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Abstract

Using a complete sample of US equity options, we find a positive,
highly significant relation between stock returns and lagged implied
volatilities. The results are robust after controlling for a number of
factors such as firm size, market value, analyst recommendations and
different levels of implied volatility. Lagged historical volatility is - in
contrast to the corresponding implied volatility - not relevant for stock
returns. We find considerable time variation in the relation between

lagged implied volatility and stock returns.
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1 Introduction

The option market reveals important information about investors’ expecta-
tions of the underlying’s return distribution. While considerable research
has examined the informational content of index options, little is known
about individual equity options. Using a complete sample of US equity op-
tions, we analyze the relation between implied volatility and future realized
returns.

In the last three decades, several articles have documented a small degree
of predictability in stock returns based on prior information, specifically at
long horizons. In the long run, dividend yields on an aggregate stock port-
folios predict returns with some success, as shown by Campbell & Shiller
(1988), Fama & French (1988, 1989), as well as Goyal & Welch (2003). Ad-
ditional variables found to have predictive power include the short-term in-
terest rate (Fama & Schwert (1977)), spreads between long- and short-term
interest rates (Campbell (1987)), stock market volatility (French, Schwert
& Stambaugh (1987)), book-to-market ratios (Kothari & Shanken (1997),
Pontiff & Schall (1998)), dividend-payout and price-earnings ratios (Lam-
ont (1998)), as well as measures related to analysts’ forecasts (Lee, Myers &
Swaminathan (1999)). Baker & Wurgler (2000) detect a negative relation-
ship between PO activity and future excess returns. Lettau & Ludvigson
(2001) find evidence for predictability using a consumption wealth ratio.
Recently, the relation between historical volatility and stock returns has
been addressed by a number of authors (e.g., Goyal & Santa-Clara (2003),
Bali, Cakici, Yan & Zhang (2005), and Ang, Hodrick, Xing & Zhang (2006)).
Goyal & Santa-Clara (2003) analyze the predictability of stock market re-
turns with several risk measures. They find a significant positive relation
between the cross-sectional average stock variance and the return on the
market, whereas the variance of the market has no forecasting power for

the market return. However, Bali et al. (2005) disagree with these findings.



They argue that the results are primarily driven by small stocks traded
on the NASDAQ, and are therefore partially due to a liquidity premium.
Moreover, the results do not hold for an extended sample period. Ang et al.
(2006) examine the pricing of aggregate volatility risk in the cross-section
of stock returns. They find that stocks with high idiosyncratic volatility in
the Fama and French three-factor model have very low average returns.
Option-implied volatility is different from most of the variables used for
predicting stock returns in at least two respects. First, it is a real forward-
looking variable measuring market participants’ expectations. Second, it is
a traded price and therefore less likely to be affected by biases.

To our best knowledge, no study exists that systematically analyzes the
informational content of implied volatility in the cross-section. Existing
studies have only focussed on index option data or a very small sample of
single equity options. This study contributes to the existing literature by
investigating the relation between implied volatility and stock returns on a
very large data basis.

To analyze the relation between implied volatility and stock returns, we ap-
ply a predictive regression approach in univariate and multivariate settings.
Our results are based on the OptionMetrics database, which contains a sur-
vivial bias-free, complete data set of implied volatilities for the US stock
market. To control for a number of factors and to investigate the stability
of the findings, we merge our sample with the CRSP, Compustat, and IBES
FirstCall data. Model misspecification is addressed by using different regres-
sion settings. We address parameter uncertainty by a bootstrapping and an
additional rolling-windows approach.

We find a highly significant, positive relation between returns and lagged
implied volatilities. This dependence is stronger for firms with small market
capitalizations and is independent of different valuation levels, measured by

the book-to-market ratio. Our findings are persistent after controlling for



market risk (using the CAPM) and the exposure to the risk factors in the
Carhart four-factor model. The informational content of first-order diffe-
rences of implied volatility seems to be limited. With respect to analyst re-
commendations, we find weaker relations between returns and lagged implied
volatilities for companies with higher analyst coverages. The findings seem
to be stable for different times to maturity of implied volatility. Historical
volatilities do not seem to have the same informational content as implied
volatilities. We find considerable time variation in the relation between
lagged implied volatility and stock returns. The out-of-sample predictive
power is weak compared to the iid model.

The paper is organized as follows: Section 2 outlines our research design,
as well as the applied data set. Section 3 presents the empirical results.

Section 4 concludes.

2 Research Design

2.1 Data

To obtain the data set for our empirical analysis, we merge five different
databases. From OptionMetrics, we retrieve option price data and historical
volatilities. Equity return data are obtained from the CRSP database. The
book values and market capitalization figures are from Compustat. Analyst
forecasts are collected from IBES. The respective risk premia are from the
Fama and French database. Data are merged by the respective CUSIP
as identifier. Our sample with monthly frequency covers the period from
January 1996 to December 2005.

The OptionMetrics database is described in detail in Optionmetrics (2005).
Our study is based on implied volatility for standardized call options with a
maturity of 91 calendar days and a strike price equal to the forward price.

They are computed as outlined in Optionmetrics (2005). In addittion to



implied volatilities, historical volatilities are retrieved from OptionMetrics.
For comparability reasons, historical volatility is also computed over a time
period of 91 calendar days.

To account for systematic risk, we use the risk factors of the Fama & French
(1993) and Carhart (1997) models. The data for the market portfolio
(MRP), the “high-minus-low”(HM L), the “small-minus-big” (SM B), the
momentum factor (UM D), and the risk-free interest rate (RF') are from the

Fama and French data library.

2.2 Predictive Regressions and Panel Data

Predictive regressions (e.g., Fama & French (1989), Stambaugh (1999))
regress future returns on predictive variables or, equivalently, returns, r,

on lagged predictive variables, z;_1;,

re = o+ P11+ Boxi—12+ o+ Beti—ip + o + Bri—1,k &, (1)

where ¢ denotes the time index, k the index for the K predictive variables,
« the constant, O the respective factor loading, and &; the error term.
However, equation (1) is only applicable for the single-asset case. In the
case of K assets, a panel data approach can be used.

The error representation for the linear fixed-effect panel data model is (Frees
(2004))

Tit = o + P12 + Poxit2 + .. + BrTit K+ Euts (2)

where E(e,¢) = 0. The parameters 3; are common to each subject and called
global (or population parameters). The parameters «; vary by subject and
are known as individual, or subject-specific, parameters.

To analyze the relation between implied volatility and returns, we regress



returns on lagged implied volatilities, V,

rit = o + 1 Vie—11 + e - (3)

The estimated factor loading 3; therefore summarizes the full sample rela-

tion between implied volatility and future stock returns.

2.3 Excess Returns

Besides raw returns, we use the CAPM and the Carhart (1997) four-factor
model to account for systematic risk effects. To estimate the exposure to-
wards the Fama & French (1993) risk factors and the Carhart (1997) mo-
mentum factor, we run the following regression for each asset i to control

for market, size, value, and momentum risk

rit —Tfe = o rF+ Bivmrp - MRPy 4 B gy - HM Ly +

BismB - SMBy + Biymp - UMDy + €44 (4)

and the following regression to control for market risk

rit — T = ogoapm + Bivmrp - MRP; + 5 . (5)

2.4 Robustness

To analyze the robustness of our findings, we perform a number of different
analyses. First, we run the respective regressions for various subsamples.
Second, we use a rolling-window approach to account for time-varying factor
loadings. Third, we implement a bootstrapping approach to investigate
possible problem with the estimated used. Finally, we analyze the out-of-
sample performance.

To analyze the out-of-sample validity of the models we regress the realiza-

tions of each return r; on the corresponding time-t — 1 return forecast 7;;—1,



i.e.,

Tit = o+ [P g1+ e (6)

Under accurate forecasts, we expect « =0 and 8 = 1.

3 Empirical Results

3.1 Regressions of Returns on Lagged Implied Volatility

Table 1 shows the basic results of this paper. In the first column, we show
the estimated factor loadings from a regression of returns on lagged implied
volatility. An estimated factor loading of 2.021 indicates that a 1% higher
implied volatility leads, on average, to a return increase of 2.021% in the
subsequent month. This finding is highly significant with a t-value of 9.457.
The goodness-of-fit of this model, measured by R?, is 0.8%.

The second column illustrates the estimated factor loading from a simple iid
model. Under the assumption of no predictability in returns, the best fore-
cast is a constant. The root-mean-squared-error (RMSE) of the iid model
is 16.8408. This value is only marginally higher than the RMSE value of
16.8379 for the model with implied volatility. Since these two values are
very similar, the findings suggest that the degree of predictability is low
even though the estimated factor loadings are highly significant.

To test for nonlinearity, we include the squared implied volatility in the
regression equation. The results in the third column show that the esti-
mated coefficient is insignificant with a value of 0.076. This suggests the
appropriateness of the linear model.

To account for time-varying means and dispersion of implied volatility, we
compute standardized z-scores. The regression of returns on standardized,
lagged implied volatility validates previous findings. With an estimated
coeflicient of 0.939, we find a highly significant, positive relation between

implied volatility and future returns with a factor loading of 0.032.



To account for time-varying means and dispersion in stocks returns, we
also compute standardized z-scores for every month for the return data. A
regression of standardized returns on standardized, lagged implied volatility
reveals, as before, a positive and significant relation between risk and return.
To analyze the robustness of these findings, we perform a number of different
analyses. First, we investigate whether the relation between returns and
lagged implied volatility is also valid for different levels of implied volatility.
For example, stocks with high implied volatility might behave differently
than stocks with comparably lower implied volatility.

Table 2 shows the estimated factor loadings for different subsamples. We re-
estimate the forecasting model for stocks with an implied volatility between
0% and 20% (subsample 1), 20% and 40% (subsample 2), 40% and 60%
(subsample 3), 60% to 80% (subsample 4), and 80% to 100% (subsample 5).
We find a positive, highly significant relation between returns and lagged
implied volatilities for subsamples 1, 3, 4, and 5. The estimated factor
loadings are of comparable magnitude for subsamples 1 and 3 (6.559 and
7.755) and for subsamples 4 and 5 (13.525 and 12.417). However, the findings
for subsample 2 are different. The estimated factor loading with a value of

-0.825 is slightly negative, but insigniicant.

3.2 Size and Value Effects

Table 3 outlines the estimated factor loadings for separate regressions for
different quintiles of market capitalizations and book-to-market ratios.

With respect to market capitalization, we find that the strength of the re-
lation between anticipated risk and the subsequent return decreases with
higher market values. For stocks with the highest market capitalization
(Q5), we estimate a factor loading of 3.190 while the factor loading for small
stocks, e.g., in quantile 2 (Q2), is 9.704. All findings are highly significant.
The factor loading for growth stocks (Q1) is, with a value of 6.344, very



similar to the corresponding factor loading of value stocks (Q5), which has

a value of 7.097.

3.3 Excess Returns

Table 4 shows the results of the regression of excess returns on lagged implied
volatilities for the full sample and for various subsamples. In the upper part
of the table, excess returns have been computed against the CAPM model
and in the lower part against the Carhart four-factor model. Subsamples
are formed on different levels of implied volatility.

The estimated factor loadings are positive and highly significant for all sam-
ples. While the factor loading of implied volatility is 2.021 for raw re-
turns (see Table 1), it is higher when controlling for systematic risk fac-
tors. Against the CAPM, the coefficient is 7.772 for the full sample, against
the Carhart four-factor model, the corresponding coefficient has a value of
6.408. Both factor loadings are highly significant. We conclude that implied
volatility carries some information beyond that implied by the CAPM and
the Carhart four-factor model.

For subsamples formed on different levels of implied volatility, we find that,
in general, factor loadings increase with higher levels of implied volatility.

The subsample regressions validate the findings for the full sample.

3.4 First-Order Differences

Table 5 illustrates the estimated factor loadings of a regression of returns on
lagged, first-order differences of implied volatility. The first column shows
the results for the full sample, the remaining columns the respective results
of the regressions for various subsamples formed on the magnitude of first-
order differences of implied volatility.

With a value of 2.648 for the full sample, we find a highly significant, positive

relation between the returns and the lagged change in implied volatility.



Therefore, an investor can expect a higher monthly return for a stock if
implied volatility has increased in the previous month.

For subsamples formed on different directions and magnitudes of the change
in implied volatility, the results differ. First, we find hardly any significance
between the change in implied volatility and future returns. Second, the

estimated factor loadings differ substantially for different subsamples.

3.5 Analyst Forecasts

Table 6 shows the estimated factor loadings for subsamples formed on the
mean analyst recommendation. Quantile 1 contains the most favorable re-
commendations, Quantile 5 the least favorable recommendations. The ge-
neral observation, i.e., the positive relation between returns and lagged im-
plied volatility, holds for all subsamples based on different levels of analyst
recommendations. The findings are highly significant in all cases. The mag-
nitude of the relation between implied volatility and returns differs slightly
for different levels of analyst recommendations. For stocks with very positive
(Q1) or very negative recommendations (Q5), the estimated factor loadings
of 6.855 and 8.866, respectively, are higher than for stocks with an average
recommendation (Q3) where the value is 5.003.

Table 6 also shows the estimated regression coefficients for subsamples formed
on the number of analysts covering a specific stock. For all subsamples, the
relation between returns and lagged implied volatility is positive on a high
significance level. However, we find a monotonic decreasing relation be-
tween the estimated coefficients and the number of recommendations. The
higher the number of analysts following a particular stock, the lower the

informational content of implied volatility.
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3.6 Implied Volatility vs. Historical Volatility

In Table 7, we outline the results of various regressions of returns on different
lagged variables. We analyze the dependence between returns and implied,
as well as historical volatilities with time horizons of 30, 60 and 91 days.
We find a very clear pattern. For all three different maturities of implied
volatilities, the estimated coefficients are highly significant and, with values
between 1.734 and 2.021, very similar. In contrast, we do not find a similar
pattern for historical volatility. The estimated coefficients are significant at
a 0.2% level for a time horizon of 30 days, and on a 5% level for a time

horizon of 91 days, but not for a time horizon of 60 days.

3.7 Univariate Regressions

Table 1 shows the histogram for the univariate regression of returns on
lagged implied volatility. The results should be interpreted carefully. Due
to the small sample size (monthly data for a maximum of 9 years), not
all coefficients are significant. Two main findings can be seen in Figure 2.
First, there is considerable cross-sectional dispersion in the factor loadings.
Second, the relation between implied volatility and return is, on average,

positive.

3.8 Parameter Uncertainty and Bootstrapping

Table 8 illustrates the estimated factor loadings of separate regressions for
each full year in the sample period, i.e. from 1996 to 2005. The estimated
factor loading of lagged implied volatility on return varies between 7.333
in 2003 and 33.482 in 2001. Therefore, there is always a positive, highly
significant relation between perceived risk and the subsequent return.

The goodness-of-fit varies substantially over time. In 2000 and 2001, the
model can explain more than 2% of total variance (2.20% and 2.33%). In

other years, e.g. 1996, 1999, and 2005, the R? was very low, taking values

11



between 0.21% and 0.28%.

Figure 2 shows the estimated factor loading for a rolling window of 60 months
(5 years). Roughly speaking, the graph indicates an increase in the factor
loading from 4 to 11 from 2000 until 2002. In 2003, the factor loading
dropped to 3 and fluctuated between 2 and 6 until the end of the sample
period. Therefore, we find considerable time variation in the magnitude of
the relation between implied volatility and return. However, the estimated
factor loading is positive at any point in time.

Figure 3 shows the histogram of bootstrapped factor loadings for the full
sample regression and Figure 4 the associated t-values. As shown in Table 1,
the full-sample estimated coefficient is 2.021. Its corresponding t-value is

9.457. Both figures indicate that the findings are not spurious.

3.9 Out-of-Sample Performance

Table 9 gives the results from a predictive regression for the fixed effects
panel data model and the iid model. The parameters for both models are
estimated over a rolling horizon of 60 months. Based on the estimated
parameters, a return is predicted for the next month. The realized returns
are regressed on their corresponding predictions.

If forecasts are perfect, we expect a constant of 0 and slope coefficients of 1.
However, the empirical findings are quite different. For the one factor model
with implied volatility as predictive variable, the estimated constant is -1.169
and the slope coefficient has a value of -0.262. For a naive, iid model, the
estimated constant is also -1.169 and the slope coefficient is -0.293.

In its last row, Table 9 shows that the RMSE of the one-factor model is,
with a value of 17.373, higher than for the iid model with a value of 16.080.

12



4 Conclusion

To analyze the relation between implied volatility and stocks returns, we use
a predictive-regression approach in an univariate and multivariate setting.
We use the OptionMetrics database, which contains a survivial bias-free,
complete database for implied volatilities for the US stock market. A merge
of the database with CRSP, Compustat, and IBES FirstCall data allows
to control for a number of factors and to investigate the stability of the
findings. Model misspecification is evaluated by using different regression
settings. Parameter uncertainty is addressed by a bootstrapping approach
and a rolling windows approach. Furthermore, we consider the out-of-sample
validity.

As our main finding, we observe a highly significant, positive relation be-
tween returns and lagged implied volatilities. This relation is weaker for
larger market capitalizations and independent of different valuation levels
(using the book-to-market ratio). These findings are persistent after control-
ling for market risk (using the CAPM) and the risk factors of the Carhart
four-factor model. The informational content of first-order differences of
implied volatilities seems to be limited. With respect to analyst recom-
mendations, we find weaker relations between returns and lagged implied
volatilities for companies with high analyst coverages. A comparison of im-
plied volatilities for different time horizons shows that the patterns seem to
be stable for different time to maturities. Historical volatilities do not carry
the same informational content as implied volatilities. We find considerable
time variation in the relation between lagged implied volatility and stock
returns. The out-of-sample predictive power is weak compared to the iid

model.
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Table 9: Out-of-Sample Performance

The Table shows the the estimated coefficients of a regression of realized
returns on forecasted returns for a linear, fixed effects model with implied
volatility as a predictive variable and for the iid model. The out-of-sample
forecast bases on a rolling window with a size of 60 months. RM SFE provides
the root-mean-squared-error of the prediction error.

Dependent Ttt4+1 Tt t+1
i1 -0.2621t
(-36.048)
Piid,t,t4+1 -0.29371T
(-18.788)
constant -1.169f1t -1.169f1t
(-24.983) (-21.416)
N 126857 126857
RMSFE 17.375 16.080
R? 0.0101 0.0028

T indicates significance on a 95.0%, ™" on a 99.0% and T on a 99.9% level.



Figure 1: Histogram of Estimated Factor Loadings in an Univa-

riate Regression

The figure shows the histogram of estimated factor loadings of an univariate
regressions of returns on lagged implied volatility for each stock in the sam-
ple. On average over all stocks, there is a positive relation between lagged

implied volatility and stock returns.
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Figure 2: Factor Loadings in a Rolling Regression

The figure shows the estimated factor loading in a rolling, fixed effects panel
data regression of returns on lagged implied volatility. The windows size is
60 months. The results indicate considerable time variation of the factor
loading of implied volatility on returns.
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Figure 3: Histogram of Boostrapped Factor Loadings

The figure shows the bootstrapped factor loadings on implied volatility of a
regression of returns on lagged implied volatilities in a fixed effects panel data
regression. The results indicate that the factor loading of lagged implied
volatility on stock returns is between 1.5 and 2.5.
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Figure 4: Histogram of Boostrapped T-Values

The figure shows the bootstrapped t-values for the factor loadings on implied
volatility of a regression of returns on lagged implied volatilities in a fixed
effects panel data regression. The results indicate that the estimated t-values
are highly significant and robust.
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