Xing, and Zhang (2006) anomaly. Second, we empirically
document a long-run positive relation between idiosyncratic risk and returns.
Documenting this relation is important because theory generally suggests that
the equilibrium price of idiosyncratic risk should be nonnegative.

Third, we develop an underreaction framework to study the idiosyncratic
risk-return relation. The framework suggests why different idiosyncratic risk
proxies can offer conflicting evidence on the sign of the idiosyncratic risk-
return relation. Viewed from our framework, it is not surprising that empir-
ical studies that focus on recent data (e.g., Ang et al. (2006) use a trailing
one-month window to calculate historical idiosyncratic volatility) often find a
negative idiosyncratic risk-return relation, while studies that focus more on
distant data (e.g., Lehmann 1990b uses five years of monthly data) are more
likely to find a positive, or insignificant, relation. This occurs because recent
data may not be fully assimilated into prices (so that underreaction is rela-
tively important), while distant data is more likely fully priced. Overall, our

5 See Bali and Cakici (2008), Huang et al. (2009), Fu (2009), and Han and Lesmond (2011).
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theoretical and empirical results yield new insights into the nature of the
idiosyncratic risk-return relation. In particular, the results suggest a positive
price of idiosyncratic risk and underreaction to idiosyncratic risk innovations.

1. A Simple Model of Investor Underreaction to Risk Innovations

In this section,wepresent a simplemodel of price underreaction to idiosyncratic
risk innovations. The model is intended to highlight how price underreaction
can affect inferences from standard empirical procedures. We then deliver the
model’s empirical implications for the idiosyncratic risk-return relation.

1.1 Motivation for investor underreaction

Should prices underreact to risk innovations? There is apparent evidence of
underreaction in a wide variety of settings (see footnote 4). Then it should not
be surprising to find underreaction to risk innovations. First, idiosyncratic
risk must be estimated frommarket data and other information sources. The
relevant information set could easily be large, diverse, and continuously chan-
ging. Second, idiosyncratic risk estimatesmay be imprecise; this could exacer-
bate the effects of behavioral biases and investor underreaction (see Zhang
2006). Third, historical idiosyncratic risk is a particularly useful predictor of
idiosyncratic risk.Historical idiosyncratic risk is often calculated as the stand-
ard deviation of the residuals from a time-series regression of returns on
contemporaneous factors (e.g., market returns or the three factors of Fama
and French 1996). For much of the historical sample, many investors likely
lacked the technical expertise and/or computing power required to calculate
this measure for a large number of stocks in real time. In this case, these
investors could not use all publicly available information when forming an
idiosyncratic risk estimate. Finally, there is evidence that investors underreact
to volatility innovations when setting prices for S&P 500 index options
(Poteshman 2001). Because nontraded firm-level idiosyncratic volatility esti-
mates almost certainly suffer from more severe underreaction than traded
stock index options, this suggests that investors underreact to idiosyncratic
volatility innovations.

1.2 The model

Because we focus on risk (and discount rates), rather than on cash flows, we
adopt a dividend discountmodel, where expected cash flows are held constant
throughout. We assume that discount rate or requried return is determined
solely by idiosyncratic risk and the idiosyncratic risk-return relation is
positive.6

6 Canonical asset pricingmodels (e.g., the Sharpe-Lintner CAPM) say that, because investors are free to diversify,
idiosyncratic risk is not priced. However, violations of the assumptions underlying these models can lead to a
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We assume that the price of the stock follows

pt ¼
d

r�t
¼

d

�IV�t
; ð1Þ

where pt is the price, d is the expected future dividend, r�t is the discount rate or

required return, and IV�t is the “priced” idiosyncratic volatility as perceived

by investors. � is a positive risk-aversion parameter that maps idiosyncratic

risk to discount rates.
Under our model, priced or perceived idiosyncratic volatility (IV�t ) may

differ from true idiosyncratic volatility (IVt). We assume that true idiosyn-

cratic volatility follows an AR(1) process,

logðIVt+1Þ ¼ c + ulogðIVtÞ+ �t+1; ð2Þ

where � 2 ð0; 1Þ and the error term is white noise � � Nð0; �2�Þ. Under this

specification, true idiosyncratic volatility is persistent and each stock reverts

to its long-run mean idiosyncratic volatility. We assume that the representa-

tive investor cannot, or does not, react to �, possibly because � is not observed.
Therefore, this information cannot be directly incorporated into prices.

Priced or perceived idiosyncratic volatility (IV�) evolves according to

IV�t+1 ¼ IV�t +�ðIVt � IV�t Þ: ð3Þ

Investors base their idiosyncratic volatility estimates on last period’s fore-

cast (IV�t ) and the forecast error (IVt � IV�t ). � governs the speed with

which investors update their forecasts and we consider � 2 ð0; 1Þ. Under

this specification, investors temporarily underreact to risk innovations.

However, in the absence of additional shocks (�), priced or perceived idio-

syncratic volatility will eventually converge with true idiosyncratic vola-

tility. When IVt ¼ IV�t , pt is determined solely by true idiosyncratic risk

(i.e., underreaction does not occur); this can be interpreted as the equilib-

rium stock price.
Under this model, we derive the expected gross return,

EtðRt+1Þ ¼ Et

pt+1+d

pt

� �

¼ Et

IV�t
IV�t+1

+�IV�t

� �

¼ Et

IV�t
IV�t +�ðIVt � IV�t Þ

+�IV�t

� �
:

ð4Þ

nonzero price of idiosyncratic risk. An idiosyncratic risk premiummay be caused by constraints or frictions that
limit investors’ ability to diversify (see Levy 1978; Merton 1987).
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It is important to note that in Equation (4), the expected return depends on
the representative investor’s idiosyncratic volatility forecast error
(IVt � IV�t ), the priced or perceived level of idiosyncratic volatility (IV�t ),
and the speed with which investors update their forecasts (�). If � is
known at time t, then the expected return in the following period becomes
known. This type of expected return process is based on the specification of
perceived idiosyncratic volatility in Equation (3), and the model’s assump-
tions that the expected cash flows are held constant throughout and discount
rates are determined solely by idiosyncratic risk. As a result, our model ab-
stracts away from cash-flow news and news about the other components of
discount rates. Under these assumptions, it is straightforward to show that if
perceived idiosyncratic volatility is too low (i.e., IVt > IV�t ), then the next
period’s expected return will be low (relative to the case in which IVt ¼ IV�t ).
This low expected return corresponds to an expected increase in priced idio-
syncratic volatility and the discount rate, which reduces the price of the stock.
Also, holding IVt � IV�t constant, higher perceived idiosyncratic volatility
will be associated with higher expected returns.

1.3 Empirical implications

The model implies that, controlling for the idiosyncratic volatility forecast
error (IVt � IV�t ), priced or perceived idiosyncratic volatility is positively
related to subsequent returns,

@EtðRt+1Þ

@IV�t
> 0: ð5Þ

Also, controlling for the level of priced idiosyncratic volatility, recent innov-
ations in idiosyncratic volatility are negatively related to subsequent returns.
Since innovations in idiosyncratic volatility are positively related to true idio-
syncratic volatility, Equation (4) is equivalent to testing,

@Et½Rt+1�

@IVt

< 0; ð6Þ

where Rt+1 is the time t + 1 gross return.
Equations (5) and (6) suggest that different idiosyncratic risk proxies can

offer conflicting evidence on the sign of the idiosyncratic risk-return relation.
Viewed from our framework, it is not surprising that empirical studies that
focus on recent data (e.g., Ang et al. 2006 use a trailing one-month window to
measure historical or true idiosyncratic volatility) often find a negative idio-
syncratic risk-return relation, while studies that focus more on distant data
(e.g., Lehmann 1990b uses five years ofmonthly data) aremore likely to find a
positive relation. This occurs because recent datamay not be fully assimilated
into prices (so that underreaction is relatively important), while distant data
are more likely to be fully priced. As a result, following Ang et al. (2006), our
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empirical proxy for true historical idiosyncratic volatility (IVt) is estimated
using the most recent data.7 And our empirical proxy for perceived idiosyn-
cratic volatility (IV�t ) is estimated using more distant data, to the extent that
distant information is more likely to be fully priced.8 True idiosyncratic vola-
tility may differ from perceived idiosyncratic volatility since our model as-
sumes that investors cannot react, or cannot slowly react, to idiosyncratic
volatility shocks. In Section 3, we describe the empirical proxies in details.We
show that historical idiosyncratic volatility estimated from both recent and
distant data are informative about future expected idiosyncratic volatility, but
they offer opposing pricing implications. We find evidence consistent with
investor underreaction to recent idiosyncratic risk innovations, as well as a
positive price of idiosyncratic risk.

1.4 Calibration and expected return response

In this section,we calibrate themodel to generate empirical predictions for the
idiosyncratic risk-return relation under investor underreaction. Figure 1 plots
the long-run response of expected return to a one-standard-deviation shock
to idiosyncratic volatility, which occurs at month zero, for various � values
(0.05, 0.2, 0.6, and 0.95). Higher� corresponds to less investor underreaction
(i.e., they adjust their forecast errors quickly to true level). Using empirical
data on idiosyncratic volatility (discussed in the data section) and the cali-
brated parameters c¼ 0.12, � ¼ 0:85; �� ¼ 0:2, and � ¼ 3, we show the long-
run response of expected returns to a positive idiosyncratic volatility shock in
Figure 1.

The return pattern in Figure 1 suggests that with idiosyncratic volatility
shocks, expected returns are negative for a few months, with the most nega-
tive return in month one. However, returns become positive over time as the
shock gradually decays. A reasonable interpretation of this return pattern is
that the negative returns in the short-run are likely attributable to a transitory
friction (i.e., underreaction to risk innovations), while the long-run (equilib-
rium) price of idiosyncratic risk is positive.9 Overall, Figure 1 is consistent
with the model’s implications of investor underreaction to idiosyncratic risk
innovations, resulting in predictable negative returns for a period of time as
the shock is gradually incorporated into prices. However, in the long run, as

7 This can also be seen from Table 1, which suggests that historical idiosyncratic volatility estimated using more
recent data (IVR) has higher explanatory power for future true idiosyncratic volatility than that estimated using
more distant data (IVD).For example, focusing on the six-month threshold andone-month IVR, the adjustedR2

is 0.47 using the most recent data versus 0.40 using more distant data. As a result, idiosyncratic volatility
estimated from the most recent data (IVR) is a good proxy for true idiosyncratic volatility (IVt).

8 In Table 1, when focusing on the one-month threshold and one-month IVR, the adjusted R2 is 0.37 using the
most recent data versus 0.45 using more distant data. This result suggests that when the threshold is short (e.g.,
one-month), idiosyncratic volatility estimated from more distant data (IVD) captures much information from
the recent data (IVR) and generates higher explanatory power for the future true idiosyncratic volatility.

9 In Figure 1, the long-run mean expected return to which the process is reverting is 0.08%.
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the price adjusts to incorporate the shock, the expected return will reflect the
underlying risk. We empirically confirm these predictions.
Price underreaction can have an important effect on empirical research

focused on the price of idiosyncratic risk. In the presence of investor under-
reaction, Figure 1 suggests that expected returns are negative for a period of
time after a positive shock to true idiosyncratic volatility. If underreaction
persists for several months, an empirical study that forms portfolios monthly
may infer that the idiosyncratic risk-return relation is negative. However,
Figure 1 was generated under an assumption of a positive price of idiosyn-
cratic risk. In the following sections, we examine the empirical results from the
data, and we obtain similar results consistent with this interpretation.

2. Data

2.1 Stock sample filters

This section describes the methods and data used in our empirical examin-
ation of the idiosyncratic risk-return relation. We obtain data from CRSP

Figure 1

Expected return response to a positive idiosyncratic volatility shock

This figure presents the long-run response of expected return to a one-standard-deviation shock to idiosyncratic
volatility for different � values 0.05, 0.2, 0.6, and 0.95. The parameters are calibrated with c ¼ 0.12,
� ¼ 0:85; �� ¼ 0:2, and � ¼ 3.
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and Compustat. Stocks with a lagged price less than one dollar are removed
from the sample. In the absence of such a filter, Ang et al. (2006, 2009) find a
negative cross-sectional relation between stock returns and idiosyncratic risk.
However, Bali and Cakici (2008) show that this result is driven by small,
illiquid stocks. Because our paper’s primary objective is to understand eco-
nomically important return patterns associated with idiosyncratic risk, we
impose a filter to remove small and illiquid stocks from the sample.

2.2 “Recent” and “distant” idiosyncratic volatility

Following Ang et al. (2006, 2009) and others, idiosyncratic volatility is calcu-
lated as the standard deviation of the residuals froma time-series regression of
individual stock returns on the contemporaneous factors of Fama and
French (1996),

ri;t ¼ �+�i;MKT MKTt+�i;HMLHMLt+�i;SMBSMBt+�i;t: ð7Þ

We show later in the paper that our results are robust to using the market
model (i.e., omitting the HML and SMB factors). Daily data are used in the
factor regressions.

We distinguish between “recent” historical idiosyncratic volatility (IVR;
calucated using data from day – t to day –7) and “distant” historical idiosyn-
cratic volatility (IVD; calculated using data from day�t� 365 to – t). t is the
threshold that partitions the historical data. Although the threshold t is based
on calendar days, we require at least t=2� 5 trading day observations to
calculate IVR and 125 trading day observations to calculate IVD.
Although we often focus on a six-month (183-day) IVR-IVD threshold,
thresholds of one and twelve months (38 and 365 days, respectively) are
also examined.10,11 When calculating IVR, we exclude data from the most
recent seven calendar days to alleviate the effects of short-term reversals.

2.3 Proxying for expected idiosyncratic volatility

Idiosyncratic volatility calculated from a relatively long historical time series
(six months or greater) of daily data is a good predictor, in the cross-section,
of subsequent realized idiosyncratic volatility. In particular, this measure of
historical idiosyncratic volatility is a better predictor than historical idiosyn-
cratic volatility calculated using a shorter (e.g., onemonth) time series of daily
data, historical idiosyncratic volatility calculated using monthly data, and
predicted idiosyncratic volatility from a monthly EGARCH model (as in

10 Theone-month threshold is set to 38 days because aweek is skippedbeforemeasuring returns.Given this skipped
week, a 31-day threshold corresponds to three weeks of data.

11 Our choice of IVR-IVD thresholds is guided by previous research related to price underreaction, which we
explore as an explanation of our results later in the paper. Bernard and Thomas (1989) and Jegadeesh and
Titman (1993) (respectively) show that earnings announcement underreactionandmomentumpersist for about a
year.
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Fu 2009). This can be seen in Table 1, where we report the time-series average
R2 of cross-sectional regressions of realized idiosyncratic volatility (calculated
using daily data) on IVR, IVD, andothermeasures of historical andpredicted
idiosyncratic volatility. Individually, IVR and IVDoffer the greatest explana-
tory power.12 Adding other measures to a model that includes IVR and IVD
yields essentially no increase in explanatory power. Also, one-month IVR is,
individually, a suboptimal predictor of subsequent idiosyncratic volatility.
Use of a longer historical sample (e.g., six-month IVR) or including IVD
yields greater explanatory power.
We conclude that historical idiosyncratic volatility calculated from a long

time series of daily data is an appealing instrument, in the cross-section, for
expected idiosyncratic volatility. This is important because, as stressed by Fu
(2009), theory relates expected risk and expected returns, not historical risk
and expected returns.13 For this reason, we use IVR and IVD (with various
thresholds) to investigate the idiosyncratic risk-return relation.

2.4 The cross-sectional distribution of idiosyncratic volatility

Table 2 reports descriptive statistics of single-sorted and sequentially sorted
stock portfolios, using a six-month IVR-IVD threshold.We refer to IVR- and
IVD-sorted portfolios as IVR1-IVR5 and IVD1-IVD5, respectively. We add

Table 1

Predictive cross-sectional idiosyncratic volatility regressions, R2

One-year IV One-month IV

IVR-IVD threshold IVR-IVD threshold

Explanatory variables 1 6 12 1 6 12

IVR 0.55 0.78 0.75 0.37 0.47 0.47
IVD 0.72 0.59 0.52 0.45 0.40 0.35
IVM 0.45 0.45 0.45 0.30 0.30 0.30
PV(1,1) 0.28 0.28 0.28 0.18 0.18 0.18
PV(i,j) 0.12 0.12 0.12 0.08 0.08 0.08
IVR, IVD, IVM, PV(1,1), PV(i,j) 0.77 0.80 0.76 0.50 0.50 0.48

This table reports time-series averages of R2 from monthly cross-sectional regressions of realized idiosyncratic
volatility on an intercept, IVR, IVD, 60-month trailing idiosyncratic volatility calculated using monthly data
(IVM), out-of-sample conditional idiosyncratic volatility derived from an EGARCH (1, 1)model (PV(1,1)), and
out-of-sample predicted idiosyncratic volatility derived from the best-fittingEGARCH(i,j)model, where i; j � 3
(PV(i,j)). Results are reported for one-year (365-day) realized idiosyncratic volatility (Columns 2-4) and one-
month (31-day) realized idiosyncratic volatility (Columns 5-7). Data span 1966-2012.

12 These results are similar to those of Guo, Kassa, and Ferguson (2014), who find that one-month historical
idiosyncratic volatility is a better predictor of subsequent idiosyncratic volatility than predicted volatility from a
monthly EGARCH model.

13 As noted by Fu (2009), historical idiosyncratic volatility need not be a good point estimate of expected idiosyn-
cratic volatility. However, historical idiosyncratic volatility may still be useful when forming portfolios with
dispersion in expected idiosyncratic volatility, or when generating a point estimate of expected idiosyncratic
volatility (e.g., through an AR(1) model).
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an “S” to indicate a sequentially sorted portfolio. For example, IVRS port-
folios are formed by first sorting stocks on IVD into quintiles, and thenwithin

each IVD quintile, stocks are further sorted into subquintiles by IVR. IVRS1
is the portfolio of stocks with the lowest IVR within each IVD portfolio, and

IVRS5 is the portfolio of stocks with the highest IVR within each IVD port-
folio.14 The columns labeled IVR and IVD report the idiosyncratic volatility

associated with each portfolio (e.g., the IVR5 portfolio contains stocks with

an average daily idiosyncratic volatility of 5.44% over the recent historical
period (IVR) and 4.93% over the distant historical period (IVD)). Table 2

demonstrates that a single sort on IVD is very similar to a sort on IVR; both
IVDand IVR increase in a similarway from IVR1 to IVR5and from IVD1 to

Table 2

Idiosyncratic volatility-sorted portfolio descriptive statistics

Sort IVR IVD IVC ME MB PRET6 PRET1 MAXRET ILLIQ Cap. share �Earn

All 2.81 2.82 �0.01 11.79 0.39 6.75 1.41 0.94 0.07 2.07
All SD 1.73 1.65 1.14 1.80 0.91 28.37 13.33 1.08 0.06 19.54
IVR1 1.15 1.32 �0.17 13.05 0.43 5.05 0.92 0.43 0.03 0.56 1.08
IVR2 1.76 1.91 �0.15 12.63 0.39 6.17 1.16 0.62 0.04 0.26 1.18
IVR3 2.40 2.55 �0.15 11.91 0.39 6.73 1.27 0.83 0.06 0.11 1.04
IVR4 3.27 3.38 �0.11 11.18 0.40 6.35 1.21 1.10 0.08 0.05 1.54
IVR5 5.44 4.93 0.52 10.19 0.36 9.48 2.50 1.72 0.13 0.02 5.80
IVD1 1.29 1.19 0.10 13.08 0.42 5.04 1.03 0.46 0.03 0.58 1.13
IVD2 1.88 1.81 0.07 12.63 0.38 5.84 1.18 0.65 0.04 0.25 1.19
IVD3 2.51 2.45 0.06 11.89 0.37 6.13 1.23 0.86 0.06 0.11 1.31
IVD4 3.34 3.30 0.04 11.16 0.38 6.13 1.29 1.12 0.08 0.05 1.85
IVD5 5.01 5.34 �0.34 10.20 0.43 10.64 2.32 1.61 0.12 0.02 4.93
IVRS1 1.82 2.55 �0.73 12.12 0.42 6.10 0.94 0.67 0.04 0.30 1.24
IVRS2 2.28 2.67 �0.39 12.01 0.42 6.55 1.12 0.79 0.05 0.22 1.35
IVRS3 2.63 2.78 �0.15 11.88 0.41 6.58 1.24 0.89 0.06 0.20 1.72
IVRS4 3.07 2.92 0.15 11.69 0.39 6.83 1.42 1.01 0.07 0.17 2.30
IVRS5 4.23 3.17 1.06 11.26 0.32 6.71 2.32 1.34 0.10 0.12 3.84
IVDS1 2.55 1.83 0.72 12.20 0.33 4.74 1.27 0.84 0.06 0.33 1.94
IVDS2 2.65 2.33 0.31 12.00 0.37 5.61 1.29 0.88 0.06 0.22 1.90
IVDS3 2.75 2.69 0.06 11.85 0.40 6.71 1.36 0.92 0.06 0.19 2.05
IVDS4 2.89 3.11 �0.22 11.66 0.42 7.63 1.49 0.98 0.07 0.16 2.14
IVDS5 3.18 3.18 �0.94 11.25 0.43 9.08 1.64 1.08 0.07 0.10 2.38

This table reports time-series averages of idiosyncratic volatility sorted stock portfolio characteristics. For all
stocks, characteristicmeans (All) and standarddeviations (All SD) are reported. For sorted stockportfolios, only
means are reported. Characteristics are distant idiosyncratic volatility (IVD), recent idiosyncratic volatility
(IVR), the change in idiosyncratic volatility (IVC, defined as IVR-IVD), log of the market value of equity
(ME), log of the market-to-book ratio (MB), 1- and 6-month prior returns (PRET1 and PRET6), log of the
trailing one-year average of the absolute value of the daily return divided by dollar volume (ILLIQ; see Amihud
2002), maximum daily return over the last omnth (MAXRET; see Bali et al. 2011), market capitalization share,
and earnings change contemporaneous with the IVRmeasurement period (defined as one-year earnings ending
in the IVR measurement period less lagged one-year earnings, with the difference scaled by lagged market
capitalization). Volatility and returns are reported as a percent. IVD and IVR quintile portfolios are formed
by sorting stocks by IVD and IVR (respectively). IVRS portfolios are formed by first sorting stocks on IVD into
quintiles, then within each IVD quintile, stocks are further sorted into subquintiles by IVR. IVRS1 is the
portfolio of stocks with the lowest IVR within each IVD portfolio, and IVRS5 is the portfolio of stocks with
the highest IVR within each IVD portfolio. IVDS portfolios are formed similarly. Data span 1966-2012.

14 Similarly, IVDS portfolios are formed by first sorting stocks on IVR into quintiles, and then within each IVR
quintile, stocks are further sorted into subquintiles by IVD. IVDS1 is the portfolio of stocks with the lowest IVD
within each IVR portfolio, and IVDS5 is the portfolio of stocks with the highest IVDwithin each IVR portfolio.
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IVD5. This occurs because idiosyncratic volatility, not surprisingly, exhibits
positive autocorrelation.15 However, sequential sorts break the tight link be-
tween IVD and IVR. The IVDS portfolios exhibit substantial variation in
IVD and little variation in IVR. Similarly, the IVRS portfolios exhibit sub-
stantial variation in IVR but little variation in IVD.
Table 2 also reports the mean change in idiosyncratic volatility (IVC,

defined as the difference between IVR and IVD) for the portfolios. Both
the IVRS- and IVDS-sorted portfolios exhibit substantial variation and are
monotonic in IVC. This occurs because varying IVR while holding IVD
constant is equivalent to varying IVC while holding IVD constant. Then
the IVRS and IVDS portfolios can be used to examine the relation between
idiosyncratic risk innovations and subsequent returns.

2.5 Idiosyncratic volatility and firm size

Table 2 contains additional portfolio descriptive statistics. On average, high
idiosyncratic volatility stocks are small and illiquid. A difficulty encountered
when interpreting the returns of hedge portfolios formed by single sorts on
idiosyncratic volatility (e.g., IVR5 less IVR1) is that such sorts are similar to a
sort on size or liquidity (i.e., high idiosyncratic volatility portfolios tend to
contain many small, illiquid stocks and the reverse). Then, any difference in
mean returns across the portfolios could be driven by a subset of small, illi-
quid firms. This could be true even if portfolio returns are value weighted;
because the average firm in the IVR5 and IVD5 portfolio is small, even small
stocks could receive a large portfolio weight. For this reason, return patterns
associated with small stocks (e.g., bid-ask bounce, reversals, short-selling
constraints) are a plausible explanation for anomalous returns associated
with the IVR5 or IVD5 portfolios or any portfolios formed from these port-
folios (e.g., the IVR hedge portfolio). Also, nonzero mean returns of IVD or
IVR hedge portfolios may have little economic importance because the re-
turns may be driven by a small subset of small stocks.
Such concerns are alleviated when examining the returns of the IVRS and

IVDS hedge portfolios because, by construction, the IVRS5 hedge portfolio
must contain stocks from the IVD1 portfolio (which consists of many large
stocks). Similarly, the IVDS5 portfolio must contain stocks from the IVR1
portfolio. Also, the IVRS portfolios can be interpreted as a sorting procedure
that induces variation in IVR, while controlling for IVD; this should alleviate
microstructure concerns because idiosyncratic risk innovations are less obvi-
ously related to liquidity and size than idiosyncratic risk levels. Consistent
with this, the IVRS and IVDS portfolios exhibit muchmore size balance than
the IVR and IVD portfolios. For example, the IVR5 portfolio consists of, on

15 Consistent with this, the cross-sectional IVR-IVD correlation is quite high. The time-series average of the
IVR-IVDcross-sectional Pearson correlation is 0.78. The time-series average of the Spearman correlation is 0.87.
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average, 2% of total market capitalization. The IVRS5 portfolio consists of,
on average, 12% of total market capitalization.

3. The Cross-Sectional Price of Idiosyncratic Volatility

In this section, we explore the relation between idiosyncratic volatility and the
cross-section of returns. Our model suggests that priced or perceived idiosyn-
cratic volatility is positively related to subsequent returns,

@EtðRt+1Þ

@IV�t
> 0: ð8Þ

Also, ourmodel suggests that true idiosyncratic volatility is negatively related
to subsequent returns,

@EtðRt+1Þ

@IVt

< 0: ð9Þ

Following Ang et al. (2006), our empirical proxy for true historical idiosyn-
cratic volatility (IVt) is estimated using the most recent data. And our empir-
ical proxy for perceived idiosyncratic volatility (IV�t ) is estimated using more
distant data, to the extent that distant information is more likely to be fully
assimilated into prices. True idiosyncratic volatilitymay differ from perceived
idiosyncratic volatility since our model assumes that investors cannot react,
or they slowly react, to idiosyncratic volatility shocks.We empirically confirm
the predictions of our model using portfolio analysis and stock-level cross-
sectional regressions.

3.1 Portfolio analysis

In this section, we examine the idiosyncratic risk-return relation using port-
folio level analysis. Panel A of Table 3 reports the mean returns of the hedge
(high-minus-low idiosyncratic volatility) portfolio for the IVD, IVR, IVDS,
and IVRS sorting procedures. We report raw portfolio returns and a four-
factor alpha (using the three factors of Fama and French 1996 and a mo-
mentum factor). Equal- and value-weighted returns are reported for IVR-
IVD thresholds of one, six, and twelve months.

Table 3 confirms the findings of Ang et al. (2006). The one-month IVR
hedge portfolio has a negative mean return, especially under value weighting
or when using the risk-adjustment model. However, this relation is often not
significant when examining raw or equal-weighted returns. IVRS hedge port-
folio mean returns are always negative and highly statistically significant. For
example, using a six-month IVR-IVD threshold, the equal-weighted IVRS
hedge portfolio has a mean return of -51.8 basis points per month, with a
heteroscedasticity-robust t-statistic of -4.25. For each threshold and weight-
ing scheme, the statistical evidence for a negative IVRS-return relation is
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Table 3

Idiosyncratic volatility-sorted hedge portfolio returns

Panel A: One-month IVR-IVD threshold

EW raw EW alpha VW raw VW alpha

IVR �0.363 �0.480*** �0.683*** �0.844***
(0.278) (0.178) (0.284) (0.174)

IVD �0.042 �0.259 �0.446 �0.737***
(0.306) (0.191) (0.334) (0.195)

IVRS 0.549*** �0.504*** �0.683*** �0.668***
(0.086) (0.074) (0.121) (0.105)

IVDS 0.301* 0.096 �0.028 �0.276**
(0.161) (0.104) (0.186) (0.130)

Panel B: Six-month IVR-IVD threshold

EW raw EW alpha VW raw VW alpha

IVR �0.212 �0.405*** �0.680** �0.964***
(0.303) (0.190) (0.339) (0.193)

IVD 0.134 �0.121 �0.237 �0.515***
(0.294) (0.183) (0.313) (0.176)

IVRS �0.518*** �0.526*** �0.670*** �0.705***
(0.122) (0.097) (0.154) (0.128)

IVDS 0.522*** 0.367*** 0.280** 0.065
(0.102) (0.081) (0.127) (0.114)

Panel C: Twelve-month IVR-IVD threshold

EW raw EW alpha VW raw VW alpha

IVR �0.015 �0.266 �0.490 �0.846***
(0.305) (0.187) (0.333) (0.193)

IVD 0.230 �0.029 �0.153 �0.410**
(0.283) (0.174) (0.301) (0.174)

IVRS �0.372** �0.443** �0.573*** �0.646***
(0.141) (0.102) (0.166) (0.135)

IVDS 0.448*** 0.355*** 0.338*** 0.258**
(0.084) (0.076) (0.107) (0.112)

Panel D: Monthly measures

EW raw EW alpha VW raw VW alpha

EGARCH (i, j) �0.030 �0.123 �0.010 �0.193
(0.223) (0.136) (0.241) (0.135)

IVM �0.163 �0.250 �0.328 �0.446***
(0.290) (0.164) (0.296) (0.156)

This table reports monthly returns (in percent) of idiosyncratic volatility-sorted hedge portfolios. Portfolios are
reformed monthly from 1966-2012. Equal- and value-weighted raw returns and four-factor alphas (using the
three factors of Fama and French 1996 and a momentum factor) are reported. Panels A, B, and C report mean
returns of hedge portfolios formed by sorts on recent historical idiosyncratic volatility (IVR, calculated over the
last one, six, or twelve months), distant historical idiosyncratic volatility (IVD, calculated over the year prior to
IVR), sequential sorts on IVR then IVD (IVDS), and sequential sorts on IVD then IVR (IVRS). PanelD reports
mean returns of hedge portfolios formed by a sort on the last five years of idiosyncratic volatility using monthly
data (IVM) and out-of-sample predicted volatility from the best fitting EGARCH(i, j) model, where i; j � 3 (see
Fu 2009; Fink, Fink, and He 2012; Guo, Kassa, and Ferguson 2014). Newey-West standard errors are reported
below the returns. *, **, and *** indicate significance at the 10%, 5%, and 1% level, respectively.
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stronger than the evidence for a negative IVR-return relation. Therefore,

controlling for distant idiosyncratic volatility reveals a stronger relation be-

tween recent idiosyncratic volatility and returns.
The IVDS hedge portfolio mean return is always positive and significant

when using a twelve-month IVR-IVD threshold, always positive and gener-

ally statistically significant when using a six-month threshold, and generally

insignificant when using a one-month threshold. Therefore, this analysis re-

veals, under certain conditions, a positive relation between idiosyncratic risk

and subsequent returns.
Panel D of Table 3 reports mean returns of hedge portfolios formed using

idiosyncratic risk proxies generated from monthly data. The IVM hedge

portfolio is formed by sorting stocks on idiosyncratic volatility calculated

from monthly data. The IVM hedge portfolios mean raw returns are insig-

nificant, although the alpha is negative under value weighting.We also report
the mean returns of a hedge portfolio formed by sorting on predicted vola-

tility from the best-fitting EGARCH (i,j) model for each stock, where i; j � 3

(following Fu 2009). There is little evidence of nonzero returns when examin-

ing the EGARCH (i,j) hedge portfolio. This is consistent with Guo, Kassa,
and Ferguson (2014) and Fink, Fink, andHe (2012), who show that use of an

unbiased estimator results in an insignificant relation.
Overall, Table 3 suggests that IVD is positively related to future returns,

and IVR is negatively related to future returns. These results are consistent

with our model of investor underreaction to risk innovations.

3.2 Fama-MacBeth regressions

So far we have tested the significance of IVR and IVD as a determinant of the

cross-section of future stock returns at the portfolio level. This portfolio-level

analysis has the advantage of being nonparametric in the sense that we do not
impose a functional form on the relation between idiosyncratic volatility and

future stock returns. The portfolio-level analysis also has two potentially

significant disadvantages. First, it throws away a large amount of information

in the cross-section via aggregation. Second, it is a difficult setting in which to

control for multiple effects or stock characteristics simultaneously.
Consequently, we now examine the cross-sectional relation between IVR,

IVD, and expected returns at the stock level using Fama and MacBeth

(1973) regressions:

ri;t+1 ¼ �+�t;IVDIVDi;t+�t;IVRIVRi;t+�tXt+�i;t; ð10Þ

where X is a vector of controls. This specification allows us to examine the
partial IVR and IVD return relations. Our model implies that �t;IVD > 0 and

�t;IVR < 0. Our focus on partial IVR and IVD return relations is motivated

by our belief that investors may react differently to recent and distant
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historical idiosyncratic volatility, perhaps due to underreaction to idiosyn-

cratic risk innovations.
Our specification includes IVR and IVD in levels. We also examine a re-

gression of returns on IVR and IVC (equal to IVR–IVD). This regression can

be interpreted as a horse race between idiosyncratic risk levels and innov-

ations as explanatory variables. Cross-sectional regressions are run using

both OLS and WLS (with weights equal to market capitalizations).16 The

OLS andWLS regressions correspond to equal-weighted and value-weighted

approachs (respectively).
Stock characteristics considered in the cross-sectional regressions are

market capitalization, market-to-book ratio, prior returns from month -6

to month -2, prior returns over month -1, illiquidity,17 and the maximum

daily return over the prior month (see Bali, Cakici, and Whitelaw 2011). We

consider the latter because this characteristic appears to be informative about

expected skewness. Results are robust to using other skewness measures,

including expected skewness as constructed by Boyer, Mitton, and Vorkink

(2010) and historical skewness.
Table 4 reports results using a one-, six-, and twelve-month IVR-IVD

threshold. Consistent with the results of Ang et al. (2006), one-month IVR,

as the sole explanatory variable, is negatively related to subsequent returns.

However, as the sole explanatory variable, IVR is not significant in any of the

WLS regressions. This suggests that the negative IVR-return relation is only

important for smaller stocks. Also, the negative IVR-return relation is stron-

gest for one-month IVR and weakest (insignificant) for twelve-month IVR,

even when using OLS. This is troubling if one interprets the negative IVR-

return relation as evidence supporting a negative idiosyncratic risk-return

relation because use of a stronger proxy for idiosyncratic risk (twelve-

month IVR; see Table 1) yields a weak, and sometimes insignificant, idiosyn-

cratic risk-return relation.
Regressions with both IVR and IVC suggest that there is a more robust

relation between idiosyncratic risk innovations and subsequent returns than

idiosyncratic risk levels and subsequent returns. In each of these regressions,

the t-statistic associated with the IVC parameter is larger in magnitude than

the t-statistic associated with the IVR parameter. Of these six regressions,

IVR is marginally significant in one case, and insignificant in the others. IVC

is always significant, usually at the 1% level. These results suggest that idio-

syncratic risk innovations, rather than levels, drive returns, particularly when

using better proxies for idiosyncratic risk (six- and twelve-month IVR).

16 UnderWLS, weminimize ?wie
2
i , wherewi is market capitalization and ei is the difference between the actual and

fitted return. Under OLS, wi ¼ 1.

17 Following Amihud (2002), illiquidity is calculated as the log of the trailing one-year average of daily
jRi;tj=DVOLi;t, where Ri;t is the return of stock i on day t and DVOL is dollar volume.
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Table 4

Fama-MacBeth cross-sectional regressions with idiosyncratic volatility

Panel A: One-month IVR-IVD threshold

Weight IVR IVD IVC ME MB PRET1 PRET6 ILLIQ MAXRET

OLS �0.157***
(0.045)

OLS �0.118* �0.124**
(0.066) (0.064)

OLS �0.241*** 0.124***
(0.021) (0.056)

OLS �0.110*** 0.005 0.071 �0.215*** �0.051*** 0.008*** 0.185*** �2.747***
(0.024) (0.055) (0.055) (0.044) (0.004) (0.002) (0.048) (0.752)

WLS �0.079
(0.072)

WLS �0.068 �0.036
(0.186) (0.091)

WLS �0.104** 0.036
(0.040) (0.091)

WLS �0.248*** �0.115 �0.092** �0.088 �0.031*** 0.009*** 0.027 3.170**
(0.044) (0.089) (0.055) (0.069) (0.006) (0.003) (0.045) (1.570)

Panel B: Six-month IVR-IVD threshold

Weight IVR IVD IVC ME MB PRET1 PRET6 ILLIQ MAXRET

OLS �0.121*
(0.063)

OLS �0.066 �0.284***
(0.068) (0.042)

OLS �0.350*** 0.284***
(0.043) (0.042)

OLS �0.323*** 0.255*** 0.082 �0.234*** �0.052*** 0.009*** 0.188*** �2.943***
(0.039) (0.043) (0.055) (0.044) (0.004) (0.002) (0.048) (0.622)

WLS �0.089
(0.098)

WLS �0.024 �0.262***
(0.108) (0.078)

WLS �0.286*** 0.262***
(0.079) (0.078)

WLS �0.406*** 0.160*** �0.079 �0.098 �0.030*** 0.009*** 0.028 0.272
(0.069) (0.078) (0.055) (0.069) (0.006) (0.003) (0.044) (1.316)

Panel C: Twelve-month IVR-IVD threshold

Weight IVR IVD IVC ME MB PRET1 PRET6 ILLIQ MAXRET

OLS �0.064
(0.067)

OLS �0.023 �0.242***
(0.068) (0.036)

OLS �0.265*** 0.242***
(0.058) (0.036)

OLS �0.179*** 0.202*** 0.098* �0.241*** �0.051*** 0.008*** 0.182*** �4.409***
(0.052) (0.034) (0.055) (0.044) (0.004) (0.002) (0.048) (0.606)

WLS �0.056
(0.104)

WLS 0.000 �0.269***
(0.110) (0.076)

WLS �0.269*** 0.269***
(0.096) (0.075)

(continued)
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Consistent with innovations, rather than levels, driving returns, the IVR-

return relation is far stronger when controlling for IVD (varying IVR while

controlling for IVD is equivalent to varying IVC while controlling for IVD).

For example, in the twelve-month IVR-IVD threshold OLS regression,

including IVD decreases the IVR parameter from -0.064 to -0.265, and the

t-statistic from -0.95 to -4.58. Similarly, the IVR parameter is not significant

in the univariate WLS regressions, although controlling for IVD reveals a

significant IVR parameter.
Table 4 suggests that the estimated IVR and IVD parameters are of a

similar magnitude, but have opposing signs (the estimated IVR parameter

is always negative and the estimated IVD parameter is always positive). This

is also consistent with a negative relation between idiosyncratic risk innov-

ations (IVR–IVD) and subsequent returns. In addition, the IVD and IVR

parameters have similar magnitudes in the equal- and value-weighted regres-

sions. This suggests that the IVR and IVD return relations are pervasive, not

likely to be explained by return patterns associated with small stocks (e.g.,

bid-ask bounce or reversals), and likely relevant to the average investor. In

contrast, in the WLS regression with only IVR, the slope parameter is never

significant. Therefore, the results of this section suggest that the return pat-

terns documented in this paper are of greater economic importance than

previously documented results related to idiosyncratic risk.
Overall, the empirical results of Table 4 are consistent with the model of

investor underreaction. Controlling for IVD, IVR is negatively related to

subsequent returns. Controlling for IVR, IVD is positively related to subse-

quent returns. In a horse race between IVR and IVC, IVC is generally highly

significant, while IVR is not. These results suggest that risk innovations,

rather than risk levels, are driving the relation with subsequent returns.

Table 4

Continued

Panel C: Twelve-month IVR-IVD threshold

Weight IVR IVD IVC ME MB PRET1 PRET6 ILLIQ MAXRET

WLS �0.366*** 0.181*** �0.063 �0.097 �0.030*** 0.008*** 0.036 �0.767
(0.086) (0.071) (0.055) (0.069) (0.006) (0.003) (0.044) (1.280)

This table reports the average slope coefficients from theFamaandMacBeth (1973) cross-sectional regressions of
one-month-ahead stock excess returns on lagged stock characteristics. Characteristics are recent historical idio-
syncratic volatility (IVR), distant idiosyncratic volatility (IVD), the log of the market value of equity (ME), the
log of the market-to-book ratio (MB), 1- and 6-month prior returns (PRET1 and PRET6), a measure of
illiquidity (ILLIQ) based on Amihud (2002), and the maximum daily return over the last month (MAXRET;
see Bali et al. 2011). Results are reported using an IVR-IVD threshold of one, six, and twelvemonths. Results are
reported for a standard cross-sectional regression (OLS) and a cross-sectional regression in which each obser-
vation is weighted by market capitalization (WLS). Data are monthly and span 1966-2012. Newey-West stand-
ard errors are reported below the slope coefficients to determine the statistical significance of the coefficients.
�; ��, and *** indicate significance at the 10%, 5%, and 1% level, respectively.
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4. Longer Holding Period

So far we have tested that idiosyncratic risk innovations are negatively related
to subsequent returns. However, risk innovations and risk levels are corre-
lated (see Table 2). To separate the effects of idiosyncratic risk levels and
innovations, we examine the significance of a cross-sectional relation between
idiosyncratic volatility and longer horizon future returns. This ismotivated by
the empirical fact that risk innovations are not very persistent, while risk levels
are quite persistent. Therefore, oneway to separate the effects of idiosyncratic
risk levels and innovations is to examine returns for many months after port-
folio formation. Provided the effects of risk levels aremore persistent than the
effects of risk innovations, sufficiently deferred hedge portfolio returns should
primarily reflect the price of idiosyncratic risk.

Importantly, examining deferred returns will only be useful if idiosyncratic
volatility is persistent. The time-series average of the cross-sectional correl-
ation between six-month IVR and the six-month IVR in three, five, and ten
years after portfolio formation is 0.56, 0.50, and 0.44, respectively (the
Spearman correlations are 0.82, 0.77 and 0.68, respectively). This can also
be seen in Figure 2, which presents the results of this section graphically. In
particular, the dashed plot shows the evolution of the difference in IVRacross
the high and low idiosyncratic volatility portfolios. Even after ten years, the
equal-weighted IVR difference of 0.028 (and value-weighted difference of
0.022) is large compared to the average cross-sectional mean and standard
deviation of IVR (0.028 and 0.017; see Table 2).We conclude that IVR can be
reasonably used to form portfolios with dispersion in expected idiosyncratic
volatility long after portfolio formation.

Table 5 reports twelve-month equal-weighted returns of idiosyncratic vola-
tility-sorted hedge portfolios for up to ten years after portfolio formation.
First, we note that the return patterns documented in the prior section are not
very persistent. The negative returns of the equal-weighted IVRS hedge port-
folio persist for only twelve months after portfolio formation. In fact, the
twelve-month equal-weighted IVR hedge portfolio raw return is slightly posi-
tive. Although Table 5 does not report value-weighted results, Figure 2 indi-
cates that the negative idiosyncratic risk-return relation is not very persistent
even for value-weighted returns. In this figure, equal-weighted IVR hedge
portfolio returns are negative for about fivemonths after portfolio formation,
while value-weighted returns are negative for about one year. In both cases
the negative returns are largest in magnitude in the month immediately after
portfolio formation, and then they quickly attenuate. After about eighteen
months, the monthly returns of both equal- and value-weighted hedge port-
folios are always positive.

In Table 5, the mean returns of every equal-weighted idiosyncratic volatil-
ity-sorted portfolio (IVR, IVD, IVRS, and IVDS) are always positive starting
twelve months after portfolio formation (although these returns are not
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Figure 2

Idiosyncratic volatility hedge portfolio returns

This figure displays mean returns and dispersion in idiosyncratic volatility of high-low idiosyncratic volatility
hedge portfolios, bymonth after portfolio formation. Idiosyncratic volatility is calculated as six-month historical
idiosyncratic volatility (IVR). Portfolios are reformed monthly from 1966-2012. Value-weighted returns are
calculated using weights at month zero. IV difference is the difference in return measurement period IVR across
the extreme quintile portfolios.
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always significant). Starting about five years after portfolio formation,

twelve-month returns of the IVR and IVD hedge portfolio are generally

around 6% and always at least marginally significant. Combined with previ-

ously reported results, this provides evidence that a single measure of idio-

syncratic risk (IVR) can be sometimes positively and sometimes negatively

related to subsequent returns, depending on the return measurement period.

The long-run positive relation is consistent with theory, which predicts a

nonnegative price of idiosyncratic risk. Indeed, compensation for risk

seems a particularly appealing explanation for the long-run positive returns

in Table 5 andFigure 2, asmost types ofmispricing are likely correctedwithin

five years. In untabulated results, we find that the long-run positive returns of

idiosyncratic volatility-sorted portfolios are robust to the use of different

return aggregation periods and IVR-IVD thresholds (including the use of

one-month IVR), value weighting, and controlling for size and liquidity.

Overall, this evidence suggests that the underlying price of idiosyncratic

risk is positive, with the negative returns immediately after portfolio forma-

tion likely attributable to investor underreaction to risk innovations.

Table 5

Twelve-month returns of historical idiosyncratic volatility-sorted hedge portfolios for ten years after

portfolio formation

Return (months) IVR IVD IVRS IVDS IVR VW

R1;12 2.46 3.74 �1.10** 3.61*** �3.24
(1.78) (1.76) (0.52) (1.06) (1.94)

R13;24 5.40 4.83 2.00 1.34* 0.37
(3.17) (3.09) (1.06) (0.71) (2.80)

R25;36 4.42 3.78 1.91 0.64 2.01
(2.63) (2.56) (1.53) (0.48) (1.59)

R37;48 4.13 4.26 1.13 1.32 3.58
(2.50) (2.55) (1.46) (1.53) (1.98)

R49;60 5.53* 5.47* 1.46 1.59 4.31
(2.83) (2.85) (0.83) (0.93) (2.93)

R61;72 5.65* 5.94** 1.19 2.32** 5.01*
(2.68) (2.61) (0.86) (0.87) (2.59)

R73;84 5.78** 5.43* 1.64* 1.70* 5.19**
(2.54) (2.56) (0.80) (0.91) (2.49)

R85;96 6.13** 5.87** 2.31** 0.87 6.43***
(2.71) (2.46) (0.86) (0.86) (2.56)

R97;108 5.93*** 6.19*** 1.46* 1.46 6.33***
(2.37) (2.48) (0.74) (1.01) (2.29)

R109;120 6.21** 6.02** 1.78* 1.58 5.49**
(2.66) (2.67) (0.99) (1.09) (2.74)

This table reports returns (in percent) of equal-weighted idiosyncratic volatility-sorted hedge portfolios for
months 1-120 subsequent to portfolio formation, in twelve-month increments. Portfolios are reformed monthly
from 1966-2012. Hedge portfolios are formed by single sorts on recent historical idiosyncratic volatility (IVR,
calculated over the last six months), distant historical idiosyncratic volatility (IVD, calculated over the year prior
to IVR), sequential sorts on IVR then IVD (IVDS), and sequential sorts on IVD then IVR (IVRS). The IVRVW
column reports value-weighted results with weights determined at month zero. Newey-West standard errors are
reported below eachmean return. �; ��, and *** indicate significance at the 10%, 5%, and 1% level, respectively.
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5. Robustness Checks and Alternative Explanations

5.1 Market model and alternative samples

The primary sample consists of data from 1966-2012. This facilitates

comparison to the work of Ang et al. (2006), who examine a similar

sample. In this section, we examine the robustness of our results to two

changes. First, we compute idiosyncratic volatility using the market

model rather than the three-factor model. Second, we consider an ex-

panded sample (1929-2012).
Under the market model, idiosyncratic volatility is the standard deviation

of the residuals from a time-series regression of a stocks returns on the returns

of the value-weighted stock index. Idiosyncratic volatility calculated under

the market model is highly correlated with idiosyncratic volatility calculated

under the three-factor model (pooled sample correlation in excess of 0.99).

Therefore, idiosyncratic risk estimates appear to be insensitive to this change

in empirical models.
Table 6 reports twelve-month mean returns of hedge portfolios for ten

years subsequent to portfolio formation. Results in Table 6 are generally

similar to those in Table 5, although we use an expanded sample and the

Table 6

Twelve-month returns of historical idiosyncratic volatility-sorted hedge portfolios for ten years after

portfolio formation, market model

Return (months) IVR IVD IVRS IVDS

R1;12 6.88** 7.07** 1.95 2.85***
(3.08) (2.88) (1.39) (1.05)

R13;24 8.30*** 7.22*** 3.79*** 1.80*
(3.00) (2.72) (1.50) (0.96)

R25;36 8.36*** 8.02*** 2.93** 2.34***
(3.17) (2.92) (1.42) (1.00)

R37;48 6.86*** 6.89*** 1.93** 2.96***
(2.52) (2.46) (0.96) (0.98)

R49;60 6.45*** 6.04** 2.28*** 2.28***
(2.38) (2.27) (0.97) (0.88)

R61;72 6.57*** 6.33*** 2.15** 2.36***
(2.31) (2.15) (1.03) (0.89)

R73;84 6.38*** 6.01*** 2.19* 1.86*
(2.38) (2.24) (1.19) (0.97)

R85;96 6.23*** 5.50*** 2.84*** 1.22
(2.18) (1.97) (1.14) (0.87)

R97;108 6.10*** 5.72*** 2.61*** 1.09
(1.96) (1.90) (0.91) (0.87)

R109;120 6.34*** 5.44*** 2.93*** 0.54
(1.90) (1.86) (0.87) (0.89)

This table reports returns (in percent) of equal-weighted idiosyncratic volatility-sorted hedge portfolios for
months 1-120 subsequent to portfolio formation, in twelve-month increments. Idiosyncratic volatility is com-
puted using themarketmodel. Portfolios are reformedmonthly from1966-2012.Hedge portfolios are formedby
single sorts on recent historical idiosyncratic volatility (IVR, calculatedover the last sixmonths), distant historical
idiosyncratic volatility (IVD, calculated over the year prior to IVR), sequential sorts on IVR then IVD (IVDS),
and sequential sorts on IVD then IVR (IVRS). Newey-West standard errors are reported below each mean
return. �; ��, and *** indicate significance at the 10%, 5%, and 1% level, respectively.
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market model. Twelve months after portfolio formation, the mean returns of
the IVR, IVD, IVRS, and IVRS portfolios are always positive and generally
significant. Therefore, use of the market model and an expanded sample
provides additional evidence that the underlying idiosyncratic risk-return re-
lation is positive.

5.2 Alternative explanations

An alternative explanation of our results is that the short- and long-run re-
lations are distinct. Perhaps idiosyncratic risk can be thought of as a com-
posite stochastic process, with a short-run and long-run component, where
each component is priced differently. However, simultaneously asserting a
positive risk premium for long-run idiosyncratic risk and a negative risk
premium for short-run idiosyncratic risk does not seem sensible. It is possible
that the short-run idiosyncratic risk-return relation is not driven by idiosyn-
cratic risk, but some characteristic correlated with idiosyncratic risk (e.g., one
of the explanations of the negative relation discussed above). However, as
discussed above, the negative relation between idiosyncratic risk and returns
is fragile and seems to be driven by innovations in idiosyncratic risk. Still, the
short-run relation could be caused by some characteristic correlated with
idiosyncratic risk innovations. However, we have controlled for many
return patterns that may plausibly explain this relation (e.g., short-term re-
versals, bid-ask bounce, and liquidity). A remaining alternative explanation
for the short-run relation is temporary misreaction to cash-flow news. It is
difficult to fully eliminate this possibility because cash-flow news is difficult to
measure (see Chen and Zhao 2009). However, we control for the portion of
prior cash-flow news that is correlated with prior returns, which is likely
substantial.

5.3 Cash flows and the contemporaneous idiosyncratic risk-return relation

Table 2 shows that, on average, high idiosyncratic volatility stocks tend
to have high prior returns. The positive contemporaneous relation be-
tween returns and idiosyncratic volatility was documented by Duffee
(1995), and is consistent with the positive skewness of the average
stock’s return distribution. However, partial underreaction to idiosyn-
cratic risk innovations and a positive price of idiosyncratic risk suggests
that idiosyncratic risk innovations should be negatively related to con-
temporaneous returns. This apparent contradiction can be explained by
changes in expected cash flows. High idiosyncratic risk firms, and firms
with increases in idiosyncratic risk, tend to have positive cash-flow news,
as measured by the change in earnings contemporaneous with the IVR
measurement period. This suggests that, given some innovation in idio-
syncratic risk, cash-flow news tend to offset discount rate news (i.e., a
positive shock to idiosyncratic risk suggests lower prices due to increased
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risk, but tends to occur at the same time as good cash flow news, which
suggests higher prices). Although it may be of interest to decompose these
returns into a cash-flow and discount-rate component, this is a challen-
ging task.

6. Conclusion

In this paper, we document a short-lived negative relation between idiosyn-
cratic risk innovations and subsequent returns and a persistent positive rela-
tion between idiosyncratic risk levels and subsequent returns. These relations
are consistent with a positive price of idiosyncratic risk and with temporary
price underreaction to idiosyncratic risk innovations. Because idiosyncratic
risk levels and innovations are correlated, these relations tend to be offset in
standard empirical studies that examine the relation between historical idio-
syncratic risk and subsequent returns.
We develop a simple model to examine the idiosyncratic risk-return rela-

tion in the presence of underreaction. We calibrate the model to deliver the
empirical predictions.We simulate the long-run expected return response to a
positive idiosyncratic volatility shock. The return pattern suggests that ex-
pected returns are negative for a few months after the shock, with the most
negative return in month one. However, returns become positive over time as
the shock gradually decays. This is consistent with investors’ temporary
underreaction to risk innovations and a long-run positive price of idiosyn-
cratic risk. We empirically confirm the predictions of our model using port-
folio analysis and cross-sectional regressions.
Our framework can simultaneously accommodate theory, which generally

suggests a nonnegative price of idiosyncratic risk, and a negative empirical
relation between somemeasures of historical idiosyncratic risk and returns (as
documented by Ang et al. 2006). Also, our framework reconciles empirical
studies that may estimate different prices of idiosyncratic risk (including dif-
fering signs). In the presence of underreaction, studies that examine the rela-
tion between recent idiosyncratic risk and immediate subsequent returns
should find a negative relation if recent information is not yet fully incorpo-
rated into prices. However, studies that use a longer window to calculate
historical idiosyncratic risk, or examine deferred returns, are less focused
on underreaction and more likely to estimate a positive relation.
We rule out many alternative explanations of our results. We find that

return patterns associated with short-term reversals, momentum, and liquid-
ity cannot explain our results. Still, it remains possible that some omitted
stock characteristic, correlated with historical idiosyncratic volatility, could
explain our findings. However, it is not easy to find an alternative explanation
that predicts the return pattern observed in the data (short-lived negative
returns related to risk innovations and persistent positive returns related to
the level of risk). Overall, we find a positive price of idiosyncratic risk and
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underreaction to idiosyncratic risk innovations to be a compelling explan-
ation for the return patterns associated with idiosyncratic risk.
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