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Abstract

Theoretical models predict that the value of a real option should be increasing in the volatility of

the underlying asset. Thus, if real options are economically important, then firm values should be

positively related to volatility. Consistent with this prediction, we find evidence that stock returns

are contemporaneously positively correlated with changes in volatility. Moreover, this positive

relation is stronger for firms that are more likely to have more real options and for firms with more

irreversible investment opportunities. Most importantly, we find that the sensitivity of firm values

to changes in volatility declines significantly after firms exercise their real options. These results

indicate that real options constitute an economically meaningful component of firm values.
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1 Introduction

One of the main implications of the large and rapidly evolving real options literature is that if an

investment project is at least partially irreversible and if there is uncertainty regarding the project’s

value, then the option to wait for new information can be valuable. Excellent illustrations of this logic

can be found in Bernanke (1983), Brennan and Schwartz (1985), McDonald and Siegel (1986), Majd

and Pindyck (1987), and Pindyck (1988), who provide some of the first treatments of real investments

as options. These models demonstrate that the value of the timing option can be substantial and that

the NPV investment rule can lead to sub-optimal investment.

Surprisingly, in contrast to the large theoretical literature on real options, the evidence on the

economic importance of real options for firm valuation is rather limited. For example, Berger, Ofek

and Swary (1996) examine the relation between firms’ market values and accounting-information-based

estimates of their abandonment values, and document a positive relation between market values and

estimated exit values. Quigg (1993) analyzes the differences between theoretical land values, obtained

using option pricing models, properties’ market values, and estimated intrinsic land values, and finds

that real options are generally valuable. Similarly, Paddock, Siegel and Smith (1988) examine the

relation between option-model-based valuations of offshore petroleum leases and bids for these leases

and find that the bids incorporate the value of real options.

However, a limitation of existing studies examining the economic magnitude of the effect of real

options on firm values is that they rely on a researcher’s ability to correctly estimate optimal investment

strategies and model parameters. Since estimated real option values can be very sensitive to the

underlying assumptions (e.g., Quigg (1993)), it is unclear how important real options are to a typical

firm’s valuation. Further, since existing studies focus on particular industries or sectors, it is hard to

generalize their results to a broad cross-section of firms.

In this paper we propose a new way of examining the importance of real options for firm valuation.

1



Electronic copy available at: http://ssrn.com/abstract=1101562

One of the main implications of the real options theory is that a real option’s value is increasing

in the volatility of an underlying process (i.e. demand volatility, cost volatility, or overall volatility

of profits). Thus, if real options constitute a substantial component of firm values, then the latter

should also be positively related to volatility. We examine this empirical prediction by estimating the

relation between stock returns (i.e. changes in firm values) and contemporaneous changes in measures

of volatility. This approach has several advantages over the testing strategies in previous studies.

First, it allows us to examine the relation between real options and firm values within a large sample

of firms. Second, it does not require estimating the values of real options. Finally, it is robust to any

type of real options that firms may possess.

Following Leahy and Whited (1996) and Bulan (2005), we employ changes in volatility of stock

returns as a proxy for changes in underlying volatility. Consistent with the real options theory, our

results demonstrate that the relation between returns and contemporaneous changes in volatility is

positive. The economic importance of real options also seems to be large. For example, a one standard

deviation increase in a measure of volatility raises a typical firm’s value by about 2.5%. Although this

finding is in line with the results in Duffee (1995), we go further and perform a battery of tests to

investigate whether the positive relation between returns and contemporaneous changes in volatility

is driven by the effect of volatility on the value of real options.

First, we examine whether the values of real-options-based firms are more sensitive to changes in

underlying volatility than values of assets-in-place-based firms. The rationale for this test is that if

the positive relation between returns and changes in volatility is due to the presence of real options

whose values increase with volatility, then the sensitivity of firm value to volatility should be stronger

for firms that are more likely to have more real options (e.g., small firms, young firms, high R&D

firms). Consistent with this empirical prediction, we find that the positive contemporaneous relation

between returns and changes in volatility is very strong among firms that are likely to have abundant

real options, while it is weak and sometimes nonexistent among assets-in-place-based firms.
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Second, we examine how investment irreversibility affects the correlation between volatility and firm

value. According to real options theory, volatility increases the value of a firm’s investment options only

when investment is at least partially irreversible (e.g., Bernanke (1983)). Thus, if real options are one of

the main drivers behind our results, then we should expect that the correlation between volatility and

firm value should be stronger for firms with relatively irreversible investment opportunities. To test this

empirical prediction, we use the correlation between investment and volatility as a proxy for investment

irreversibility. The intuition behind this approach is that when investment is irreversible, volatility

leads to a reduction in current investment because it increases the value of waiting (e.g., Pindyck

(1988)). Our results indicate that the positive relation between returns and changes in volatility is

significantly stronger for firms with negative investment-volatility relation. That is, consistent with

the predictions of the real options theory, we find that our results are stronger for firms with likely

less reversible investment opportunities, and as a result, more valuable options to wait.

In addition to examining the cross-sectional variation in the sensitivity of firm values to changes

in volatility, we investigate how this sensitivity evolves as a firm’s mix of growth options and assets in

place changes over time. On one hand, a firm develops and accumulates real options. On the other

hand, it exercises these options by investing when the value of the benefits from investing is high

enough to offset the value of the option to wait. Thus, an additional prediction of the real options

theory is that the sensitivity of firm value to changes in volatility is expected to be higher when a firm

builds up its real options, and it is expected to decline when the firm exercises (part of) them.

To test this prediction, we use spikes in firm investment levels, issues of seasoned equity, and

spikes in external financing in general to proxy for instances of real option exercise. Consistent with

the theory, we find that the sensitivity of firm value to changes in proxies for underlying volatility

increases prior to real options exercises, it drops sharply following exercises of real options, and then

it starts rising again as firms start building up new real options. This evidence strongly suggests that

the positive relation between returns and contemporaneous changes in volatility is driven by the effect
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of volatility on the value of real options.1

In order to attribute our findings to the cross-sectional variation and time-series evolution of real

options, we need to rule out alternative explanations for our empirical results. Two such explanations

deserve special attention. First, the positive relation between returns and contemporaneous changes

in return volatilities, which is qualitatively similar to positive skewness in returns, may in principle be

spurious and unrelated to real options. On one hand, an especially high daily return during a certain

month mechanically causes both a relatively high monthly return and a high estimated return volatility.

On the other hand, a negative return of an especially high magnitude translates into an abnormally

low monthly return and high volatility. Since positive returns are unbounded, while negative returns

are bounded at -100%, the first effect is likely to dominate, leading to an overall positive spurious

relation between returns and contemporaneous measures of volatility (and changes in them).

We propose three remedies to this potential spurious relation. First, similar to Duffee (1995), we

estimate volatilities using natural logarithm of stock returns. Using logarithmic returns eliminates the

aforementioned asymmetry in random samples of returns. Second, in our time-series tests, in which

the returns of firms exercising real options are clearly non-random, we use a control firm approach.

Specifically, we compare the evolution of the relation between returns and changes in volatility of our

sample firms to that of firms with similar characteristics and similar stock returns that do not belong

to the sample of real-option-exercise-firms. Third, in one of the empirical specifications, we estimate

the relation between idiosyncratic returns and changes in volatility of the systematic component of

returns, eliminating potential mechanical effects by using factor returns instead of individual stock

returns to calculate our proxy for volatility.

The second potential alternative explanation for our results is Pástor and Veronesi’s (2003) effect of

uncertainty about the growth rate of future profits on firm values. According to Pástor and Veronesi,

1 It also provides additional support for the argument in Carlson, Fisher and Giammarino (2006) that firms exercise

real options around seasoned equity issues.
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the positive relation between returns and changes in uncertainty, particularly for firms with relatively

abundant growth options, can be due to the convex relation between future firm values and future

growth rates. Thus, it follows from Jensen’s inequality that the larger the uncertainty about the

growth rate of future profits, the larger the current firm value. Hence, changes in uncertainty are

expected to be associated with changes in firm values even if firms’ investment policies are fixed, i.e.

in the absence of real options. Also, since our proxies for real options are likely to be correlated with

the proportion of firm values attributable to investment opportunities, whose growth rates are more

uncertain than those of existing assets, differences in the levels of uncertainty about future growth

could be consistent with our empirical findings.

However, Pástor and Veronesi (2003) show that all of the additional return volatility that follows

from the uncertainty about future growth is idiosyncratic. Thus, since there is no reason to believe that

the volatility of the systematic component of returns should proxy for the uncertainty about future

growth of profits, Pástor and Veronesi’s model predicts that there should be no relation between

idiosyncratic returns and changes in systematic volatility. However, we find that stock returns are

strongly and positively related to changes in the volatility of the systematic component of returns.

This result is more consistent with the predictions of the real options theory because the value of a

real option is a function of both systematic and idiosyncratic volatilities.

In addition to ruling out the two aforementioned alternative explanations for our findings and

showing that the latter are at least partially due to the effect of volatility on the value of real options,

we ensure that the results are not driven by differences in leverage (“the leverage hypothesis”) and

by changes in volatility that are in part predictable. We also perform a battery of robustness checks

to make sure that our results are not specific to the way we estimate volatilities and to the choice of

estimation methods and empirical specifications, and that they hold for various samples and sample

periods.

Overall, we believe that our paper provides important evidence in favor of real options theory. The
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sensitivity of the values of real options to underlying volatility seems to be one of the main reasons for

the cross-sectional variation in the relation between returns and contemporaneous changes in volatility

and for the evolution of this relation around real option exercise times. This is an important result

because several recent asset pricing papers rely on the assumption that real options are economically

significant (e.g., Berk, Green and Naik (1999) and Carlson, Fisher and Giammarino (2004)).

The remainder of the paper is organized as follows. In the next section we discuss and motivate

our measures of volatility, describe the empirical specifications, and outline the cross-sectional and

time-series tests. In section 3 we describe the data. Sections 4 and 5 present the results of the cross-

sectional and time-series tests respectively. Section 6 discusses the results of various robustness checks.

Section 7 summarizes and concludes.

2 Measures of volatility and empirical methods

2.1 Measures of volatility

Theoretically, the value of a firm’s real options is increasing in the volatility of the underlying assets

(e.g., McDonald and Siegel, 1986). However, many aspects of uncertainty regarding potential projects,

which include but are not limited to demand shocks (changes in consumer tastes), supply shocks

(changes in production technologies), and institutional changes, are unobservable. Moreover, even if

the realizations of these shocks were observable ex-post, their expectations, affecting the values of real

options, would not be known. If stock prices incorporate values of real options then the volatility

of stock prices is expected to be related to the volatility of the underlying valuation processes. This

justifies the use of measures of volatility of stock returns as proxies for underlying volatility, as in

Leahy and Whited (1996) and Bulan (2005).

We use three measures of volatility: volatility of daily stock returns, volatility of the idiosyncratic

component of these returns, and volatility of the systematic component of returns. A large and growing
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literature examines whether idiosyncratic volatility predicts future returns (e.g., Ang, Hodrick, Xing,

and Zhang (2006, 2007), Brown and Ferreira (2004), Fu (2008), Goyal and Santa-Clara (2003), Malkiel

and Xu (2002), Spiegel and Wang (2005), and Tinic and West (1986)). While the distinction between

total, idiosyncratic, and systematic volatilities is crucial in the context of asset pricing tests and

predictive regressions,2 it is not immediately clear which of the measures of volatility is best suited

for testing the impact of real options on firm values.

On one hand, the value of an option (financial or real) is affected by the total volatility of the

underlying asset. Thus, if real options constitute an important component of firm value, an increase

(decrease) in total volatility is expected to enhance (reduce) the value of real options and result in

positive (negative) stock returns. On the other hand, an increase (decrease) in total volatility raises

(lowers) firm’s systematic risk and discount rate and reduces (increases) firm value, causing negative

contemporaneous stock returns.

Using idiosyncratic volatility mitigates the second effect to the extent that we are able to extract

the firm-specific volatility component. However, idiosyncratic volatility has three deficiencies. First,

measuring only the idiosyncratic component of volatility introduces additional noise into a measure of

volatility by considering only part of return volatility. Second, by construction, it could be spuriously

correlated with stock returns for reasons discussed above. Third, and most importantly, idiosyncratic

volatility can be related to uncertainty about idiosyncratic future growth rates, and, thus, it can be

positively related to firm value even in the absence of real options (see Pástor and Veronesi (2003)).

Systematic volatility does not suffer from the aforementioned problems. In addition, using system-

atic volatility eliminates possible spurious relation between volatility and returns because idiosyncratic

returns are not mechanically related to the volatility of systematic returns by construction. However,

2Total volatility is positively related to measures of systematic risk because of its systematic component and should

be positively related to expected returns. The theoretical relation between idiosyncratic volatility and expected returns

is not as straightforward (e.g., Merton (1987)).
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similar to the case of idiosyncratic returns, estimating only a part of total volatility introduces noise

into the measure of volatility. In addition, as mentioned above, changes in systematic risk can be

negatively related to contemporaneous returns, biasing the results against finding a relation between

returns and contemporaneous changes in systematic volatility.

Because it is not clear which of the three measures is the best proxy for the underlying volatility,

we use all three measures in the empirical tests. We follow Ang, Hodrick, Xing and Zhang (2006, 2007)

and Duffee (1995) among others in estimating firms’ stock return volatilities. The estimate of firm ’s

total volatility during month  is the standard deviation of the firm’s daily returns during month ,

  =

vuutP
∈
( − )2

 − 1  (1)

where  is the natural logarithm of 1+ day  ∈  excess return on firm ’s stock,  is the mean

of the logarithms of gross daily returns on firm ’s stock during month , and  is the number of

non-missing return observations during month . We use logarithmic returns in order to mitigate the

potential mechanical effect of return skewness (see Duffee (1995) and Kapadia (2007)) on the relation

between returns and return volatility. Firm ’s idiosyncratic volatility during month  is defined as the

standard deviation of the firm’s idiosyncratic daily returns,

  =

vuutP
∈

2

 − 1  (2)

where  are the residuals from the following regression:

 −  = + 1( −  ) + 2 + 3 +   (3)

In (3),  is the return on firm ’s stock during day  , 

 is the daily risk-free rate,  is the

daily return on the value-weighted market portfolio, and  and  are the daily returns of

high-minus-low and small-minus-big zero-investment portfolios as in Fama and French (1993). Firm’s

month- systematic volatility is defined as

  =

vuutP
∈
( −  − )2

 − 1  (4)
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To summarize, the change in volatility between months − 1 and , ∆ , can take the following

three values:

∆  =   −  −1 (5)

∆  =   −  −1 (6)

∆  =   −  −1 (7)

2.2 Basic empirical specification and testable hypotheses

In order to examine the relation between stock returns and innovations to volatility we estimate the

following basic regression:

 − 

 =  +  + −1 + ∆ ∆  +  (8)

where  is the return of firm ’s stock during month , 

 is month ’s risk-free rate,  is a vector of

contemporaneous factor loadings from the Fama and French (1993) model, obtained from (3), −1

is a vector of firm characteristics known in the beginning of month , and ∆  takes the form of

∆ , ∆ , or ∆ .

Since the debate regarding whether stock returns are driven by factors or characteristics (e.g.,

Daniel and Titman (1997) and Davis, Fama and French (2000)) is beyond the scope of this paper, we

follow Ang, Hodrick, Xing and Zhang (2006, 2007) and include firm characteristics along with factor

loadings when estimating (8). The characteristics include size, book-to-market and lagged returns

over the previous 6 months. Following numerous papers in the asset pricing literature we employ the

Fama-MacBeth (1973) methodology in estimating (8). Specifically, we estimate (8) each month and

compute means and Newey-West (1987) heteroskedasticity and autocorrelation consistent standard

errors of these cross-sectional estimates.

If real options contribute to firm values and if the values of real options are increasing in volatility
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of their underlying investments,3 then we should expect to find empirical support for the following

hypotheses:

H1: The relation between stock returns and contemporaneous changes in volatility is expected to

be positive;

H2: This positive relation is expected to be stronger in the cross-section for firms that are likely

to be endowed with more real options;

H3: This positive relation is expected to be stronger for firms with less reversible investment

opportunities;

H4: This positive relation is expected to be weakened following events of real option exercise.

In what follows, we describe the cross-sectional and time-series tests of the hypotheses.

2.3 Cross-sectional tests

One way to examine whether the relation between changes in volatility and contemporaneous stock

returns is driven by the effect of volatility on the value of real options is to compare the strengths of

this relation across subsamples of firms with different mixes of investment opportunities and assets in

place. The idea is that the more investment opportunities a firm has the more discretion it has with

respect to the timing of its investments, and the larger the value of real options. To perform such

an analysis, at the end of each year we sort firms based on measures of investment opportunities and

form subsamples corresponding to each of the measures. If the effect of volatility on the value of real

options influences firm values, we should expect to observe a monotonic increase in the coefficients on

3The values of real options are increasing in the underlying volatility in virtually all real options models. One

exception to this rule is identified by Kandel and Pearson (2002), who show that in the case of an incremental investment

in technology aimed at reducing marginal costs of production, a negative relation between the value of real options and

volatility can obtain for certain parameter values.
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∆  in various specifications of (3) as we move from subsets of firms with relatively few real op-

tions to subsets of firms with abundant real options. We use the following five measures of real options.

Firm size. Larger firms are expected to have a larger proportion of their value represented by as-

sets in place, while smaller firms are more likely to rely more heavily on investment opportunities.

Firm age. Older, more established firms are expected to have a larger proportion of value repre-

sented by existing assets.

R&D intensity. Since research and development generates investment opportunities, the larger the

relative R&D expenditures the more real options the firm is expected to have.

Future sales growth. An increase in sales (and production) in the future is likely to be caused by

the exercise of real options. The clear drawback of future sales growth as a measure of current real

options is that it suffers from the look-ahead bias. However, it can still be useful in our setting

because the regressions we estimate are not predictive regressions. Instead, our tests focus on the

contemporaneous relation among the variables of interest. Thus, we use realized future sales growth

as an instrument for expected sales growth. In order not to induce spurious correlation caused by

contemporaneous surprises to sales and to firm values, we measure future sales growth starting from

the year after the period for which equation (8) is estimated.

First principal component of the four measures above. Realizing that none of the four aforementioned

measures of real options is perfect, we estimate the first principal component of the four measures

and use it as an additional proxy for real options. Because of the modest correlations among the real

options proxies, the collective evidence can be suggestive of the true effect of investment opportunities
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on the relation between returns and changes in volatility.

We do not use the most common proxy for investment opportunities, the market-to-book ratio in

our tests. The reason is that a high  can be due to abundant investment opportunities and/or

due to the growth options being in the money. In the first case, the values of high  firms would

be more sensitive to changes in volatility than those of low firms. In the second case, an increase

in the moneyness of the options, associated with the increase in  would reduce the sensitivity

of firm value to changes in volatility. Thus, we can not make unambiguous predictions regarding the

relation between  and the return — ∆  relation.

We also perform an alternative cross-sectional test in which we examine the effect of irreversibility

on the association between returns and contemporaneous changes in volatility. The rationale behind

this approach is the following. It is well established in the literature that when potential investments

are irreversible, uncertainty increases the opportunity cost of irreversible investment, or, in other

words, increases the value of the timing option. As a result, an increase in uncertainty leads to a

reduction in current investment because the option to wait becomes more valuable (Pindyck (1988)).

This implies that the correlation between volatility and investment is likely to be negative for firms

with relatively irreversible investment opportunities. Thus, if real options are one of the main drivers

behind our results, then the relation between volatility and returns should be more positive for firms

with negative investment-volatility relation.

To perform this test, we assign our sample firms to two groups: firms with positive investment-

volatility relation and firms with negative investment-volatility relation. Specifically, for each firm, we

perform five-year rolling-window regressions of investment on contemporaneous change in volatility

and cash flow.4 The coefficient on the change in volatility estimated during period  − 5 to  − 1 is

assigned to firm-year . Firm-years with positive coefficients are assigned to the “reversible investment”

4Cash flow was shown to significantly affect investment (e.g., Fazzari, Hubbard and Petersen (1988, 2000), Kaplan

and Zingales (1997), and Cleary (1999)).
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group, while firm-years with negative coefficients are assigned to the “irreversible investment” group.

A positive relation between returns and volatility that is stronger among firms with negative volatility-

investment relation would be consistent with the predictions of the real options theory.

2.4 Time-series tests

The cross-sectional tests rely on comparing the sensitivity of firm values to changes in volatility across

different sets of firms sorted by measures of investment opportunities. Thus, the cross-sectional results

rely heavily on the quality of our proxies for real options.

An alternative test of real options theory is an examination of the time-series evolution of the

relation between returns and contemporaneous changes in volatility for firms experiencing shocks to

their mix of real options and assets in place, such as real options exercises. Thus, in addition to

examining the cross-sectional differences in the sensitivity of firm values to volatility, we examine the

evolution of this sensitivity around times when firms are likely to exercise part of their real options.

Firms exercise real options by investing. A spike in a firm’s real investment rate can signal an

exercise of investment opportunities. Thus, we examine changes in the return —∆  relation around

investment spikes. Real options theory predicts that this relation is expected to be decreasing following

the exercise of investment opportunities.

One potential drawback of examining the behavior of the return — ∆  relation around in-

vestment spikes is the continuous nature of investments. The exercise of an investment opportunity

might not coincide with an immediate investment spike. Thus, we attempt to estimate the timing

of the decision to exercise real options and transform them into assets in place. Firms frequently

raise external funds in order to finance their investments. Real options models (e.g. Carlson, Fisher

and Giammarino (2006, 2007)) regard seasoned equity offerings (SEOs) as a signal of the decision to

exercise growth options by investing the SEO proceeds. Consistent with these models, Lyandres, Sun

and Zhang (2007) find that investment rates of firms that issue equity are significantly higher than
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those of similar non-issuers. Thus, we supplement the investment-spike-based evidence by examining

the evolution of the return — ∆  relation around SEO announcements and spikes in new issuance

activity in general. According to the real options theory, the sensitivity of firm values to volatility is

expected to decline following new issues.

3 Data and variables

We obtain daily stock returns, used in estimating volatilities and factor loadings in (3), and monthly

returns, used as the dependent variable in (8), from CRSP daily and monthly return files respectively.

Daily and monthly factor returns and risk-free rates are from Ken French’ website at http://mba.tuck.

dartmouth.edu/ pages/faculty/ken.french/data_library.html. The time frame of our analysis is limited

to 1/1964 - 12/2006 due to the availability of Fama and French (1993) daily factors.5 Following Ang,

Hodrick, Xing and Zhang (2007), among others, we eliminate utilities (SIC codes between 4900 and

4999) and financials (SIC codes between 6000 and 6999) from the sample.6 There are 2,441,223

monthly observations with non-missing returns and volatility estimates. Accounting variables used

to compute firm characteristics, measures of investment opportunities, and investment rates are from

COMPUSTAT.

The independent variables in (8) include the difference between the current month’s return volatility

and previous month’s volatility, loadings on Fama and French (1993) three factors, and firm charac-

teristics. Since monthly volatilities and factor loadings are estimated using daily returns, we discard

firm-months with fewer than ten daily return observations.

The characteristics on the right hand side of equation (8) are log market equity, log book-to-market,

and past returns. Following Fama and French (1993), we measure the market value of equity as the

share price at the end of June times the number of shares outstanding, COMPUSTAT data item

5All the results below also hold within more recent sample periods, such as the second half of our sample.

6 Including financials and utilities does not affect the qualitative results.
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24. Book equity is stockholder’s equity (item 216) minus preferred stock plus balance sheet deferred

taxes and investment tax credit (item 35) if available, minus post-retirement benefit asset (item 330)

if available. If stockholder’s equity is missing, we use common equity (item 60) plus preferred stock

par value (item 130). If these variables are missing, we use book assets (item 6) less liabilities (item

181). Preferred stock is preferred stock liquidating value (item 10), or preferred stock redemption

value (item 56), or preferred stock par value (item 130) in that order of availability. To compute the

book-to-market ratio, we use December closing price times number of shares outstanding. We match

returns from January to June of year  with COMPUSTAT-based variables of year  − 2, while the

returns from July until December are matched with COMPUSTAT variables of year −1. Past returns

are defined as buy-and-hold returns for six months leading to the month of the observation. There

are 1,627,522 observations with non-missing values for monthly returns, innovations in measures of

volatility, factor loadings, and characteristics.

In our cross-sectional tests we split the sample into five groups based on one of the five mea-

sures of investment opportunities, discussed in subsection 2.3. In order to achieve sufficient degree of

heterogeneity in the measures of investment opportunities across the subsamples, the sample split is

uneven. Specifically, we assign firms belonging to the lowest five deciles of a measure of investment

opportunities into the first group. Firms belonging to the next two deciles are assigned to the next

group, and each of the remaining three deciles corresponds to a separate group.7

The first measure of investment opportunities, firm size, is defined as the book value of assets,

COMPUSTAT item 6. The second proxy for real options, firm age, is from Boyan Jovanovic’s website

at http://www.nyu.edu/ econ/user/jovanovi/. We define a firm’s age as the difference between current

year and the founding year or incorporation year or the first year that the firm’s stock appears in

monthly CRSP files, in that order of availability. The third proxy, R&D intensity, is the ratio of R&D

expenditures, item 46, and book assets. The data on R&D expenditures are missing for many firms

7Constructing the investment opportunities subsamples based on even quintiles produces qualitatively similar results.
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(they are available for only 978,034 observations). Future sales growth is defined as the difference

between sales four years after the year of the observation over sales in the year following the year of

the observation divided by the sales in the year following the year of the observation. Sales is measured

as item 12.

The magnitudes of the correlations among the five real options measures range from −1.4% be-

tween book assets and future sales growth to −21.5% between age and R&D-to-assets. Because of

these modest correlations, we employ a fifth measure of investment opportunities: the first principal

component of the previous four measures. We estimate the principal components using all observations

with available data on all four real options measures (724,710 in total). The first principal component

is the following linear combination of the four proxies for investment opportunities:

1 = 0381() + 0620()− 0582(  )− 0362(  ) (9)

Not surprisingly, the coefficients on assets and age, which are expected to be negatively related to

investment opportunities have an opposite sign to the coefficients on R&D-to-assets and future sales

growth, which are likely to be positively correlated with real options.8

In our second set of cross-sectional tests we split the firms based on the estimated degree of

(ir)reversibility of their investments. Specifically, for each firm, we perform five-year rolling-window

regressions of investment on the change in volatility and contemporaneous cash flow:

 =  + 1∆  + 2 +   (10)

where  is firm ’s investment rate in year  ∈ [ − 5  − 1], defined as capital expenditures,

item 128, over lagged book assets, item 6. ∆  takes the form of ∆  , ∆  , or

∆  .  is the contemporaneous cash flow, defined as the ratio of the sum of operating

profit, item 18, and depreciation, item 14, to lagged book value of assets. The coefficient on the

8We obtain results similar to those reported below when we estimate the first principal component separately for each

year.
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change in volatility estimated during period − 5 to − 1 is assigned to firm-year . Firm-years with

positive coefficients are assigned to the “reversible investment” group, while firm-years with negative

coefficients are assigned to the “irreversible investment” group.

Our time-series tests are based on estimating the timing of real option exercises, proxied by invest-

ment and financing spikes. We follow Whited (2006) and define a firm-level investment spike as a year

in which the firm’s investment rate exceeds three times its median annual investment rate throughout

the sample period.9 There are 18,396 investment-spike years, out of which 16,412 correspond to firms

that have not performed seasoned equity offerings within last three years.

We define spikes in financing activity as firm-years in which the measure of net issues, defined as

sale of common and preferred stock (COMPUSTAT item 108) less purchase of common and preferred

stock (item 115) plus annual change in debt, (item 9 plus item 34), normalized by lagged book assets,

exceeds 10%.10 There are 58,122 firm-years classified as financing spike years.

The dates of SEO announcements are from the Securities Data Company. We use filing dates as

SEO dates, and in cases in which filing dates are unavailable, we use issue dates.11 The SEO data are

available starting in 1970. There are 9,667 SEO announcements between 1970 and 2006 with at least

one return observation within two years before or after the SEO.

In order to limit the effect of outliers on the results, we winsorize total, idiosyncratic, and systematic

volatilities and their first differences, as well as log market equity, log book-to-market, and the loadings

9The qualitative results are insensitive to varying the spike threshold. (We tried thresholds ranging from twice to five

times the median investment rate.) Also, the results are insensitive to computing abnormal investment relative to Fama

and French (1997) industry median investment and defining investment spikes accordingly.

10The median new issue rate is very close to zero (it equals 0.8%). Thus, we can not define financing spikes in a way

similar to the investment spike definition. The qualitative results are insensitive to variations in the spike thresholds.

(We tried thresholds ranging from 5% to 50%.)

11Using issue dates for the whole sample does not affect the results.
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on the Fama and French (1993) factors at the first and 99th percentiles.12

Table 1 reports the summary statistics of the main variables used in the analysis.

Insert Table 1 here

Mean excess return in our sample is 0.73% per month or about 9% per year. Mean (median) total,

idiosyncratic, and systematic volatility measures are 3.31%, 2.88%, and 1.45% (2.58%, 2.35%, and

1.24%) respectively. These values correspond to the average daily return volatility throughout the

month. The total and idiosyncratic volatility estimates using daily data are similar to those reported

in Ang, Hodrick, Xing and Zhang (2007).13 The small positive mean changes in total and idiosyncratic

volatilities (0.004% per month) are consistent with the positive time trend in firm-level volatility,

documented in past studies (e.g., Campbell, Lettau, Malkiel and Xu (2001) and Cao, Simin and Zhao

(2007)). The standard deviation of the one-month change in total (idiosyncratic, systematic) volatility

is 1.91% (1.77%, 1.22%).

4 Cross-sectional tests

We begin the analysis by examining the sensitivity of firm values to changes in volatility within the

full sample. Table 2 reports the results of regressions of returns on contemporaneous changes in the

measures of volatility and factor loadings and characteristics, as in (8).

Insert Table 2 here

The most important finding is that regardless of the measure of volatility, returns are strongly positively

related to ∆ . The economic effect of changes in volatility on firm values is sizeable. Depending

on the measure of volatility, a one-standard deviation increase in total (idiosyncratic, systematic)

12The results are robust to including outliers or truncating them instead of winsorizing.

13Ang, Hodrick, Xing and Zhang (2007) report annual total and idiosyncratic volatilities for the U.S. market of 57%

and 51% respectively, which translate into daily volatilities of 3.6% and 3.2% respectively.
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volatility corresponds to a 2.68% (2.41%, 1.75%) increase in equity value. These numbers are large in

absolute value, and are also large when compared to the standard deviation of monthly excess returns

(18.6%, see Table 1). As discussed in Section 3, the fact that the coefficient on all three measures

of changes in volatility is economically important and statistically significant is encouraging. The

coefficient in the systematic volatility regression is especially important given that the specification

involving systematic volatility allows us to separate the real options-based effect of volatility on firm

value from Pástor and Veronesi’s (2003) argument that firm value is increasing in uncertainty about

future growth because value is convex in growth.

Not all the signs of the coefficients on the Fama and French (1993) factors are consistent with their

predicted values. The coefficients on the loading on  have the wrong sign, while the coefficients

on the loading on  are statistically insignificant. The reason is that size and book-to-market

characteristics are correlated with  and  loadings and alter the coefficients on the latter.

The coefficients on size and  characteristics are consistent with the hypothesized signs and are

significant. The coefficients on the loading on the market excess return are positive and significant in

all specifications, while the coefficients on past returns are largely insignificant.

The large positive coefficients on ∆ , ∆ , and ∆  are consistent with the real

options theory. However, these results can, in principle, be driven by exogenous shocks unrelated

to real options affecting both returns and their volatilities contemporaneously. In order to further

test the real options explanation for the findings in Table 2 we estimate the sensitivity of firm values

to changes in volatility for subsamples of firms characterized by relatively high and low levels of

investment opportunities. According to the real options theory, subsamples with more abundant real

options are expected to exhibit a stronger return — ∆  relation. Table 3 presents the results of

such subsample analyses. To conserve space, only the coefficients on ∆ , ∆ , and ∆ 

are reported.

Insert Table 3 here
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In Panel A of Table 3 we split the sample into five subsets based on previous year’s book assets.

There is a large variation in firm sizes across the five groups. The mean book value of assets is $32.18

million within the small firm subsample, while it is $11.09 billion in the subsample of large firms. The

results strongly support the real-options explanation of the positive return — ∆  relation. The

coefficients on ∆ , ∆ , and ∆  are monotonically decreasing in size, and are 2.4 —

3 times larger within the subsample of the smallest firms than within the subsample of the largest

firms. Increasing total (idiosyncratic, systematic) volatility by one standard deviation results in an

increase of 3% (2.7%, 2.1%) in firm value within the subsample of small firms, and in an increase of

only 1.3% (1.1%, 0.7%) within the subsample of large firms. The differences between the two extreme

subsamples are highly statistically significant for all three measures of changes in volatility, as evident

from the rightmost column of Table 3.

The results of the regressions for age-based samples, reported in Panel B are similar to the size-

based results. The return — ∆  relation is monotonically decreasing in age, and the differences

between the estimated return — ∆  relation within the subsample of the youngest firms (with an

average age of 7.2 years) and that within the subsample of the oldest firms (having an average age of

103 years) are all statistically significant.

Similar, although somewhat weaker, evidence is reported in Panel C, in which firms are separated

based on their R&D expenditures. The sensitivity of firm value to changes in volatility is generally

increasing with the R&D-to-assets ratio, the difference between the first R&D-to-assets group and the

second one being an exception. This sensitivity is 27 — 35% higher for high R&D firms than that for

low R&D firms.

The results in Panel D, obtained by splitting the sample based on future sales growth are consistent

with those in Panels A-C. Growing firms’ values are 44 — 48% more sensitive to changes in volatility

than firms with slow growth. The differences in the coefficients on ∆  between the extreme

subsamples of future sales growth is significant for all measures of volatility.
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Panel E reports split-sample results based on an aggregate measure of investment opportunities —

the first principal component of the four real options measures above. Consistent with the evidence

in Panels A-D, firms with low values of the first principal component — young, small, high-R&D firms

with high future sales growth rates (see equation (9)) — exhibit much larger sensitivities to changes

in volatility than large, old, low-R&D firms. The difference is especially pronounced for the case of

changes in systematic volatility: values of real-options-based firms are almost five times more sensitive

to changes in volatility than those of assets-in-place-based firms.

Collectively, the evidence in Table 3 supports the hypothesis that the strength of the relation

between returns and ∆  is increasing in the amount of real options that a firm possesses. This

evidence is consistent with the notion that firms’ market values are affected by changes in volatility

because of the effect of the latter on the values of firms’ real options.

Finally, Table 4 reports the results from the cross-sectional test in which we examine the effect of

irreversibility on the volatility-return relation. In each of the three panels of Table 4, the first row shows

the mean coefficient on change in volatility in the (first-pass) investment regressions in (10) for negative

and positive coefficient subgroups. ∆ , ∆ , and ∆  rows contain the coefficients on

the change in volatility in our (main) return regression with the t-statistics in parentheses, while the

difference column contains the Wald test results for the differences in the negative and positive groups’

coefficients.

Insert Table 4 here

Table 4 shows that the relation between returns and changes in volatility is significantly stronger for

firms with negative investment-volatility relation. This finding provides another support for our real-

options-based interpretation of the positive relation between returns and contemporaneous changes in

volatility, reported in Table 2.

To provide further evidence on the effects of volatility on firm value through its effects on the value
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of real options, in the next section we examine the evolution of the return — ∆  relation around

times of the exercise of firms’ real options.

5 Time-series tests

We begin by examining the relation between returns and contemporaneous volatility innovations

around years of abnormally high investment activity, as defined in Section 3, which we refer to as

investment spikes. Specifically, for each firm-year we compute the relative timing of the previous spike

and the next spike and form five subsamples, consisting of firm-years with two years prior to the next

spike, one year prior to the spike, the spike year, one year after the spike, and two years post spike.14

We also examine the evolution of the return - ∆  relation around spikes of financing activity (see

below). In order to make the investment-spike-based evidence and financing-spike-based one comple-

mentary, we exclude investment spikes that coincide with seasoned equity offerings within three years

of the spike from the analysis.15

Panel A of Table 5 reports the coefficients on the three measures in changes in volatility, as in

(8), estimated for five years around investment spikes. The numbers in curly brackets in the fourth

column denote t-statistics from the Wald test of the equality of the ∆  coefficients in years -1 and

1 relative to an investment spike.

Insert Table 5 here

The coefficients on ∆  and ∆  increase prior to the investment spike (from year -2 to year

-1), while the coefficient on ∆  is roughly the same in years -2 and -1. The coefficients on all

the measures of changes in volatility decrease around the investment spike (from year -1 to spike year,

14We exclude firm-years for which we can not unambiguously assign the timing relative to spike. (This occurs for

firm-years with fewer than three years since last spike and fewer than three years until the next spike.) Including these

firm-years and assigning them to both the pre-spike and post-spike samples does not alter the results materially.

15We obtain similar quantitative and qualitative results when we include SEO firms in the sample of investment spikes.
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and to year 1), and then start rising again (from year 1 to year 2). The differences in the return

— ∆  relation between years -1 and 1 are statistically significant and economically meaningful.

The sensitivity of firm values to changes in volatility is almost twice as high in the year preceding an

investment spike, during which firms are likely to exercise part of their real options, than in the year

following the investment spike year.

However, this drop could also be consistent with the following alternative explanation. There

is typically a stock price run-up prior to exercises of investment opportunities. In addition, large

investments are typically followed by low returns (e.g., Anderson and Garcia-Feijóo (2006), Lyandres,

Sun and Zhang (2007), and Xing (2007)). In our sample, the mean returns of firms experiencing an

investment spike are 15% and 20.8% in years -2 and -1 relative to the spike, compared with the mean

return of 10.2% in the year of the spike and mean returns of -4.1% and 3.2% in years 1 and 2 relative

to the spike. Despite the fact that we use logarithmic returns while estimating return volatilities and

changes in them, high returns may be associated with high return volatilities, causing a mechanical

drop in the sensitivity of returns to changes in volatility that coincides with the reduction of average

stock returns following investment spikes. In order to make sure that this drop in the return - ∆ 

relation around investment spikes is not fully explained by the spurious relation between returns and

volatilities of returns, we present evidence of the evolution of the return - ∆  relation for the

sample of matched firms that did not experience spikes in their investment activity.

Specifically, for each of the five years around an investment spike, we find a matched firm that

satisfies the following criteria. First, the matched firm has to belong to the same quintile of beginning-

of-year book assets and book-to-market ratio as the firm experiencing an investment spike.16 Second,

to ensure that the matched firm does not have abnormal investment intensity, we require it to have an

16We match firms based on their size and book-to-market ratio following Barber and Lyon (1997) and Lyon, Barber

and Tsai (1999). Requiring matched firms to belong to the same Fama and French (1997) industries as sample firms in

addition to having similar sizes and book-to-market ratios does not change the results.
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investment rate below its time-series median. Out of the set of firms satisfying these two criteria we

choose a firm with the annual stock return closest to that of the investment-spike firm. As a result,

for each firm experiencing an investment spike, we find up to five firms with relatively low investment

rate, similar characteristics and similar return in each of the years around the investment spike. This

allows us to separate the possible mechanical relation between returns and changes in return volatility

caused by the evolution of returns around investment spikes from the effect of the exercise of real

options on the sensitivity of firm values to changes in volatility.

The evolution of the coefficients on ∆ , ∆ , and ∆  within the matched firm

sample is also presented in Table 5. The results indicate that a relatively small portion of the reduction

in the sensitivity of firm values to changes in volatility is attributable to the mechanical effect discussed

above. The coefficients on ∆  within the sample of comparable firms decrease by 8 — 13% from

year -1 relative to investment spike to year 1 relative to the spike, compared with a reduction of 44

— 49% for firms going through investment spikes. The “difference” rows report the differences in the

change in the coefficients on ∆ , ∆ , and ∆  from event year -1 to year 1 between

investment-spike-firms and matched firms, and the associated t-statistics for the Wald tests of these

differences. Firms experiencing investment spikes have a significantly larger reduction in the sensitivity

of their values to changes in each of the three measures of volatility than similar firms that do not

invest at abnormally high rates.

These results are consistent with the real options theory: firms exercise their real options when

the value of the underlying process reaches a certain threshold. The accumulation of real options and

the increase in their value prior to their exercise explains the increase in the ∆  and ∆ 

coefficients prior to the event-year. The number of unexercised real options decreases as a consequence

of a large investment, weakening the positive effect of volatility on overall firm value after an investment

spike. This explains the sharp drop in the return — ∆  relation around investment spikes.

Since firms’ exercise of real options is often accompanied by external financing, we follow Carlson,
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Fisher and Giammarino (2006, 2007) and examine the evolution of the sensitivity of firm values to

changes in volatility around issues of seasoned equity. Specifically, we construct four subsamples of

firm-years relative to the timing of firms’ SEOs. For example, the first sample consists of firm-months

13-24 months prior to an SEO event, while the fourth sample consists of firm-months 13-24 months

after an SEO.17 The results of estimating (8) using these event-based samples are presented in Panel

B of Table 5.

The evolution of the return — ∆  relation around SEO announcements is striking. Similar

to the investment-spike-based results, the coefficients on ∆  (∆ , ∆ ) are increasing

from event-year -2 to year -1. After that, they drop from 2.28 (2.22, 1.74) in event-year -1 to -0.35 (-

0.30, -0.31) in event-year 1. The positive relation between returns and changes in volatility disappears

following SEOs. This is consistent with the hypothesis that SEO events coincide with the exercise of

real options, and with the sensitivity of the values of real options to volatility driving the return —

∆  relation. Similar to the results of investment-spike-based tests, the return — ∆  relation

starts strengthening again from year 1 to year 2 post-SEO.

Similar to the investment-spike-based tests, we want to make sure that the SEO-based results are

not caused by a run-up prior to SEOs and low returns following SEOs (e.g., Loughran and Ritter

(1995), Ritter (2003)). Thus, we perform a matching procedure similar to that outlined above, while

limiting the set of potential matches to firms that have not issued seasoned equity within the previous

three years.

The evolution of the return — ∆  relation around SEOs for matched firms has a shape similar

to that of SEO firms, but the year-to-year changes in the ∆  coefficients are much smaller than

within the sample of SEO firms. Specifically, the coefficients drop from 1.42 — 1.73 in the last pre-SEO

year to 0.97 — 1.06 in the first post-SEO year. The differences in the changes in ∆  coefficients

17Similar to investment spikes, when examining the return — ∆  relation around SEOs, we exclude firm-months

within two years from at least two SEO events. Including such firm-months does not affect the results.
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between SEO firms and matched firms are highly statistically significant for all three measures of

volatility.

In order to examine the evolution of the relation between returns and contemporaneous volatility

innovations around SEO events in more detail, we proceed by estimating (8) using quarterly event-

time portfolios. Specifically, firm-months 22-24 prior to an SEO form the first quarterly portfolio, and

months 22-24 after SEO form the last (16th) portfolio. To conserve space, the coefficients on ∆ ,

∆ , and ∆  for each quarter for two years before and after SEO events are presented in

Panels A1, B1, and C1 of Figure 1. In all panels, the solid line denotes the quarterly coefficient on

∆ , while the dotted line represents the quarterly coefficient on ∆  for the sample of matched

firms.

Insert Figure 1 here

The quarterly evidence in Figure 1 is quite similar to the annual evidence in Table 5. The coef-

ficients on ∆  drop from about 3 to about -1 in the cases of total and idiosyncratic volatilities,

and from 1.5 to -1.5 for the case of systematic volatility. Matched firms exhibit similar, but much

less pronounced evolution of ∆  coefficients, suggesting that a part of the overall drop in the

sensitivity of firm values to changes in volatility for SEO firms is due to the return pattern around

SEOs. To examine the extent to which the drop in the return - ∆  relation is due to the exercise

of real options, we plot the quarter-to-quarter changes in the coefficients for SEO firms and matched

firms. The changes in ∆  coefficients are substantially larger for SEO firms than for matched

firms. In addition, it follows from the unreported t-statistics that the changes in the sensitivities of

firm values to volatility between quarters -1 and 1 are significantly negative for issuing firms, but they

are insignificant for matched firms.

External financing can take various forms, seasoned equity offerings being just one of them. Thus,

we supplement our analysis of the evolution of the return - ∆  relation around SEO events by
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looking at broader financing spikes, defined as firm-years in which the combination of net new issues of

equity and debt exceed ten per cent of beginning-of-year book assets. Panel C of Table 5 reports the

results of this analysis. Similar to the SEO-based evidence, the sensitivity of firm values to changes

in volatility decreases around years in which firms experience spikes in their overall financing activity.

The coefficient on the change in total volatility drops by 72% from one year prior to a financing spike

to one year after a spike. Similarly, the coefficients on changes in idiosyncratic (systematic) volatilities

drop by 78% (66%) around financing spikes. Comparable firms, on the other hand, experience only a

slight reduction in the coefficients on changes in volatility. The differences between the changes in the

return - ∆  relation around financing spikes for firms experiencing the spikes and matched firms

are large and statistically significant for all three measures of volatility.

Overall, the results of the time-series tests are consistent with the cross-sectional evidence in that

they suggest that the sensitivity of firm values to volatility decreases around the time of likely exercise

of firms’ real options.

6 Robustness checks

In this section we examine the robustness of our results. First we check whether our results hold when

we control for expected changes in volatility. We then proceed to examine possible nonlinearities in

the relation between firm values and measures of volatility. Then we modify the main tests by altering

the empirical specifications, the measurement of volatility, and the estimation procedure. Finally, we

examine whether the “leverage hypothesis” can serve as a potential alternative explanation for our

time-series results. In this section, to save space, we do not tabulate our results, but instead discuss

the main findings. All the results that we discuss below are available upon request.
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6.1 Controlling for expected changes in volatility

Monthly changes in return volatility, used as a proxy for changes in the volatility of processes underly-

ing real options, are somewhat predictable. For example, the correlation between ∆  (∆ ,

∆ ) and respective lagged values of return volatilities are -36.5% (-36.8%, -48.5%). The corre-

lations between current and lagged changes in total (idiosyncratic, systematic) volatilities are -37.1%

(-41%, -17.4%). These numbers are consistent with Fu (2008), who reports that the first-order auto-

correlation of changes in idiosyncratic volatility is -42%. Under the efficient markets hypothesis, only

unexpected changes in volatility should affect firm values. In order to account for the aforementioned

correlations, we modify our empirical specification in two ways.

6.1.1 Controlling for lagged volatility

Augmenting the full-sample regression in (8) by lagged measures of volatility increases the magnitude

of the coefficients on measures of ∆  (∆ , ∆ ) to 1.83 (1.78, 2.31), representing an

increase of 30 - 60% relative to the coefficients reported in Table 2. Interestingly, the coefficients on

the lagged measures of volatility are significantly positive. Thus, including contemporaneous changes

in volatility reverses the negative relation between lagged volatility and returns, as reported in Ang,

Hodrick, Xing and Zhang (2006, 2007).18 The split-sample evidence also generally becomes somewhat

stronger after augmenting the regressions with lagged volatility. For example, the ratio of the coefficient

on∆  (∆ , ∆ ) estimated within the subsample of real-option-rich firms, as measured

by the first principal component of the four real options measures to the coefficient estimated within

the subsample of assets-in-place-based firms increases from 1.86 (1.81, 4.64) to 2.27 (1.90, 7.25). The

time-series results are generally similar to those reported in Table 5. Similar evidence is obtained

when we augment the regressions with lagged changes in volatility measures instead of lagged levels

of these measures.

18Estimating (8) with measures of lagged volatility but without contemporaneous changes in volatility results in

significantly negative coefficients on lagged volatility, consistent with Ang, Hodrick, Xing and Zhang (2006, 2007).
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6.1.2 Unexpected changes in volatility

Another way to capture the time variation in measures of volatility is to employ Exponential General

AutoRegressive Conditional Heteroskedasticity () models to estimate expected idiosyncratic

volatility and use in the empirical tests the surprise component of the changes in idiosyncratic volatility,

defined as the actual change in volatility less its expected change.

In estimating expected idiosyncratic volatility we closely follow Fu (2008). Specifically, we estimate

nine ( ) models, where 1 ≤  ≤ 3, and 1 ≤  ≤ 3. The functional form for the estimation

is as follows:
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where  is the error term from (8). We estimate (11) for all firms that have more than 60 monthly

observations of returns and measures of volatility. Following Fu, we pick the series of monthly measures

of expected volatility that yield the lowest Akaike Information Criterion for each firm. We compute

monthly unexpected changes in idiosyncratic volatility, ∆ , as

∆  =   − E(2) (12)

where E(2) is month- predicted idiosyncratic volatility from (11). We then estimate (8) while using

unexpected changes in idiosyncratic volatility in (12) instead of overall changes in volatility. Consistent

with the partial predictability of future changes in volatility, the coefficient of 0.66 on ∆ 

is about half of the coefficient on ∆  in Table 2, but is still highly statistically significant. The

sensitivity of firm values to changes in unexpected volatility are generally decreasing as we move from

groups of real-options-based firms to groups of assets-in-place-based firms. For example, when the

first principal component of the four proxies for investment opportunities is used as a measure of real

options, the sensitivity of firm value to unexpected changes in volatility is 0.91 for firms with abundant

real options, compared with 0.51 for firms with relatively few real options. Overall, the cross-sectional

and time-series results seem robust to using volatility surprises instead of changes in volatility.
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6.2 Nonlinearities in the return - ∆  relation

In our main empirical specification we estimate a linear relation between changes in firm values and

changes in volatility, as measured by the standard deviation of daily returns. The linearity assumption

is not theoretically justified, however. Thus, we re-estimate all of our results while substituting the

standard-deviation-based measures of total, idiosyncratic, and systematic volatilities, as defined in (1)-

(4) by variance-based measures:  2,  2, and  2, and, alternatively, by log-standard-

deviation-based measures, ln( ), ln( ) and ln( ), which would relate changes in firm

values to proportional changes in measures of volatility.

While the magnitudes of the coefficients on changes in variances of returns are not directly com-

parable to the coefficients on changes in standard deviations of returns, the effect of one standard

deviation increase in total (idiosyncratic, systematic) variance of returns raises firm values by 3.37%

(3.1%, 2.26%). Within the group of firms with abundant real options, as proxied by the first principal

component of the four measures of investment opportunities, a one standard deviation increase in total

(idiosyncratic, systematic) variance of returns increases firm values by 4.66% (4.09%, 2.83%), while

within the subsample of firms with the smallest proportion of real options the same increase in  

(   ) increases firm values by 1.27% (0.98%, 0.55%). Similar differences are obtained for

each of the four measures of real options separately.

We document similar, although somewhat weaker evidence when we replace the standard deviation

of returns with ln( ), ln( ) and ln( ) For example, for the overall sample, a one

standard deviation increase in the log-standard-deviation of returns results in an increase of 1.12 —

1.84% in firm values. Replication of split-sample tests provides results similar to those reported in

Table 3. In addition, the evolution of the sensitivity of firm values to changes in volatility around

investment spikes and financing spikes is robust to measuring volatility as log-standard-deviation of

returns.
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Finally, instead of assuming specific functional forms for the relation between firm values and

changes in volatility, each month we perform sample splits based on changes in volatility and examine

monthly returns for various groups of changes in volatility. For the full sample, the mean return within

the group with the smallest changes in total (idiosyncratic, systematic) volatility is -1.22% (-1.03%, -

0.43%), while it is 3.59% (3.39%, 3.02%) within the group of firms with the largest changes in volatility.

The mean return generally exhibits a monotonic increase as we move from the low ∆  samples

to high ∆  samples. This increase is substantially less pronounced within subsamples of low-real-

options firms than within subsamples of high-real-options firms, consistent with the cross-sectional

evidence in Table 3.

6.3 Alternative specifications

All our tests are based on estimating regressions of returns on contemporaneous changes in volatility,

loadings on the Fama and French (1993) factors, and characteristics, as in (8). In what follows we

discuss the results of altering regression specifications, changing estimation frequency, modifying the

way we compute volatilities, and employing an alternative estimation method.

6.3.1 Changing the set of explanatory variables in the empirical specification in (8)

Estimating Fama-French (1993) model without characteristics and the market model

Excluding characteristics from the right-hand side of (8) does not have a large impact on the coeffi-

cients on ∆ . Removing characteristics does change the coefficients on factor loadings in a pre-

dictable manner. The coefficients on the  loading generally become positive, albeit statistically

insignificant, while the coefficients on the  loading become positive and marginally significant.

Estimating the market model augmented by contemporaneous changes in volatility also does not have

a sizeable effect on the coefficients on ∆ , neither within the full sample, nor within subsamples of

high and low-real-options-firms. The exclusion of  and  loadings and characteristics from

(8) does not have a large impact on the evolution of the return - ∆  relation around investment

31



and financing spikes.

Augmenting the empirical specification in (8) with the loading on momentum Sagi and

Seasholes (2007) show that firms with abundant real options and assets-in-place-based firms differ

in their return autocorrelations. Thus, it may be important to control for momentum, especially in

the cross-sectional tests in which we group firms based on real option measures. We first estimate the

loading on the momentum factor for each firm each month by augmenting (3) by daily return on the

momentum factor, obtained from Ken French. Then we augment the regression in (8) by the loading

on momentum. Controlling for momentum has almost no effect on the coefficients on ∆  both in

the full sample and real-options-based subsamples. For example, the coefficient on ∆  (∆ ,

∆ ) in the smallest size group changes from 1.58 (1.54, 1.69) in the base case in Table 3A to

1.56 (1.53, 1.67) after controlling for momentum, while the coefficient in the largest size group changes

from 0.66 (0.62, 0.56) to 0.65 (0.61, 0.54) in the augmented regressions.

Augmenting the empirical specification in (8) with measure of liquidity It is possible

that the positive relation between returns and (changes in) volatility could be partially driven by the

effect of illiquidity on both. Lower liquidity is associated with higher expected returns (e.g., Amihud

and Mendelson (1986)). Less liquid stocks could also be more volatile. In order to investigate this

possibility, we add lagged Amihud’s (2002) measure of illiquidity to the set of explanatory variables

in (3). The illiquidity measure of stock  for month  is computed as

 =

P
∈
| | 


 (13)

where | | is the absolute value of stock  daily return,  is daily dollar trading volume,

and  is the number of trading days in month . The coefficients on the illiquidity measure are positive

and highly significant in all specifications, but including  in the set of right-hand-side variables

has almost no effect on the coefficients on ∆  in all the subsamples we analyze.

32



Changing estimation frequency All of the results in Tables 2 - 5 are based on estimating the

return-∆  relation on a monthly basis. Since the choice of estimation frequency is arbitrary, we

also estimate (8) on a quarterly and annual bases. Specifically, for each quarter (year) we compute

quarterly (annual) stock returns, loadings on the three factors, and measures of return volatility. The

results of quarterly estimation are quite similar to the monthly results. For example, within the

full sample, a one standard deviation increase in total (idiosyncratic, systematic) quarterly volatility

increases firm values by 2.61% (2.2%, 2.37%). The results of estimating (8) on an annual basis are

even stronger. A one standard deviation increase in measures of annual return volatility increases firm

values by 5.67 - 8.88%.

6.3.2 Changing the calculation of volatility measures and their changes

Measuring volatility of assets Throughout the paper, we have been using the volatility of stock

returns as a proxy for the volatility of the underlying assets. However, since leverage can alter the

relation between equity volatility and asset volatility, it is possible that our proxy for volatility may

not be reflecting the underlying risk of the firm. While such an effect of leverage is substantially

reduced by the fact that we use returns on equity as opposed to returns on assets on the right-hand

side of (8), to address this issue, we replicate all our tests using firms with no debt or very low levels

of debt (less than 5% of total assets). By definition, for those firms the volatility of equity returns

should closely approximate the volatility of firm assets. Interestingly, we find that the results from

this analysis are stronger than the ones using the full sample. For example, for the size-based split

reported in Table 3, the coefficient on the change in total (idiosyncratic, systematic) volatility in the

smallest size group is 1.51 (1.47, 1.60) versus 0.17 (0.26, 0.12) in the largest size group. Similar results

hold for other measures of real options.

Computing volatility measures from arithmetic daily returns We repeat all our tests while

computing total, systematic and idiosyncratic volatilities using daily arithmetic returns, instead of
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logarithmic returns. All of the cross-sectional and time-series results are robust to using arithmetic

returns. In fact, the differences in the return-volatility relation between groups of firms with abundant

real options and groups of assets-in-place-based firms and the decline in the return-volatility relation

following real option exercises are larger for arithmetic-return-based volatilities. A potential reason is

that part of the relation between arithmetic returns and their volatilities is spurious, as discussed in

the introduction.

Accounting for return autocorrelations We follow French, Schwert and Stambaugh (1987) and

estimate measures of volatility that account for first-order autocorrelations in returns. The total

volatility is computed as follows:

  =

vuutP
∈
( )2 + 2

P
 6=

+1

− 1  (14)

where  is the index of the last return during month . We compute   and   analogously.

The results of estimating (8) for the full sample and various subsamples after accounting for the

autocorrelation in daily returns are very similar to those reported in Tables 2 - 5.

Accounting for month-to-month changes in systematic volatility Month-to-month changes

in the systematic component of volatility come from two sources: changes in the volatility of the

Fama-French (1993) factor returns and changes in monthly factor loadings. In order to track the

effects of changes in volatilities of factor returns on firm values, we compute changes in month-to-

month systematic volatility as

∆ 0 =

vuutP
∈
(1−1( − 


 ) + 2−1 + 3−1 )2

 − 1 −vuut P
∈−1

(1−1( − 

) + 2−1 + 3−1)2

−1 − 1  (15)

Note that in computing the change in volatility we assume constant factor loadings by calculating both

month  and month − 1 systematic volatility using month − 1 factor loadings. Estimating (8) while
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substituting ∆  with ∆ 
0
 does not materially change any of the coefficient estimates in

any of the subsamples.

6.3.3 Changing the estimation method

Finally, we re-estimate all regression specifications using OLS with standard errors clustered by month,

as in Petersen (2007) instead of the Fama-MacBeth estimation.19 In the case of OLS estimation, a

one-standard deviation increase in measures of change in volatility increases firm value by 0.87% -

1.32% depending on specification. Consistent with Fama-MacBeth regressions, these estimates are

larger within groups of firms with large proportions of real options than those within groups of assets-

in-place-based firms.

6.4 Leverage hypothesis

An alternative theory that is potentially consistent with our SEO-based evidence is the leverage

hypothesis. Firms that issue equity reduce their leverage. Equity can be seen as a call option on the

value of the firm, and reducing leverage makes equity less option-like and its value less affected by

volatility (e.g., Black (1976)). Note that the leverage effect is unrelated to the real options story we

concentrate on in this paper.

In order to examine the leverage effect, we split the sample into five subsamples based on beginning-

of-year market leverage ratios, defined as the market value of equity divided by the sum of the market

value of equity and book value of debt. According to the leverage hypothesis, the sensitivity of

firm value to volatility should be the highest within the sample of highly levered firms, and should

monotonically decrease as we move to the subsamples of firms with low leverage. This is not what

we find. Specifically, the coefficients on ∆ , ∆ , and ∆  within the highest-leverage

group (1.37, 1.35, and 1.46 respectively) are virtually identical to the coefficients within the lowest-

19Consistent with Petersen (2007), clustering by both time and firm produces standard errors that are very close to

those obtained when the clustering is performed by time only.
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leverage subsample (1.35, 1.30, and 1.40 respectively). The differences between these sets of coefficients

are economically and statistically insignificant. We obtain similar results when we split the sample

based on book leverage. This suggests that the leverage hypothesis is unlikely to drive our time-series

results.

In addition, note that the leverage effect, if present, would work against our cross-sectional findings.

Firms with abundant growth options tend to have low leverage ratios (e.g., Rajan and Zingales (1995)

and Frank and Goyal (2004)). Thus, in the absence of the effect of real-options, the leverage effect

would predict that firms with abundant investment opportunities would be financed with less debt

and would be less sensitive to changes in volatility. The evidence in Table 3 suggests otherwise.

7 Conclusions

In this paper we propose and execute a new test of the real options theory and examine whether

the values of real options constitute a meaningful component of overall firm values. The value of a

real option is generally increasing in the volatility of the underlying process. Therefore, a firm with

more real options is expected to exhibit a stronger sensitivity of its value to underlying volatility.

Our empirical strategy is based on the analysis of the relation between stock returns (changes in

firm values) and contemporaneous changes in stock return volatilities, which proxy for changes in

underlying volatility, for classes of firms with different mixes of real options and assets in place, for

firms with different levels of investment (ir)reversibility, and for firms in different stages of their life

cycle.

Our cross-sectional evidence, obtained using various proxies for the proportion of firm value rep-

resented by investment opportunities, demonstrates that values of firms with abundant real options

are highly sensitive to changes in volatility, while values of firms which derive most of their value from

existing assets exhibit substantially lower sensitivities to volatility changes. In addition, we find that
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the cross-sectional relation between volatility and returns is stronger for those firms for whom the op-

tion to wait is more valuable (i.e. firms with more irreversible investment opportunities). Time-series

evidence further reinforces the idea that our results are largely driven by real options. Using periods

of abnormally high investment activity and abnormally high financing activity, and in particular SEO

announcements, as proxies for real options exercise times, we show that the pattern of evolution of

the sensitivity of firm values to volatility is consistent with the predictions of the real options theory.

There is a highly economically and statistically significant decline in the sensitivity of firm values to

changes in return volatility around times of real option exercises, consistent with the hypothesis that a

reduction in the amount of remaining real options reduces the sensitivity of firm values to underlying

volatility.

Our evidence can not be fully explained by alternative theories predicting a positive relation

between returns and contemporaneous changes in volatility, such as the positive skewness of returns

(e.g., Duffee (1995)), the positive effect of uncertainty about future growth in profitability on firm

values (e.g., Pástor and Veronesi (2003)), or the effect of leverage on the sensitivity of equity values to

volatility (e.g., Black (1976)). Also, our results hold for different samples and sample periods, and are

robust to various modifications of the model specification, estimation procedure, and measurement of

volatility.

While we believe that our evidence strongly supports the notion that real options constitute an

important component of firm values, our tests employ a wide cross-section of public firms, which

forces us to rely on estimates and proxy variables. Specifically, since we can not measure the exact

proportions of real options in firm values, we analyze subsamples of firms split by proxies for their

investment opportunities. Since we do not know the precise timing of real option exercises, we use

investment spikes, financing spikes, and SEO announcements as estimates of option exercise times. A

more detailed, perhaps industry-specific analysis, in the spirit of Moel and Tufano (2002) and Bulan,

Mayer and Somerville (2006), could directly identify the effect of underlying uncertainty on firm values
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without relying on estimates and proxies.

Another interesting avenue for future research is an analysis of the link between competition in

product markets and the sensitivity of firm values to changes in underlying volatility. Competition

may in some cases alter firms’ real option exercise strategies and erode the value of their timing options

(e.g., Grenadier (2002)). There is currently a heated debate regarding the conditions under which the

negative effect of competition on the value of real options arises (e.g., Back and Paulsen (2008) and

Novy-Marx (2007a, 2007b)). An in-depth empirical analysis of the relation between the type and

extent of product market competition and the sensitivity of firm value to volatility could contribute

to our understanding of the effect of competition on the value of firms’ timing options.
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Figure 1. Returns and Contemporaneous Changes in Volatility around SEOs - Quar-

terly Evidence

This figure presents the evolution of the coefficients on ∆  (Panel A1) and ∆  (Panel A2)

and ∆  (Panel A3) in regressions of excess returns on the Fama and French (1993) three fac-

tors, beginning-of-year log market equity, log book-to-market ratio, and six-month lagged returns, and

contemporaneous changes in measures of total, idiosyncratic, and systematic volatility, using quarterly

event-time portfolios, for up to eight quarters before and after SEO announcements We estimate the

regressions monthly. In all three panels, the thick solid line denotes the quarterly coefficient on a measure

of ∆  for the sample SEO firms, while the dashed line denotes the quarterly coefficient on a measure

of ∆  for the sample of matched firm. (See Table 4 for the description of the matching procedure.)

Panels B1, B2, and B3 present the differences in the coefficients on a measure of ∆  between two

consecutive quarters for the sample of SEO firms and the sample of matched firms.
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Table 1. Summary Statistics

This table presents summary statistics for returns, measures of volatility and changes in them, as well as
for measures of investment opportunities used in split-sample tests. It also presents the number of investment-
spike-years, financing-spike-years, and SEO events. Returns data are from CRSP. Accounting data are from
COMPUSTAT. SEO events are from SDC. The sample period is 1/1964 – 12/2006 (1/1970 -12/2006 in the case
of SEOs). A stock’s excess return is the difference between its monthly return and monthly risk-free return.
Total and idiosyncratic volatilities and changes in them refer to volatilities of logarithmic daily returns. They
are computed monthly, according to equations (1)-(7). Book Assets is lagged COMPUSTAT item 6. Age is the
difference between current year and the founding year or incorporation year or the first year that the firm’s stock
appears in monthly CRSP files, in that order of availability. R&D / Assets, is the ratio of R&D expenditures,
item 46, and lagged book assets. Future sales growth is defined as the difference between sales four years after the
year of the observation over sales in the year following the year of the observation divided by the sales in the year
following the year of the observation. Sales is item 12. An observation is defined as an investment spike if a firm’s
annual investment rate is at least three times higher than its time-series median investment rate. Investment
rate is defined as capital expenditures, item 128 over lagged book assets, item 6. An observation is defined as a
financing spike if the measure of net issues, defined as sale of common stock, item 108, less sale of common and
preferred stock, item 108, plus annual change in debt (item 9 + item 34), divided by lagged book assets, item 6,
exceeds 10%. Investment spikes excluding SEOs are firm-years that qualify as investment spikes and that were
not preceded by an SEO announcement within the previous three years.

Mean St. Dev. P5 Median P95 # Obs.

Excess Return 0.730 18.620 -23.871 -0.472 28.148 2,441,223

Total Volatility 3.312 2.582 0.696 2.582 8.626 2,441,223

Idiosyncratic Volatility 2.882 2.346 0.569 2.196 7.732 2,441,223

Systematic Volatility 1.446 1.237 0.198 1.093 3.992 2,441,223

∆ Total Volatility 0.004 1.912 -3.055 -0.008 3.139 2,369,366

∆ Idiosyncratic Volatility 0.004 1.770 -2.832 -0.003 2.904 2,369,366

∆ Systematic Volatility 0.000 1.219 -2.006 0.000 2.033 2,369,366

Book Assets 1307.42 11778.22 3.56 77.51 4154.09 1,824,366

Age 28.06 31.66 1.00 15.87 94.84 1,842,985

R&D / Assets 0.074 0.119 0.000 0.030 0.322 978,034

Future 3-Year Sales Growth 4.350 44.814 -0.992 0.237 4.980 1,386,999

Investment Spikes 18,396

Investment Spikes Excluding SEOs 16,412

Financing Spikes 58,122

SEOs 9,667
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Table 2. Returns and Contemporaneous Changes in Volatility

This table presents regressions of excess returns on the Fama and French (1993) three factors, beginning-of-
year log market equity, log book-to-market ratio, and six-month lagged returns, and contemporaneous changes
in measures of total, idiosyncratic, and systematic volatility. (See Table 1 for the definitions of the measures
of volatility.) We estimate the regressions monthly and report time-series means of coefficient estimates along
with t-statistics obtained using Newey-West autocorrelation and heteroskedasticity consistent standard errors of
monthly coefficient estimates in parentheses. R squared refers to average monthly R squared.

∆ TVOL ∆ IVOL ∆ SVOL

Market 0.319 0.409 0.227
(5.96) (6.78) (4.34)

HML -0.059 -0.073 -0.040
(-2.02) (-2.30) (-1.36)

SMB 0.032 0.048 0.031
(1.13) (1.63) (1.09)

Log (B/M) 0.407 0.426 0.396
(4.88) (5.12) (4.66)

Log (Equity Value) -0.165 -0.172 -0.156
(-3.32) (-3.40) (-3.07)

Lag (6-Month Return) 0.001 0.000 -0.002
(0.67) (0.06) (-1.15)

∆ Total Volatility 1.401
(10.82)

∆ Idiosyncratic Volatility 1.362
(10.42)

∆ Systematic Volatility 1.438
(12.47)

# Observations 1,627,522 1,627,522 1,627,522

R Squared 8.83% 8.39% 6.57%
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Table 3. Returns and Contemporaneous Changes in Volatility for
Investment-Opportunities-Based Subsamples

This table presents regressions of excess returns on the Fama and French (1993) three factors, beginning-of-
year log market equity, log book-to-market ratio, and six-month lagged returns, and contemporaneous changes
in measures of total, idiosyncratic, and systematic volatility, for five types of subsamples, defined based on each
of the five measures of investment opportunities. The measures of investment opportunities are a) lagged book
assets (Panel A), b) age (Panel B), c) R&D-to-assets ration (Panel C), d) future three-years sales growth (Panel
D), and e) the first principal component of measures a) - d), as defined in equation (9) (Panel E). (See Table
1 for variable definitions.) For each of the five panels, each month we assign firms belonging to the lowest five
deciles of a measure of investment opportunities to the first subsample. Firms in the next two deciles enter
the second subsample, while firms in the eighth (ninth, tenth) deciles enter the third (fourth, fifth) subsamples.
We only report the coefficients on changes in total, idiosyncratic, and systematic volatilities, along with their
t-statistics. The last column presents the differences in the coefficients on changes in measures of volatility and
the associated t-statistics between the fifth and first subsamples. We estimate the regressions monthly and report
time-series means of coefficient estimates along with t-statistics obtained using Newey-West autocorrelation and
heteroskedasticity consistent standard errors of monthly coefficient estimates in parentheses. R squared refers to
the average monthly R squared.

Panel A - Book Assets

Rank of Book Assets 1 2 3 4 5 1-5

Mean Book Assets 32.18 171.88 428.3 1058.83 11092.66

# Observations 912,059 365,061 182,478 182,511 182,257

∆ Total Volatility 1.575 0.974 0.915 0.809 0.655 0.920
(11.91) (7.07) (5.95) (5.76) (4.83) (4.86)

R squared 9.08% 10.06% 12.91% 13.35% 14.86%

∆ Idiosyncratic Volatility 1.541 0.938 0.852 0.762 0.619 0.922
(11.62) (6.68) (5.44) (5.29) (4.29) (4.71)

R squared 8.54% 9.77% 12.67% 13.11% 14.80%

∆ Systematic Volatility 1.692 0.861 0.852 0.707 0.564 1.128
(13.12) (7.58) (7.14) (6.18) (5.40) (6.80)

R squared 6.49% 8.23% 11.23% 11.55% 13.50%
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Table 3 - Continued

Panel B - Age

Rank of Age 1 2 3 4 5 1-5

Mean Age 7.16 22.9 37.94 58.48 102.94

# Observations 923,010 367,570 184,258 184,193 183,954

∆ Total Volatility 1.422 1.467 1.370 1.211 1.037 0.385
(10.57) (10.55) (11.26) (10.39) (7.68) (2.02)

R squared 8.88% 10.66% 12.72% 12.93% 13.28%

∆ Idiosyncratic Volatility 1.389 1.412 1.344 1.187 1.010 0.378
(10.29) (10.02) (10.50) (9.54) (7.41) (1.97)

R squared 8.41% 10.18% 12.42% 12.77% 12.98%

∆ Systematic Volatility 1.525 1.388 1.300 1.085 0.848 0.677
(11.90) (11.80) (11.69) (10.93) (7.64) (3.99)

R squared 6.55% 8.13% 10.57% 10.90% 11.38%
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Table 3 - Continued

Panel C - R&D to Assets

Rank of R&D / Assets 1 2 3 4 5 1-5

Mean R&D / Assets 0.01 0.056 0.096 0.146 0.334

# Observations 488,877 195,800 97,827 97,880 97,626

∆ Total Volatility 1.071 1.034 1.094 1.170 1.414 -0.343
(8.20) (7.58) (7.18) (8.07) (9.42) (-1.72)

R squared 8.11% 10.61% 13.60% 13.18% 13.66%

∆ Idiosyncratic Volatility 1.044 1.010 1.059 1.135 1.407 -0.363
(7.82) (7.22) (6.97) (7.47) (9.14) (-1.78)

R squared 7.80% 10.38% 13.29% 12.94% 13.30%

∆ Systematic Volatility 1.205 1.105 1.245 1.251 1.532 -0.327
(8.82) (8.39) (7.97) (8.72) (9.53) (-1.55)

R squared 6.49% 8.84% 11.70% 11.16% 11.73%
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Table 3 - Continued

Panel D - Future Sales Growth

Rank of Future 3-Year Sales Growth 1 2 3 4 5 1-5

Mean Future 3-Year Sales Growth -0.312 0.286 0.626 1.297 42.615

# Observations 693,368 277,606 137,725 138,767 138,533

∆ Total Volatility 1.256 1.331 1.483 1.699 1.813 -0.557
(9.17) (10.37) (10.27) (11.07) (12.61) (-2.81)

R squared 9.77% 11.93% 14.38% 14.58% 13.93%

∆ Idiosyncratic Volatility 1.201 1.278 1.426 1.675 1.769 -0.568
(8.59) (9.67) (9.66) (11.00) (12.20) (-2.82)

R squared 9.32% 11.55% 14.00% 14.04% 13.41%

∆ Systematic Volatility 1.294 1.268 1.458 1.619 1.858 -0.564
(10.73) (11.46) (10.60) (11.01) (12.81) (-2.99)

R squared 7.65% 9.65% 11.84% 11.77% 11.23%
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Table 3 - Continued

Panel E - First Principal Component of Measures of Investment Opportunities

Rank of First Principal Component 1 2 3 4 5 1-5

Mean First Principal Component -0.72 0.092 0.445 0.931 2.041

# Observations 362,354 145,137 72,503 72,538 72,298

∆ Total Volatility 1.550 1.169 1.048 0.998 0.835 0.715
(11.78) (9.88) (8.39) (6.28) (5.53) (3.57)

R squared 12.13% 15.54% 22.26% 24.05% 24.68%

∆ Idiosyncratic Volatility 1.496 1.117 0.997 0.931 0.825 0.672
(11.28) (9.34) (7.31) (6.05) (5.50) (3.35)

R squared 11.63% 15.25% 22.25% 23.98% 24.68%

∆ Systematic Volatility 1.550 1.133 1.023 0.878 0.334 1.216
(12.92) (9.44) (6.93) (6.29) (2.16) (6.22)

R squared 9.63% 13.77% 20.94% 22.05% 23.20%
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Table 4. Returns and Contemporaneous Changes in Volatility for Investment
Irreversibility-Based Subsamples

This table presents regressions of excess returns on the Fama and French (1993) three factors, beginning-of-
year log market equity, log book-to-market ratio, and six-month lagged returns, and contemporaneous changes
in measures of total, idiosyncratic, and systematic volatility, for two subsamples, defined based on a measure of
investment (ir)reversibility. For each firm, we perform five-year rolling-window regressions of investment on the
change in volatility and contemporaneous cash flow. The coefficient on the change in volatility estimated during
period t-5 to t-1 is assigned to firm-year t. Firm-years with positive coefficients are assigned to the ”reversible
investment” group, while firm-years with negative coefficients are assigned to the ”irreversible investment” group.
We only report the coefficients on changes in total, idiosyncratic, and systematic volatilities, along with their
t-statistics. The last column presents the differences in the coefficients on changes in measures of volatility and
the associated t-statistics between the ”irreversible” and ”reversible” subsamples. R squared refers to the average
monthly R squared.

”Irreversible” ”Reversible” Difference

Mean Coefficient on ∆TVOL in Investment Regression -0.047 0.049

Coefficient on ∆TVOL 1.394 1.154 0.240
(20.14) (16.93) (2.47)

# Observations 419,266 390,912

R squared 8.85% 9.76%

Mean Coefficient on ∆IVOL in Investment Regression -0.059 0.058

Coefficient on ∆IVOL 1.359 1.087 0.272
(19.77) (15.59) (2.78)

# Observations 420,207 389,971

R squared 8.37% 9.50%

Mean Coefficient on ∆SVOL in Investment Regression -0.079 0.083

Coefficient on ∆SVOL 1.460 1.139 0.321
(20.45) (16.33) (3.22)

# Observations 409,241 400,937

R squared 6.60% 7.95%
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Table 5. Returns and Contemporaneous Changes in Volatility Around Real Option
Exercises

This table presents regressions of excess returns on the Fama and French (1993) three factors, beginning-of-
year log market equity, log book-to-market ratio, and six-month lagged returns, and contemporaneous changes in
measures of total, idiosyncratic, and systematic volatility, around periods of likely real option exercise. We use
three proxies for option exercise times. The first one is an investment spike, defined as a firm-year in which annual
investment rate exceeds three times the firm time-series median investment rate. We exclude investment-spike
observations that coincide with an SEO within three years prior to the spike. The second measure of real options
exercise time is an SEO announcement. The third measure is a financing spike, defined as a firm-year in which
the net issues measure exceeds 10% of lagged book assets. (See Table 1 for definitions of investment rate and new
issue measure.) We estimate (8) separately for subsamples of firms-months belonging to years -2, -1, 0, 1, and 2
relative to an investment-spike year (Panel A), in years -2, -1, 1, and 2 relative to an SEO announcement (Panel
B), and subsamples belonging to years -2, -1, 0, 1, and 2 relative to a financing-spike year (Panel C). We exclude
observations for which we can not unambiguously determine the timing relatively to a spike. We estimate the
regressions monthly and report time-series means of coefficient estimates along with t-statistics obtained using
Newey-West autocorrelation and heteroskedasticity consistent standard errors of monthly coefficient estimates
in parentheses. The number in curled brackets refers to the t-statistic for the difference in the coefficients on a
measure of change in volatility between event year -1 and year 1. We estimate similar regressions for matched
firms, defined each year as firms not experiencing abnormal investment/financing activities, belonging to the same
book assets quintile and book-to-market quintile as a firm experiencing an investment spike, financing spike, or
an SEO, and having annual return closest to the firm exercising real options. The difference column reports the
differences between the change in coefficients on change in a measure of volatility from event year -1 to year 1 for
sample firms and for matched firms, along with the corresponding t-statistic.
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Panel A - Investment Spikes

Years Since Investment Spike -2 -1 0 1 2

∆ Total Volatility

Investment Spike Firm 1.660 1.785 1.543 0.906 1.133
(9.54) (11.28) (10.27) (6.34) (8.11)

{4.12}

Matched Firm 1.211 1.275 1.243 1.142 1.085
(13.31) (14.96) (15.88) (13.53) (13.32)

{1.10}

Difference -0.747
{-3.05}

∆ Idiosyncratic Volatility

Investment Spike Firm 1.718 1.696 1.480 0.890 1.032
(10.10) (10.51) (10.23) (6.04) (6.77)

{3.69}

Matched Firm 1.179 1.203 1.223 1.101 1.148
(12.64) (14.14) (15.42) (12.67) (12.40)

{0.84}

Difference -0.704
{-2.82}

∆ Systematic Volatility

Investment Spike Firm 1.658 1.917 1.566 1.076 1.115
(7.89) (11.34) (10.21) (6.74) (7.92)

{3.62}

Matched Firm 1.274 1.381 1.261 1.206 1.235
(11.04) (12.67) (13.61) (12.02) (11.35)

{1.18}

Difference -0.666
{-2.42}
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Table 5 - Continued

Panel B - SEO Spikes

Years Since SEO -2 -1 1 2

∆ Total Volatility

SEO Firm 1.606 2.276 -0.346 0.302
(10.31) (12.56) (-2.60) (1.93)

{11.67}

Matched Firm 1.449 1.685 0.982 0.368
(9.75) (10.53) (6.05) (2.26)

{3.09}

Difference -1.919
{-5.99}

∆ Idiosyncratic Volatility

SEO Firm 1.617 2.221 -0.297 0.169
(9.74) (12.73) (-1.98) (1.03)

{10.93}

Matched Firm 1.442 1.728 0.970 0.557
(9.03) (9.57) (6.06) (1.34)

{3.14}

Difference -1.759
{-5.28}

∆ Systematic Volatility

SEO Firm 1.482 1.741 -0.310 0.524
(6.25) (8.85) (-1.62) (2.60)

{7.47}

Matched Firm 1.370 1.422 1.055 0.626
(6.74) (6.56) (2.64) (2.82)

{0.81}

Difference -1.684
{-3.17}
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Table 5 - Continued

Panel C - Financing Spikes

Years Since Financing Spike -2 -1 0 1 2

∆ Total Volatility

Issuing Firm 1.205 1.489 1.341 0.415 1.054
(9.60) (13.07) (14.07) (4.41) (7.35)

{7.27}

Matched Firm 1.267 1.265 1.234 1.161 1.178
(10.22) (10.54) (11.55) (10.89) (11.03)

{0.65}

Difference -0.970
{-4.45}

∆ Idiosyncratic Volatility

Issuing Firm 1.184 1.469 1.299 0.319 0.921
(9.06) (12.33) (13.59) (3.24) (5.75)

{7.45}

Matched Firm 1.100 1.056 0.989 0.965 0.992
(8.56) (8.33) (7.92) (8.01) (8.78)

{0.52}

Difference -1.060
{-4.54}

∆ Systematic Volatility

Issuing Firm 1.355 1.701 1.415 0.604 1.134
(8.17) (11.92) (12.97) (4.76) (5.85)

{5.75}

Matched Firm 1.243 1.278 1.220 1.234 1.198
(7.45) (7.89) (7.78) (8.12) (8.35)

{0.20}

Difference -1.053
{-3.59}
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