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Abstract

I develop and test the theoretical predictions that when investor overreaction to market-

wide news is larger, firm valuations in the cross section become more dispersed and stocks

earn lower expected returns. Consistent with these predictions, measures of cross-sectional

dispersion of firm valuations are negatively related to subsequent market and portfolio excess

returns, especially for sets of firms with highly subjective valuations and significant limits

to arbitrage. Further, these firms underperform those with the opposite characteristics

in periods when beginning-of-period firm valuation dispersion is high. In contrast, they

overperform when beginning-of-period firm valuation dispersion is low.



Introduction

In the past two decades, finance research has documented that high price-to-fundamental ra-

tios tend to predict low subsequent returns for firms in the cross section and for the market as

a whole in the time-series.1 One possible explanation is that investor overreaction to informa-

tion can cause stock price to overshoot; thus high current valuation relative to fundamentals

tends to reverse and leads to low subsequent returns at the firm level and at the aggregate

level (e.g., Barberis, Shleifer, and Vishny (1998), Daniel, Hirshleifer, and Subrahmanyam

(1998), Hong and Stein (1999)). Behavioral theory also suggests that investor overreaction

to market-wide information can simultaneously affect returns on the aggregate market and

on individual stocks to different extents (Daniel, Hirshleifer, and Subrahmanyam (2001),

hereafter DHS (2001)). However, so far this effect has received little empirical attention in

the literature.

This paper provides new hypotheses and evidence for how investor overreaction affects

the predictability of both the aggregate and the cross section of stock returns. Specifically,

building upon the behavioral model of DHS (2001), I develop the prediction that when

investor overreaction to aggregate information is larger, firm valuations in the cross section

become more dispersed, and stocks on average earn lower expected returns, which I call the

overreaction hypothesis. I therefore test whether cross-sectional dispersion of firm valuations

can forecast stock returns. I form a composite measure of cross-sectional dispersion of firm-

level valuations that incorporates the cross-sectional standard deviations of three logarithmic

firm valuation ratios: book-to-market equity, dividend-to-price ratio, and earnings-to-price

ratio, and call this composite measure cross-firm valuation dispersion (CVD).

Consistent with the model predictions, I find that (1) cross-firm valuation dispersion is a

negative predictor of subsequent market and portfolio excess returns at least up to three years

ahead and (2) the dispersion-return relationship is particularly strong among firms whose

valuations are highly subjective and for which arbitrage is considerably limited. Result (1)

is related to the value-spread literature (e.g., Brennan, Wang, and Xia (2001), Campbell and

Vuolteenaho (2004)). This literature finds that the value spread, defined as the difference of

the logarithmic book-to-market equity between value firms and growth firms (Cohen, Polk,

1There is an enormous literature on the relationship between firm price-to-fundamental ratios and the
cross section of stock returns (e.g., Fama and French (1992)). There is also a large literature on the rela-
tionship between aggregate price-to-fundamental ratios and aggregate returns (e.g., Campbell and Shiller
(1988), Fama and French (1988a), Kothari and Shanken (1997), Pontiff and Schall (1998), Lamont (1998),
and Ang and Bekaert (2004)). The aggregate predictability is recently challenged by Goyal and Welch (2005).
However, using a new method to adjust for the small sample bias, Lewellen (2004) finds strong predictive
power of the fundamental-to-price ratios than previously documented.
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and Vuolteenaho (2003)), forecasts one-month-ahead market excess returns. My measure

CVD differs from the value spread in that CVD is based on cross-sectional standard deviation

of firm valuation ratios, which is essential to distinguish the overreaction hypothesis from

a hypothesis based on risk while the value spread is not (this point will be discussed in

detail later).2 Also, previous literature on the value spread does not address point (2), which

provides evidence from the cross section of returns to support the overreaction hypothesis.3

Furthermore, I find that sets of difficult-to-value/difficult-to-arbitrage firms underperform

those with opposite characteristics in periods with high beginning-of-period CVD—when

overreaction is large. In contrast, when the beginning-of-period dispersion is low, these

conceptually riskier firms overperform. This evidence suggests that the returns on these

firms are more driven by mispricing during high dispersion periods but are more determined

by risk premia when mispricing is relatively small during low dispersion periods. These

results are robust to controls for the Fama-French 3-factor model (Fama and French (1993)),

the 4-factor model that additionally includes a momentum factor (Carhart (1997)), and the

ICAPM of Brennan, Wang, and Xia (2004) (hereafter BWX ICAPM).

In my model, investors overreact to private signals about cash flows of common economic

factors. The source of overreaction is investor overconfidence about private information. I

show that the variation in overconfidence can produce a negative correlation between firm

valuation dispersion and expected aggregate returns. This negative correlation is attributed

to the combination of two distinct effects of overconfidence about signal precision. First,

overconfident investors incorrectly estimate expected aggregate cash flows and produce fore-

cast error. I call this the mean bias effect. The forecast error generates an expected aggregate

return that is distinctive from risk premia. This expected return is negative following good

news and positive following bad news. The absolute expected market return is greater when

overconfidence is stronger. Second, overconfident investors underestimate cash flow volatil-

ity; thus, they underestimate risk and reduce the market risk premium and the expected

market returns. I call this the risk premium reduction effect. The expected market return is

smaller when overconfidence is greater.

2Apart from the conceptual difference between CVD and the value spread, I find that CVD performs
better in forecasting future aggregate returns. CVD captures not only dispersion in book-to-market equity,
but also in dividend-to-price ratios and earnings-to-price ratios and it is defined to be free of a time trend in
firm valuation dispersion during the sample period, both of which substantially enhance the ability of CVD
over the value spread to forecast long-horizon aggregate returns.

3I show that CVD predicts the cross-sectional differences in returns after controlling for the BWX ICAPM
or the other major asset pricing models, which provides an alternative view that the value spread, instead of
a proxy for the state variable of the investment opportunities (Brennan, Wang, and Xia (2001)), is a proxy
for investor overreaction.
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At the firm level, firm valuation (defined as the difference between measures of firm fun-

damentals and stock price, denoted as C−P ), reflects the expected market return according

to firm beta. Thus, at each point in time, cross-sectional dispersion of firm C − P is deter-

mined by the absolute expected market returns with cross-sectional dispersion of beta as a

multiplier. Given the dispersion of beta, the more extreme the expected market return, the

larger the cross-sectional dispersion of C − P . Hence, when the average investor becomes

more overconfident, firm valuation dispersion is larger due to the mean bias effect and the

expected aggregate returns are on average smaller due to the risk premium reduction effect.

In contrast, the CAPM produces opposite the predictions from the overreaction model. In

my model, when investors are fully rational, the unconditional CAPM holds. The expected

market return is solely determined by market risk premium, which is always positive. Thus,

the greater the market risk premium, the greater the absolute expected market returns and

the larger the firm valuation dispersion. Hence, when variation in expected market returns

comes solely from variation in rational risk premia, larger firm valuation dispersion should

be associated with greater expected market returns. I call this the risk hypothesis. The same

predictions are offered in a general equilibrium setting by Gomes, Kogan, and Zhang (2003)

in which a conditional CAPM holds.4

Taken together, CVD reflects the extremity of the expected market returns, which leads

to opposite predictions under two competing hypotheses. In a market with investor over-

reaction, more extreme expected market returns indicate greater overconfidence and lower

average expected market returns.5 In contrast, in a market with fully rational investors,

more extreme expected market returns suggest larger market risk premia and higher ex-

pected market returns. Therefore, I can test the overreaction hypothesis against the risk

hypothesis by examining the correlation between CVD and future market excess returns.

In contrast, the value spread does not help to distinguish the two hypotheses. In my

model, the value spread is determined by the expected market returns with the difference in

beta between value stocks and growth stocks as a multiplier. Thus, the correlation between

the value spread and the expected market returns is determined by the difference in beta

regardless of whether investors are fully rational or subject to behavioral biases.

My empirical results support the overreaction hypothesis and reject the risk hypothesis. I

4Through simulation, Gomes, Kogan, and Zhang (2003) show that in their model cross-sectional disper-
sion of log book-to-market ratios is negatively correlated with aggregate log market-to-book equity. Since
aggregate market-to-book equity is negatively correlated with expected aggregate returns, this result implies
that cross-sectional dispersion of log book-to-market ratios should be a positive predictor of future aggregate
returns.

5An alternative mechanism to generate the negative correlation between CVD and expected aggregate
returns, shown by Jiang (2005a), is to combine investor overreaction and aggregate short-sale constraints.
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find that, during the period 1963–2004, CVD is a negative predictor of market excess returns

at least up to three years ahead. This result is consistent with the previously documented

negative correlations between the value spread and future aggregate returns. In contrast

with previous value spread findings which do not distinguish a behavioral explanation from

a rational explanation, this finding for CVD helps distinguish the two. In addition, I uncover

much stronger and more consistent negative correlation between CVD and future market

returns across different return horizons.

CVD has a large economic effect on expected returns. Using the value-weighted market

portfolio as an example, during my sample period a one standard deviation positive shock in

dispersion leads to more than an 8% reduction in the following one-year returns and nearly

a 19% reduction in the following three-year returns. For various forecast horizons, the

predictive power of CVD is generally robust to controls for a number of standard aggregate

return predictors.6 Furthermore, CVD adds considerable incremental forecasting power to

the set of standard predictors. It increases the fraction of explained variance of the value-

weighted market returns from 2% to 6% when forecasting one-quarter-ahead returns, from

8% to 16% when forecasting one-year-ahead returns, and from 24% to 60% when forecasting

three-year-ahead returns.

The overreaction hypothesis carries more unique predictions in the cross section. First,

the risk premium reduction effect should be stronger among risky firms; a change in the

market risk premium corresponds to a greater change in the firm risk premium when a stock

has a large beta. For a similar reason, it should be most pronounced among firms whose

cash flows are highly uncertain. By cash flow uncertainty, I mean the perceived ambiguity

with respect to the cash flows inferred from information (Zhang (2006), Kumar (2005)).

These firms are likely to load heavily on factors that govern these uncertain cash flows and,

accordingly, that are more difficult to value and hence more subject to investor disagreement

and overreaction (e.g., Hirshleifer (2001), Daniel, Hirshleifer, and Subrahmanyam (1998),

DHS (2001)). Thus, risky firms, or firms with highly uncertain cash flows or large investor

disagreement should be more affected by overreaction to information about economic factors

that drive stocks’ cash flows. As a result, the negative dispersion-return relation should be

stronger among these firms.

Furthermore, when short sales are constrained, the mean bias effect can reinforce the

6They include aggregate dividend yield (Campbell and Shiller (1988), Fama and French (1988a), Lewellen
(2004)), short-term interest rate (Fama and Schwert (1977)), past market returns (Fama and French (1988b)),
default premium and term premium (Fama and French (1989)), and aggregate relative equity issuances
(Baker and Wurgler (2000)).
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relation between market-wide overreaction and returns on the above firms. As shown by

Scheinkman and Xiong (2003a), Hong, Scheinkman, and Xiong (2006), and Jiang (2005a),

when short-selling is costly, stock prices overreact to good news strongly but to bad news

only slightly. On average, there is more upward bias in forecasting expected aggregate cash

flows. Thus, firm valuation dispersion should further negatively forecast returns when the

upward forecast error is corrected. In other words, I expect a larger correlation between

dispersion and returns among firms with higher potential costs of short selling.7

Consistent with these predictions, I find that CVD better forecasts returns among four

sets of firms: (1) firms that are risky, such as those with large beta or high return volatil-

ity; (2) firms that have more uncertain cash flows, such as those in the technology-related

industries, with low age, few fixed assets, low profits, or low dividends; (3) firms that have

large investor disagreement, such as those with high analyst forecast dispersion, or large

trading volume; and (4) firms that have high potential cost of selling short, such as those

with low institutional ownership or high short interest ratio. I call the four sets of firms the

difficult-to-value/difficult-to-short firms. CVD exhibits stronger power to forecast returns on

these sets of firms; the predictive slopes tend to be more negative and the R-squares tend to

be larger for these portfolios than for their counterparts.

Prior research has documented that these difficult-to-value/difficult-to-short firms tend

to underperform those with the opposite characteristics.8 However, I find that such un-

derperformance is almost entirely concentrated in periods with high beginning-of-period

CVD—which represents larger overreaction, larger mean bias, and lower market risk premia.

In particular, when the beginning-of-period dispersion is above the mean, these difficult-to-

value/difficult-to-short firms underperform their counterparts by an average annual return of

3–16%. When the beginning-of-period dispersion is below the mean—which suggests smaller

overreaction, smaller mean bias, and higher market risk premia—the return patterns are es-

sentially reversed. During such periods, the presumably riskier stocks, such as those with

large beta, high volatility, low age, low profits, or low institutional ownership, on average

overperform their counterparts.

The overreaction hypothesis implies that CVD proxies for investor overreaction to market-

7There is a strand of literature on limits to arbitrage and mispricing (Shleifer and Vishny (1997)), particu-
larly on short-sale constraints and overpricing when investors have divergent opinions about stock valuations
(e.g., D’Avolio (2002), Diether, Malloy, and Scherbina (2002), Chen, Hong, and Stein (2002), and Jones and
Lamont (2002)).

8These firms include those with high volatility (Ang, Hodrick, Xing, and Zhang (2006)), high short interest
ratio (Asquith and Meulbroek (1995), Desai, Ramesh, Thiagarajan, and Balachandran (2002)), high analyst
forecast dispersion (Diether, Malloy, and Scherbina (2002)), large trading volume (Lee and Swaminathan
(2000)).
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wide information. Alternatively, CVD could merely be a proxy for time-varying risk premia.

I investigate this alternative interpretation in a few robustness tests. Several findings do

not support this alternative hypothesis. First, CVD continues to predict the returns on the

long-short characteristic portfolios after controlling for the return comovement with factors

in major asset pricing models, including the Fama-French 3-factor model, the 4-factor model,

and the BWX ICAPM. That is, the cross-sectional differences in the predictability of portfolio

returns are not attributed to the cross-sectional differences in risk.

Second, the findings at the aggregate level are also inconsistent with the FF 3-factor

model, the 4-factor model, or the BWX ICAPM. To test whether these models can explain the

negative relation between firm valuation dispersion and the market excess returns, I develop a

framework built upon the decomposition of book-to-market equity (BM) (Vuolteenaho (2000,

2002), Cohen, Polk, and Vuolteenaho (2003)), of dividend-to-price ratio (DP) (Campbell and

Shiller (1988)), and of earnings-to-price ratio (EP). This framework relates firm BM, DP,

and EP to stock returns that are described by each of these models. It suggests that the

firm valuation dispersion should be positively related to future market excess returns in a

nonlinear fashion. However, the tests clearly reject this nonlinear relationship for all of these

models. Therefore, the relationship between CVD and the market premium is unlikely to be

explained by these models.

A few papers have examined relationships between firm-level and aggregate valuation in

different contexts. Baker and Wurgler (2000) and Eleswarapu and Reinganum (2004) test

for effects on subsequent aggregate returns conditioning on a set of potentially mispriced

firms.9 My results on aggregate return predictability complement their findings. However,

my aggregate mispricing measures are extracted from firm valuation ratios and from all firms

in the three major exchanges.

Also Baker and Wurgler (2005) and Dong, Hirshleifer, Richardson, and Teoh (2003) test

for effects on subsequent returns or behaviors of individual firms conditioning on possible

aggregate mispricing.10 My findings in the cross section are similar in spirit to the work

of Baker and Wurgler (2005) that difficult-to-value and difficult-to-arbitrage firms are most

sensitive to aggregate investor demand. However, I use a novel measure of aggregate overre-

action and examine more direct proxies for shorting difficulty: institutional ownership (Nagel

9Baker and Wurgler (2000) focus on equity issuers and use the aggregate issuing activity to forecast
market excess returns. Eleswarapu and Reinganum (2004) concentrate on growth firms and use the growth
firm returns to predict future market excess returns.

10Baker and Wurgler (2005) develop an investor sentiment index, which by construction to some extent
reflects aggregate mispricing. Dong, Hirshleifer, Richardson, and Teoh (2003) use cross-sectional standard
deviation of price-to-book and price-to-value to proxy for aggregate mispricing but they focus on mergers
and acquisitions.
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(2005)) and short interest ratio (Boehme, Danielsen, and Sorescu (2005)).

The remainder of the paper is organized as follows. In Section II, I present the model and

develop the test hypotheses. Section III describes the data and the key variables. Section

IV shows the empirical results. Section V explores other alternative explanations. Section

VI checks the robustness. Section VII summarizes and draws conclusions.

II. The Model

As in the model of DHS (2001), there is a finite mass of risk averse overconfident investors,

denoted as C, who hold one riskless asset and N risky assets. There are three dates, t =

0, 1, 2. At date 0, investors start with their endowments and identical prior beliefs about

the security payoffs. It is known to all investors that, at date 2, the riskless asset pays one

unit per share and the risky asset pays θi, for all i = 1, ..., N . At date 1, investors receive

an identical noisy private signal about the payoff of the common factor and exchange assets

based on their beliefs. At date 2, the risky asset pays a liquidating dividend of θ and all

consumption takes place.

Each risky asset has per capita supply of Q shares and its payoff at date 2 follows a

single-factor structure:

θi = θ̄i + βiF + εi. (1)

where θ̄i is the expected payoff of security i, εi is the firm-specific payoff, independently

identically distributed as N(0, 1/vε), and βi is the loading of the ith security on the factor

F . The common factor F is normally distributed as N(0, 1/v). In addition, E(Fεi) = 0.

The security loading, β, takes the values of β1,..., βN . I normalize the factor F to set the

average β as one and denote the cross-sectional variance of β as σ2(β). The values of θ̄i, βi,

and the distribution of εi and F are common knowledge, but the realizations of εi and F are

not known until date 2.

The noisy private signal about the common factor payoff at date 1 takes the form

S = F + e, (2)

where e is the noise of the signal. It is normally distributed as N(0, 1/vR), where vR is the

true/rational precision of the signal. Overconfident investors mistakenly believe that the

variance of the noise is lower, 1/vC < 1/vR (i.e., vC > vR). Thus, the mean and variance of

the common factor payoff conditional on the signals are given by:

µC =
vCS

v + vC
, σ2

C =
1

v + vC
.
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In contrast, if investors were rational, the mean and variance would be

µR =
vRS

v + vR
, σ2

R =
1

v + vR
.

After receiving the private signal, each investor selects her portfolio to maximize a CARA

utility function with a risk aversion coefficient of A for date 2 consumption. Following DHS

(2001), before I solve for the equilibrium price of individual securities, I first solve for the

equilibrium price of the factor portfolio, which is constructed to have an expected payoff

of zero and a loading of one on the common factor F . The equilibrium price of the factor

portfolio is given by

P = µC − Aσ2
CQ. (3)

The first term is the investor expected factor cash flow. The second term is the price discount

for risk, in which the conditional factor volatility is the investor perceived volatility. Due

to the single factor payoff structure, the factor portfolio can also be defined as the market

portfolio; therefore, the price of the market portfolio Pm is equal to P .11

Equation (3) suggests two distinct effects of overconfidence. First, overconfidence gen-

erates biased estimation of the expected cash flow. I define the factor cash flow mean bias,

denoted as M , as the difference between the investor expected factor cash flow and the true

expected factor cash flow, M = µC−µR. Upon a favorable signal S > 0, the expected factor

cash flow is overestimated (M > 0). Conversely, upon an adverse signal S < 0, the expected

factor cash flow is underestimated (M < 0). Further, it is easy to show that the forecast

error, defined as the absolute mean bias (|M |), increases as overconfidence (measured by vC)

rises. I call this the mean bias effect.

Second, overconfidence produces lower perceived cash flow volatility. The conditional

variance perceived by an overconfident investor is always smaller than the true variance

(σ2
C < σ2

R). This underestimation of cash flow volatility implies that, given the true cash

flow volatility, the more overconfident the investors, the lower the risk premium they require.

I call this the risk premium reduction effect.

Let π denote the risk premium Aσ2
CQ. The aggregate price Pm can be decomposed into

three components: the true expected aggregate cash flow (µR), the cash flow mean bias (M),

and the risk premium (π). Then equation (3) can be rewritten as

Pm = µR + M − π. (4)

The above equation shows that the aggregate price is high when the expected aggregate cash

11When N is large enough, the idiosyncratic risk is diversified away in the market portfolio.
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flow is high, the risk premium is low, or the expected cash flow is overestimated (M is more

positive).

Equations (3) and (4) establishe a relationship between the expected aggregate return and

overconfidence. The expected aggregate return, π −M , is equal to the difference between

the true expected factor cash flow and the aggregate price, µR − Pm. On average, the

expected aggregate return is equal to π because cash flow mean overestimation (M > 0)

and underestimation (M < 0) are symmetric.12 Thus, upward bias and downward bias

are cancelled out. As a result, the mean bias effect has on average no effect on expected

aggregate return. In contrast, the risk premium π decreases with overconfidence. In sum,

on average, the aggregate return is low when the overconfidence level is high.

To examine the relationship between firm valuation dispersion and the expected aggregate

return, the next step is to derive the relationship between dispersion and overconfidence. In

equilibrium, the price of asset i is determined by its unconditional expected cash flow and

its cash flow sensitivity to the common factor.13 That is,

Pi = θ̄i + βiPm. (5)

Let Ci be a noisy measure of the true expected cash flow of asset i conditional on the

factor signal. Specifically,

Ci = θ̄i + βiµR + νi, (6)

where νi is a firm-specific noise, independently identically distributed as N(0, σ2
ν), and

E[βiνi] = 0.14 Empirically, Ci is proxied by fundamental measures such as book equity,

dividends, or earnings.

We measure valuation of asset i by Ci − Pi, which can be empirically proxied by the

difference between logarithmic fundamental measures and logarithmic price. For a sufficient

large number of assets, the average Ci − θ̄i, denoted as Cm, is equal to µR. Thus, the

market valuation is measured by Cm−Pm. Combining equations (5) and (6) yields a simple

relationship between asset i’s valuation and the market’s valuation,

Ci − Pi = βi(Cm − Pm) + νi. (7)

12Since S is normally distributed with zero mean, cash flow misestimation is symmetric in both magnitude
and probability. Thus, the unconditional mean of M is zero.

13This relationship can be derived from a non-arbitrage argument: since the payoff of asset i can be
replicated by holding θ̄i units of the riskfree asset, βi units of the market portfolio, and one unit of εi, the
price of asset i should be equal to the sum of the prices of the three components in which εi is not priced
since it is diversifiable risk.

14Alternatively, one can model C as a noisy measure of the true unconditional cash flow such that Ci =
θ̄i + νi. This assumption leads to the same conclusion as the current model.
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Replacing Pm in equation (7) with that in equation (5) gives

Ci − Pi = βi(π −M) + νi. (8)

Taking the cross-sectional variance of both sides of equation (8) produces

σ2(C − P ) = σ2(β)(π −M)2 + σ2
ν . (9)

Since σ2
ν is a known constant, we can move it to the left-hand side of equation (11) and

define the adjusted cross-sectional variance σ̂2(C−P ) = σ2(C−P )−σ2
ν . Thus, the adjusted

firm valuation dispersion is15

σ̂(C − P ) = σ(β) |π −M | . (10)

To obtain the intuition about the effects of overconfidence on firm valuation dispersion,

I consider two extreme cases. In Case 1, there is no risk premium (π = 0), and hence

σ̂(C−P ) = σ(β) |M |. When overconfidence rises, due to the mean bias effect, firm valuation

dispersion becomes greater. In Case 2, there is no mean bias (M = 0) and hence σ̂(C−P ) =

σ(β)π. When overconfidence is stronger, due to the risk premium reduction effect, firm

valuation dispersion becomes smaller.

However, the two effects are not equally strong. In Appendix A, I show that the increase in

the mean bias effect is faster than that in the risk premium reduction effect as overconfidence

rises. This is because that overestimation of signal precision has a stronger effect on the

conditional mean than on the conditional variance. Therefore, when overconfidence is strong

enough, the mean bias effect will dominate the risk premium reduction effect to determine

firm valuation dispersion, which leads to

15Equation (10) holds only when σ(β) is non-zero, which is consistent with the empirical observation that
there is a fairly large range of betas in the cross section. Alternatively, in my model, when there is no
cross-sectional dispersion in betas and when investors also receive signals about the idiosyncratic payoff ε,
σ̂(C−P ) would be a measure of cross-sectional dispersion in idiosyncratic returns, which is similar in spirit as
the measure of average idiosyncratic return volatility in Goyal and Santa-Clara (2003). However, σ̂(C − P )
differs from the measure of Goyal and Santa-Clara by capturing the volatility of the future idiosyncratic
returns implied in today’s stock prices instead of the past return volatility. In that case, my result about
the negative correlation between σ̂(C − P ) and future market returns would be interpreted as a negative
correlation between the average expected idiosyncratic volatility and the future market returns. This finding
is then inconsistent with the finding of Goyal and Santa-Clara (2003) but consistent with the finding of Guo
and Savickas (2006) for the aggregate returns and that of Ang, Hodrick, Xing, and Zhang (2006) about the
cross section of returns. Further, my results about the cross section of returns suggest that interpreting CVD
as a measure of average idiosyncratic volatility should be cautious. For example, I find returns on high beta
stocks are more sensitive to the change in CVD than returns on low beta stocks, which suggests that CVD
is unlikely to be solely associated with the idiosyncratic component of stock returns.
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Proposition 1. As overconfidence vC increases,

1. If overconfidence is sufficiently strong (vC > vC′, where vC′ is a constant), then on average

the adjusted cross-sectional dispersion of firm valuations σ̂(C − P ) increases; and

2. However, the expected aggregate return on average decreases.

See Appendix A for proof of all propositions.

Thus, in a sufficiently overconfident market, firm valuation dispersion is a negative pre-

dictor of future market excess returns. When firm valuations in the cross section are more

dispersed, the expected market return tends to be low.

In contrast, the variation in risk aversion or in factor cash flow volatility delivers an

opposite prediction. When overconfidence is absent (vC = vR), the CAPM holds. Since no

forecast error is produced (M = 0), the adjusted firm valuation dispersion collapses to

σ̂(C − P ) = σ(β)π. (11)

The above equation leads to

Proposition 2. As risk aversion A or factor cash flow volatility 1/v increases,

1. The adjusted cross-sectional dispersion of firm valuation σ̂(C − P ) increases; and

2. The expected aggregate return also increases.

Thus, if variation in expected returns is due to variation in rational risk premia, firm

valuation dispersion should be a positive predictor of future market excess returns.16 Intu-

itively, when risk aversion or factor cash flow volatility is high, the market risk premium is

high, which increases both firm valuation dispersion and the expected aggregate return.

Taken together, Propositions 1 and 2 provide testable competing hypotheses; the over-

reaction hypothesis implies a negative correlation between firm valuation dispersion and

aggregate returns while the risk hypothesis implies a positive correlation between the two.17

16In this model, I assume σ(β) is a constant. However, σ(β) can be time-varying in a conditional CAPM.
For example, the model in Gomes, Kogan, and Zhang (2003) implies that cross-sectional dispersion of
beta should be positively correlated expected market returns, which is consistent with Proposition 2. In
contrast, Santos and Veronesi (2004) show that when beta is more determined by firm’s fundamental risk
than by market premium or firm’s expected dividend growth, cross-sectional dispersion of beta is negatively
correlated with market premium. Thus, the time-variation in β, under some condition, can also explain the
negative correlation between firm valuation dispersion and future market returns. However, in Section IV
C.1, I show that when firm valuation dispersion is high, β is negative correlated with the cross section of
stock returns, which is inconsistent with the prediction of Santos and Veronesi (2004) that β should carry a
positive premium. Thus, the model of Santos and Veronesi (2004) cannot fully explain my results.

17Note that the overreaction hypothesis holds only when the average investor is sufficiently overconfident.
Thus, the test is a joint test of this hypothesis and a sufficiently high level of overconfidence.
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In contrast, the correlation between the value spread and the expected aggregate return

carries the same sign under the two hypotheses. Let the average beta of the value firms be

βv and that of the growth firms be βg. When the number of firms in each group is sufficiently

large, the value spread

(C − P )v − (C − P )g = (βv − βg)E(Rm). (12)

Thus, the correlation between the value spread and the expected aggregate returns is de-

termined by βv − βg regardless whether the variation in the expected return is caused by

variation in rational risk premium or in mispricing. A number of studies (e.g., Campbell and

Vuolteenaho (2004), Ang and Chen (2005)) find that growth stocks on average have higher

beta than value stocks after 1963. Therefore, equation (12) predicts that the value spread

should be negatively correlated with the expected aggregate return, which is consistent with

the findings in the value spread literature. However, this negative correlation between the

value spread and expected returns does not help distinguish a behavioral theory from a

rational theory.

Similarly, both models predict a positive correlation between Cm−Pm and the expected

aggregate returns since

Cm − Pm = E(Rm). (13)

Thus, a positive correlation between aggregate fundamental-price ratios and subsequent

aggregate returns does not differentiate between a fully rational market and an overconfident

market, either.

Furthermore, the two hypotheses carry implications for the cross section of stock returns.

Proposition 3.

1. As overconfidence vC increases, the reduction in the expected return of assets with higher

betas is on average greater than that of assets with lower betas.

2. However, as risk aversion A or factor cash flow volatility 1/v increases, the increase in

the expected return of assets with higher beta assets is greater than that of assets with lower

betas.

Thus, based upon the overconfidence hypothesis, the negative dispersion-return relation

should be stronger among sets of high beta firms; when overconfidence reduces market risk

premium, it should reduce the risk premium of high beta stocks more than that of low beta
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stocks. Following a similar reasoning, the risk hypothesis predicts that high beta stocks

should exhibit a stronger positive dispersion-return relationship.

In addition, the overreaction hypothesis predicts a stronger dispersion-return relation

among firms whose valuations are highly subjective, which can hold even if these firms’ total

exposure to risk (beta) is no greater than that of the other firms. Psychology studies suggest

that people tend to be more overconfident when a task is more difficult and feedback is more

delayed or less conclusive (e.g., Einhorn (1980)). Firms with more subjective valuations

usually have highly uncertain cash flows, which increases the difficulty in valuation task

and the deviation of investor valuation from the rational valuation (Daniel, Hirshleifer, and

Subrahmanyam (1998)). These firms are likely to load heavily on factors that generate

highly uncertain cash flows and thus these firms are more likely to be subject to investor

overreaction to factor payoffs.

To illustrate the intuition, suppose there are two common factors, F1 and F2, both of

which are distributed as N(0, 1/v). I also assume that investors are more overconfident about

the precision of their signals about F1’s cash flow (i.e., vC
1 > vC

2 ). For example, F1 is a tech

factor, F2 is an oil factor, and investors are more overconfident when valuing the tech sector.

Investors receive two independent noisy signals about payoffs of each common factor. Also

there are two classes of risky assets whose payoffs follow

θ1 = θ̄1 + β1,1F1 + ε1, and θ2 = θ̄2 + β2,2F2 + ε2, (14)

In addition, I assume that β1,1 = β2,2 so that the two stock classes have the same total

exposure to systematic risk. For example, asset class one are software firms, which load

only on the tech factor, and asset class two are gas companies, which load only on the oil

factor. If investor are more overconfident about the tech factor than about the oil factor,

they will require a smaller risk premium for holding the tech portfolio than for holding the

oil portfolio. Thus, the expected return on the software firms are on average lower than that

on the gas companies in the presence of overconfidence.

In Appendix A, I show in a more general setting that the negative dispersion-return

relation can be stronger among firms that load heavily on F1 regardless of their loadings on

F2.

Proposition 4. Suppose investors are more overconfident about the precision of F1’s signal

than that of F2’s (i.e., for factor j, vC
j = vR + ηj(v

C − vR), and η1 > η2). There are two

classes of risky assets whose payoffs follow

θ1 = θ̄1 + β1,1F1 + β1,2F2 + ε1, and θ2 = θ̄2 + β2,1F1 + β2,2F2 + ε2. (15)
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When asset class one loads more heavily on F1 than asset class two (i.e., β1,1 > β2,1), as

overconfidence vC increases, the reduction in the expected return on asset class one is on

average greater than that on asset class two if

(1) β1,2 ≥ β2,2; or

(2) β1,2 < β2,2 and η1 < η∗, where η∗ <
v + vR

vC − vR
.

Thus, if an econometrician sorts stocks based on their loadings on F1, she should observe a

stronger dispersion-return relationship among stocks with larger F1 loadings when the sorts

create no cross-sectional differences in the F2 loadings or when F1 loadings are positively

correlated with F2 loadings. The same pattern can be observed even when F1 loadings are

negatively correlated with F2 loadings and, meanwhile, the misperception of signal precision,

measured by η(vC − vR), is smaller to certain extent than the true precision of the signal,

measured by v + vR.18 In contrast, the risk hypothesis predicts that only the total risk

exposure matters and greater total risk exposure should be associated with a more positive

dispersion-return relationship.

Finally, the overreaction hypothesis predicts that the negative dispersion-return relation

should be stronger among firms that are more constrained from short selling. Models based

on both investor overconfidence and short-sale constraints (Scheinkman and Xiong (2003a),

Hong, Scheinkman, and Xiong (2006), and Jiang (2005a)) suggest that assets tend to be

overpriced due to the average overestimation of expected cash flows. Jiang (2005a) shows

that this overpricing is larger when overconfidence is stronger. As a result, the average

cash flow overestimation should further reduce the expected returns in addition to the risk

premium reduction effect, and this effect is stronger among firms with tighter short-sale

constraints. In contrast, the risk hypothesis provides no prediction with respect to short-

sale constraints.

Taken together, I test two sets of competing hypotheses.

Hypothesis I

a. (The overreaction hypothesis) Firm valuation dispersion should be negatively related

to subsequent aggregate stock returns.

b. (The risk hypothesis) Firm valuation dispersion should be positively related to subse-

quent aggregate stock returns.

Hypothesis II

18This pattern is particularly strong when overconfidence about F2 is fairly small (i.e., η2 → 0). In this
case, the increase in vC affects the expected return on π2 only a little but that on π1 a great deal. Therefore,
the reduction in the expected return on asset class one will be greater than that on asset class two.
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a. (The overreaction hypothesis) The negative dispersion-return relation should be most

pronounced among firms that are risky, that have highly uncertain cash flows, large investor

disagreement, or high costs to sell short.

b. (The risk hypothesis) The positive dispersion-return relation should be most pro-

nounced among risky firms. However, there should be no cross-sectional differences in the

positive dispersion-return relationship across firms with different cash flow uncertainty, in-

vestor disagreement, or short-sale costs when there is no cross-sectional differences in total

risk exposure.

III. Data

The main sample includes all available firms listed in NYSE, AMEX, and NASDAQ from

January 1963 to December 2004. Robustness checks also use the earlier period 1926–1962.

Stock returns and other stock trading data are obtained from the Center of Research in

Securities Prices (CRSP). Only common stocks (share code 10 and 11) are used. Stocks in

the financial industry (SIC between 6000 and 6999) and the utility industry (SIC between

4900 and 4949) are excluded. Accounting information is obtained from COMPUSTAT. The

analyst forecast data from 1976 to 2004 are from I/B/E/S. The institutional ownership

data from 1980 to 2004 are from Thomson Financial 13F holdings. Short interest data are

available for NYSE firms from 1991 to 2002 and for NASDAQ firms from 1992 to 2002.

A. Key variables

I use three firm valuation ratios: book-to-market equity (BM), dividend-to-price ratio (DP),

and earnings-to-price ratio (EP). Firm book equity is calculated following Polk and Sapienza

(2005), also consistent with Davis, Fama, and French (2000). Market equity is the product

of stock price and shares outstanding. Firm book-to-market equity (BM) is book equity over

market equity. Firm dividend yield (DP) is total dividend payout (data 21) over market

equity. Firm earnings-to-price ratio (EP) is net income from continuing operation (data

178) over market equity. Zero or negative book equity, dividends, and earnings are excluded

to calculate logarithmic ratios.19

I form a composite measure of dispersion in firm valuations based on the cross-sectional

19Excluding the negative values results in a truncated distribution of firm valuation ratios, which might
raise a concern about whether the truncation drives the results. As a robustness check, I use sales-to-price
ratios to calculate firm valuation dispersion and still observe the negative correlation between dispersion and
aggregate returns. Sales are rarely positive and should include a more complete set of firms in my dispersion
measure.
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standard deviations of the logarithmic firm valuation ratios of all available firms. I denote the

cross-sectional standard deviations of logarithmic BM, DP, and EP as σ(BM), σ(DP), and

σ(EP) and calculate both value-weighted and equal-weighted standard deviations. The value-

weighted measures more accurately reflect the statistical properties of the value-weighted

market portfolio while the equal-weighted measures more precisely capture those of the

equal-weighted market portfolio.20

—–INSERT TABLE I, II and FIGURE 1 HERE—–

Panels A to C of Figure 1 plot the time-series of the dispersion variables. The value-

weighted measures exhibit similar patterns during the sample period. However, the equal-

weighted measures have slightly different patterns for a few years. Further, each of the

value-weighted measures exhibits a visible non-linear upward time-trend and each of the

equal-weighted measures displays a linear upward time-trend. The source of the time-trend

will be discussed later.

To avoid the influence of the time-trend on extracting the principal component of the

three measures, I take out the trend by regressing each of the value-weighted measures on

a time index, which takes the value of 1 to 42, and the squared time index, and use the

residuals as the detrended series. I also regress each of the equal-weighted measures on a

time index and take the residuals as the detrended series.

—–INSERT TABLE III HERE—–

Table III reports the regression results. Confirming my observation, the results show that

the time trend accounts for a substantial fraction of the time variation in these measures.

The adjusted R2s are 77% to 88% for the value-weighted measures and 32% to 77% for the

equal-weighted measures.

The residuals from the above regressions are denoted as cd(BM), cd(DP), and cd(EP).

Their time series are plotted in Panels D to F of Figure 1. The summary statistics of these

variables in both value-weighted and equal-weighted schemes are reported in Table I. Finally,

20To understand why, consider the mean book-to-market equity of a portfolio. In a value-weighted portfo-
lio, the total market value of each stock is invested. Thus, the portfolio BM is the sum of book equity of all
stocks over the sum of market equity of all stocks. It is also equal to the value-weighted mean of firm book-
to-market equity. That is, (

∑
BE)/(

∑
ME) = (

∑
BE
ME ME)/(

∑
ME). In an equal-weighted portfolio, one

dollar is invested in each stock. Accordingly, each stock only contributes per dollar book equity and per
dollar market equity to the portfolio. Thus, the portfolio BM is a simple average of BM of all stocks. That
is, (

∑
BE
ME )/(

∑
ME
ME ) =

∑
BE
ME /N , where N is the number of stocks in the portfolio. Similar arguments

apply to the standard deviation.
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cross-firm valuation dispersion (CVD) is defined as the first principal component of cd(BM),

cd(DP), and cd(EP).

The same procedure is performed for the value-weighted measures and the equal-weighted

measures separately. The procedures yield two parsimonious measures of the firm valuation

dispersion:

CVDvw = 0.357cd(BM) + 0.348cd(DP) + 0.347cd(EP), and (16)

CVDew = 0.348cd(BM) + 0.396cd(DP) + 0.478cd(EP). (17)

The value-weighted CVD explains 90% of the sample variance while the equal-weighted CVD

explains 66%. For both measures, the first principal component is the only component with

an eigenvalue greater than one and it is highly correlated with the underlying measures. As

shown in Table II, the value-weighted CVD has a correlation 0.97 with cd(BM), 0.94 with

cd(DP), and 0.94 with cd(EP) while the equal-weighted CVD has the three correlations of

0.69, 0.78, and 0.94. These numbers suggest that CVD captures major information contained

in the underlying measures.

The two CVDs have a high correlation of 0.75 with each other. The time series of the

value-weighted and the equal-weighted CVD are plotted in Panels G and H of Figure 1.

The value-weighted CVD is positive for 1967–75, 1981, 1983, 1986–87, 1988–2001. Similarly,

the equal-weighted CVD is positive for 1967–75. However, the equal-weighted CVD behaves

somewhat differently after 1980; it is positive for 1980–87, 1990–91, 1996, and 1999–2001.

Both time series have a big spike in the post-1997 bubble period and reach their peak in

2000. These high CVD periods mainly coincide with high investor sentiment periods in the

anecdotal history collated by Baker and Wurgler (2005), suggesting investor sentiment can

be at least partially driven by investor overreaction.

Comparing the two CVDs, the value-weighted CVD experiences little variation before

1997 relative to its big spike around 2000. In contrast, the equal-weighted CVD is more

volatile before 1997 relative to its 2000 spike. Unreported plots show that behaviors of the

value-weighted measures are dominated by only 5% of the firms.21 Thus, when I conduct

analysis in the cross section, I use the equal-weighted CVD to proxy for common overreaction

in individual stocks. However, using the value-weighted CVD would not materially alter the

results.

Going back to the time trend in σ(BM), σ(DP), and σ(EP), it is important to understand

the source of the time trend to avoid potential data-mining. According to Campbell and

21These firms on average account for 65% of the total market cap during the sample period and 75% in
June of 2000.
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Shiller (1988) and Vuolteenaho (2000), BM and DP contain not only a component of future

returns but also a component of future growth rate. In particular, BM reflects the growth

rate of book equity, the return on equity (ROE), while DP captures the growth rate of

dividend payout (∆D). Accordingly, σ(BM) and σ(DP) should be linked to σ(ROE) and

σ(∆D) which denote the cross-sectional standard deviations of ROE and ∆D. Similarly,

σ(EP) should be linked to σ(∆E), where ∆E is the growth rate of earnings (see Appendix

B for proof).

—–INSERT FIGURE 2 HERE—–

I conjecture that the time-trend in σ(BM), σ(DP), and σ(EP) is due to a time-trend in

σ(ROE), σ(∆D), and σ(∆E). Indeed, as shown in Figure 2, the plots of σ(ROE), σ(∆D),

and σ(∆E) display a clear upward time trend. Similar to the trend in σ(BM), σ(DP), and

σ(EP), the trend in the value-weighted σ(ROE), σ(∆D), and σ(∆E) appears non-linear

and that in the equal-weighted measures seems linear. The trend in the dispersion of firm

return on equity, dividend growth, and earnings growth may be related to the change in

the characteristics of public firms. There is evidence that firms going public have become

younger (Fink, Fink, Grullon, and Weston (2005)), and the dispersion of firm growth rates

and that of profitability have become larger (Fama and French (2004)).

Because the main focus of the paper is to examine how firm valuation dispersion is related

to future expected returns rather than future growth rates, it helps to filter out the noise in

my measure by taking out the time trend. Prior research usually filters out the time trend in

a time series when examining the serial correlation between this measure and stock returns

(e.g., Campbell, Grossman, and Wang (1993)). Further, obtaining CVD in absence of a time

trend makes it more convenient to distinguish a state with strong overreaction (when CVD

is high) from a state with weak overreaction (when CVD is low) for my subsequent tests.22

B. Firm characteristics

My test hypothesis concerns firms that are risky, have highly uncertain cash flows, have

large investor disagreement, or have potentially high costs to sell short. I therefore gather

variables that are proxies for riskiness, cash flow uncertainty, investor disagreement, and

difficulty in selling short. There are ample proxies for each of the properties but probably

none is pure and perfect. Hence, my choices depend largely on related prior research.

22However, detrending the time series using the full sample data might give rise to a concern of the “look-
ahead bias” (Brennan and Xia (2005)). I will discuss this issue in detail in the robustness check in Section
VI.
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I use market beta (BETA) and total return volatility (VOL) as proxies for riskiness.

BETA is estimated using a market model on 36 to 60 monthly available returns in the 5

years before July of year t.23 VOL is the standard deviation of 10 to 12 monthly returns

before July of year t. Both are proxies for the true market beta.24 In addition, idiosyncratic

volatility, one component of VOL, has also been linked to investor disagreement (e.g., Harris

and Raviv (1993)) and investor overconfidence (e.g., Scheinkman and Xiong (2003b)), both of

which suggest that firm valuations are highly subjective when VOL is high. Taken together,

VOL is a composite proxy for risk and subjective valuations.

Four firm characteristics are used to measure cash flow uncertainty: firm age (AGE),

earnings-to-book equity (E/BE), plant, property, and equipment (PPE), and dividends-to-

book equity (D/BE). AGE is the number of years between the firm’s first appearance on

CRSP and t. E/BE is the ratio of net income from continuing operation over book equity,

similar to return on equity. Firms with zero or negative earnings or book equity are excluded.

PPE is plant, property, and equipment scaled by total assets. D/BE is total dividends paid

scaled by book equity. These variables have been used in prior studies to identify stocks more

subject to mispricing (e.g., Baker and Wurgler (2005), Zhang (2006)). I also consider stocks

that are in technology-related industries as having high cash flow uncertainty. I use two tech

industries based on the Fama-French 10 industry classfication: the computers, software, and

electronic equipment (HiTec), and the telephone and television transmission (Telcm).25

Two widely used measures of investor disagreement are adopted: analyst forecast dis-

persion (ADISP) (Diether, Malloy, and Scherbina (2002)) and trading volume (TURN) (Lee

and Swaminathan (2000)). Following Diether, Malloy, and Scherbina (2002), ADISP is de-

fined as the standard deviation of analysts’ current fiscal year earnings per share forecasts

scaled by absolute mean forecasts. Unadjusted data are used as suggested by these authors.

Zero mean forecasts are excluded. TURN is measured by turnover—trading volume scaled

by shares outstanding. TURN is the average monthly turnover in the past 12 months be-

fore July of year t. Trading volume of NASDAQ firms is divided by two due to the double

23The reported results are based on the betas that are estimated from the time-series regression Ri,t =
α + βiRMKT,t + νi. To account for the effects of nonsynchronous trading, I also estimate betas from the
regression Ri,t = α + βi,1RMKT,t−1 + βi,2RMKT,t + νi and define βi = βi,1 + βi,2 (e.g., Fama and French
(1992), Lewellen and Nagel (2005)). The main results still hold.

24The theory predicts that firms with high systematic risk are more affected by the risk premium reduction
effect of investor overreaction. Thus, BETA seems a more appropriate measure of systematic risk than VOL.
However, true market betas are not directly observable. It has also been noted that the regression estimated
beta is subject to the error-in-variable problem (Fama and MacBeth (1973)). Thus, the regression estimated
beta is only a noisy proxy for the true beta The total risk, VOL, serves as another proxy since it is larger
when the true beta is larger.

25By excluding the utilities and the others, I used eight of the ten industry portfolios in my analysis.
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counting problem in NASDAQ.

Finally, institutional ownership (IO) and short interest ratio (SIR) are used to proxy for

shorting difficulty. IO is the total number of shares held by institutional investors scaled

by shares outstanding. Only quarterly data is available in the database. SIR is measured

by total number of shares shorted scaled by shares outstanding. Monthly data is available

in the datafile. For both measures, stocks that have appeared at least once in the data file

are included. Zero IO or SIR is assigned to stocks that do not appear in the file at time

t. D’Avolio (2002) and Nagel (2005) suggest that stocks with high institutional ownership

have more lendable shares since institutions are active stock leaders in the lending market.

Therefore, it is relatively easier and cheaper for short-sellers to borrow these stocks when

engaging in short-selling.26 Boehme, Danielsen, and Sorescu (2005) show that short-selling

cost, measured by the loan fee, increases with the short interest ratio. Therefore, it is costlier

to short stocks with high short interest.

According to the overreaction hypothesis, I expect a stronger negative dispersion-return

relation among sets of firms that have large beta, high volatility, low age, few profits, low

PPE, low dividends, high analyst forecast dispersion, large trading volume, low institutional

ownership, high short interest ratio, or in HiTec or Telcm industries. In contrast, based on

the risk hypothesis, I expect a stronger positive dispersion-return relation among sets of firms

with large beta or high volatility. However, the risk hypothesis predicts that, controlling for

beta, there should be no cross-sectional differences in the dispersion-return relation across

the other firm characteristics.

—–INSERT TABLE IV HERE—–

Based on each of the firm characteristics, I sort stocks into quintiles with equal number

of firms in each quintile, except for BETA, AGE, IO, and D/BE. I also exclude stocks with

prices less than $5 (e.g., Jegadeesh and Titman (2001)). However, including them does not

alter the main results. Prior research finds that high beta stocks tend to be small (Fama

and French (1992)) and high IO stocks tend to be large (Nagel (2005)). In addition, in my

sample, old firms tend to be large: the average correlation between firm size and AGE is

0.29. To avoid having these quintiles over-represent small firms, I use NYSE breakpoints

for the three variables. For D/BE quintiles, firms with non-zero dividends are sorted into

four portfolios based on NYSE breakpoints and those with zero dividends are grouped into

26Phalippou (2004) argues that IO also measures investor sophistication, which suggests that low IO firms
tend to be mispriced by unsophisticated investors. This argument carries the same prediction as using IO
as a proxy for short-sale constraints.

20



the quintile with the lowest D/BE. However, changing the breakpoint does not materially

change the results.

Except for IO, SIR, and ADISP quintiles, I form portfolios in the end of each June. I

then calculate the value-weighted monthly portfolio returns and the 12-month continuously-

compounded returns from July of year t to June of year t + 1. The IO quintiles are formed

at the end of each quarter, and the 12-month returns from the beginning of the next quarter

are used. The SIR and ADISP quintiles are sorted and updated at the end of each month

based on the end-of-month SIR or ADISP, and the overlapping 12-month returns are used.

IV. Empirical Tests

A. CVD and aggregate stock returns

A.1 Sorts

I first test Hypothesis I by examining the correlation between CVD and future aggregate

returns. I use the CRSP value-weighted and equal-weighted indices as proxies for the value-

weighted and equal-weighted market portfolios. Based on whether the end-of-June CVD is

above the mean (high) or below the mean (low), I first sort the following three consecutive

12-month continuously-compounded market excess returns. Shown in Figure 3, during the

full sample period, when CVD is low, the average 12-month value-weighted market excess

returns in the following three years are about 7–8%. However, when CVD is high, these

returns are negative in the subsequent three years, ranging from −0.49% to −1.15%, which

is inconsistent with the rational view that risk premium should never be negative. Equal-

weighted market excess returns exhibit similar patterns. Following low CVD periods, the

annual market excess returns are 10–15% while following high CVD periods, these returns

are only 2–6%.

—–INSERT FIGURE 3 HERE—–

To make sure the poor performance following high CVD period is not solely driven by

the post-1997 bubble period, I conduct sorts based on CVD from 1963 to 1996. The return

patterns conditioning on CVD remain. Further, during this sample period, following high

CVD, the next year’s market performance is even worse; the average value-weighted annual

return is merely −4.52%. Thus, these results suggest that CVD and future market excess

returns are negatively correlated, supporting the overreaction hypothesis.
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A.2 Univariate regressions

To formally evaluate the predictive power of CVD, I regress market excess returns on lagged

CVD. The value-weighted (equal-weighted) CVD is used to predict value-weighted (equal-

weighted) returns. I report results on three different return horizons: one quarter, one

year, and three years. The results for other return horizons from 1 month to 3 years are

qualitatively similar. For one-quarter returns, the predictors are updated at the end of

each March, June, September, and December. For one-year or three-year returns, they

are updated annually at the end of each June. Overlapping observations are used for the

three-year return regressions.

Stambaugh (1986, 1999) points out that the OLS estimator in a predictive regression will

be biased to favor the alternative in a small sample if (1) the regressor is highly persistent and

(2) the innovation of the predicted variable and that of the forecaster are correlated. Shown

in Table I, the first-order autocorrelation of CVD is 0.58 in the value-weighted scheme and

0.44 in the equal-weighted scheme, suggesting CVD is relatively persistent. Furthermore,

preliminary analyses find that shocks to the expected market returns are correlated with

shocks to CVD. Hence, the OLS estimator is likely to be biased, as are the OLS t-statistic

and p-value.

To adjust for this bias, I simulate the empirical distribution of the predictive slope using

the randomization method proposed by Nelson and Kim (1993), which has become one of

the standard methods for such an adjustment. For each regression, under the null that there

is no correlation between the predictor and the future returns, I obtain the distribution of

the predictive slope with 2500 sets of simulated data. Then based on this distribution, I

calculate the p-value of the estimated predictive slopes. This method provides a p-value that

is free of both the bias in the OLS estimator derived from the regressor autocorrelation and

the bias in the OLS standard error derived from overlapping observations. Throughout the

remaining analyses, I report the simulated p-value for all predictive regressions.

—–INSERT TABLE V HERE—–

Table V reports the results of the predictive regression. Panel A reports the results with

the full sample while Panel B reports the results after excluding the post-1997 period. As

can be seen, the coefficients of CVD are all negative and significant at the 5% level.

The economic magnitude of the predictability using CVD is large. For the value-weighted

market excess returns, in the full sample a one standard deviation positive shock to CVD

results in a 2.38% reduction in future 1-quarter returns, a 8.34% reduction in future one-year
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returns and a 18.97% reduction in future three-year returns.27 The three coefficients of CVD

are 2.58%, 8.76% and 12.74% for the equal-weighted market excess returns.

Further, CVD alone explains 6% of one-quarter ahead value-weighted return variation,

which is getting close to 9% using the consumption, wealth, and income ratio (cay) and

much greater than 1% using dividend yield to forecast one-quarter ahead S&P Composite

Index returns from 1952 to 1998 (Lettau and Ludvigson (2001)). In forecasting one-year

ahead value-weighted returns, CVD produces a R2 of 22%, larger than 18% using cay for the

period 1952–1998 (Lettau and Ludvigson (2001)), 8% using dividend yields and 11% using

aggregate relative equity issuances for the period 1963–1997 (Baker and Wurgler (2000)).

Finally, CVD explains 51% of the value-weighted return variation, larger than 45% using

dividend yield for the period 1957–1986 (Fama and French (1988a)).

Excluding the post-1997 period yields similar results. As reported in Panel B of Table V,

all coefficients remain negative and highly significant, and furthermore, the magnitude of the

coefficients becomes greater. For example, the coefficient of CVD is −16.60 in forecasting

value-weighted one-year ahead returns as opposed to −8.34 with the inclusion of the post-

1997 period. The change in coefficients is likely due to the relatively small variance of CVD

after excluding the post-1997 period, during which CVD has a huge spike that increases its

variance in the full sample.

In sum, the tests of Hypothesis I provide results that are consistent with the overreaction

hypothesis that CVD is negatively related to future market excess returns and are inconsis-

tent with the risk hypothesis which predicts a positive correlation between CVD and future

aggregate returns.

A.3 Multivariate regression

Previous studies have identified a number of predictors of market returns. Some of the well-

known ones include dividend yield (D/P) (Campbell and Shiller (1988), Fama and French

(1988a), Lewellen (2004)), short-term interest rate (Fama and Schwert (1977)), past market

returns (Fama and French (1988b)), default and term premium (Fama and French (1989)),

and aggregate relative equity issuances (Baker and Wurgler (2000)). Although the main

focus of this paper is not to propose a new aggregate return predictor, it is still interesting

to examine whether CVD provides incremental power to forecast future aggregate returns.

Aggregate dividend yield (D/P) is computed following Fama and French (1988a). Annual

dividends are used to avoid seasonal differences in dividend payments. Short term interest

27Since CVD has unit variance, the coefficients measure the effect of a one standard deviation shock to
CVD on expected returns.
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rate (TBILL) is measured by the one-month treasury bill rate obtained from Ibbotson As-

sociates. Past market return (Rm) is the past return on the value-weighted CRSP index.

Following Fama and French (1988b), past six-month, one-year, and three-year market re-

turns are used, respectively, to forecast market returns six months, one year, and three years

ahead. Aggregate relative equity issuance (S) is obtained from Wurgler’s website over the

period 1962–2002. Term premium (TERM) is defined as the difference between the 10-year

treasury constant maturity rate and the one-year treasury constant maturity rate. Default

premium (DEF) is defined as the difference between the Moody’s seasoned Aaa corporate

bond yield and the Moody’s seasoned Baa corporate bond yield. The yield data are obtained

from the Federal Reserve System website.28

The correlations of these predictors and CVD are reported in Panel C of Table II. The

value-weighted CVD has a significant negative correlation with D/P, TERM, and DEF and

the equal-weighted CVD has a significant positive correlation with TBILL. The correlations

between CVD and business cycle proxies are not surprising. As shown in the model, CVD

is affected by expected market returns, which are influenced by business cycle and economic

conditions. However, if the variation in CVD is solely determined by business cycle and

economic conditions, we would expect to observe a positive correlation between CVD and

future market returns.

—–INSERT TABLE III and VI HERE—–

Table VI reports the results for forecasting market excess returns using all of the above

predictors. I run two regressions for each of the forecast horizons. The first includes only

the well-known predictors. The second adds CVD to the first regression.

In forecasting the value-weighted market excess returns, CVD remains significantly neg-

ative when being added to the set of standard predictors. The magnitude of the coefficients

remains similar as used alone in the regression. CVD also appears to add incremental power

in forecasting future value-weighted equity premium. It triples the R2 (from 2% to 6%)

in forecasting one-quarter-ahead returns, doubles the R2 (from 8% to 16%) in forecasting

one-year-ahead returns, and more than doubles the R2 (from 24% to 60%) in forecasting

three-year-ahead returns.

When it is added to forecast the equal-weighted market excess returns, CVD also re-

mains negative and statistically significant in forecasting returns one-quarter or three-year

ahead. Adding CVD mildly increases the forecasting power for one-quarter ahead returns and

28In a robustness check, I also use the term premium and the default premium obtained from Ibbotson
Associates over the period 1963–1999. The main results remain unchanged.
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three-year ahead returns. However, it does not seem to add incremental power in forecasting

one-year ahead returns. In general, the results with both value-weighted and equal-weighted

schemes suggest that CVD provides incremental information about expected market ex-

cess returns over and above these well-known predictors, particularly for the value-weighted

returns.

B.2 Alternative measures of dispersion

As discussed in the introduction, a few studies have proposed several measures of cross-

sectional dispersion of firm BM ratios, including the value spread (Cohen, Polk, and Vuolteenaho

(2003)), the book-to-market (BM) spread, and the market-to-book (MB) spread (Liu and

Zhang (2005)). The value spread is the difference between the logarithmic BM ratios of value

firms and growth firms while the small value spread is defined only to include small firms.

The BM (MB) spread is the difference of book-to-market (market-to-book) equity between

the two classes of stocks. My model has shown that the key difference between CVD and the

value spread is that the former helps to distinguish competing hypothesis while the latter

does not. However, it is still interesting to compare the forecasting power of CVD with that

of the value spread as well as of the other spreads.

—–INSERT TABLE VII HERE—–

I regress market excess returns on the BM spread, the MB spread, the value spread,

and the small value spread with and without CVD and report the results in Table VII. In

calculating the BM spread, the MB spread, and the value spread, I follow Liu and Zhang

(2005) to define value firms and growth firms as the top and the bottom BM deciles. In

calculating the small value spread, I follow Campbell and Vuolteenaho (2004) to define value

firms, growth firms, and small firms based on the Fama-French 2 × 3 size-BM portfolios.

Only one-year and three-year returns are used to run the predictive regressions.

The results in Table VII show that CVD is a stronger predictor than the other measures

during my sample period. When used alone, both the BM spread and the MB spread have

some forecasting power on equal-weighted 1 or 3 year returns but not on value-weighted

1 or 3 year returns over my sample period, which is consistent with the findings in Liu

and Zhang (2005) during the period 1945–2001. The value spread alone exhibits no power

to forecast future 1 or 3 year returns regardless of the weighting schemes of the market

portfolios, also consistent with the findings in Liu and Zhang. When used alone, the small

value spread forecasts the value-weighted returns but not the equal-weighted ones. When
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CVD is added, only the BM spread remains significant with the expected signs in forecasting

equal-weighted returns. The coefficients on other measures are either insignificant or switch

to the unexpected sign. In contrast, CVD remains negative and highly significant when

competing with each of the above valuation spreads. Therefore, during my sample period,

CVD is a much more powerful predictor of aggregate returns than the other measures.

One possible reason for the empirical success of CVD over the value spread is that

CVD is free of the noise evident in the time-trend. Another possible reason might be that

CVD captures information from dispersion in BM as well as dispersion in DP and in EP.

Consistently, I find that, after taking out the time trend in the value spread, the value spread

alone becomes a significant predictor. However, the predictive power of the value spread is

still subsumed by CVD when forecasting three-year returns. For brevity, these results are

not reported.

C. CVD and the cross section of stock return

C.1 Two-way sorts

To test Hypothesis II about the relationship between CVD and the cross section of stock

returns, I first sort the industry portfolios or firm characteristic quintiles based on the

beginning-of-period CVD into two states: in one state, CVD is relatively high (CVD > 0)

while in the other, CVD is relatively low (CVD < 0). I then examine the return patterns

across quintiles in the cross section and across the two states. From now on, I focus on the

overreaction hypothesis due to the rejection of the risk hypothesis at the aggregate level.

For reasons discussed previously, I use the equal-weighted CVD to proxy for aggregate over-

reaction. CVD measured at the end of June of year t is used to conduct sorts from June of

year t to May of year t + 1.

—–INSERT TABLE VIII, FIGURE 4 HERE—–

Table VIII reports average annual returns on each portfolio in the high CVD state, in

the low CVD state, and the return differentials between the two states. These returns are

also plotted in Figure 4. The results show a few interesting patterns.

First, when CVD is high—presumably when the beginning-of-period overreaction is

high—the difficult-to-value/difficult-to-short firms substantially underperform their counter-

parts. These stocks include those in the tech industries, that have large beta, high volatility,

low age, low profits, few fixed assets, low dividends, low institutional ownership, high short

interest ratio, high analyst forecast dispersion, or high volume. Specifically, when CVD is
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above the mean, the HiTec industry on average earns −2.42% per year and the Telcm in-

dustry earns −1.10% per year, the lowest two among all industries. The return differentials

between the two extreme quintiles of risk or other characteristics are ranging from 3% to

19% per year. For example, the average annual return is −2.83% for the highest BETA

quintile in contrast to 4.26% for the lowest BETA quintile. The average annual return is

−2.37% for the lowest AGE quintile, 1.34% for the lowest IO quintile, and a mere −6.65%

for the highest SIR quintile, in contrast to 2.64%, 5.25%, and 11.69% respectively for the

other extreme quintiles.

In addition, following high dispersion periods, a number of portfolios on average earn

negative excess returns. Interestingly, these portfolios tend to include stocks that are con-

ceivably riskier than others, e.g., stocks with the largest beta, highest volatility, lowest age,

or highest short interest ratio. These findings are at odds from the rational perspective that

risk premium should be positive.

Second, when CVD is low—presumably when the beginning-of-period overreaction is

low—the characteristic-return pattern is essentially reversed. The HiTec industry offers an

annual return 12.63% and the Telcm industry provides 8.72% per year, the highest two

among all industries. The highest BETA quintile earns 13.42% per year, 7.02% higher than

the lowest BETA quintile. The lowest AGE quintile earns 15.90% per year, 6.41% higher

than the highest AGE quintile. Similar patterns are observed for VOL, E/BE, PPE, D/BE,

IO, SIR, and TURN. The highest ADISP quintile still underperforms its counterpart, but

the return differential is reduced by more than two-thirds.

Third, the return differential between the high CVD state and the low CVD state is

largest for these difficult-to-value/difficult-to-short firms, suggesting their returns are most

influenced by CVD. For example, this differential is 15.05% for the HiTec industry and 9.82%

for the Telcm industry, the largest two among the industry portfolios. It is 16.25% for the

highest BETA quintile in contrast to 2.14% for the lowest BETA quintile, 15.43% for the

lowest PPE quintile in contrast to 3.48% for the highest PPE quintile, and 20.55% for the

highest SIR quintile in contrast to 7.61% for the lowest SIR quintile. Similar patterns apply

for the remaining characteristics.

In sum, the two-way sorts support the overreaction hypothesis. When the beginning-of-

period overreaction is high—when there is large forecast error and low risk premium—stocks

with highly subjective valuation and significant limits to arbitrage substantially underper-

form. This evidence suggest these stocks are average overpriced during the high CVD peri-
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ods.29 Intriguingly, when conditioning on low beginning-of-period CVD, consistent with the

traditional asset pricing model, these presumable riskier firms overperform. These patterns

are reasonable under my model: when overreaction is large, stock returns are more deter-

mined by irrational beliefs and hence look anomalous; however, when overreaction is small,

stock returns reflect more rational views and the risk-return tradeoff. Hence, my findings

suggest that the anomalous stock return patterns are concentrated in periods when investor

overreaction to market-wide information is greater.

C.2 CVD and characteristic portfolios

The sorts provide evidence that CVD has a stronger relationship with returns of stocks

whose valuations are highly subjective and difficult to arbitrage. An alternative approach to

examine the dispersion-return relation in the cross section is through regressions. Specifically,

I regress returns of each of the characteristic portfolios on CVD and study the patterns of

the CVD coefficients and R2s across the portfolios.

——–INSERT TABLE IX HERE——–

Table IX reports the results. I report the p-value for each of the industry portfolios and

for the hedging portfolios that are long on the lowest characteristic quintiles and short on

the highest characteristic quintiles.

Consistent with the sorts, the coefficient of CVD is in general the most negative for the

difficult-to-value/difficult-to-short stocks, suggesting a stronger dispersion-return relation-

ship. The HiTec industry has a predictive slope of −14.14 and the Telcm industry has a

slope of −6.20, both significant at the 5% level and also the two most negative slopes among

the industry portfolios. The dispersion-return relation is uniformly negative for all char-

acteristic quintiles. As we move from quintiles with the above characteristics to the other

extreme, the coefficients become less negative. For example, the coefficient is −20.08 for the

highest VOL quintile and it goes up to −2.47 for the lowest VOL quintile. Further, the R2s

are uniformly larger for the quintiles more subject to investor overreaction. For instance,

the R2 is 22% for the highest BETA quintile but only −1% for the lowest BETA quintile.

To test the statistical significance of the difference between the CVD coefficients of the

two extreme quintiles, I report the p-value of the CVD coefficient of the long-short portfolio,

29In particular, this evidence suggests that the market and the unobserved factors on average earn negative
returns during these periods. This can be explained by the findings that overconfidence tends to be greater
in up markets (e.g., Gervais and Odean (2001), Statman, Thorley, and Vorkink (2006)). Therefore, aggregate
expected cash flows tend to be overestimated more than underestimated, which results in a negative average
aggregate return.
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which is long on the top quintile and short on the bottom quintile of each firm variable. The

predictive slopes of the long-short portfolios are all significant at the 5% level. A one standard

deviation shock to CVD corresponds to a 2–18% change in annual expected returns of the

long-short portfolios. Thus, the results suggest that the difficult-to-value/difficult-to-short

stocks are most subject to aggregate investor overreaction.

Taken together, the empirical evidence is consistent with the overreaction hypotheses.

Firm valuation dispersion is negatively related to subsequent aggregate returns and portfolio

returns. Further, the negative dispersion-return relation is stronger among firms that have

highly subjective valuations and significant limits to arbitrage.

V. Alternative explanations

A. The cross section of returns and multifactor models

A.1 Controlling for common comovement

Although CVD is shown to distinctively influence firms with opposite characteristics, it is

possible that this difference is only due to a difference in firms’ exposure to systematic risks.

In other words, CVD might be a pure proxy for time-varying risk premia. Therefore, such

tests need to control for return comovement with common risk factors. As a result of rejecting

the CAPM (and the market model) in the previous test, I obtain common risk factors from

available multifactor models.

I choose three multifactor models: the Fama-French 3-factor model (Fama and French

(1993)), the 4-factor model (Carhart (1997)), and the ICAPM of Brennan, Wang, and Xia

(2004). The first two models are empirically motivated while the last one stems from theory.

With respect to the 3- or the 4-factor models, there has been a debate on whether the size

factor (SMB), the book-to-market factor (HML), and the momentum factor (UMD) proxy

for risk or mispricing (e.g., Fama and French (1995), Daniel and Titman (1997), and Daniel,

Hirshleifer, and Subrahmanyam (2005)). Therefore, these factors, if related to mispricing,

can possibly capture not only some of the risk reduction effect of overreaction but also some

of the cash flow mean bias effect. Nonetheless, as long as CVD captures more effects of

investor overreaction over these factors, the lagged CVD can possibly continue to forecast

returns of the long-short portfolios even after controlling for these contemporaneous factors.

In that case, these kinds of tests can at least distinguish whether CVD picks up novel effects

beyond the well-known comovement in stock returns.

Specifically, I run each of the following time series regressions for the two tech industries
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and for each of the long-short risk or characteristic portfolios.

Rt = c + dCVDt−1 + βMKTt + sSMBt + hHMLt + ut, (18)

Rt = c + dCVDt−1 + βMKTt + sSMBt + hHMLt + mUMDt + ut, (19)

Rt = c + dCVDt−1 + βMKTt + b∆γt + e∆ηt + ut, (20)

where MKT is the market excess returns, ∆γ is the estimated innovation in the instantaneous

real interest rate, and ∆η is the estimated innovation in the instantaneous market Sharpe

ratio. Regression (18) controls for the FF 3 factors, Regression (19) controls for the 4 factors,

and Regression (20) controls for the innovations in the two state variables in addition to the

market factor in the BWX ICAPM. The time series from 1963 to 2004 of the FF 3 factors

and the momentum factor are obtained from French’s website. The time series of both ∆γ

and ∆η are obtained from Yihong Xia’s website, which is available until the end of 2001.

—–INSERT TABLE X HERE—–

Table X reports the coefficients of CVD and the corresponding p-values in the three

specifications. Annual excess returns are used as dependent variables. All of the factor

returns are converted to annualized continuously-compounded returns. In Table X, the three

specifications yield similar results. All coefficients remain in the expected direction except

for the SIR long-short portfolio when controlling for the BWX model. Most coefficients

remain significant at the 10% level with a majority significant at the 5% level, though

it is insignificant for the ADISP, IO, and SIR long-short portfolios after controlling for

BWX ICAPM. The magnitude of the coefficients is generally reduced from the univariate

regressions but remains economically significant. Further, in unreported robustness check,

I find that such predictability largely remains even after I allow for time-varying factor

loadings that change with CVD.

Overall, CVD appears to be a stronge predictor of the returns on the long-short char-

acteristic portfolios even after controlling for the well-known comovement in stock returns.

Therefore, the cross-sectional differences in the predictability of portfolio returns using CVD

are not fully explained by the cross-sectional differences in portfolios’ exposure to a set of

risk factors.

B. Aggregate returns and multifactor models

To explore the possibility that a rational multifactor pricing model can explain the negative

correlation between CVD and aggregate returns, I develop a framework to link firm valuation
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dispersion to market excess returns through these asset pricing models. In addition, so far

I have assumed that the fundamental-to-price ratios are only proxies for expected returns.

However, it is known that they are also proxies for growth rates of firm fundamentals (e.g.

Campbell and Shiller (1988), Vuolteenaho (2000)), whose impacts on my results have not

been studied. Thus, another advantage of this framework is to take into consideration the

effects of growth rates.

I start with the DP decomposition by Campbell and Shiller (1988), who provide the

following log linear approximation for the log dividend yield:

di,t−1 − pi,t−1 ≈
∞∑

j=0

ρ̄jri,t+j −
∞∑

j=0

ρ̄j∆di,t+j + ct−1, (21)

where d is the log dividend, p is the log price, r is the stock return, ∆d is the log dividend

growth rate, c is a constant, and ρ is the ratio of the ex-dividend to the cum-dividend stock

price, which takes a typical value 0.97 (Polk, Thompson, and Vuolteenaho (2004)).

Equation (21) states that the logarithmic dividend-to-price ratio is the difference between

discounted stock returns and discounted dividend growth rates plus a constant. This equa-

tion holds both ex ante and ex post. It is similar to the Gordon (1962) model: DP = r − g.

However, it allows for time-varying returns and time-varying dividend growth rates.

I first derive this framework with a single factor and then generalize it to incorporate

multiple factors. Polk, Thompson, and Vuolteenaho (2004) show that, if the Sharpe-Lintner

CAPM holds,

di,t−1 − pi,t−1 ≈ βi

∞∑
j=0

ρ̄j(Rm,t+j −Rf,t+j)−
∞∑

j=0

ρ̄j∆di,t+j + c′t−1, (22)

where Rm is the market returns, Rf is the riskfree rate, and c′ is the sum of discounted

riskfree rates plus c. Following these authors, I assume that the equity premium Rm − Rf

follows a first-order autoregressive process with the coefficient of γm. I additionally assume

that the logarithmic dividend growth also follows an AR(1) with a coefficient of γd. Denoting

the equity premium MKT= Rm,t −Rf,t, I can rewrite equation (22) as

di,t−1 − pi,t−1 ≈
(

βi

1− ργm

)
MKT−

(
1

1− ργd

)
∆di,t + c′t−1.

I then take cross-sectional variance of both sides and obtain

σ2(dt−1 − pt−1) =
σ2(β)

(1− ργm)2
MKT2 − cov(β, ∆dt)

(1− ργm)(1− ργd)
MKT +

σ2(∆dt)

(1− ργd)2
.
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The above equation shows that cross-sectional variance of the logarithmic dividend-to-price

ratio is a function of MKT2, MKT, and σ2(∆dt). If the terms with β are constant over time,

the above equation can be written as

σ2(dt−1 − pt−1) = bMKT2 + cMKT + dσ2(∆dt), (23)

where b =
σ2(β)

(1− ργm)2
, c = − cov(β, ∆dt)

(1− ργm)(1− ργd)
, and d =

1

(1− ργd)2
.

Equation (23) implies that there should be a relation between σ(d−p) (the same as σ(DP))

and the equity premium MKT. However, this relationship is non-linear. In particular, b and

d should be positive, and the sign of c is the opposite sign of cov(β, ∆dt).

Similar to the DP decomposition, Vuolteenaho (2000, 2003) provides the following log

linear approximation for BM:

bi,t−1 − pi,t−1 ≈
∞∑

j=0

ρ̄jri,t+j −
∞∑

j=0

ρ̄jroei,t+j + ct−1, (24)

where b is the log book equity and roe is the log return on equity. This equation states

that the logarithmic book-to-price ratio is the difference between discounted returns and

discounted return on equity plus a constant.

A similar procedure as for DP can lead to the following equation

σ2(bt−1 − pt−1) = bMKT2 + cMKT + dσ2(roet), (25)

where b =
σ2(β)

(1− ργm)2
, c = − cov(β, roet)

(1− ργm)(1− ργd)
, and d =

1

(1− ργd)2
.

The above equation implies that σ(d − p) (the same as σ(BM)) should be related to the

equity premium MKT through a non-linear relationship.

If, instead of assuming CAPM holds, the FF 3 factor model holds for individual stock

returns, I can derive the following relationship between σ(DP) and the three factors.

σ2(dt−1−pt−1) = bmMKT2+bsSMB2+bhHML2+cmMKT+csSMB+chHML+dσ2(∆dt), (26)

The definition of each term is in Appendix C. Similar to the CAPM case, bm, bs, bh, and d

should be positive but the signs of cm, cs, and ch are unknown.

This framework can be easily extended to incorporate not only the FF 3 factors, but

also the 4 factors and the BWX ICAPM factors (see Appendix C for details). For all of

these models, the framework implies a nonlinear relationship between σ(BM), σ(DP), σ(EP)

and market excess returns. This nonlinear relationship may be approximated by a negative

linear relation. Therefore, it remains a possible mechanism to generate the negative relation

between firm valuation dispersion and subsequent market excess returns.
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——–INSERT TABLE XI HERE——–

The specifications are listed in Table XI. I regress σ(BM), σ(DP), σ(EP) on a set of

common factor returns, squared common factor returns, and the cross-sectional variance of

their corresponding growth rates. These common factors always include the market factor.

I only report the results for the value-weighted variances. Using equal-weighted variances

offers similar results. To test this nonlinear relationship, I test whether the coefficient of the

squared market factor (MKT2) is positive, as predicted by this framework.

The results presented in Table XI unanimously reject the hypothesis. None of the coeffi-

cients of MKT2 is positive. In fact, all of them are indistinguishable from zero. Interestingly,

the coefficients of the squared HML and the squared UMD appear to be significantly positive

for some specifications. Another interesting finding is that σ(BM), σ(DP), and σ(EP) are

positively related to σ(ROE), σ(∆D), and σ(∆E), respectively. This result further confirms

that dispersion in firm valuation ratios is linked to dispersion in growth rates of firm funda-

mentals. Finally, the R2s of all of the specifications are very large, ranging from 75% to 95%,

suggesting that this framework explains a major variation in the firm valuation dispersion.

A substantial fraction of the R2s is attributed to the time trend shared by the dispersion of

valuation ratios and the dispersion of growth rates.

To summarize, the regression results reject the nonlinear relationship between cross-

sectional dispersion of BM, DP and EP and future market excess returns. Therefore, the

negative relation between the firm valuation dispersion and future market excess returns is

less likely to be explained by the CAPM, the FF 3-factor model, the 4-factor model, or the

BWX ICAPM.

VI. Robustness

In assessing the robustness of the empirical findings, I focus on three issues. First, I in-

vestigate the predictability of aggregate returns using CVD in the earlier period 1926-1962.

Second, I examine the ability of the dispersion measures constructed based on only prior

information to forecast aggregate returns. Third, I evaluate the sensitivity of the results by

considering the change in portfolio composition.

First, throughout the above tests, I have focused on the post-1963 period. The primary

reason is due to the unavailability of the accounting data to conduct cross-sectional analyses

before 1963. Fortunately, data is available for the time series analysis during this earlier

period. Thus, it is interesting to check whether firm valuation dispersion is negatively related
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to subsequent market returns during the period 1926–1962.

I calculate both the value-weighted and the equal-weighted σ(BM) and σ(DP) during this

period. Firm book equity data is obtained from French’s website. Firm dividend payout is

constructed from CRSP stock returns with and without distribution (e.g., Fama and French

(1988a)). Similar to the time series of the dispersion variables after 1963, I find a non-linear

time trend in the value-weighted measures and a linear time trend in the equal-weighted

measures. Thus, I detrend these variables accordingly through regressions. The detrended

variables are cd(BM) and cd(DP). Finally, CVD is defined as the principal component of

cd(BM) and cd(DP) during this period.

——–INSERT TABLE XII HERE——–

I report in Table XII the regression of future one-year and three-year market excess

returns on CVD, cd(BM), or cd(DP) from 1926 to 1962. CVD exhibits strong negative

correlations with the subsequent value-weighted market excess returns. The coefficients

are respectively −13.30 and −29.78, both significant at the 1% level. The R2 is 16% for

the one-year return regression and 39% for the three-year return regression. Similar results

apply to both cd(BM) and cd(DP). However, in forecasting the equal-weighted market excess

returns, the coefficients on CVD are negative but insignificant. Panel B shows that the

weak negative correlation is due to a lack of relationship between cd(BM) and future equal-

weighted returns: the coefficients on cd(BM) are positive and insignificant. In contrast, the

coefficients on cd(DP) are all negative and highly significant. Overall, the results show that

firm valuation dispersion is a negative predictor of subsequent market excess returns over

1926–1962, particularly for the value-weighted returns.

Second, in the above tests, CVD is constructed from residuals by regressing the full-

sample firm valuation dispersion on a time index. This might raise a concern about “look-

ahead bias” (Brennan and Xia (2005)), which refers to strong forecasting power due to “ex

post successfully fitting of the trend within the sample.” To address this concern, I define

CVDraw as the first principal component of σ(BM), σ(DP), and σ(EP). Then I regress market

excess returns on lagged CVDraw together with a time index (t-index) or/and the squared

time index (t2-index). This method requires only prior information at each point of time to

forecast returns in the sample.

——–INSERT TABLE XIII HERE——–

The results of forecasting one-year and three-year return are reported in Table XIII. The

coefficients on CVDraw are all negative and highly significant, except that it is insignificant
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when used to forecast one-year-head returns by only controlling for a linear time trend. Con-

firming the existence of a non-linear time trend in the value-weighted CVD, the coefficients

on t-index and t2-index are all statistically significant. Also consistent with a linear time

trend in the equal-weighted CVD, t-index is significant when it is used as the only control;

and the coefficients on both t-index and t2-index are insignificant when they are used to-

gether as controls for the time trend. Finally, R2s are also similar to the regressions that

CVD is used as a sole independent variable. Thus, the results show that the forecasting

power of CVD is not driven by a potential look-ahead bias.

Finally, I explore whether my results are driven by changes in firm composition instead of

by changes in firm valuations. Firm valuation dispersion can become larger when the existing

firms’ valuations are more dispersed. Alternatively, it can be due to newly listed firms that

tend to have extreme valuations. To examine whether the negative relation between CVD

and subsequent aggregate returns holds for existing firms, I collect a group of firms that

appear in my sample every year from 1965 to 2004. I then calculate CVD for this group

of firms and find that CVD still negatively and significantly forecasts subsequent returns of

this portfolio. Further, when I limit the sample to the largest size quintile, the largest age

quintile, or the highest BM quintiles, I still observe the negative correlations between CVD

and subsequent portfolio returns. Since firm valuation dispersion is calculated using firms

only in each of those groups, it is less likely to be influenced by newly-listed firms. Therefore,

the inclusion of newly-listed firms in my measure should not be responsible for my empirical

results.

VII. Summary and Conclusion

In this paper, I present one model based on investor psychology and one based on investor full

rationality, both of which predict a positive correlation between fundamental-price ratios and

expected aggregate returns and a negative correlation between the value spread and expected

aggregate returns. However, the two models deliver different predictions with respect to the

correlation between cross-sectional dispersion of firm valuations and expected market returns.

The model based on investor overconfidence and overreaction predicts that higher firm

valuation dispersion indicates greater overreaction and lower expected aggregate returns. In

contrast, the model with fully rational investors predicts that higher firm valuation dispersion

suggests greater market risk premium and higher expected aggregate returns. Thus, the two

distinct predictions provide an interesting setting for testing the overreaction hypothesis

against the risk hypothesis. In contrast, the aggregate fundamental-price ratios and the
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value spread do not help to distinguish the two theories.

I find that, supporting the overreaction hypothesis, during the period 1926–2004, my

measure of cross-sectional dispersion of firm valuations is a negative predictor of subsequent

market and portfolio excess returns up to three years ahead. Further, such predictability is

particularly pronounced among firms whose valuations are highly subjective and for which

arbitrage is considerably limited, including those that have large beta, high volatility, low

age, low profits, few fixed assets, low dividends, low institutional ownership, high short

interest ratio, high analyst forecast dispersion, large trading volume, or that are in the

technology-related industries.

Most importantly, I show that the underperformance of these presumably riskier stocks,

which has long plagued traditional asset pricing models, only becomes visible in the periods

when the beginning-of-period firm valuation dispersion is high—when overreaction is large.

When the beginning-of-period dispersion is relatively low, indicating small overreaction, the

traditional norm seems to hold: investors get rewarded positively for holding risky posi-

tions. The most interesting finding is that following high dispersion periods, firms that are

conceptually riskier, such as those with high beta, high volatility, and low age, on average

earn negative excess returns, which challenges the explanation that firm valuation dispersion

solely captures time-varying risk.

My results show that investor overreaction to market-wide information has systematic

effects on both aggregate market returns and the cross section of stock returns. It suggests

that investor overreaction is important for understanding asset pricing. In addition, through

variation in aggregate overreaction, we can obtain a better understanding about waves in

corporate behaviors and policies.
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Appendix A: Proofs

Proof of Proposition 1

Since σ(β) is a constant, for brevity, I assume that it is equal to one in all proofs. Thus,

E[σ̂(C − P )] =

∫ S∗

−∞
(π −M)f(S)dS +

∫ +∞

S∗
(M − π)f(S)dS

=

∫ S∗

−∞
πf(S)dS −

∫ +∞

S∗
πf(S)dS +

∫ +∞

S∗
Mf(S)dS −

∫ S∗

−∞
Mf(S)dS,

where S∗ =
A(v + vR)Q

v(vC − vR)
and M(S∗) = π. When S is above S∗ or below −S∗, |M | > π, the

mean bias effect dominates the risk premium reduction effect in determining firm valuation

dispersion. Conversely, when S is between −S∗ and S∗, π > |M |, the risk premium reduction

effect dominates.

Further, let ω = 1/(v + vC), and M∗ = M(S∗), taking derivative with respect to vC

yields

∂E[σ̂(C − P )]

∂vC
= −ωπ [2F (S∗)− 1]− 2

∂S∗

∂vC
πf(S∗) + 2

∂S∗

∂vC
M∗f(S∗)

+

∫ +∞

S∗
vω2Sf(S)dS −

∫ S∗

−∞
vω2Sf(S)dS

= vω2

{∫ +∞

S∗
Sf(S)dS −

∫ S∗

−∞
Sf(S)dS − AQ

v
[2F (S∗)− 1]

}

If this derivative is greater than zero, then that in brace must be positive since vω2 is positive.

All else equal, this inequality becomes more likely to hold when overconfidence is strong.

To see that this derivative is positive when vC is large enough, let us denote the component

in brace as Ω, and taking derivative on Ω with respect to vC yields

∂Ω

∂vC
= −2f(S∗)

∂S∗

∂vC

(
S∗ +

AQ

v

)
> 0,

since
∂S∗

∂vC
< 0. Thus, Ω becomes larger when vC is larger. Consider two extreme cases. In

Case 1, overconfidence is extremely low such that vC approaches vR. Then S∗ approaches

infinity and Ω is negative. In Case 2, overconfidence is extremely strong such that vC

approaches infinity. Then S∗ approaches zero and Ω is positive. Thus, there must exist a

threshold vC′ (0 < vC′ < +∞), above which Ω is positive.

Proof of Proposition 2
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Let vC = vR so there is no overconfidence, the CAPM holds in this model. The expected

aggregate return is equal to the market risk premium π = Aσ2
RQ. It is easy to show that

∂π

∂A
= σ2

RQ > 0,
∂π

∂(1/v)
=

v2

(v + vR)2
AQ > 0.

That is, when the risk aversion A or the factor cash flow volatility is greater (v is smaller), the

risk premium π is greater. Since the expected aggregate return is equal to π and σ̂(C−P ) =

π, greater risk premia lead to both higher expected aggregate return and larger σ̂(C−P ).

Proof of Proposition 3

Suppose there are two assets that have market betas of β1 and β2, respectively, and

β1 > β2. Then the average expected returns are β1π and β2π. Hence, for a unit increase

in overconfidence vC , the average expected return on asset one is reduced by β1

∣∣∣∣
∂π

∂vC

∣∣∣∣ while

that on asset two is reduced by β2

∣∣∣∣
∂π

∂vC

∣∣∣∣. Thus, the return reduction effect of overconfidence

is stronger among asset one.

Proof of Proposition 4

When vC
j = vR + ηj(v

C − vR), the factor risk premium

πj =
AQ

v + vR + ηj(vC − vR)
. (A-1)

In particular, η1 > η2 so that investors are more overconfident about the first factor than

about the second factor. Since

∂πj

∂vC
= −AQ

ηj

[v + vR + ηj(vC − vR)]2
< 0, (A-2)

when overconfidence vC increases, both factor portfolio expected returns are on average

decreased. In addition,

∂2π

∂η∂vC
= −AQ

v + vR − η(vC − vR)

[v + vR + η(vC − vR)]3
. (A-3)

It is easy to show that when η <
v + vR

vC − vR
,

∂2πj

∂η∂vC
< 0. In this case, the return reduction is

greater for factors with a higher η (greater overconfidence).

The reduction in the average expected return of the two asset classes is given by, respec-

tively,

∂E0[R1]

∂vC
= β11

∂π1

∂vC
+ β12

∂π2

∂vC

∂E0[R2]

∂vC
= β21

∂π1

∂vC
+ β22

∂π2

∂vC
.
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Thus,
∂E0[R1]

∂vC
− ∂E0[R2]

∂vC
=

∂π1

∂vC
(β11 − β21) +

∂π2

∂vC
(β12 − β22) (A-4)

It is easy to see that, given β11 > β21, when β12 ≥ β22, the above difference is negative. That

is,
∂E0[R1]

∂vC
<

∂E0[R2]

∂vC
. (A-5)

In this case, the return reduction is greater for assets with higher loadings on the first factor.

This case is subsumed by Proposition 3. However, when β12 < β22, there exists a threshold

η∗, where η∗ <
v + vR

vC − vR
, and when η1 < η∗ equation (A-5) can hold. When η <

v + vR

vC − vR
,

the risk premium reduction effect is greater for the first factor. Thus

∂π1

∂vC
<

∂π2

∂vC
. (A-6)

Hence, there must exist a range of η1 and η2 (η1 > η2), with which equation (A-5) holds.

Appendix B. Decomposition of earnings-to-price ratio

Let D be the dividend per share, E be the earnings per share, P be the stock price, d be

the log dividend per share, e be the log earnings per share, p be the log price. Further, let

δ denote the log earnings-to-price ratio, θ be the log dividend-to-earnings ratio, and ∆e be

the log earnings growth rate. Let r denote the log stock return, defined as

rt = log

(
Pt + Dt

Pt−1

)
. (B-1)

Substituting δ, θ, and ∆e into equation (B-1) yields

rt = ∆et + δt−1 + θt + log(exp(−(δt + θt))). (B-2)

I approximate the stock returns by a first-order Taylor expansion and obtain

rt = ∆et + δt−1 + θt − ρ(δt + θt) + κt.

where ρ is a parameter and κ is an approximation error plus a constant. If the firm pays

any dividends then ρ < 1, and otherwise ρ = 0. Rearranging the terms yields

rt −∆et − (1− ρ)θt = δt−1 − ρδt + κt. (B-3)

Using the linear form in equation (B-3), I iterate forward and express the EP ratio as

an infinite discounted sum of future returns less future earnings growth rates and future

dividend payout ratios:

δt−1 =
∞∑

j=0

ρjrt+j +
∞∑

j=0

ρj(−∆et+j) +
∞∑

j=0

ρj(ρ− 1)θt+j +
∞∑

j=0

κt+j. (B-4)
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If we further assume the dividend payout ratio is a constant, then

δt−1 =
∞∑

j=0

ρjrt+j +
∞∑

j=0

ρj(−∆et+j) +
∞∑

j=0

κ′t+j. (B-5)

The above decomposition shows that the log earnings-to-price ratio is approximately the

sum of future returns less future earnings growth rates plus a constant.

Appendix C. Firm valuation dispersion and multifactor models

In this appendix, I extend the framework in Section V.B to incorporate multifactors. In

equation (21) of Section V.B, instead of assuming that the CAPM holds for expected returns,

I assume that Fama-French 3 factor model describes the expected firm returns. Hence,

di,t−1 − pi,t−1 ≈
∞∑

j=0

ρ̄j {βim(Rm,t+j −Rrf,t+j) + βisRSMB,t+j + βihRHML,t+j} (C-6)

−
∞∑

j=0

ρ̄j∆di,t+j + ct−1. (C-7)

I assume the SMB returns and HML returns also follow AR(1) processes with the first-

order autocorrelations γs and γh. Further, I additionally assume that the three factor returns

are independent. In addition, let MKT= Rm,t − Rf,t, SMB= RSMB,t, and HML= RHML,t.

Equation (C-6) can be written as

di,t−1 − pi,t−1 ≈ βi,m

1− ργm

MKT +
βi,s

1− ργs

SMB +
βi,h

1− ργh

HML− 1

1− ργd

∆di,t + c′t−1.

I then take the cross-sectional variance of both sides to yield

σ2(dt−1 − pt−1) = bmMKT2 + bsSMB2 + bhHML2 + cmMKT + csSMB + chHML + dσ2(∆dt),

where bm =
σ2(βm)

(1− ργm)2
, bs =

σ2(βs)

(1− ργs)2
, bh =

σ2(βh)

(1− ργh)2
, cm =

cov(βm, ∆dt)

(1− ργm)(1− ργd)
,

cs =
cov(βs, ∆dt)

(1− ργs)(1− ργd)
, ch =

cov(βh, ∆dt)

(1− ργh)(1− ργd)
, and d =

σ2(∆dt)

(1− ργd)2
.

A similar procedure applies to the 4-factor model and the BWX ICAPM on σ(DP) yields

the following relationship:

σ2(DP) = bmMKT2 + bsSMB2 + bhHML2 + buUMD2

+ cmMKT + csSMB + chHML + cuUMD + dσ2(∆dt),

σ2(DP) = bmMKT2 + bb∆γ2 + be∆η2 + cmMKT + cb∆γ + ce∆η + dσ2(∆dt).
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where bm, bs, bh, bu, bb, and be are functions of first-order autocorrelation of the corresponding

factors and should be positive, cm, cs, ch, cu, cb, and ce are functions of the first-order auto-

correlation of the corresponding factor, the first-order autocorrelation of the corresponding

growth rate, and the cross-sectional covariance between the corresponding factor loadings

and the expected corresponding growth rates.

Similar equations can be derived for σ(BM) and σ(EP) except to replace ∆dt with roet

and ∆et, respectively. Please refer to Table XI for model specifications.
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Table I: Summary statistics of the dispersion variables

This table reports the descriptive statistics of the annual dispersion variables over the period 1963–
2004, including the number of observations (Obs), the time series mean (Mean), the time series
standard deviation (Std), the maximum (Max), the minimum (Min), and the autocorrelations in
three lags. Each variable is formed based on all available firms in NYSE, AMEX, and NASDAQ.
Variables in Panel A are in a value-weighted scheme and those in Panel B are in an equal-weighted
scheme. The variables σ(BM), σ(DP), and σ(EP) are, respectively, the cross-sectional standard
deviation of logarithmic firm book-to-market equity, dividend-to-price ratios, and earnings-to-price
ratios. The variables cd(BM), cd(DP), and cd(EP) are the detrended σ(BM), σ(DP), and σ(EP).
The variable CVD is the first principal component of cd(BM), cd(DP), and cd(EP).

Panel A: Value-weighted variables
Autocorrelation

Obs Mean Std Min Max 1 2 3
σ(BM) 42 19.39 12.18 7.95 61.04 0.89 0.73 0.59
σ(DP) 42 31.65 23.91 10.69 99.87 0.92 0.82 0.71
σ(EP) 42 19.04 14.87 7.43 75.89 0.85 0.71 0.55

cd(BM) 42 0 5.84 −8.63 23.19 0.63 0.09 −0.25
cd(DP) 42 0 8.07 −28.66 31.24 0.49 0.17 −0.17
cd(EP) 42 0 7.06 −9.37 34.30 0.47 0.17 −0.16

CVD 42 0 1.00 −2.22 4.45 0.58 0.13 −0.21
Panel B: Equal-weighted variables

Autocorrelation
Obs Mean Std Min Max 1 2 3

σ(BM) 42 0.79 0.12 0.59 1.27 0.69 0.47 0.41
σ(DP) 42 1.00 0.17 0.63 1.29 0.89 0.76 0.63
σ(EP) 42 0.92 0.15 0.63 1.37 0.80 0.63 0.49

cd(BM) 42 0 0.10 −0.16 0.39 0.52 0.20 0.10
cd(DP) 42 0 0.08 −0.18 0.15 0.66 0.34 0.08
cd(EP) 42 0 0.08 −0.13 0.28 0.38 −0.04 −0.26

CVD 42 0 1.00 −2.07 3.59 0.44 0.00 −0.23
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Table II: Correlation matrix

Panel A reports the Pearson correlations of cross-firm valuation dispersion (CVD) and its under-
lying measures. Panel B reports the correlations of the well-known aggregate predictors and the
value- and equal-weighted CVDs. The value-weighted (equal-weighted) CVD is denoted as CVDvw

(CVDew) in Panel B. Aggregate dividend yield (D/P) is computed following Fama and French
(1988a). Annual dividends are used. Short term interest rate (TBILL) is measured by the one-
month treasury bill rate obtained from Ibbotson Associates. Past market return (Rm) is the past
one-year CRSP value-weight index returns. Aggregate relative equity issuance (S) is obtained from
Wurgler’s website over the period 1962–2002. Term premium (TERM) is defined as the difference
between the 10-Year treasury constant maturity rate and the one-year treasury constant maturity
rate. Default premium (DEF) is defined as the difference between the Moody’s seasoned Aaa cor-
porate bond yield and the Moody’s seasoned Baa corporate bond yield. The symbols *, **, and
*** denote significance at the 10%, 5%, and 1% level based on the two-tailed p-value.

Panel A: Correlations of dispersion measures
VW EW

CVD cd(BM) cd(DP) CVD cd(BM) cd(DP)
cd(BM) 0.97*** 0.69***
cd(DP) 0.94*** 0.88*** 0.78*** 0.18
cd(EP) 0.94*** 0.88*** 0.81*** 0.94*** 0.56*** 0.68***

Panel B: Correlations of aggregate return predictors
CVDvw CVDew Rm D/P TERM DEF TBILL

CVDew 0.75**
Rm −0.02 0.11

D/P −0.32** −0.10 −0.23
TERM −0.27* −0.18 0.07 −0.23

DEF −0.03*** 0.25 −0.18 0.54*** 0.19
TBILL 0.11 0.34** −0.11 0.67*** −0.48*** 0.57***

S 0.08 0.23 −0.28* 0.59*** −0.31** 0.44*** 0.55***
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Table III: Regression of the annual dispersion variables on a time index

This table reports the results by regressing the annual dispersion variables on a time index (and
the squared time index) over the period 1963–2004. Each dependent variable is formed based on all
available firms in NYSE, AMEX, and NASDAQ. The independent variable t-index is a time index
taking values of 1, 2, 3... The independent variable t2-index is the squared t-index. Dependent
variables in Panel A are in a value-weighted scheme and those in Panel B are in an equal-weighted
scheme. The variables σ(BM), σ(DP), and σ(EP) are, respectively, the cross-sectional standard
deviation of logarithmic firm book-to-market equity, dividend-to-price ratios, and earnings-to-price
ratio. OLS t-statistics are reported below the coefficient and the two-tailed p-values are reported
in parenthesis. R-squares are adjusted for degree of freedom.

Panel A: VW
σ(BM) σ(DP) σ(EP)

Intercept 19.27 18.21 15.33
6.62 4.53 4.36

(0.00) (0.00) (0.00)
t-index −1.33 −1.32 −1.24

−4.25 −3.07 −3.29
(0.00) (0.00) (0.00)

t2-index 0.05 0.07 0.05
6.79 7.17 5.97

(0.00) (0.00) (0.00)
R2 77% 88% 77%

Panel A: EW
σ(BM) σ(DP) σ(EP)

Intercept 0.67 0.75 0.71
21.76 30.23 28.32
(0.00) (0.00) (0.00)

t-index 0.01 0.01 0.01
4.49 11.82 9.96

(0.00) (0.00) (0.00)
R2 32% 77% 71%
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Table IV: Summary statistics of firm characteristic portfolios

Panels A to E report the summary statistics of industry portfolios, risk or characteristic quin-
tiles. The industry portfolios are the Fama-French 10 industries, including consumer nondurables
(NoDur), consumer durables (Durbl), manufacturing (Manuf), energy (Enrgy), computers, soft-
ware, and electronic equipment (HiTec), telephone and television transmission (Telcm), wholesale
and retail (Shops), utilities (Utils), and others (Other). Utils and Others are excluded. The two
technology-related industries are HiTec and Telcm. The HiTec industry provides computers, soft-
ware, and electronic equipment and services. The Telcm industry provides the telecommunication
services. Market beta (BETA) is estimated using a market model on 36 to 60 monthly available
returns in the 5 years before July of year t. Return volatility (VOL) is the volatility of 10 to 12
monthly returns before July of year t. Firm age (AGE) is the number of years between the firm’s
first appearance on CRSP and t. Earnings-to-book equity (E/BE) is the ratio of net income from
continuing operation (data 178) over book equity. Plant, property, and equipment (data 7) (PPE)
is scaled by total assets (data 6). Dividends-to-book equity (D/BE) is total dividends (data 21)
over book equity. Institutional ownership (IO) is the total number of shares held by institutional
investors scaled by shares outstanding. Short interest ratio (SIR) is measured by total number of
shares shorted scaled by shares outstanding. Analyst forecast dispersion (ADISP) is defined as the
standard deviation of analysts’ current fiscal year earnings per share forecasts scaled by absolute
mean forecasts. Trading volume (TURN) is the average turnover-trading volume scaled by shares
outstanding-of no more than 12 months before July of year t. Trading volume of NASDAQ firms is
divided by two due to the double counting problem in NASDAQ. All portfolios but for IO, ADISP,
and SIR quintiles are formed at the end of June of year t and the annual returns are continuously-
compounded value-weight returns measured from July of year t to June of year t+1 over the period
1963–2004. The IO quintiles are formed at the end of each quarter, and the 12-month continuously-
compounded value-weight returns from the beginning of the next quarter are calculated over the
period 1980–2004. The SIR and ADISP quintiles are formed at the end of each month, and the
12-month continuously-compounded value-weight returns from the next month are used. The SIR
quintiles are available from 1991 to 2004. The ADISP quintiles are available from 1976 to 2004.
For BETA, AGE, and IO, NYSE breakpoints are used. Time series averages of the value-weighted
12-month returns (Ret), of the average market equity (ME), and of the average book-to-market
equity (BM) for each portfolio are reported.
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Panel A: Industries
NoDur Durbl Manuf Enrgy HiTec Telcm Shops Hlth

Ret 6.36 3.19 3.99 5.47 4.18 3.21 4.96 6.55
ME 801 683 611 1335 596 2393 513 853
BM 0.52 0.94 0.70 0.77 0.52 0.36 0.81 1.02

Panel B: Riskiness
L 2 3 4 H L 2 3 4 H

BETA VOL
Ret 5.20 5.20 5.13 4.54 4.30 5.65 4.66 4.75 4.73 5.58
ME 1121 1342 1315 1260 783 2477 1196 691 463 253
BM 0.99 0.93 0.90 0.88 0.79 0.87 0.90 0.90 0.90 0.86

Panel C: Cash flow uncertainty
AGE E/BE

Ret 5.65 5.70 4.62 5.50 4.39 5.26 4.37 3.81 4.72 5.58
ME 304 418 883 1229 4820 522 779 826 1405 2197
BM 0.74 0.88 0.94 0.99 0.94 1.28 1.01 0.82 0.66 0.47

PPE D/BE
Ret 4.25 6.03 5.38 4.70 4.54 6.59 5.15 5.09 5.10 4.91
ME 635 714 1063 1122 1233 370 852 918 1356 4280
BM 0.71 0.76 0.82 0.91 1.03 0.80 1.20 1.03 0.83 0.57

Panel D: Investor disagreement
ADISP TURN

Ret 7.31 3.83 5.97 3.54 3.51 6.51 5.01 3.97 4.65 3.23
ME 2711 2117 1542 1177 771 549 1178 1305 1052 711
BM 0.55 0.57 0.66 0.77 0.94 0.99 0.91 0.88 0.85 0.74

Panel E: Difficulty in selling short
IO SIR

Ret 5.00 6.40 7.49 6.84 7.99 15.71 6.06 7.66 8.07 4.63
ME 1037 444 1370 2056 1904 198 1514 3745 2782 1399
BM 0.73 0.76 0.78 0.72 0.66 0.86 0.68 0.54 0.48 0.43
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Table V: Predictability of market excess returns

This table reports results by regressing market excess returns on the lagged cross-firm valuation
dispersion (CVD). The CRSP value-weighted and equal-weighted indices are used as the value-
weighted and equal-weighted market portfolios. Subsequent one-quarter, one-year, and three-year
returns in excess of the risk-free rate are used as dependent variables. Panel A shows the results
for the full sample in which CVD from 1963 to 2003 is used. Panel B shows the results for the
subperiod in which CVD from 1963 to 1996 is used. The value-weighted (equal-weighted) CVD is
used to predict the value-weighted (equal-weighted) returns. In forecasting one-quarter returns, the
predictors are updated at the end of each March, June, September, and December. In forecasting
one-year or three-year returns, they are updated annually at the end of each June. Overlapping
observations are used for the three-year return regressions. The coefficients of OLS regressions are
reported, below which in parenthesis are the one-tail p-values of the coefficients in the simulated
distribution using the method by Nelson and Kim (1993). R-squares are adjusted for degree of
freedom.

Panel A: Full sample 1963-2003
VW EW

3-mon 1-yr 3-yr 3-mon 1-yr 3-yr
Intercept 1.22 4.74 13.68 2.17 7.96 22.97

1.84 2.10 4.94 2.28 2.40 4.79
(0.00) (0.00) (0.00) (0.01) (0.01) (0.00)

CVD −2.38 −8.34 −18.97 −2.58 −8.76 −12.74
−3.39 −3.47 −6.39 −2.61 −2.50 −2.49
(0.00) (0.00) (0.00) (0.01) (0.01) (0.00)

R2 6% 22% 51% 3% 12% 12%
Obs 163 41 40 163 41 40

Panel B: Subperiod 1963−1996
VW EW

3-mon 1-yr 3-yr 3-mon 1-yr 3-yr
Intercept 0.66 2.82 11.16 1.84 7.24 21.38

0.95 1.12 3.78 1.79 1.86 4.00
(0.01) (0.02) (0.00) (0.03) (0.03) (0.01)

CVD −4.61 −16.60 −31.88 −2.40 −11.10 −17.45
−3.36 −3.24 −5.31 −1.94 −2.21 −2.53
(0.01) (0.02) (0.00) (0.03) (0.03) (0.01)

R2 7% 22% 45% 2% 11% 14%
Obs 135 34 34 135 34 34
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Table VI: Predictability of market excess returns with control variables

This table reports results by regressing market excess returns on cross-firm valuation dispersion
(CVD) and a set of well-known predictors, including aggregate dividend yield (D/P), short term
interest rate (TBILL), past market return (Rm), term premium (TERM), default premium (DEF),
and aggregate relative equity issuance (S). The CRSP value-weighted and equal-weighted indices
are used as the value-weighted and equal-weighted market portfolios. Subsequent one-quarter, one-
year, and three-year returns in excess of the risk-free rate are used as dependent variables. Panel
A shows the results for the value-weighted market excess returns and Panel B shows the results for
the equal-weighted market excess returns. The value-weighted (equal-weighted) CVD and Rm are
used to predict the value-weighted (equal-weighted) returns. In forecasting one-quarter returns, the
predictors are updated at the end of each March, June, September, and December. In forecasting
one-year or three-year returns, they are updated annually at the end of each June. Overlapping
observations are used for the three-year return regressions. The coefficients of OLS regressions are
reported, below which in parenthesis are the one-tail p-values of the coefficients in the simulated
distribution using the method by Nelson and Kim (1993). R-squares are adjusted for degree of
freedom.

Panel A: Value-weighted market excess returns
3 months

Intercept CVD Rm D/P TERM DEF TBILL S R2 Obs
−2.64 0.00 1.92 0.45 1.43 −8.32 2% 163
(0.41) (0.49) (0.02) (0.31) (0.24) (0.06)
−0.33 −2.13 −0.02 0.69 −0.19 3.26 −7.68 6% 163
(0.39) (0.01) (0.39) (0.26) (0.41) (0.05) (0.06)

1 year
−10.74 −0.10 6.63 5.76 −4.56 −4.60 −16.86 8% 41
(0.22) (0.27) (0.18) (0.06) (0.33) (0.37) (0.35)
−3.33 −6.44 −0.11 2.54 3.10 1.42 −7.00 −0.37 16% 41
(0.25) (0.07) (0.24) (0.40) (0.23) (0.40) (0.34) (0.48)

3 years
−19.00 −0.16 4.76 19.22 −40.04 70.89 45.12 24% 40
(0.39) (0.12) (0.37) (0.00) (0.00) (0.00) (0.12)
4.89 −19.04 −0.16 −7.81 11.35 −18.27 56.88 89.88 60% 40

(0.36) (0.00) (0.16) (0.00) (0.00) (0.02) (0.00) (0.01)
Panel B: Equal−weighted market excess returns

3 months
Intercept CVD Rm D/P TERM DEF TBILL S R2 Obs
−1.14 −0.09 2.80 −0.45 6.12 −23.27 7% 163
(0.40) (0.14) (0.01) (0.37) (0.01) (0.00)
−0.78 −2.11 −0.09 1.49 −0.43 7.60 −18.38 8% 163
(0.42) (0.02) (0.12) (0.11) (0.37) (0.00) (0.00)

1 year
−5.39 −0.26 12.49 4.87 0.76 −32.59 −70.10 20% 41
(0.27) (0.03) (0.04) (0.16) (0.38) (0.06) (0.07)
−5.67 −3.87 −0.23 10.08 4.25 4.22 −27.72 −56.57 20% 41
(0.28) (0.19) (0.05) (0.18) (0.22) (0.29) (0.14) (0.17)

3 years
11.27 −0.14 12.52 8.47 −23.64 −1.70 −43.34 −1% 40
(0.24) (0.21) (0.03) (0.08) (0.07) (0.49) (0.25)
13.08 −9.59 −0.14 6.31 7.09 −13.59 8.10 −17.73 2% 40
(0.23) (0.06) (0.21) (0.19) (0.12) (0.21) (0.40) (0.38)
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Table X: Predictability of portfolio excess returns controlling for return comovement

This table reports the coefficient of the equal-weighted cross-firm valuation dispersion (CVD) by
regressing annual excess returns of the two tech industry portfolios and the long-short portfolios
on the lagged CVD while controlling for the return comovement with multifactors.

3 factor:Rt = c + dCVDt−1 + βMKTt + sSMBt + hHMLt + ut, (C-8)
4 factor:Rt = c + dCVDt−1 + βMKTt + sSMBt + hHMLt + mUMDt + ut, (C-9)
ICAPM factor:Rt = c + dCVDt−1 + βMKTt + b∆γt + e∆ηt + ut, (C-10)

Where MKT is the market excess returns, SMB is the size factor returns, HML is the book-to-
market factor returns, UMD is the momentum factor returns, ∆γ is the estimated innovation
in the instantaneous real interest rate, and ∆η is the estimated innovation in the instantaneous
market Sharpe ratio. The last two are factors in the ICAPM of Brennan, Wang, and Xia (2004).
The two technology-related industries are HiTec and Telcm. The long-short portfolio is long on
the lowest quintile and short on the highest quintile for the following firm characteristics: market
beta (BETA), return volatility (VOL), firm age (AGE), earnings-to-book equity (E/BE), plant,
property, and equipment (PPE), dividends-to-book equity (D/BE), institutional ownership (IO),
short interest ratio (SIR), analyst forecast dispersion (ADISP), and trading volume (TURN). The
coefficients of OLS regressions are reported. The one-tail p-values based on simulated distribution
using the method by Nelson and Kim (1993) are reported in parenthesis. R-squares are adjusted
for degree of freedom.

Panel A: Industries
3 factors 4 factors ICAPM

HiTec −2.76 (0.00) −2.54 (0.00) −1.68 (0.00)
Telcm −1.92 (0.00) −1.99 (0.00) −3.55 (0.00)

Panel B: Riskiness
BETA 4.03 (0.05) 4.14 (0.05) 11.58 (0.00)
VOL 9.44 (0.00) 9.76 (0.00) 15.38 (0.00)

Panel C: Cash flow uncertainty
AGE −6.11 (0.00) −6.10 (0.00) −11.35 (0.00)

E/BE −3.63 (0.04) −3.91 (0.03) −3.34 (0.06)
PPE −3.24 (0.04) −3.05 (0.05) −10.73 (0.00)

D/BE −6.39 (0.00) −6.36 (0.00) −11.89 (0.00)
Panel D: Investor disagreement

ADISP 2.23 (0.00) 2.16 (0.00) 0.55 (0.31)
TURN 3.26 (0.10) 3.28 (0.10) 11.89 (0.00)

Panel E: Difficulty in selling short
IO −2.96 (0.00) −2.51 (0.05) −2.31 (0.13)

SIR 2.58 (0.00) 3.60 (0.00) −0.09 (0.43)
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Table XII: Predictability of market excess returns (1926-1962)

This table reports results by regressing market excess returns on the lagged cross-firm valuation
dispersion (CVD), the detrended cross-sectional dispersion of book-to-market equity (cd(BM)), or
the detrended cross-sectional dispersion of dividend-to-price ratios ((cd(DP)). The value-weighted
cd(BM) (cd(DP)) are the residuals by regressing the value-weighted cross-sectional standard devia-
tion of logarithmic BM (DP) from 1926–1962 on a time index (t-index) and the squared time index
(t2-index). The equal-weighted cd(BM) (cd(DP)) are the residuals by regressing the equal-weighted
cross-sectional standard deviation of logarithmic BM (DP) from 1926–1962 on a time index. The
dependent variables are the one-year ahead or three-year ahead market excess returns. The value-
weighted (equal-weighted) predictor is used to predict the value-weighted (equal-weighted) returns.
Overlapping observations are used for the three-year return regressions. The coefficients of OLS
regressions are reported, below which in parenthesis are the one-tail p-values of the coefficients in
the simulated distribution using the method by Nelson and Kim (1993). R-squares are adjusted
for degree of freedom.

Panel A: CVD as a predictor
VW EW

1-yr 3-yr 1-yr 3-yr
Intercept 7.53 22.35 10.54 31.18

(0.02) (0.00) (0.33) (0.34)
CVD −13.30 −29.78 −7.12 −6.02

(0.02) (0.00) (0.33) (0.34)
R2 16% 39% 0% −2%
Panel B: cd(BM) as a predictor

Intercept 7.53 22.35 10.54 31.18
(0.06) (0.00) (0.43) (0.23)

cd(BM) −10.34 −31.04 5.52 11.90
(0.06) (0.00) (0.44) (0.23)

R2 9% 42% −1% 2%
Panel B: cd(DP) as a predictor

Intercept 7.53 22.35 10.54 31.18
(0.01) (0.00) (0.01) (0.02)

cd(DP) −13.35 −22.00 −17.48 −22.01
(0.01) (0.00) (0.01) (0.02)

R2 16% 20% 16% 12%
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Table XIII: Predictability of market excess returns with undetrended CVD

This table reports results by regressing market excess returns on the undetrended lagged cross-
firm valuation dispersion (CVD) while controlling for a linear or a nonlinear time trend. The
value-weighted (equal-weighted) CVDraw is the first principal component of the value-weighted
(equal-weighted) σ(BM), σ(DP), and σ(EP). The variable t-index is a time index that takes the
value from 1, 2, 3 and the variable t2-index is the squared t-index. The dependent variables are the
one-year ahead or three-year ahead market excess returns. The value-weighted (equal-weighted)
predictor is used to predict the value-weighted (equal-weighted) returns. Overlapping observations
are used for the three-year return regressions. The coefficients of OLS regressions are reported,
below which are the OLS t-statistics and in parenthesis are the one-tail p-values. The p-values of
CVDraw are calculated based on the simulated distribution using the method by Nelson and Kim
(1993). R-squares are adjusted for degree of freedom.

Panel A: Forecasting one-year ahead market excess returns
VW EW

Intercept CVDraw t-index t2-index R2 Intercept CVDraw t-index t2-index R2

−11.90 −9.73 0.75 9% −24.73 −19.34 1.52 12%
−1.55 −2.32 2.21 −1.87 −2.69 2.52
(0.00) (0.16) (0.03) (0.31) (0.00) (0.02)
−7.03 −24.01 −1.80 0.08 22% −21.27 −19.11 1.07 0.01 10%
−0.96 −3.72 −1.84 2.76 −1.32 −2.62 0.81 0.38
(0.02) (0.00) (0.07) (0.01) (0.69) (0.01) (0.42) (0.70)

Panel B: Forecasting three−year ahead market excess returns
Intercept CVDraw t-index t2-index R2 Intercept CVDraw t-index t2-index R2

−30.68 −24.97 1.97 35% −20.52 −23.97 2.03 8%
−3.10 −4.54 4.52 −1.03 −2.24 2.19
(0.00) (0.00) (0.00) (0.31) (0.00) (0.03)
−21.38 −49.54 −2.61 0.15 54% −9.50 −23.82 0.47 0.04 7%
−2.48 −6.47 −2.19 4.03 −0.41 −2.22 0.25 0.91
(0.02) (0.00) (0.04) (0.00) (0.69) (0.00) (0.81) (0.37)
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