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Abstract

This paper examines whether financial statement information can predict future realized
volatility incremental to the volatility implied by option market prices. Prior research establishes
that option-implied volatility is a biased estimator of future realized volatility. I hypothesize
that financial statement information, by providing information about economic events correlated
with future volatility, are informative in the prediction of future volatility and are not fully in-
corporated in either past volatility or the market’s expectation of future volatility. I confirm this
empirically and show that the finding is robust to the measurement of option-implied volatility
using either the Black-Scholes model or a model-free approach. I also document abnormal re-
turns to a option-based trading strategy that takes a long (short) position in firms with financial
statement information indicative of high (low) future volatility. Additionally, I provide evidence
that contradicts a risk-based explanation for the incremental predictive ability of accounting-
based variables. Taken together, my results indicate that the market’s failure to fully process
accounting-based fundamental information explains some of the previously documented bias in

implied volatility.
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1 Introduction

This paper examines whether accounting-based fundamental information can predict future realized
equity volatility incremental to the expected equity volatility implied by option market prices. As
a measure of market uncertainty, equity volatility estimates are used in investment decision-making
and macroeconomic analyses and thus are important to academics, practitioners, and market reg-
ulators. Volatility forecasts are also central to derivatives trading because they are a key input in
many derivatives pricing models, including the Black and Scholes (1973) options pricing model.

Under the assumption of informationally efficient markets, the option market’s expectation
of volatility should, on average, equal future realized volatility. This is analogous to the hypothesis
that equity prices are an unbiased expectation of a firm’s future cash flows. A substantial liter-
ature in accounting and finance documents that equity prices underreact to financial statement
information in forecasting future cash flows. The literature attributes this underreaction to several
nonconflicting explanations including market frictions, behavioral biases, and investor learning. I
extend this literature by examining whether investors also underreact to financial information in
forecasting future equity volatility. Prior research establishes that implied volatility is a biased
estimator of future equity volatility, and the imperfect mapping of implied to realized volatilities
suggests a role for additional information in the prediction of future equity volatility. I hypothe-
size that accounting disclosures provide information about economic events correlated with future
volatility that is not fully incorporated in either past volatility or the market’s expectation of future
volatility.

The accounting literature demonstrates that financial statement information is useful in iden-
tifying firms with growth opportunities, quantifying systematic and default risks, and predicting
extreme returns. I expect equity volatility to be higher for firms with more expected growth, higher
systematic or default risk, and greater probability of extreme returns. I hypothesize that informa-
tion useful in predicting these fundamentals is correlated with equity volatility as well. I focus
my analysis on eight variables that prior literature shows to be indicative of the relevant funda-
mentals: firm size, equity book-to-market ratio, cash flow volatility, earnings opacity, research and

development expenditure, sales growth, return on assets, and leverage.



My tests examine whether these eight variables are significantly associated with future eq-
uity volatility and whether these relations persist after controlling for the market’s expectation of
future volatility. I measure the market’s expectation of future volatility in two ways: the expected
volatility implied by options prices using the Black-Scholes model and using the Britten-Jones
and Neuberger (2000) model-free approach. Black-Scholes implied volatility is a commonly used
measure of expected volatility. However, the Black-Scholes model assumes equity prices follow a
diffusion process and several studies document jumps in asset prices which violate this assump-
tion. Prior literature identifies the violation of this assumption as a source of measurement error in
Black-Scholes implied volatility as a proxy for the option market’s expectation of future volatility.
To mitigate these concerns I also measure the options market’s expectation of future volatility using
model-free implied volatility, which is less sensitive to measurement error concerns because it does
not require assumptions about the distribution of asset returns as in the Black-Scholes model.

My evidence is based on a sample of 78,034 quarterly observations from 3,934 firms between
1996 and 2010. My analyses reveal that accounting-based fundamental information is relevant for
volatility prediction but is not fully incorporated in the option market’s assessment of future volatil-
ity. In particular, the options market systematically underestimates volatility for firms with higher
research and development expenses, higher cash flow volatility, and greater earnings management
relative to their industry medians. It overestimates volatility for large firms, highly levered firms,
and firms with high return on assets or high equity book-to-market ratios. To eliminate possible
confounding effects I include controls for both past volatility and liquidity and find that neither
subsumes fundamental signals in terms of informativeness for future volatility prediction.

This study makes several contributions to existing literature. One such contribution is its
potential application to asset pricing. I document the ability to generate positive returns by taking
a long (short) straddle position in firms with fundamentals indicative of low (high) volatility. A
straddle position is formed by purchasing an at-the-money call option and an at-the-money put
option on the the same underlying asset. This generates a payoff that is increasing in absolute price
change of the underlying asset but is insensitive to the direction of the change. Consequently, in-

formation about the volatility of the equity prices should be useful in determining straddle payoffs.



Consistent with the hypothesis that financial statement information is indicative of future equity
volatility, I find that an unconditional sort of straddle returns on my volatility score metric (com-
prised of the eight fundamentals in my first stage analysis) generates a 12.9% annualized straddle
return. These results suggest that options markets fail to fully process the information available in
financial statements when forming volatility expectations. In demonstrating this application, my
study complements contemporaneous work by Goodman, Neamtiu, and Zhang (2012) which shows
that straddle returns are predictable using the residual expected stock price change based on select
accounting-based fundamentals.

The ability to profitably sort option portfolios is only one of several contributions of this
study. My research is the first to directly posit and test the hypothesis that financial statement
information can supplement option-implied volatility in the prediction of future volatility. In doing
so, I shed light on a longstanding empirical puzzle in the volatility forecasting literature: the
bias in implied volatility as an estimator of future realized volatility. Implied volatility estimates
consistently outperform other classes of volatility forecasts in terms of minimizing forecast errors,
but a significant gap between implied and realized volatility persists. Prior research attributes
differences between implied and realized volatility to a premium demanded by investors for exposure
to variance risk. However, my findings support the alternative explanation that the difference
between implied and realized volatility is partially attributable to the options market’s oversight
of relevant accounting-based fundamentals. Moreover, I document patterns in firm-level implied
and realized volatilities that directly contradict a risk-based explanation for the difference between
implied and realized volatility. In doing so, I mitigate concern that the fundamentals I identify
are merely correlates with variance risk premia. Overall, my findings call into question previously
accepted explanations for the source of the difference between implied and realized volatility.

Additionally, this study contributes to the literature exploring the usefulness of financial
statement disclosures for capital markets. The extent to which accounting-based fundamentals are
relevant in forecasting the first moment of equity returns is the subject of a large literature. In
contrast, how these disclosures relate to the second moment of equity returns remains relatively

unexplored. In linking financial statement information to the realized equity variances, I shed light



on how investors might use accounting disclosures to assess risk.
The rest of this paper is organized as follows. Section 2 discusses prior related research and
presents my predictions. Section 3 explains the research design and describes the sample. Section

4 presents the main results. Section 5 discusses sensitivity analyses and Section 6 concludes.

2 Related Literature and Hypothesis Development

My study is related to two primary streams of literature. The first is the literature using implied
volatility as a benchmark for forecasting future equity volatility. The second is the literature on
financial statement analysis. I describe my study in the context of each of these bodies of work in

the sections that follow.

2.1 Implied volatility

Several studies explore the use of option-implied volatility as a benchmark forecast for future equity
volatility (Latane and Rendleman, 1976; Chiras and Manaster, 1978; Lamoureux and Lastrapes,
1993; Christensen and Prabhala, 1998). In this literature, equity volatility is defined as oy, from

the equation below

Tt = Hgjt—1 T € = Hejt—1 + Ojt—12¢ (1)

In equation (1), r; is the ex-dividend return for an asset over period ¢ and z; are independently and
identically normally distributed (Poon and Granger, 2003). py;—; and ot2| ., are the conditional
mean and variance of the returns process given the information set at time ¢ — 1. This equation
is equivalent to assuming that asset prices follow a geometric Brownian motion with constant
volatility over the period from ¢ — 1 to ¢. This assumption is central to the derivation of the Black
and Scholes (1973) options pricing model. In addition to the price diffusion assumption, the original
Black-Scholes model assumes options are European, unlimited borrowing is possible at the risk-free
rate, equity securities are infinitely divisible, equity investors receive no dividend payments, and

there are no arbitrage opportunities. Under these constraints, the original Black-Scholes framework



defines implied volatility as the value of o that satisfies the following equation
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where V is the option value, S is the strike price, ¢ is the remaining time to maturity, and r is the
risk-free rate of return. For traded options, time to maturity, strike price and current market value
are observable and uncontroversial proxies for the risk-free rate of return are readily available. With
these inputs, one can invert the Black and Scholes (1973) options-pricing model to obtain implied
volatility, an estimate of the market’s expected future volatility of the underlying asset’s returns.
If markets are informationally efficient and the model is correctly specified, this expectation should
be the best predictor of future equity volatility. Using this logic, Merton (1973) argues that equity
volatility implied by option prices using the Black-Scholes model should equal the average variance
of equity returns over the remaining life of the option. Therefore a regression of subsequent realized
volatility on ex-ante implied volatility should yield a coefficient of one on implied volatility and a
coeflicient of zero on any other explanatory variables.

Empirical evidence on this assertion, however, is mixed. Using S&P index option data, Day
and Lewis (1992) and Lamoureux and Lastrapes (1993) find that past volatility is predictive of
future volatility incremental to implied volatility. From this they conclude implied volatility is
an inefficient predictor of future returns volatility. Using the same data, Canina and Figlewski
(1993) show that the correlation between implied and future realized volatilities disappears after
one controls for past return volatility. However, Christensen and Prabhala (1998) find that implied
volatility is significantly correlated with future realized volatility and that past volatility is fully
incorporated in the current market expectation. They find that coefficient on implied volatility
is significantly different from one, indicating bias in implied volatility. The difference between
existing research and their findings are driven by their use of non-overlapping S&P option price
data and their employment of a two stage least-square approximation to mitigate measurement
error in implied volatility.

The measurement error with which Christensen and Prabhala (1998) are concerned is error

induced by misspecification of the Black-Scholes option pricing model that is inverted to estimate



expected future volatility. Even though Black-Scholes implied volatility can be modified to allow
for dividend payments and American options, it still implicitly assumes that securities are infinitely
divisible and that their prices follow a geometric Brownian motion. The Black-Scholes model also
assumes that equity markets are weak-form informationally efficient. However, the large literature
on equity mispricing raises questions about the degree of informational inefficiency in equity mar-
kets (Lee, 2001). Additionally, several studies document equity price jumps that would violate the
assumed Brownian price process (Pan, 2002). To the extent that its underlying assumptions are
violated, the Black-Scholes model will generate an implied volatility estimate that measures the
option market’s expectation of future volatility with error. The “model-free” implied volatility mea-
sures provide an alternative to the Black-Scholes model and other models that assume a functional
form for the underlying asset price process. The intuition for this class of estimates comes from
Breeden and Litzenberger’s (1978) result that the risk-neutral density of returns equals the second
derivative of the call option price with respect to the strike price. From this result, Britten-Jones
and Neuberger (2000) generate the following expression for option market’s expectation of future
equity volatility as the area underneath the curve mapping option prices to the range of strike
prices.

Although Britten-Jones and Neuberger (2000) assume that asset prices follow a diffusion
process in their development of “model-free” implied volatility, Jiang and Tian (2005) demonstrate
that any asset price series that satisfies the generic properties of a martingale (including those with
jumps) will lead to the Britten-Jones and Neuberger (2000) result. Therefore, unlike Black-Scholes
implied volatility, “model-free” implied volatility does not suffer from measurement error induced by
violations of distributional assumptions. Jiang and Tian (2005) also show that “model-free” implied
volatility measure subsumes the information contained in the corresponding Black-Scholes implied
volatility estimate. Despite these improvements, model-free implied volatility appears biased in
predicting future volatility (Jiang and Tian, 2005).

The persistence of the gap between implied and realized volatilities despite innovations in the
measurement of implied volatility suggests that part of the gap might be the result of a bias in the

market’s expectations of future volatility. I contribute to this literature by testing whether there is



cross-sectional variation in the difference between implied and realized volatility that is correlated
with accounting-based fundamentals and whether these fundamentals are informative incremental

to implied volatility in predicting future volatility.

2.2 Financial statement analysis and equity volatility

My main hypothesis is that financial statement analysis is useful for volatility forecasting. This
assumption is driven by prior literature documenting significant relations between accounting in-
formation and measures of risk or uncertainty in operations that are likely to be indicative of future
equity volatility. These constructs include systematic and default risks, the incidence of extreme
equity returns, and growth opportunities for the firm. Each of these constructs is the subject
of prior research, and from these literatures I focus on the following eight fundamental metrics:
size, equity book-to-market ratio, leverage, return on assets, R&D expenditure, cash flow volatility,
earnings opacity, and growth in sales. In the subsections that follow, I provide a brief description

of each variable and its hypothesized relation with volatility.

Indicators of uncertainty in future operations: size and cash flow volatility

Pastor and Veronesi (2003) develop and provide empirical support for a model of equity prices
in which equity volatility decreases in a firm’s size. This is consistent with a firm’s size being
negatively related to credit risk (Beaver, McNichols, and Rhie, 2005), the likelihood of merger and
acquisition targeting (Barros, 1998), and the likelihood of earnings manipulation (Dechow, Ge,
and Schrand, 2010). It is also consistent with the significant negative correlation between size and
excess returns, which is indicative of increased risk for small firms or the equity market’s mispricing
of these firms. Consequently, I expect to observe a negative relation between size and volatility in
my sample.

The Pastor and Veronesi (2003) model also predicts that equity volatility increases in the
volatility of a firm’s profits. Assuming that equity market prices are the present value of expected of
future cash flows to the firm, changes in price reflect changes in this expectation. Volatility captures

the rate of change in expectations and can be viewed as a measure of the market’s uncertainty



regarding the levels of the firm’s future cash flows or the discount rate used by the market to
value the stream of expected future cash flows. I expect uncertainty about cash flows to be greater
when the firm’s operations are more unpredictable. I predict a positive relation between cash flow

volatility and equity volatility.

Indicators of growth opportunities: R&D expenditure and sales growth

I expect variables that are positively correlated with a firm’s growth opportunities to also be posi-
tively correlated with equity volatility because growth opportunities are likely to be associated with
increased uncertainty about future firm performance. Research and development (R&D) expenses
are often used to measure a firm’s growth opportunities, since they are an expenditure made by
the company in anticipation of future product development and revenue generation. Under U.S.
GAAP, most research and development costs are expensed as incurred. One reason for this account-
ing treatment is the uncertain nature of associated benefits; it is unclear that R&D expenditures
today will necessarily generate revenues in the future. To the extent that R&D expenditures are
the result of activities for which future cash flows are uncertain, there should be a positive relation
between R&D expense and returns volatility. Chan, Lakonishok, and Sougiannis (2001) document
a positive relation between R&D expense and returns volatility but do not investigate whether the
options market incorporates the positive relation between R&D expense and returns volatility in
its implied volatility estimate.

Prior literature identifies rate of change in sales revenue as a way to identify firms with
growth opportunities (Lakonishok, Vishny, and Shleifer, 1993; Beneish, Lee, and Tarpley, 2001).
The expected relation between sales growth and growth opportunities is positive, following the
assumption that innovations in revenue streams are persistent. Beneish, Lee, and Tarpley (2001)
document a positive relation between the growth in sales revenue and extreme returns. To the
extent that firms with growth opportunities are more subject to changes in equity price, I predict

a positive relation between growth in sales and equity volatility.



Indicators of equity returns: equity book-to-market ratio and earnings opacity

A positive (negative) association with excess returns for a given variable is either the result of
market mispricing or because the variable indicates greater (less) risk. To the extent that this risk
is driven by uncertainty, the latter explanation suggests that the variable might be informative about
future volatility. Firms with a high book-to-market ratio earn positive abnormal returns (Fama and
French, 1992; Piotroski, 2000). One explanation for this relation is that a high book to market ratio
is the result of investor inattention, and positive returns arise as market participants correct the
initial inefficiency. In this case, a relation between book to market ratio and future returns volatility
is not readily apparent. Conversely, Fama and French (1992) argue that the book to market ratio
is a proxy for financial distress and the risk associated with increased distress necessitates lower
returns for firms with higher equity book-to-market ratios. Based on this hypothesis, I anticipate
firms in financial distress to exhibit more volatility in equity returns. Therefore I predict a positive
relation between equity book-to-market ratio and volatility.

Hutton, Marcus, and Tehranian (2009) introduce a measure of earnings opacity based on the
sum of three years’ absolute discretionary accruals and show that it is significantly positively asso-
ciated with equity returns and crash risk. The earnings management literature posits that higher
levels of discretionary accruals are indicative of more earnings manipulation. Effects of earnings
management that must be reversed in the future might lead to more extreme price movements
and higher volatility. Rajgopal and Venkatachalam (2011) show that the increase in firm-specific
volatility from 1962 to 1997 first documented by Campbell, Lettau, Malkiel, and Xu (2001) is as-
sociated with a deterioration in earnings quality. I posit a positive relation between the Hutton,

Marcus, and Tehranian (2009) measure of earnings opacity and equity volatility.

Indicators of default risk: leverage and return on assets

The literature using accounting information to estimate probability of default also provides an
indirect link between accounting information and future volatility since I anticipate volatility to
increase in default risk. Kaplan and Urwitz (1979), Beaver (1966), Altman (1968), Ohlson (1980),
Shumway (2001), Hillegeist, Cram, Keating, and Lundstedt (2004), and Chava and Jarrow (2004)
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all present predictive models of bankruptcy probabilities that incorporate current-period financial
ratios. Beaver, McNichols, and Rhie (2005) note that two of the most commonly used ratios in
these models are return on total assets and leverage. Firms with high ROA are more profitable
and consequently have lower risk of bankruptcy. Because I expect volatility to increase in a firm’s
credit risk, I predict a negative relation between ROA and returns volatility.

A basic result from corporate finance with consistent empirical support is that highly lev-
ered firms exhibit higher conditional probabilities of bankruptcy (Ross, 1977; Beaver, McNichols,
and Rhie, 2005). However, it is also plausible that having high leverage indicates greater finan-
cial health because unstable firms would not have access to large amounts of debt. Given these
contradictory predictions, the direction of the leverage-volatility relation is an empirical question.
Univariate analyses in my sample suggest that the latter effect dominates and highly levered firms
will experience lower returns volatility.

In summary, my first hypothesis is

H1: Characteristics of the firm reflected in accounting data are indicative of future volatility. Volatil-
ity is increasing (decreasing) in book to market ratio, research and development expenditure,

earnings opacity, and cash flow volatility measures (size, leverage, return on assets).

2.3 Information processing in the options market

In relation to that of equity markets, the informational efficiency of the options market remains rela-
tively unexplored. Prior research reveals that the options market features a higher concentration of
well-informed and sophisticated institutional traders for whom one would anticipate a low incidence
of informational inefficiency (Jin, Livnat, and Zhang, 2012). However, characteristics of the option
market microstructure that limit trading, such as low trading volumes and high transactions costs,
may counteract this effect (Pool, Stoll, and Whaley, 2008; Roll, Schwartz, and Subrahmanyam,
2010). Prior research documents predictability of option returns using both historical option prices
and accounting-based fundamentals. Goyal and Saretto (2009) demonstrate that the difference be-
tween historical and implied volatility positively predicts long straddle portfolio returns. Straddles,

which constructed of a single call and put on the same underlying asset, are increasing in extreme
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stock price movement. As they typically generate negative returns, they are primarily used as a
hedge against other investment positions. In a study contemporaneous with this one, Goodman,
Neamtiu, and Zhang (2012) demonstrate that, after controlling for implied volatility, the residual
expected absolute equity return implied by sales growth and change in earnings per share is also
positively associated with long straddle returns.

Informational inefficiencies in the option market could also explain the persistent bias in
option-implied volatility relative to realized volatility. My first hypothesis predicts that financial
statement analysis can provide information about future equity volatility. If this hypothesis is
correct and the options market does not fully incorporate accounting-based fundamentals in a
timely manner, there will be a significant relation between volatility-relevant financial statement

information and the magnitude of the implied volatility bias. This leads to my second hypothesis:

H2: Options markets do not fully capture the information in financial statements in forecasting

future volatility.

3 Research Design

My empirical analysis consist of three stages. First, I examine the relations between each of my
fundamental variables and future realized equity volatility. I then examine the significance of each
variable incremental to option-implied volatility in the prediction of future volatility. I first test this
hypothesis in a regression framework using Black-Scholes implied volatility. To alleviate concerns
about measurement error in the Black and Scholes (1973) model, I also explore the use of model-free
implied volatility in alternative specifications. Finally, I demonstrate that a trading strategy based
on the accounting-based fundamentals used in the first and second stage analyses can profitably
sort option straddle returns. In the sections that follow, I discuss the tests and predictions of each

stage of my analysis.
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3.1 Testing hypotheses 1

Prior studies of the efficiency of options markets estimate a relation similar to that of equation (2)

(Day and Lewis, 1992; Lamoureux and Lastrapes, 1993):

Uﬁ‘j_T = o+ ,BlaiZT +~vYear + € (2)

1V

In equation (2) o;; -

is the logarithm of implied volatility of an option on firm #’s equity measured

RV

five days after quarter t’s earnings announcement date with 7 days remaining until expiration. ;%"

is the logarithm of the observed standard deviation of equity returns over the period starting five
days after quarter t’s earnings announcement date and ending 7 days later. Year is a vector of year
fixed effects. Since many of the prior studies of option market efficiency use as data a single time
series of index option prices, they focus only on correcting the time-series correlation in volatility
(Day and Lewis, 1992; Lamoureux and Lastrapes, 1993; Christensen and Prabhala, 1998). Unlike
these studies I employ a large panel dataset with observations from multiple firms in each quarter
and across multiple quarters for each firm. Consequently, my observations exhibit time-series and
cross-sectional correlation. Thus, I use two-way industry and quarter clustered standard errors
when testing coefficient significance (Gow, Ormazabal, and Taylor, 2010).

For each firm-quarter, I measure the volatility implied by option closing prices five days after
that quarter’s earnings announcement date. I use earnings announcement dates to identify quarters
and to mitigate the impact of major information releases on my analyses. Measuring implied
volatility five days after the quarterly earnings announcement date helps ensure that the information
in the earnings announcement is available to all market participants. Starting my realized volatility
measurement interval with this date also allows me to avoid capturing announcement-induced
volatility in my measurement of realized volatility.

I identify announcement dates by using the earlier of the I/B/E/S and Compustat announce-
ment dates. If one database does not report an announcement date but the other does, I use the
date available. If both I/B/E/S and Compustat are missing announcement dates, I eliminate the

observation from my sample. Following Barth and So (2010) I adjust the announcement date one
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trading day forward when the announcement occurs after the market close. I limit my analysis to
options with 60 days remaining until expiration to avoid including multiple earnings announcements
in the volatility measurement period.! The associated realized volatility for each implied volatility
estimate is the standard deviation of the underlying equity returns over the remaining 60 days in
the option horizon.

I use two methods to estimate implied volatility: a modified version of the Black-Scholes
model that allows for dividend payments and early exercise and the model-free method derived by
Britten-Jones and Neuberger (2000). Each Black-Scholes implied volatility estimate is calculated
using the price of an at-the-money call option to mitigate concerns about the volatility smile. I

calculating model-free implied volatility using the following equation:

L)

In equation (3), F; is the forward price of the underlying asset at time ¢t and C¥ (T, K) is the

GMFIV _ pF

* CH(T,K) — max{0, Fp — K}
) /O = K (3)

price of a call option with strike price K and remaining time to maturity 7. Appendix A provides
a replication of the Breeden and Litzenberger (1978) result underlying this model-free implied
volatility estimate and further details on the derivation of the above approximation. Equation (?7)
requires option price observations for the entire continuum of strike prices, but regulations on most
options exchanges prevent the trading of options with very high or low strikes. This truncation
is the largest source of error in model-free implied volatility estimates, but Jiang and Tian (2007)
show that the truncation error becomes negligible if the range of available strikes used is at least
two standard deviations around the current underlying asset value.

Hypothesis 1 predicts that accounting-based fundamentals are associated with future equity
returns volatility. I test this hypothesis by estimating the following equation for each of the eight

variables discussed in section 2:

o, =a+ BV _FSV +~Year + ey (4)

!Untabulated results show that using options with 30 days until expiration does not qualitatively change my
conclusions.

14



In equation (4), V_F'S VZ% is an indicator variable that equals one if the level of fundamental variable
j is above the industry median for fiscal quarter ¢ and zero otherwise.? Industries are defined using
the Fama and French (1997) 48 industry classifications. There is an indicator variable for each of
the eight fundamental variables in my analysis. V_RN D;; is an indicator equalling 1 when the level
of R&D expenditure reported by firm i in quarter ¢ exceeds firm ¢’s industry median value of R&D
expenditure for quarter ¢t. Analogous indicators are defined for sales growth (V_SGI;), cash flow
volatility (V_o$F), earnings opacity (V_Opacity;;), equity book-to-market ratio (V_BTM;;), total
assets (V _Size; ), return on assets (V_ROA;;), and leverage (V _Lvg;;). For each of these indicators,
an estimate of s that is significantly different from zero my first hypothesis that the particular
variable is significantly correlated with future returns volatility.

I estimate equation (4) for eight fundamental variables: size, equity book-to-market ratio,
cash flow volatility, leverage, return on assets, research and development expenditure, earnings
opacity, and sales growth. I ensure that all information used to measure each variable is available
to market participants at the time I measure implied volatility, which is five days after the quarter
t earnings announcement date. At that point in time, the market will have access to quarter ¢
earnings but will only have cash flow and asset or liability balances as of the end of quarter ¢t — 1.
For this reason, I measure firm size (Size) as total assets at the end of quarter t — 1 and leverage
(Lvg) as the ratio of total liabilities to total assets reported at the end of quarter ¢ — 1. Cash
flow volatility (ag F for firm 7 in quarter ¢ is the standard deviation of operating cash flows scaled
by total assets over the 10 quarters prior to (and not including) the quarter ¢. Return on assets
(ROA) for firm i in quarter ¢ is the average of the ratio of earnings before interest divided by
total assets for quarters t — 1 through ¢ — 4. Following Chan, Lakonishok, and Sougiannis (2001)
I define R&D expenditure (RN D) for quarter t as the ratio of research and development expense
(assumed to be zero if not reported) to total assets, both measured at the end of quarter ¢ — 1. In
calculating equity book-to-market ratio (BT M), I estimate book value of equity as the difference

between total assets and total liabilities at the end of quarter ¢ — 1. Since market equity values

2In untabulated analyses, I re-estimate all equations using two alternative measurement methods. First, I construct
analogous indicators for the highest quartiles of each variable. Second, I use the level of each variable, normalized to
the industry-quarter median, rather than an indicator construction. My inferences are unaffected by either of these
alternative measurements.
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are observable daily, I measure market value of equity for firm ¢ in quarter ¢ using the closing
stock price on the day before the quarter ¢ earnings announcement date. Finally, following Hutton,
Marcus, and Tehranian (2009) but using lagged data to ensure availability at the quarter ¢ earnings
announcement date, I define earnings opacity (Opacity) as the sum of discretionary accruals over

the prior three periods:
Opacityy = |DAccit—1| + |DAccit—2| + |DAcc; +—3|

where DAcc;; is the residual from estimating the following regression cross-sectionally for each

quarter
ASales;; s PPE;
ATy ATy

L —a+ B B2 + €it (5)

1
ATy "
In equation (5), T'Acc;y is the difference between net income and operating cash flows for firm 7 at
the end of quarter ¢, ASales;; is the change in sales revenue from quarter ¢ — 1 to quarter t, AT}
is firm ¢’s total assets at the beginning of quarter ¢, and PPE;; is firm i’s net property plant and
equipment at the beginning of quarter t.

I also use the indicator variables from equation (4) to construct an summary variable called
the volatility score (VScore) which is the sum of the indicator variables for each fundamental

variable.

VScore;; = V_RND;; +V_SGI; + V,agF + V_Opacity;; + V_BT M
+(1 = V_.Sizey) + (1 —V_ROAy) + (1 — V_Lvgy)

In the calculation of V Score, I subtract the indicators for size, ROA, and leverage to generate a
new indicator that equals 1 when the firm-quarter observation of size, ROA, or leverage is below
the industry median for the quarter and zero otherwise. This modification ensures that there
will be a positive relation between the variable V Score and expected equity returns volatility. I
also estimate equation (4) using V' Score in the place of the underlying indicators V_F'S Vl% Since
V' Score is constructed to be increasing in equity volatility, I predict the coefficient on V.Score will

be positive and significant.
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3.2 Testing hypotheses 2

To test my second hypothesis, I combine equations (2) and (4) into:

aft‘iT =a+ 610%7 + BQV,FSVZ{ + BsSpready; + Baolt] + Y ear + e (6)
In equation (6) I include controls for past volatility, aﬁ‘ilﬁ, and liquidity, Spread. T measure past

volatility for firm ¢ in quarter ¢ as the standard deviation of returns for firm ¢ over the 60 days
prior to the earnings announcement date for quarter t. Spread is the logarithm of the median
volume-weighted bid-ask spread for all options on firm ¢’s equity over the year ending on the
relevant earnings announcement date. I include these variables as controls because the extensive
literature on volatility forecasting finds that past volatility is informative of future volatility and
that liquidity and volatility are significantly inversely related (Christoffersen, Goyenko, Jacobs, and
Karoui, 2011). Equation (6) allows me to test the incremental informativeness of each financial
statement variable after controlling for implied volatility. Fully efficient options markets would
imply that the coefficient 31 (f2) is indistinguishable from one (zero). My second hypothesis predicts
the opposite; if accounting-based fundamental information explains future volatility incremental to
the other variables, then (2 will be non-zero. I also estimate equations (4) and (6) using V Score
in the place of the underlying indicators V_F'S VZ% As with V_F'S VZ% my hypothesis predicts that
the coefficient on V Score will be significantly different from zero.

Hypothesis 2 also implies the possibility of using fundamentals to predict option returns. I
test this implication by measuring the returns to holding a long straddle portfolio for each firm-
quarter. Long straddle portfolios consist of a single at-the-money call and put option on the same

underlying asset and have the following payoff function
Vst'raddle — |S _ K’ _p (7)

where S is the value of the underlying stock, K is the strike price of the call and put options in
the straddle, and P is the purchase price of the straddle. I measure straddle returns using as a

purchase price the closing prices of one put and one call option five days after the quarterly earnings
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announcement date. I measure the straddle payoff using equation (7) and the closing price of the
underlying security on the day of expiration. I only consider options with moneyness between 0.975
and 1.025 to mitigate concerns about pricing anomalies associated with the volatility smile (Hull,
2009). I also eliminate observations with bid prices equal to zero or bid prices less than ask prices
to minimize potential recording errors (Goyal and Saretto, 2009). I pick the option pair closest to
being at-the-money for each firm-quarter. I first restrict my analysis to options with 60 days until
expiration to ensure consistency with my main analyses, because variation in the time horizon of
volatility estimation could affect the informativeness of the financial statement variables.

I explore the ability of V Score to predict straddle returns in two ways. First, I sort straddle
returns by V Score and construct a hedge portfolio by taking a long position in straddles for firms
with high V Score and a short position in straddles for firms with low V .Score. My hypothesis that
V' Score can predict option returns implies that the returns to this hedge portfolio are positive.
Goyal and Saretto (2009) reveal that straddle returns are predictable using the difference between
historical and implied volatility (DiffVol). I replicate their result and use a double sort to examine
how V Score interacts with DiffVol in predicting straddle returns. In addition to decile sorting, 1
use quarterly returns regressions to explore the incremental informativeness of V' .Score for assessing
straddle returns. Specifically, I estimate

rie=a+ BiRanka!} + 52Rankaﬁ‘il77 + B3V Score + € (8)

2,t,T

where 77, is the 60-day straddle return for firm 7 in quarter ¢. All other variables are as previously
defined. T use the Fama and MacBeth (1973) approach to addressing cross-sectional correlation in
returns by first estimating equation (8) quarterly and then averaging coefficients and estimating
standard errors from the coefficient distribution before evaluating statistical significance. To ac-
count for time-series correlation in straddle returns I employ the Newey-West correction technique

with four lags. Hypothesis 2 predicts that 3 from equation (8) are significantly positive.

18



3.3 Sample

My sample comprises all firms with standardized implied volatility data on OptionMetrics and
sufficient Compustat and CRSP data available to construct my variables. OptionMetrics provides
price data from 1996 to the present for all Chicago Board Options Exchange listed options on US
equities.? In addition to reported prices, OptionMetrics provides several summary statistics for
standardized 30- and 60-day call options. OptionMetrics’s standardization procedure effectively
generates Black-Scholes implied volatility estimates for at-the-money options of constant duration
(Barth and So, 2010). I conduct my analysis using the standardized implied volatility of 60-day
options, though untabulated results indicate that the conclusions are unaffected by the use of 30-day
options. I obtain accounting data from Compustat and daily equity returns from CRSP. I require
firms to have earnings announcement dates on I/B/E/S or Compustat and require ten quarters of
data prior to each quarterly observation to construct variables. The resulting sample consists of
78,034 observations from 3,934 firms from 1996 to 2010. The subsample of observations for which
model-free implied volatility is measurable consists of 1,960 firm quarter observations from 1,126
firms.

Panel A (B) of Figure 1 provides density plots for the level (logarithm) of the implied and
realized volatility sample distributions. The plots in Panel A indicate that both implied and realized
volatilities are highly skewed and leptokurtic. From Panel B it appears that both volatility series
are roughly log-normal. Therefore, I conduct my analysis using the log-series of both implied and
realized volatility. Tables 1 and 2 provide details on the composition of my sample by industry
and year. Table 1 provides a description of my whole sample and the model-free implied volatility
sample. The dominant industries in my sample are business equipment, healthcare, and a generic
other category which includes mining, construction, and entertainment. Panel B of table 1 reveals
a general increase in the number of observations per year over time (from 1,917 firm quarter

observations in 1996 to 7,772 firm quarter observations in 2009), which is consistent with the

30ptions in the United States trade on one of four exchanges: the Chicago Board Options Exchange (CBOE),
the American Stock Exchange (AMEX), the Philadelphia Stock Exchange (PHLX), and the Pacific Exchange. These
markets differ in structure; the CBOE and the Pacific Exchange feature an open-outcry structure. In contrast, the
AMEX and PHLX organize options trade through specialists. Though standard in the volatility literature, the use
of only CBOE data does limit the generalizability of my findings to the extent that differences in the microstructure
of the CBOE and other options exchanges affects pricing.
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increase in options trade over the past decade. The decline in observations in 2010 reflects data
availability constraints. A comparison of tables 1 and 2 reveals that the samples are cross-sectionally
similar despite having different magnitudes; this alleviates potential concerns about selection bias
in the estimation of model-free implied volatility.

Table 3 presents univariate descriptive statistics for the key variables in my full sample. The
univariate statistics for the logarithms of future and past realized volatilities are very similar, which
is consistent with past volatility being predictive of future volatility. The statistics in table 3 reveal
that, on average, implied volatility is higher than realized volatility. The mean and median of the
logarithm of implied volatility are -3.58 and -3.59 and are higher than the mean and median of
future realized volatility (-3.65 and -3.66). The distribution of V Score shows that V Score has a
mean of 3.72 and does not always equal zero or eight for each firm; rather, there is cross-sectional
variation in its value. Table 4 provides Pearson and Spearman correlation coefficients for the key
variables in my analysis. Consistent with the large literature on time-series volatility estimation,
past and future realized volatility exhibit Pearson and Spearman correlations of 0.79. Future

realized volatility is also significantly positively correlated with current implied volatility.

4 Empirical Results

4.1 Fundamentals and future equity volatility

Table 5 presents summary statistics from the estimation of equation (4), which is designed to
test hypothesis 1 using each of the financial statement variables discussed in section 2. With the
exception of leverage, each variable exhibits the predicted relation with future equity volatility.
Table 5 reveals that volatility is significantly negatively related to size (coefficient = -0.257, t-
statistic = -10.25), leverage (coefficient = -0.075, t-statistic = -4.00), and ROA (coefficient = -0.157,
t-statistic = -6.44). Each of these coefficients is significantly different from zero. Table 5 also reveals
that future volatility is significantly and positively related to R&D expenditure (coefficient = 0.230,
t-statistic = 5.69), cash flow volatility (coefficient = 0.236, t-statistic = 14.40), earnings opacity

(coefficient = 0.074, t-statistic = 3.33), and equity book-to-market ratio (coefficient = 0.053, t-
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statistic = 2.85). Because the dependent variable in these estimations is the logarithm of realized
volatility, the coefficients have a multiplicative interpretation. For instance, the coefficient -0.257 on
V _Size indicates that firms with total assets that are above their industry medians have 22% lower
volatility than firms with assets below their industry medians. The significantly negative coefficient
on leverage in table 5 reveals that firms with high leverage relative to the industry median exhibit
lower volatility. This is consistent with the alternative relation posited in section 2.2 that financially
stable firms have greater access to debt financing and consequently exhibit higher leverage. Overall,
the results from table 5 support my first hypothesis that accounting-based fundamental information

is associated with future equity volatility.

4.2 Fundamentals and the bias in option-implied volatility
4.2.1 Measuring expected volatility with Black-Scholes implied volatility

Table 6 presents coefficient estimates from equation (6), which is designed to test my second
hypothesis. Hypothesis 2 has two testable implications for equation (6); the coefficients 57 and
B2 should be significantly different from one and zero, respectively. The results in table 6 support
both of my predictions. Estimates of 51 range from 0.652 to 0.661 across all of the models and
are consistently significantly less from one with t-statistics ranging from -18.05 to -17.81. These
results confirm prior findings that the Black-Scholes implied volatility is a biased estimator of future
volatility.

Of the eight variables I examine, seven have coeflicients that are significantly non-zero. The
coefficients on size, leverage, ROA, and BTM ratio are negative, indicating that the market overes-
timates volatility for firms that are larger, more profitable, more levered, or more undervalued by
the market than the industry median. Size has a coefficient of -0.021 (t-statistic = -3.08), ROA has
a coefficient of -0.015 (t-statistic = -3.28), leverage has a coefficient of -0.008 (t-statistic = -2.39)
and equity book-to-market ratio has a coefficient of -0.011 (t-statistic = -2.01). Again, these coef-
ficients have a multiplicative interpretation because the dependent variable in equation (6) is the
logarithm of future realized equity volatility. The coefficients on sales growth, cash flow volatility,

and earnings opacity are positive, suggesting that the market underestimates volatility for firms
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with more growth opportunities, as measured by sales growth, or more unpredictable operations,
as measured by earnings volatility and opacity. Sales growth has a coefficient of 0.010 (t-statistic
= 2.92), cash flow volatility has a coefficient of 0.017 (t-statistic = 3.02), and earnings opacity has
a coefficient of 0.007 (t-statistic = 2.02). Consistent with the market being able to better antici-
pate managerial discretion than fundamental variability in operations, the coefficient on cash flow
volatility, 0.017, is larger than that of opacity, 0.007. Overall, the significant non-zero 5 estimates
for these seven variables suggest that the market does not efficiently process the information the
variables reflect.?

Table 7 presents summary statistics from the estimation of equations 2 - 6, first including
only implied volatility as a predictor of future volatility and then adding V .Score to capture firm
characteristics. Column I reveals that implied volatility alone explains 70.5% of the variation
in future realized volatility. However, consistent with prior research, the coefficient on implied
volatility, 0.896, is significantly different from one (t-statistic = -5.80). Columns IT and III add
past realized volatility and spread, respectively, to the model in column I. The results in column IT
reveal that past volatility is incrementally significant in explaining future volatility with a positive
coefficient of 0.251 (t-statistic = 10.36). This suggests that implied volatility is not an efficient
estimator of future volatility. Unlike Canina and Figlewski (1993) but consistent with Christensen
and Prabhala (1998), I find that, after controlling for past volatility, implied volatility is significantly
correlated with future volatility. However, the coefficient on implied volatility, 0.655, is significantly
different from one (t-statistic = -18.30), indicating a persistent bias.

Column IIT of table 7 reveals that the addition of volume-weighted equity market spread as
a liquidity proxy does not significantly affect the equation’s explanatory power. Overall explained
variation increases only 0.1%, from 71.7% in column IT to 71.8% in column III. Spread has a signif-
icantly negative coefficient of -0.019 (t-statistic = -2.46) that reflects the inverse relation between
equity market liquidity and options prices. Column IV of table 7 presents summary statistics from
the estimation of equation (6) with V Score as a summary of financial statement information. Con-

sistent with my hypotheses, the coefficient on V' Score is significantly positive (t-statistic = 3.95).

4Underlying this inference is the assumption that the options market uses market price as the price of equity in
determining the price of the option. I relax this assumption in section 5.
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The coefficient estimate of 0.011 indicates that the market on average underestimates volatility at
the rate of 1% per V Score unit. In other words, a firm with a V. Score of z (where = ranges from 0
to 8) has, on average, an implied volatility that is % lower than the subsequent realized volatility.
A comparison of R? values in columns III and IV reveals that adding V Score to the model improves

the overall explanatory power of the model by 3%, from 71.8% to 74.8%.

4.2.2 Measuring expected volatility with model-free implied volatility

Tables 6 and 7 provide evidence that the Black-Scholes implied volatility is a biased estimator
of future volatility. However, they do not address whether this bias is a result of measurement
error or reflects inaccurate market expectations. Table 8 presents coefficient estimates from the
regression of equation (6) using model-free implied volatility in place of Black-Scholes implied
volatility as the market’s expectation of future volatility. Table 8 reveals that using model-free
implied volatility as a measure of the market’s expectation of future volatility does not change
the inferences obtained from tables 6 and 7. Column IX shows that the summary metric V.Score
has a larger coefficient when using model free implied volatility (0.029) than using Black Scholes
implied volatility (0.011). The coefficient on V Score has a t-statistic of 6.62, indicating statistical
significance at the 1% level. Of the eight financial statement variables, three have coefficients
that are significantly negative. Size has a coefficient of -0.078 (t-statistic = -5.11), ROA has a
coefficient of -0.027 (t-statistic = -2.17) , and BTM has a coefficient of -0.034 (t-statistic = -1.99).
Another three variables have significantly positive coefficients; R&D expenditure has a coefficient
of 0.057 (t-statistic = 3.13), cash flow volatility has a coefficient of 0.048 (t-statistic = 3.04), and
earnings opacity has a coefficient of 0.020 (t-statistic = 2.22). With the exception of leverage and
R&D expenditure, all coefficients have the same sign in the model-free specification as they do in
the Black Scholes specification. The coefficient on leverage, 0.001, is not significant (t-statistic =
0.08) when using model-free implied volatility as a measure of the market’s volatility expectation
despite being significantly negative when using Black-Scholes implied volatility as a measure of
the market’s volatility expectation. Conversely, the coefficient on R&D expenditure, 0.057, is

significantly positive when measuring the market’s expectation of future volatility using model-free
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implied volatility whereas is not distinguishable from zero when measuring the market’s expectation
of future volatility using Black-Scholes implied volatility. Table 8 reinforces the conclusions drawn
from tables 6 and 7 by alleviating concern that the incremental significance of the fundamentals in

those analyses are an artifact of measurement error in the market’s expectation of future volatility.

4.3 Predicting straddle returns using fundamentals

The persistent significance of accounting-based fundamentals, incremental to option-implied volatil-
ity, in the prediction of future realized volatility, suggests that there is inadequate incorporation
of this information in options prices. This in turn suggests that financial statement information
could be useful in the prediction of option returns, and I explore this implication in several ways.
Table 9 presents straddle portfolio returns from a fundamental analysis trading strategy. Panels
A and B provide straddle returns by decile based on my volatility score (V Score) and the Goyal
and Saretto (2009) DiffVol variable. The return to a hedge portfolio based on V Score is 12.9%
(t-statistic = 2.52). This is higher than the 8.9% return generated by the fundamental strategy
of Goodman, Neamtiu, and Zhang (2012). Untabulated results reveal that the positive return to
the V' Score strategy is not driven by any single component of the variable. Panel B reveals that
it is lower than the 17.8% return (t-statistic = 6.60) to the DiffVol hedge strategy. The DiffVol
return in my sample is lower than that documented by Goyal and Saretto (2009) and Goodman,
Neamtiu, and Zhang (2012), a difference that most likely reflects differences in sample construc-
tion attributable to data requirements. Panel C presents straddle returns under a double sort by
V Score and DiffVol deciles. In all DiffVol deciles, firms with the highest V Scores exhibit strictly
non-negative returns. In four DiffVol deciles, there are significant positive returns to the V Score
hedge strategy. A V Score hedge generates 14.8% return in DiffVol decile 1 (t-statistic = 2.04), a
28.1% return in Diff Vol decile 4 (t-statistic = 2.29), a 16% return in DiffVol decile 6 (t-statistic
= 2.10), and a 25.7% return in DiffVol decile 7 (t-statistic = 2.49). In the other six deciles, the
V' Score hedge generates returns indistinguishable from zero. Panel C also reveals that the returns
to a DiffVol hedge portfolio are non-negative across all V Score levels. When V Score is equal to 0,

5, 6, or 8, DiffVol hedge returns are 25.4% (t-statistic = 3.37) 18.9% (t-statistic = 2.06), 18.6% (t-
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statistic = 2.43), and 10.7% (t-statistic = 1.76), respectively. Each of these returns is significantly
different from zero. When V Score is outside this range, DiffVol hedge returns are still positive on
average, but the return cannot be distinguished from zero statistically. These results suggest that
the returns to a VScore strategy are not subsumed by a DiffVol strategy.

One potential concern with the aforementioned results is that they are driven by a single
anomalous year. To address this concern, Figure 2 provides a graph of V Score hedge returns for
each year of my sample. The graph reveals that in the 10 of the 14 years of my sample, the hedge
return from a V Score based strategy is positive. In three of the ten years the average return
exceeds 20% and in eight of the ten years it exceeds 10%. Of the four years in which the hedge
return is negative, only in the first year, 1996, is the return significantly different from zero. The
results of figure 2 reveal that the profitability of a V.Score trading strategy is relatively persistent
over time, providing assurance that the pooled sample results from table 9 are not driven by a
single anomalous year.

As an additional robustness check of the incremental informativeness of V Score for assessing
straddle returns, I estimate equation (8) from section 3.2. Table 10 presents coefficient estimates
from equation (8), which relates straddle returns to the rank of implied and past realized volatility
and V Score. My second hypothesis predicts that the coefficient on V Score will be significantly
positive. The results in table 10 reveals that the coefficient on implied volatility ranges from -
0.014 to -0.024 across columns I through IIT and is consistently significantly negative (t-statistics
range from -2.96 to -4.96), suggesting that higher implied volatility is associated with negative
option returns. This result is consistent with prior literature documenting a negative relation
between idiosyncratic volatility and equity returns. Columns II and IIT show that the coefficient
on the rank of past realized volatility is not distinguishable from zero after controlling for implied
volatility (t-statistic = 1.41). Consistent with my second hypothesis, Column III reveals a significant
positive coefficient of 0.021 on V Score (t-statistic = 2.85). This implies that a one-point increase
in V Score is associated with a 2% increase in straddle returns and is consistent with the hypothesis
that V' Score is incrementally useful in the prediction of future volatility and, consequently, option

returns.
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5 Sensitivity analyses

5.1 Put-call parity

A key assumption underlying my analyses is that the options market uses market price as the price
of equity in determining the price of the option. However, prior research identifies predictabil-
ity in equity returns that is related to accounting-based fundamentals such as firm size, equity
book-to-market ratio, and the level of accruals. If options traders use a price that adjusts for the
predictability in equity returns, implied volatility will differ from the option market’s expectation of
future volatility and the gap between implied volatility and realized volatility will be a consequence
of the observed mispricing in the first moment of equity returns. Moreover, if this adjustment is
based on the same accounting-based fundamentals that I identify in my analyses, the observed re-
lationship between these fundamental variables and the gap between implied and realized volatility
would be a mechanical relation rather than an indication of informational inefficiencies.

However, this scenario is unlikely to be pervasive in my sample. Were there to be a systematic
use of an equity price other than the current market price (such as one based on fundamentals),
we would observe frequent and persistent violations of put-call parity. For European options on
nondividend paying stocks, the no-arbitrage condition implies exact put-call parity. For Ameri-
can options, Merton (1973) shows that the puts will be more valuable because at every point in
time there is a positive probability of early exercise. This early exercise premium (EEP) in put
prices will create a gap between American option call and put prices, even in the absence of short
sale constraints or microstructure effects. Empirical evidence on the relative pricing of puts and
calls reveals that deviations from put-call parity are rare and typically temporary (Cremers and
Weinbaum, 2010).

Nonetheless, I estimate the volatility spread for firm ¢ on day t as follows:

VSit = Z wj (IVzCJt - IVi,Fj)’,t)
J
In the above equation, w; is a weighting for option pair j equal to the relative open interest on

the option pair for firm 7 on day ¢. j is the number of option pairs (a pair consists of a call and
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put option on the same asset with the same maturity) for firm i on on day ¢. I include volatility
spread in a re-estimation of equation (4) to examine the incremental informativeness of the eight
fundamental variables. Volatility spread captures option market perceptions of equity mispricing.
If option market perceptions of equity misplacing are driving my primary findings, then including
a volatility spread control variable should eliminate the incremental statistical significance of the
eight fundamental variables.

Panel B of table 11 presents the summary statistics from the modified equation (4). Consistent
with my predictions, there are significant correlations between future realized volatility and seven of
the eight fundamentals I examine, even after controlling for volatility spread in addition to implied
volatility, equity market liquidity, and past realized volatility. More importantly, all variables
maintain the same directional relation incremental to implied volatility. The results of table 11
suggest that implied volatility is overstated for large, highly levered, profitable, and relatively
undervalued firms, as the coefficients on size, leverage, return-on-assets, and book-to-market ratio
are positive and significantly different from zero. Size has a coefficient of -0.020 (t-statistic = -
2.770), leverage has a coefficient of -0.009 (t-statistic = -2.668), return on assets has a coefficient of
-0.012 (t-statistic = -2.651), and book to market ratio has a coefficient of -0.013 (t-statistic =-2.264).
Table 11 also reveals significantly positive coefficients on sales growth, earnings opacity, and cash
flow volatility. Sales growth as a coefficient of 0.009 (t-statistic = 2.909), opacity has a coefficient
of 0.009 (t-statistic = 2.607), and cash flow volatility has a coefficient of 0.018 (t-statistic = 3.038).
These results suggest that implied volatility is understated for firms with high sales growth, opaque
earnings, or volatile cash flows.

I also examine whether the eight fundamental variables can predict option volatility spread.
Untabulated results reveal that they cannot; no single variable or combination of variables exhibit-
ing more than 1 percent or lower adjusted R? values. The low adjusted R? values indicates that
fundamentals explain very little of the variation in the volatility spread. If option traders were
valuing options using an adjusted equity price, the basis for the adjustments would necessarily be
predictive of the volatility spread. Since I find that it is not, it is unlikely that options traders

are systematically using these fundamentals to adjust the prevailing market price of equity in their
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valuation of options.

5.2 Variance risk premia

An alternate explanation for the result that fundamentals are incremental to implied volatility in the
prediction of future volatility is that fundamentals capture equity variance risk premia. Variance
risk for an asset refers to uncertainty about the variance of the asset’s returns. Option-implied
volatility estimates are constructed under a risk-neutral measure, but options market investors
are likely risk-averse. Like risk in the first moment, this uncertainty about the variance of equity
could drive risk-averse investors to demand a premium for holding risky assets to the extent that
uncertainty in the variance of the asset is correlated with uncertainty in the variance of the market
portfolio. Since volatility is the only degree of freedom in most option-pricing models, this premium
would be reflected as a gap between implied and future realized volatilities. A larger (smaller)
implied volatility than the corresponding future realized volatility is consistent with a positive
(negative) variance risk premium, which in turn implies a positive (negative) correlation between
equity variance and market variance.

Prior research shows that, at the index level, implied volatility is consistently greater than
future realized volatility. Similarly, roughly two-thirds (48,381) of observations in my sample of
firm-level options feature implied volatility greater than future realized volatility. This empirical
trend is consistent with a positive variance risk premium. However, in the remaining one third
(29,653) of firm-quarters, implied volatility is less than future realized volatility. If the gap between
implied and future realized volatility is driven by a variance risk premium, it must be the case that
the firm’s equity return variance and the market return variance are negatively correlated if the
option-implied volatility is lower than the subsequent realized volatility.

Figure 3 presents time-series plots of the realized volatility of both the market return and
equity returns for the firms in my sample. The realized volatility of S&P 500 index returns, which
I use as a proxy for market portfolio returns, is represented by the green solid line. Consistent with
prior research, the S&P 500 index exhibits less volatility than the individual firms in my sample.

The red dotted (blue dashed) line plots the average future realized volatility of equity returns for
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each quarter for firms whose option-implied volatility is less than (greater than or equal to) the
future realized volatility. Firms for which option-implied volatility is lower than realized volatility
exhibit consistently higher realized volatility than firms for which option-implied volatility is higher
than realized volatility. However, both sets of firms exhibit returns variances with strong positive
co-movement with the market volatility series. In particular, the time series of realized volatility
for firms whose implied volatility is less than realized volatility does not appear to move against
the market volatility series. This suggests that the difference between implied volatility and future
realized volatility for these firms is not entirely attributable to a variance risk premium.

The results from figure 3 imply that subsample of firms with lower option-implied volatility
than future volatility offers a powerful setting in which to test my hypotheses with less concern
about variance risk premia confounding the interpretation of results. Table 12 presents summary
statistics from the estimation of equation (6) on the subsamttple of firms for which option-implied
volatility is less than future realized volatility. Consistent with my predictions, there are significant
correlations between future realized volatility and six of the eight fundamentals I examine, even in
the subsample of firm-quarters where variance risk premia are less evident. The results of table 12
suggest that implied volatility is overstated for large, profitable, and relatively undervalued firms,
as the coefficients on size, return-on-assets, and book-to-market ratio are positive and significantly
different from zero. Size has a coefficient of -0.015 (t-statistic = -2.481), return on assets has a
coefficient of -0.012 (t-statistic = -2.449), and book to market ratio has a coefficient of -0.011 (t-
statistic =-2.380). In this subsample of firms, unlike the full sample, implied volatility also appears
to be overstated for firms with high research and development expenditures. R&D expense has a
coefficient of -0.34 (t-statistic = -4.86). Table 12 also reveals significantly positive coefficients on
sales growth and cash flow volatility. Sales growth as a coefficient of 0.008 (t-statistic = 2.675)
and cash flow volatility has a coefficient of 0.012 (t-statistic = 2.807). These results suggest that
implied volatility is understated for firms with high sales growth and volatile cash flows. Overall,
the results in table 12 confirm that the possible existence of a variance risk premium does not fully
account for the incremental significance of fundamental variables relative to implied volatility in

the prediction of future volatility.
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6 Conclusion

I provide evidence that accounting-based fundamental information is useful in the prediction of
equity volatility incremental to option-implied volatility. Prior research establishes that implied
volatility is a biased estimator of future realized volatility, but the precise cause of the bias has
remained unclear. My study is the first to hypothesize and find evidence that information about
fundamentals from financial statements is not fully incorporated in either past volatility or the
market’s expectation of future volatility.

I focus my analysis on accounting information that prior literature shows to be useful in iden-
tifying firms with growth opportunities, quantifying systematic and default risks, and predicting
extreme returns. From these literatures I identify the following eight variables: firm size, equity
book-to-market ratio, cash flow volatility, earnings opacity, research and development expenditure,
sales growth, return on assets, and leverage. Over 20% of total variation in observed equity volatil-
ity is explained by variation in these variables. As a benchmark forecast of future volatility, I use
the expectation of volatility implied by options prices both under the Black-Scholes model and
the Britten-Jones and Neuberger (2000) model-free approach. Using either of these benchmarks,
I show that the financial statement variables I identify can supplement implied volatility in pre-
dicting future volatility. By identifying a source of bias in implied volatility that is distinct from
model misspecification, I contribute to the literatures on implied volatility estimation and volatility
forecasting.

My results also contribute to the literature studying variance risk premie. In supplementary
analyses, I find that the observed differences between option-implied and realized equity volatilities
cannot be fully explained by the existence of a variance risk premium. Specifically, I show that firms
with a negative expected variance risk premium (that is, a lower option-implied expected volatility
than the corresponding equity volatility realization) do not exhibit negative correlations with the
market variance. Moreover, financial statement information can still supplement implied volatility
in this subsample. These empirical facts suggest that the fundamentals I identify are not predictive
of the difference between implied and realized volatility merely because they are indicative of a

variance risk premium.
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My results also have implications for options pricing, as I show that accounting-based fun-
damental information can be used to predict option returns. From the eight financial statement
variables in my first stage analysis I construct a single summary metric, VScore. A trading strat-
egy based on my VScore metric generates significantly positive straddle returns. The returns from
this strategy are robust across quintiles formed using both book-to-market ratio and the difference
between historical and implied volatility. They also persist across individual years of the sample.
These suggest that the option market’s failure to fully process volatility-relevant fundamental in-
formation from financial statements explains some of the previously documented bias in implied
volatility.

Overall, this paper provides a link between the literatures on financial statement analysis and
on volatility forecasting. In doing so, I further our understanding of the source of the bias in option-
implied volatility, a long-standing empirical puzzle in the asset pricing literature. My research also
improves our understanding of the relative informational efficiency of the options market relative
to the equity market. Recent studies document the superior information discovery and processing
capabilities of the options market. My results reveals that even with these improvements, options

prices appear to reflect informational inefficiencies.

31



References

ArT™MAN, E. (1968): “Financial Ratios, Discriminant Analysis and the Prediction of Corporate

Bankruptcy,” Journal of Finance, 23(4), 589-609.

BARROs, P. P. (1998): “Endogenous mergers and size asymmetry of merger participants,” Eco-

nomics Letters, 60(1), 113 — 119.

BARTH, M., anp E. So (2010): “Earnings Announcements and Non-Diversifiable Risk,” Working

paper.

BEAVER, W. (1966): “Financial Ratios as Predictors of Failure,” Journal of Accounting Research,

4, T1-111.

BEAVER, W., M. McNIcHOLS, anDp J. W. RHIE (2005): “Have Financial Statements Become Less
Informative? Evidence from the Ability of Financial Ratios to Predict Bankruptcy,” Review of

Accounting Studies, 10, 93-122.

BEeNEISH, M., C. LEE, AND R. TARPLEY (2001): “Contextual Fundamental Analysis Through the

Prediction of Extreme Returns,” Review of Accounting Studies, 6, 165—189.

Brack, F., anp M. ScHOLES (1973): “The pricing of options and corporate liabilities,” The

Journal of Political Economy, pp. 637-654.

BREEDEN, D., AND R. LITZENBERGER (1978): “Prices of state-contingent claims implicit in option

prices,” Journal of business, pp. 621-651.

BRITTEN-JONES, M., aAND A. NEUBERGER (2000): “Option prices, implied price processes, and

stochastic volatility,” The Journal of Finance, 55(2), 839-866.

CAMPBELL, J., M. LETTAU, B. MALKIEL, AND Y. XU (2001): “Have individual stocks become
more volatile? An empirical exploration of idiosyncratic risk,” The Journal of Finance, 56(1),

1-43.

32



CANINA, L., aAnD S. FIGLEWSKI (1993): “The informational content of implied volatility,” Review

of Financial studies, 6(3), 659.

CHAN, L., J. LAKONISHOK, AND T. SOUGIANNIS (2001): “The Stock Market Valuation of Research

and Development Expenditures,” Journal of Finance, 56, 2431-2456.

CHAVA, S., AND R. JARROW (2004): “Bankruptcy Prediction with Industry Effects, Market versus
Accounting Variables, and Reduced Form Credit Risk Models,” Review of Finance, 8(4), 537-569.

CHIRAS, D., AND S. MANASTER (1978): “The information content of option prices and a test of

market efficiency,” Journal of Financial Economics, 6(2), 213-234.

CHRISTENSEN, B., AND N. PRABHALA (1998): “The relation between implied and realized volatil-

ity,” Journal of Financial Economics, 50(2), 125-150.

CHRISTOFFERSEN, P., R. GOYENKO, K. JAacoBs, anp M. Karour (2011): “Illiquidity Premia in

the Equity Options Market,” Working paper.

CREMERS, M., anp D. WEINBAUM (2010): “Deviations from put-call parity and stock return

predictability,” Journal of Financial and Quantitative Analysis, 45(02), 335-367.

Day, T., anp C. LEwWIS (1992): “Stock Market Volatility and the Informational Content of Stock

Index Options,” Journal of Econometrics, 52(1).

DecHOw, P., W. GE, axnp C. SCHRAND (2010): “Understanding earnings quality: A review of
the proxies, their determinants and their consequences,” Journal of Accounting and Economics,

50, 344-401.

Fama, E.; anp K. FRENCH (1992): “The cross-section of expected stock returns,” The Journal of

Finance, 47(2), 427-465.

Fama, E.,; anp K. FRENCH (1997): “Industry costs of equity,” Journal of Financial Economics,

43(2), 153-193.

Fama, E.; anp J. MACBETH (1973): “Risk, return, and equilibrium: Empirical tests,” The Journal

of Political Economy, pp. 607—636.

33



GoODMAN, T., M. NEAMTIU, AND F. ZHANG (2012): “Fundamental analysis and option returns,”

Working paper.

Gow, 1., G. ORMAZABAL, AND D. TAYLOR (2010): “Correcting for cross-sectional and time-series

dependence in accounting research,” The Accounting Review, 85(2), 483-512.

GovAL, A., AND A. SARETTO (2009): “Cross-Section of Option Returns and Volatilit,” Journal

of Financial Economics, 94(2), 310-326.

HILLEGEIST, S., D. CrAM, E. KEATING, aAND K. LUNDSTEDT (2004): “Assessing the Probability

of Bankruptcy,” Review of Accounting Studies, 9(1), 5-34.
Huwr, J. (2009): Options, futures and other derivatives. Pearson Prentice Hall.

HurToNn, A.; A. MARcus, anp H. TEHRANIAN (2009): “Opaque Financial Reports, R-square,

and Crash Risk,” Journal of Financial Economics, 94, 67-86.

JIANG, G., AND Y. TIAN (2005): “The model-free implied volatility and its information content,”

Review of Financial Studies, 18(4), 1305-1335.

(2007): “Extracting model-free volatility from option prices: An examination of the VIX

index,” Journal of Derivatives, 14(3), 35.

JiN, W., J. LivNAT, AND Y. ZHANG (2012): “Options Prices Leading Equity Prices: Superior

Information Discovery or Superior Information Processing?,” Journal of Accounting Research.

KapLAN, R. S.; axD G. UrwITz (1979): “Statistical Models of Bond Ratings: A Methodological

Inquity,” Journal of Business, 52(2), 231-261.

LAKONISHOK, J., R. VISHNY, AND A. SHLEIFER (1993): “Contrarian investment, extrapolation,

and risk,” Journal of Finance, 49(5), 1541-1578.

LAMOUREUX, C., aND W. LASTRAPES (1993): “Forecasting stock-return variance: Toward an

understanding of stochastic implied volatilities,” Review of Financial Studies, 6(2), 293.

34



LATANE, H., AND R. RENDLEMAN (1976): “Standard deviations of stock price ratios implied in

option prices,” The Journal of Finance, 31(2), 369-381.

Leg, C. M. C. (2001): “Market efficiency and accounting research: a discussion of ’capital market

research in accounting’ by S.P. Kothari,” Journal of Accounting and Economics, 31(1-3), 233-253.

MERTON, R. (1973): “The Theory of Rational Option Pricing,” Bell Journal of Economics and

Management Science, 4(1), 141-183.

OHLSON, J. (1980): “Financial Ratios and the Probabilistic Prediction of Bankruptcy,” Journal of

Accounting Research, 18, 109-131.

PAN, J. (2002): “The jump-risk premia implicit in options: Evidence from an integrated time-series

study,” Journal of financial economics, 63(1), 3-50.

PASTOR, L., aND P. VERONESI (2003): “Stock valuation and learning about profitability,” Journal

of Finance, 58, 1749-1789.

ProTroski, J. D. (2000): “Value investing: The use of historical financial statement information

to separate winners from losers,” Journal of Accounting Research, 38, 1-41.

Poor, V., H. SToLL, AND R. WHALEY (2008): “Failure to exercise call options: An anomaly and

a trading game,” Journal of Financial Markets, 11(1), 1-35.

Poon, S., anp C. GRANGER (2003): “Forecasting volatility in financial markets: A review,”

Journal of Economic Literature, 41(2), 478-539.

RAJGOPAL, S., AND M. VENKATACHALAM (2011): “Financial reporting quality and idiosyncratic

return volatility,” Journal of Accounting and Economics, 51, 1-20.

RorL, R., E. SCHWARTZ, AND A. SUBRAHMANYAM (2010): “O/S: The relative trading activity

in options and stock,” Journal of Financial Economics, 96(1), 1-17.

Ross, S. (1977): “The determination of financial structure: the incentive-signalling approach,”

The Bell Journal of Economics, 8(1), 23-40.

35



SHUMWAY, T. (2001): “Forecasting Bankruptcy More Accurately: A Simple Hazard Model,” Jour-
nal of Business, 74, 101-124.

36



A Estimating model free implied volatility

As discussed in section 2.1, I calculate model-free implied volatility estimate as an alternative to
Black-Scholes implied volatility. Britten-Jones and Neuberger (2000) define model-free implied
volatility as follows:

MFIV ) )
ar = — ———dK + ————dK
T |:/0 K2 Fr K2 :|

where T' is the time to expiration in years, r is the annualized risk free rate, {K;} is the set of
available strike prices, Fr is the forward price of the underlying security, C(T, K) is the value of a
call option, and P(T, K) is the value of a put option. This result is driven by the observation of
Breeden and Litzenberger (1978) that the second derivative of a call option price with respect to
the strike price is equivalent to the risk-neutral density. The derivation of this result begins with
the assumption that the price of a call option at any point in time is the expectation of its future
payoft.
C(T,K) = Elmax{Sr — K, 0}]

Under the risk-neutral density (¢:(S¢)) the above expectation can be re-written as the sum of two

integrals
K o]
C(T, K) = / max{Sy — K, 0}¢r(Sr)dSr + / max{Sy — K, 0}ér(Sr)dSy
—00 K

When the price of the underlying security is less than the strike, the value of call option will be

zero. This reduces the above summation to a single term:

o0

O(T, K) = /K (Sr— K)ér(Sr)dSr

Differentiating this expression for the call option price with respect to K yields

oC(T,K o
éf() = — /K (bT(ST)dST
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and differentiating a second time with respect to K generates the Breeden and Litzenberger (1978)

result
92C (T,K)

Using this result, Britten-Jones and Neuberger (2000) derive the above expression for model-free

implied volatility under the assumption that asset prices follow a diffusion process

dF,
2 g dW,
t

By Ito’s Lemma this implies

dtht = O'th - *O’tdt
oidt = 2[dIn F} + odW;]

Integrating over time yields

T
/ oldt = 2[In Fy — In Fy + o W]
0

then taking expectations under the risk neutral density and recalling the Breeden and Litzenberger

(1978) result:

T
EF [/ afdt} = 2[In Fy — EY (In )]
0

/°° CH(T,K) — max(() Fy— K)
0

dK

Fy ~F Fy
:/ C TK dK / Fy
0

Fo FTK FOPFTK
- [ | aK
0

Note that this expression requires integration over the entire range of possible strike prices. Since
such integration is not empirically feasible, I employ the following approximation, derived by Jiang
and Tian (2005), in my calculation of model-free implied volatility.

9 _ QerT
OMFIV = T

S M
AK; AK;
i i=1 i

i=1
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The above approximation assumes
FT == Soe(r_q)T = SoerT

where ¢ is the annual dividend rate (assumed zero) and Sy is the price of the underlying asset at

t = 0. AK; is defined as follows:

Ky — K, if i=1
AK;=q Bzl 1< M

Ky —Kyoq if i=M
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B Variable definitions

RV

;o 18 the logarithm of the observed standard deviation of firm i’s equity returns over the

® O

period starting five days after quarter t’s earnings announcement date and ending 7 days later

v

itr 1s the logarithm of implied volatility of an option on firm i’s equity measured five days

o0
after quarter t’s earnings announcement date with 7 days remaining until expiration. Implied
volatility is either estimated using the Black and Scholes (1973) option pricing equation or

the model-free estimation process described in appendix A.
e Size; is the level of total assets at the end of quarter ¢t — 1.
e Luvg, is the ratio of total liabilities to total assets reported at the end of quarter t — 1

° atc Fthe firm’s cash flow volatility as of quarter ¢, is the standard deviation of operating cash

flows scaled by total assets over the 10 quarters prior to (and not including) the quarter ¢.

e ROA, is the average of the ratio of earnings before interest divided by total assets for quarters

t — 1 through ¢t — 4.

e RN D, for quarter ¢ is the ratio of research and development expense (assumed to be zero if

not reported) to total assets, both measured at the end of quarter ¢t — 1.

e SGI; for quarter t is the ratio of sales revenue in quarter t — 1 to sales revenue in quarter

t—2.

e BT M is the ratio of book value of equity to market value of equity. I estimate book value of
equity as the difference between total assets and total liabilities at the end of quarter ¢ — 1.
I measure market value of equity for firm ¢ in quarter ¢ using the closing stock price on the

day before the quarter ¢ earnings announcement date.

e Opacity = |DAcc;—1|+|DAcci—2|+|DAccit—3| where D Acciy denotes discretionary accruals,
defined as the residual from estimating the following regression cross-sectionally for each

quarter
TAccy 1 ASales; PPE;
ar, ~ P TP, TP,

+ €t

40



In the above equation, T Acc;; is the difference between net income and operating cash flows
for firm ¢ at the end of quarter ¢, ASales;; is the change in sales revenue from quarter ¢ — 1
to quarter t, AT;; is firm 4’s total assets at the beginning of quarter ¢, and PPFE;; is firm 4’s

net property plant and equipment at the beginning of quarter .

V_Sizey (V_Lvgi, V,agF, V_ROA;, V_.RND;, V_SGI, V_BTM;, V_Opacity;) is an indi-
cator variable equalling 1 if the Size (Lvg, agF, ROA, RND, SGI, BT'M, Opacity) of firm

1 in quarter ¢ exceeds that of its industry median.

VScore = V_RNDy +V_SGIy +V_o$F +V _Opacityy +V_BT My + (1 -V _Sizey) + (1 —
V,ROA%) + (1 — VfLUQit)

Spread is the logarithm of the median volume-weighted bid-ask spread for all options on firm

1’s equity over the year ending on the relevant earnings announcement date.
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Table 1: Sample composition
This table provides information on the composition of my sample. Panel A (Panel B) provides a breakdown of
my sample by industry (year). The column “Observations” indicates the number of firm-quarter observations
for each industry; “Percent” indicates the percentage of the total sample attributable to each industry.
Industries are defined using the 12 Fama-French classifications.

(a) Sample composition by industry (b) Sample composition by year

Industry ‘ Observations Percent Year ‘ Observations Percent
Consumer Nondurables 3948 5.06 1996 1917 2.46
Consumer Durables 1691 2.17 1997 3326 4.26
Manufacturing 8367 10.72 1998 3991 5.11
Energy 4170 5.34 1999 4736 6.07
Chemicals 2120 2.72 2000 4571 5.86
Business Equipment 17897 22.93 2001 4362 5.99
Telecommunications 2236 2.87 2002 5269 6.75
Utilities 2025 2.60 2003 5251 6.73
Wholesale and Retail Trade 9056 11.61 2004 5666 7.26
Healthcare 9160 11.74 2005 6623 8.49
Financial Services 6538 8.38 2006 7045 9.03
Other 10826 13.87 2007 7615 9.76
Total 78034 100.00 2008 7996 10.25

2009 7772 9.96

2010 1894 2.43

Total 78034 100.00
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Table 2: MFIV sample composition

44

(a) By industry (b) By year
Firm quarter Firm quarter

Industry Frequency  Percent Year Frequency  Percent
Consumer Nondurables 116 5.92 1996 58 2.96
Consumer Durables 53 2.7 1997 152 7.76
Manufacturing 204 10.41 1998 162 8.27
Energy 60 3.06 1999 226 11.53
Chemicals 46 2.35 2000 200 10.2
Business Equipment 554 28.27 2001 124 6.33
Telecommunications 60 3.06 2002 97 4.95
Utilities 16 0.82 2003 162 8.27
Wholesale and Retail Trade 316 16.12 2004 111 5.66
Healthcare 190 9.69 2005 109 5.96
Financial Services 138 7.04 2006 117 5.97
Other 207 10.56 2007 109 5.56
Total 1960 100.00 2008 156 7.96
2009 104 5.31
2010 73 3.72

Total 1960 100.00

Table 3: Descriptive statistics
This table provides univariate statistics for the main variables in my analysis.

N Mean Std Dev  Minimum Q1 Median Q3 Maximum
log oV 78034  -3.65 0.54 -5.83  -4.02 -3.66  -3.29 -1.90
log o i 78034  -3.63 0.53 -5.10  -4.00 -3.65 -3.28 -1.99
log olV 78034  -3.58 0.47 -5.07  -3.91 -3.59  -3.26 -2.18
log oM FIV 1960  -2.05 1.30 961 -290  -1.96 -1.17 3.14
Spread 78034  -1.95 0.51 -4.28 -2.29 -1.95 -1.63 0.38
ROA 78034 0.01 0.04 -0.44  0.00 0.01 0.02 0.13
log TA 78034 7.20 1.79 1.12 5.90 7.07 834 14.94
RND 78034 0.03 0.06 0.00 0.00 0.00 0.03 0.58
Lvg 78034 0.50 0.25 0.03 0.31 0.51  0.67 1.42
O'tCF 78034 0.02 0.04 0.00 0.01 0.01 0.02 0.48
Opacity 78034  -0.04 0.18 -0.81 -0.13 -0.04 0.05 0.89
log BTM 76529  -0.92 0.90 -13.77  -1.42 -0.89 -0.39 5.37
V Score 78034 3.72 1.59 0.00 3.00 4.00 5.00 8.00
KoflY, <ol¥} | 78034  0.62 0.49 0.00  0.00 1.00  1.00 1.00
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Table 7: Incremental informativeness of summary V-score
This table provides the coeflicient estimates from equations 2, 4, and 6 using the V-score as a summary
measure of financial statement information. In parentheses below each coefficient are t-statistics from two-
way industry and quarter clustered standard errors. *, ** and *** indicate significance at 10, 5, and 1
percent, respectively, of the hypothesis that the given coefficient is different from zero. tindicates significance
at the 1 percent level of the hypothesis that the given coefficient is different from one.

Uft‘iT =a+ ﬁlaftv + B2V Score; + B3Spread;; + 6405‘{ +vYear: + €;
1 II 111 v
oV 0.8961  0.655t 0.659F 0.64471
(-5.80) (-18.30)  (-17.78)  (-18.17)
oY 0.2517%%*  (0.248%** (). 247***
(10.36) (10.38) (10.17)
Spread -0.019**  -0.023%**
(-2.46) (-3.08)
V Score 0.011*%*
(3.95)
Obs 78034 78034 78034 78034
Adj. R-square 0.705 0.717 0.718 0.748
Year fixed-effects  Yes Yes Yes Yes
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Table 10: Straddle returns regressions

This table provides coefficient estimates from equation 8. The dependent variable in each model is firm-
level 60-day straddle portfolio returns. In parentheses below each coefficient are Fama MacBeth t-statistics
from Newey-West corrected standard errors. *, ** and *** indicate significance at 10, 5, and 1 percent,
respectively, of the hypothesis that the given coeflicient is different from zero.

Tz‘s,t =a+ BlRankUiI,‘t/,r + ﬂ2RankatV—1,r + B3V Scorey; + €4

I I I11
Intercept 0.079 0.082 0.039
(1.51) (1.47) (0.73)
Rank oV -0.014%**  -0.020%**  -0.024%**
(-2.96) (-4.32) (-4.96)
Rank o/t 0.006 0.005
(1.41) (1.21)
VScore 0.021%**
(2.85)
No. of quarters 56 56 56
Obs per quarter 306 306 306
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