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ABSTRACT

We provide evidence that stocks with higher dispersion in analysts’ earnings forecasts
earn lower future returns than otherwise similar stocks. This effect is most pronounced in
small stocks, and stocks that have performed poorly over the past year. Interpreting dis-
persion in analysts’ forecasts as a proxy for differences in opinion about a stock, we show
that this evidence is consistent with the hypothesis that prices will reflect the optimistic view
whenever investors with the lowest valuations do not trade. By contrast, our evidence is

inconsistent with a view that dispersion in analysts’ forecasts proxies for risk.
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Differences of Opinion and the Cross-Section of Stock Returns

In this paper we analyze the role of dispersion in analysts’ earnings forecasts in predicting
the cross-section of future stock returns. We find that stocks with higher dispersion in analysts’
earnings forecasts earn significantly lower future returns than otherwise similar stocks. In par-
ticular, a portfolio of stocks in the highest quintile of dispersion underperforms a portfolio of
stocks in the lowest quintile of dispersion by 9.48% per year. This effect is strongest in small
stocks, and stocks that have performed poorly over the past year. Our results are robust to various
risk-adjustment techniques, and are inconsistent with an interpretation of dispersion in analysts’

forecasts as a proxy for risk.

We postulate that dispersion in analysts’ earnings forecasts can be viewed as a proxy for dif-
ferences of opinion among investors. Differences of opinion are typically modeled via dogmatic
beliefs or asymmetric information sets, and have been included in numerous models that relax
the standard assumption of homogeneous expectatidfiizen included in models in place of the
standard assumption of homogeneous expectations, heterogeneous beliefs can change the stock
market equilibria. For example, Williams (1977) and Goetzmann and Massa (2001) show that
heterogeneous beliefs can affect aggregate market returns, while Mayshar (1982), Miller (1977),
Jarrow (1980), Diamond and Verrecchia (1987), Morris (1996), Viswanathan (2000), and Chen,
Hong, and Stein (2001) produce cross-sectional asset pricing predictions. And yet, to date there
has been little empirical research to investigate how differences of opinion affect asset prices.
Since many of the theoretical papers that incorporate differences of opinion produce conflicting
cross-sectional implications, the debate can only be resolved with a careful empirical investiga-

tion. Our paper takes a step in this direction.

The theoretical debate centers on the intuitively appealing idea (set forth by Miller (1977))
that prices will reflect a more optimistic valuation if pessimistic investors are kept out of the mar-

ket by high short-sale costs. In Miller’s (1977) model (as in other price-optimism models such as

1Harris and Raviv (1993) were the first to explicitly model investors who were dogmatic about their beliefs.
However, their model attempts to explain trading volume rather than stock prices.



Morris (1996), Chen, Hong, and Stein (2001), and Viswanathan (2000)), optimists hold the stock
because they have the highest valuations. They suffer losses in expectation since the best estimate
of the stock value is the average opinion. These price-optimism models suggest that the bigger
the disagreement about a stock’s value, the higher the market price relative to the true value of the
stock, and the lower its future returns. By contrast, this predicted upward bias in prices disappears
in models such as Diamond and Verrecchia (1987) and Hong and Stein (2000) that introduce in-
fluential rational agents. The Diamond and Verrecchia (1987) model depends on the existence of
a perfectly rational market maker with unlimited computational abilities who can instantaneously
estimate the unbiased stock value, conditional on all publicly available information. On the other
hand, the Hong and Stein (2000) result relies on perfectly rational arbitrageurs that can eliminate
mispricing, perhaps a questionable assumption in light of the burgeoning literature on the limits
to arbitrage. For example, Shleifer and Vishny (1997), Gromb and Vayanos (2001), and Chen,
Hong, and Stein (2001) provide compelling theoretical explanations why arbitrageurs may fail to

close the arbitrage opportunity.

In light of the strong assumptions behind the models that predict unbiased prices when opin-
ions diverge, perhaps it is not surprising that our results strongly support the basic Miller (1977)
prediction. While we use dispersion in analysts’ earnings per share forecasts as a proxy for dif-
ferences of opinion, Chen, Hong, and Stein (2001) use breadth of mutual fund ownership as a
measure of the magnitude of disagreement among investors and come to the same conclusion.
The authors find that reductions (increases) in breadth of ownership lead to lower (higher) future
returns, as Miller (1977) would predict. In addition, Lee and Swaminathan’s (2000) finding that
higher trading volume, another possible proxy for differences of opinion, predicts lower future

returns is consistent with the Miller (1977) story as well.

On a more general level, given boundedly rational agents and limited arbitrage, any friction
that prevents the revelation of negative opinions will produce the upward bias in prices that we
find in the data. For example, we provide evidence that the incentive structure of analysts (which
discourages analysts with poor outlooks from voicing their opinions) can be viewed as an alter-

native mechanism to the short-sale constraints emphasized in the Miller (1977) model.



Finally, our results strongly reject the interpretation of dispersion in analysts’ forecasts as
a measure of risk. While we show that dispersion is positively related to earnings variability,
standard deviation in returns, and marfethe strong negative relation between dispersion and
future returns is hard to reconcile within a risk-based framework. In fact, Gebhardt, Lee, and
Swaminathan (2001) include dispersion in analysts’ forecasts as one of their proxies for risk in
their attempts to explain implied cost of capital estimates, and are surprised to find the same
negative relation that we document here. However, they do not examine the source and robust-
ness of this result in any depth. Other prior evidence of a dispersion effect is mixed. Cragg
and Malkiel (1982) report a positive relation between dispersion in forecasts and future returns,
but they do so using an extremely limited sample (including only 175 companies, with yearly
forecasts from 1961-69). By contrast, Ackert and Athanassakos (1997) provide preliminary ev-
idence that standard deviation in analysts’ forecasts is negatively related to future returns, but
do so using a sample of only 167 firms. Lastly, Doukas, Kim, and Pantzalis (2000) is the only
other paper we know of that explores dispersion in analysts’ forecasts, but they normalize their
measure of dispersion by price, which is likely to induce the well known book-to-market effect.

Furthermore, they do not use dispersion to predict future returns.

The layout of the paper is as follows. In the next section, we discuss three competing hy-
potheses, the data, and our sample characteristics. Section Il describes our procedure of forming
portfolios on the basis of dispersion in analysts’ forecasts and presents our initial results. Section
lIl explores a risk-based explanation for our findings, while Section IV presents various robust-
ness checks. Finally, Section V evaluates potential explanations for our results, and Section VI

concludes.



|. Methodology

A. Competing Hypotheses

Our main objective in this paper is to analyze the role of dispersion in analysts’ earnings forecasts
in predicting the cross-section of future stock returns. In particular, we test three competing

hypotheses about the relation between dispersion in forecasts and future returns.

The first hypothesis views dispersion in forecasts as a proxy for differences of opinion among
investors. This hypothesis centers on Miller's (1977) conjecture that whenever stock valuations
differ, equity prices tend to reflect the view of the more optimistic investors, leading to low future
returns. Miller (1977) argues that when opinions diverge and short-sale constraints bind, investors
with pessimistic valuations do not sell the stock, and optimistic demand pushes stock prices up.
Miller's (1977) verbal model assumes that investors are boundedly rational in the sense that they
are overconfident about their own valuatidnslowever, his argument can be easily modified to
accommodate investors who are not overconfident, but rather make inaccurate inferences about
others’ signals. For example, if the short-sale constraint binds, an informed investor with a low
valuation will not sell the stock. However, an informed investor may also stay out of the market
if she agrees with the market price. Boundedly rational market participants may erroneously
assume that the informed investor did not trade simply because her valuation equaled the market
price. If so, boundedly rational traders will not revise their valuations downward after observing
that the informed investor did not trade, and the stock price will remain unchanged. In this
scenario, negative information will not be appropriately incorporated, and the market price will

be upwardly biased.

The first hypothesis suggests that the larger the disagreement about a stock’s value (either
caused by overconfidence or by inaccurate inferences about others’ signals), the higher the mar-

ket price relative to the true value of the stock, and the lower its future returns. And although

2See Daniel, Hirshleifer, and Subrahmanyam (2001) and Gervais, Heaton, and Odean (2000) for models that
explicitly model overconfidence; in these models, investors are overconfident in the sense that they overestimate the
precision of their private signals.



Miller’'s (1977) model focuses on short-sale constraints, any friction that prevents the revelation
of negative opinions will produce this negative relation between dispersion in forecasts and future

returns.

The second hypothesis also views dispersion in forecasts as a proxy for differences of opinion,
but states that market prices will be unbiased when opinions about the correct valuation diverge,
and so future returns will be independent of the current level of disagreement about the stock
value. This prediction is stated in Diamond and Verrecchia (1987). As a price-setting mechanism,
the authors model a rational market-maker who correctly sets bid and ask prices, conditioned on
the possibility that some informed investors with low valuations are constrained from selling
stock. The outcome is that stock prices are unbiased: no trading profits can be made based on
the publicly available information. The key assumption of the model is that the market-maker
has perfect knowledge of his economic environment and can perform Bayesian updating in the
short time between two consecutive trades. Similarly, Hong and Stein (2000) achieve unbiased
prices by introducing competitive, risk-neutral, and perfectly rational arbitrageurs who do not
face short-sale constraints. The arbitrageurs correctly infer the expected stock value from the
actions of informed overconfident short-sale-constrained investors in a price auction. The market
clears at the price that is equal to expected stock value. Thus, both of these models predict no

relation between observed dispersion in analysts’ forecasts and future returns.

The final hypothesis views dispersion in analysts’ earnings forecasts as a proxy for risk. In-
vestors who are not well-diversified will demand to be compensated for the idiosyncratic risk of
the securities they hold (see, for example, Merton (1987)). Since dispersion in analysts’ forecasts
likely indicates a more volatile, less predictable earnings stream, stocks with higher dispersion
in analysts’ forecasts should earn higher future returns, and dispersion in analysts’ forecasts will

hold explanatory power beyond the standard risk factors.

In summary, the first hypothesis predicts a negative relation between dispersion and future
returns. The second hypothesis predicts no relation. And the third hypothesis predicts a positive

relation.



B. Data and Sample Characteristics

Returns are drawn from the Center for Research in Securities Prices (CRSP) Monthly Stocks
Combined File, which includes NYSE, AMEX, and Nasdaqg stocks. For many of the tests in the
paper, firms must also have data in COMPUSTAT on book equity for the fiscal year ending in
calendar yeat — 1.3 The data on analysts’ earnings estimates are taken from the Institutional

Brokers Estimate System (I/B/E/S).

The nature of our inquiry makes the standard-issue I/B/E/S dataset unsuitable for our purposes
because of the following reporting inaccuracy. I/B/E/S analysts’ forecasts are adjusted histori-
cally for stock splits in order to produce a smooth time-series of earnings per share estimates.
For example, analysts’ earnings per share estimates for December, 1976 are reported on the basis
of the number of shares outstanding as of today, rather than the number of shares outstanding as
of December, 1976. However, after dividing historical analysts’ forecasts by a split adjustment
factor, I/B/E/S rounds the estimate to the nearest cent. For example, for a stock that has split
tenfold, actual earnings per share estimates of 10 cents and 14 cents would be reported as one
cent per share each. I/B/E/S would then include an adjustment factor of 10 in the Adjustment
File, so that the “unadjusted” earnings per share estimates would be 10 cents each, rather than
the correct values of 10 cents and 14 cents, respectively. The observed variance of analysts’ fore-
casts would then be zero, when in fact it is positive. Observations with no dispersion in analysts’
forecasts would thus contain ex-post information about the future success of the firm, embedded
in the number of stock splits. We conducted our analysis on the raw forecast data, unadjusted for
stock splits (provided by I/B/E/S on request). Had we utilized the commonly-used I/B/E/S files,
we would have found that as a group, stocks with the lowest levels of dispersion earned high
abnormal returns, simply because we would have been picking up observations of firms that did

well in the future?

3Limiting the sample for all tests to include only those firms that have data in COMPUSTAT on book equity does
not significantly alter any of our results.

4We believe we are the first to document this error. This finding has important implications for prior and sub-
sequent empirical research that uses I/B/E/S data to investigate issues related to dispersion (for example, herding
among security analysts).



I/B/E/S data includes U.S. Detail History and Summary History datasets. The Summary
History dataset contains the summary statistics on analyst forecasts, such as mean and standard
deviation values. These variables are calculated on the basis of all outstanding forecasts as of (or-
dinarily) the third Thursday of each month. The Detail History file contains individual analysts’
forecasts organized by the date on which the forecast was issued. Each record also contains a

revision datei.e., the date on which the forecast was last confirmed as accurate.

In order to address concerns that the U.S. Summary History file makes use of analysts’ fore-
casts that are no longer current, we calculate forecast statistics from the Detail History file and
match them to the numbers in the Summary History file. We compute month-end averages and
standard deviations from the individual estimates in the Detail History file by extending each
forecast until its revision date. For example, if the forecast was made in May and was last con-
firmed as accurate in July, it will be used in our computation of averages and standard deviations
for May, June and July. If an analyst makes more than one forecast in a given month, only the

last forecast is used in our calculations.

In some records, a revision date precedes the actual forecast date, which constitutes an error
on the part of I/B/E/S. In this case, the forecast will be assumed valid only for the month in
which it was made. In addition, occasional aberrant observations in the Detail History file are
not picked up by the Summary History file. Even given these inconsistencies, the mean and
standard deviation values calculated from the Detail History file data closely track the values in
the Summary History file. Generally, when compiling statistics from the Detail History file, we
obtain fewer monthly forecasts than reported in Summary History file because we assume that
forecasts are no longer valid past the revision date, which is not the case for the Summary History
file conventions. We compute our portfolio results in Section Il using data in both the Summary
History and Detail History files. Since the results are very similar, we report only the results

obtained using the Summary History file throughout the paper.



For each stock in CRSP, we set the coverage in any given month equal to the number of
I/B/E/S analysts who provide fiscal year 1 earnings estimates that ma@iiously each stock
must be covered by two or more analysts during that month, since we define dispersion as the
standard deviation of earnings forecasts scaled by the absolute value of the mean earnings fore-

cast.

There is an unavoidable issue of data deletion when using the I/B/E/S database, since many
firms listed on CRSP are not covered by I/B/E/S. However, LaPorta (1996) presents evidence
showing that the performance of stocks in the I/B/E/S sample is almost identical to those in
CRSP. The most salient feature of the sample of stocks in the intersection of CRSP, Compustat,
and I/B/E/S is that it is heavily tilted towards big stocks. As Hong, Lim, and Stein (2000) note,
the smallest firms are simply not covered. Table | provides an overview of the extent of analyst
coverage for NYSE, AMEX, and Nasdaq stocks. As shown in Panel A, in January of 1976 only
12.8% of stocks are even eligible to be included in our sample. There is a marked deepening of
coverage by the end of 1979, with the fraction of eligible firms increasing to 29.2% percent. But
Panel C shows that even by January of 1983 (the beginning point of our chosen data sample),
only 4.1% of firms in the first decile are eligible for our sample. Additionally, fewer firms in our
sample are delisted for cause relative to the entire CRSP unR/diisis.suggests that financially
distressed firms may be under-represented in our sample. Insert Table | Here

We choose the time period of January 1983 through November 2000 for our portfolio tests in
Section Il for two reasons. First, by January of 1983, the cross-section of stocks has substantial
variation in size and book-to-market ratio. Second, the data in the Detail History file are not
available prior to 1983. Since we replicate portfolio results from Section Il with the Detail History
file data, we need to use post-1982 data. Using the entire sample makes our results slightly

stronger.

SAll of the tests in this paper were replicated for different fiscal periods (e.g., 2-years). Discussion of these and
other robustness checks is presented in Section IV.

8For example, only 14.5% of the firms in our sample are delisted for cause (delist codes of 400 and above on
CRSP), compared to 30.3% for the universe of CRSP stocks.



Il. Portfolio Strategies

In this section, we assign stocks to portfolios based on certain characteristics, such as dispersion
in analyst forecasts, in order to draw conclusions about average returns for these classes of stocks.
This is a standard approach in asset pricing, which reduces the variability in returns. The method-
ology employed here was pioneered by Jegadeesh and Titman (1993). Following Jegadeesh and
Titman (2001), stocks with share price lower than $5 are omitted in order to ensure that the results

are not driven by small, illiquid stocks or by bid-ask bounce.

Dispersion is defined as the standard deviation of earnings forecasts scaled by the absolute
value of the mean earnings forecast. If the mean earnings forecast is zero, then the stock is
assigned to the highest dispersion category. Excluding observations with a mean earnings forecast
of zero does not significantly affect the portfolio returns. An alternative definition of dispersion
as the ratio of standard deviation of earnings forecasts to the book equity per share does not

significantly affect our results.

Each month, we assign stocks into five quintiles based on dispersion in analyst earnings fore-
casts as of th@reviousmonth. After assigning stocks into portfolios, stocks are held for one
month. We calculate the monthly portfolio return as the equal-weighted average of the returns
of all the stocks in the portfolio. The last column of Table 1l shows that this sort produces a
strong negative relation between average returns and dispersion in analysts’ earnings forecasts.
The annual return on tHel — D5 strategy is 9.48%, and is strongly significant. Of that— D5
spread, 68.4% comes from the short side of the trade, i.e., the difference between medium disper-
sion stocks and high dispersion stocks. This evidence is strongly supportive of the Miller (1977)

hypothesis laid out in Section I.

Table Il also presents two-way cuts on size and dispersion, to test if we are simply capturing
a size effect. Each month, we assign stocks to one of five quintiles based on the level of market
capitalization as of the third Thursday of theeviousmonth. We rank stocks in each size quintile

into five further quintiles based on dispersion in analyst earnings forecasts as mktheus



month. Each of the 25 resulting portfolios contains an average of 113 stocks, if the Summary
History file is used. Table Il shows that the average monthly return differential between low-
and high-dispersion portfolios declines as the average size increases. While the return differential
between the low- and high-dispersion stocks is positive and highly significant for the smaller
stocks, it becomes insignificant for stocks in the two highest market-capitalization qufniiles.
particular, theD1 — D5 strategy for the smallest quintile earns an enormous 16.4% annual return
on average. Thus it does not appear that we are simply picking up a size effect, since the two-way
sorts still produce a strong negative relation between average returns and dispersion for the first

three quintiles. Insert Table Il

Here

However, I/B/E/S-based market-capitalization quintiles might be misleading because the I/B/E/S
universe is comprised of only relatively large firms—especially among the firms covered by at least
two analysts. In order to be consistent with reporting convention, we also form portfolios using
NYSE-based market capitalization deciles. Table Il reports returns on these portfolios. There
are not enough stocks in the three lowest deciles to produce representative average portfolio re-
turns for these classes of stocks. The return differential for the fifth through ninth NYSE size
deciles turns out to be statistically significant, indicating that the dispersion result holds for even

relatively large stocks. Insert Table 11

Here

A. Sorting by Size and Book-to-Market

In this section we triple-sort on size, book-to-market (BE/ME) ratio, and dispersion to test if we
are merely picking up a book-to-market effect in returns. Since low book-to-market stocks tend
to have higher levels of market capitalization, we try to control for the strong size-related pattern
observed in Table Il (namely that within small stocks we see a huge return differential between
low and high dispersion stocks) by sorting on sérel book-to-market. Stocks are first sorted

into three categories based on the level of market capitalization at the end of the previous month.

"We use conditional sorts here for consistency, since some of out later three-way sorts result in portfolios that are
very thin if we use independent sorts. Our results are not significantly affected if we use independent sorts instead.
8Results do not change significantly when data are restricted to stocks covered by at least three analysts.
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Within each size category, the stocks are sorted into three groups based on the book-to-market
ratio, and finally into three dispersion groups within each resulting group. Book equity (BE) is
defined as the Compustat book value of stockholders’ equity, plus balance sheet deferred taxes
and investment tax credit (if available), minus the book value of preferred stock. Depending
on availability, we use redemption, liquidation, or par value (in that order) to estimate the book
value of preferred stock. To insure that the book equity figure is known to the market before
the returns that it is used to explain, we match the yearly book equity figure for all fiscal years
ending in calendar year 1 with returns starting in July of year This figure is then divided by
market capitalization (ME) at month— 1 to form the BE/ME ratio, so that the BE/ME ratio is
updated each month. Finally, within each size and book-to-market group, stocks are sorted into
three further subdivisions based on dispersion in earnings-per-share forecasts as of the previous

month.

Table IV presents the returns on the resulting 27 portfolios. Note that each portfolio contains
an average of 55 stocks. The return differential between low and high dispersion stocks is still
significant in 4 of the 9 categories, indicating that the dispersion effect is not simply capturing a
book-to-market effect. Again we observe the strong size pattern first depicted in Table I, with
small stocks exhibiting the largest return differential. However, no clear pattern emerges with
respect to book-to-market ratios. While the return differential between low and high dispersion
stocks is larger for value stocks (those with high BE/ME ratios), this result is not overwhelming.
On the other hand, the lower half of the table is more revealing. In particular, value stocks have
much larger average dispersion in forecasts than growth stocks, implying that book-to-market

ratios are positively related to dispersion in analysts’ forecasts.

Despite having lower average values of dispersion, growth stocks in the high-dispersion port-
folios earn returns almost as low as value stocks, indicating that the same amount of dispersion
in analysts’ earnings per share forecasts would cause lower returns for growth stocks than value
stocks. This is not surprising, given that the same amount of disagreement about earnings per
share should translate into a higher level of disagreement about the intrinsic value of a growth

stock as compared to a value stock. This in turn would translate into a higher price run-up for

11



growth stocks, and lower subsequent returns. However, low-dispersion growth stocks earn lower
returns than low-dispersion value stocks because of the famous value premium, and that translates

into lower spreads between low- and high-dispersion portfolios for growth stocks. Insert Table IV

Here

B. Sorting by Size and Momentum

Our final portfolio strategy entails a three-way cut on size, momentum, and dispersion, to rule out
the possibility that the momentum effect documented in Jegadeesh and Titman (1993) is driving
our results. Stocks are first sorted into three categories based on the level of market capitalization
at the end of the previous month. Within each size category, the stocks are sorted into three groups
based on past returns from- 12 tot — 2 (as in Fama and French (1996)). Lastly, within each
size and momentum group, stocks are sorted into three further subdivisions based on dispersion

in earnings-per-share forecasts as of the previous month.

Table V presents the returns on the resulting 27 portfolios. Again the return differential be-
tween low and high dispersion stocks is still strongly significant in 2 of the 9 categories, indicating
that the dispersion effect is not simply capturing a momentum effect. However, a clear pattern
emerges with respect to momentum, as the return differential between low and high dispersion
stocks is strongest in stocks that have performed poorly over the past year (“Losers”). For ex-
ample, theD1 — D3 strategy for the smallest quintile of losers earns a 9.84% average annual

I’etum Insert Table V

Here

Ill. Regression Tests

Fama and French (1996) show that sorting stocks on variables such as BE/ME (the book-to-
market ratio), E/P (the earnings-to-price ratio), or C/P (the cash flow-to-price ratio) can produce
a strong (in their case positive) ordering of returns across deciles. They also argue, however,

that estimates of three-factor time series regressions indicate that the three-factor model captures
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these patterns in average returns. The regression intercepts are uniformly small, and the GRS
(Gibbons, Ross, and Shanken (1989)) tests never come close to rejecting the hypothesis that the
three-factor model describes average returns. Along these lines we employ similar tests to see if

the three-factor model can capture the return patterns observed in Tables II-V.

A. Multi-factor Time Series Tests

Fama and French (1996) argue that many of the CAPM average-return anomalies are related,
and that they are captured by the three-factor model in Fama and French (1993). In the model,
Rwv — Rr is the excess return on a proxy for the market portfdibBis the difference between

the return on a portfolio of small stocks and the return on a portfolio of large stocksi lihds

the difference between the return on a portfolio comprised of high book-to-market stocks and the
return on a portfolio comprised of low book-to-market stodd$4L is the value premium; high
book-to-market stocks are value stocks, and low book-to-market stocks are growth Stivldks.

is the size premiurfl.

Believers in the three-factor model suggest that it is an equilibrium pricing model in the
the spirit of Merton’s (1973) intertemporal capital asset pricing model (ICAPM). In an ICAPM
framework investors care about market risk, but they also care about hedging against more spe-
cific aspects of their investment consumption decisions. For example, investors may wish to
hedge against the relative prices of consumption goods. In this view of the three-factor model,
SMBandHML are viewed as portfolios that proxy for factors that are of special hedging concern
to investors, ang;, s, andh; are factor loadings or sensitivities, aBdRwt) — Ret, E(SMB),
E(HML;) are expected risk premiums. The main testable implication of the model in this setting
is thataj = O for all assets. We test this hypothesis using a formulation of the Hoteflitest
(GRS (1989)). Extensions of the model (see, for example, Carhart (1997)) add a momentum
factor to this model, included to capture the medium-term continuation of returns documented

in Jegadeesh and Titman (1998)MD represents the momentum premium; it is the difference

9See Fama and French (1996) for details on the construction of these factors.
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between the return on a portfolio comprised of stocks with high returnsfred? tot — 2 and

the return on a portfolio comprised of stocks with low returns fteAll2 tot — 2.

Table VI reports estimates of three and four-factor time-series regressions for monthly excess
returns on five equal-weight portfolios formed on dispersion in analysts’ forecasts. The estimated
intercepts indicate that the three-factor model leaves a large negative unexplained return for the
portfolio of stocks in the highest dispersion quintile. The loadings indicate that low dispersion
stocks behave like big, value stocks (they load lesSbiB but heavily onHML), while high
dispersion stocks behave like small, value stocks. An important point to mention, however, is
that these loadings give a potentially misleading picture of the risk characteristics of these stocks,
because they are highly variable. For example, in results not reported here, we find that in the
sample period from 1983-1999, high dispersion stocks load very heavilgMh, while low
dispersion stocks load more on growth. However, in the year 2000 these patterns were strongly

reversed, as high dispersion stocks behaved very much like growth stocks. Insert Table VI

Here

The GRS-test rejects the hypothesis that the three-factor model explains the average returns on
the 5 dispersion quintiles. The rejection of the three factor model is testimony to the explanatory
power of the regressions (the average of the 5 regre&8i@.932), so that even small intercepts
are distinguishable from zero. Note, however, that the intercept on the high dispersion quintile is

a non-trivial .58 percent.

Table VI also reports estimates of the four-factor time-series regression for monthly excess
returns on the dispersion quintiles. Again, the estimated intercepts indicate that the model leaves
a large negative unexplained return for the portfolio of stocks in the highest dispersion quintile.
Meanwhile, the estimated intercept on the lowest dispersion quintile is positive and marginally
significant. The pattern of loadings is identical to the pattern in Table VI except that the stocks in
the highest dispersion quintile now behave like small, distressed losers (they load n&iviBon
HML, andlessonUMD). This lowers the negative unexplained return for the portfolio of stocks
in the highest decile, but the model still predicts higher post-formation returns on these stocks.

The GRS-test again rejects the hypothesis that the four-factor model explains the average returns
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on the dispersion quintiles. Thus it appears that neither model can account for the return patterns

displayed in Tables II-V.

B. Explaining Dispersion

In this section, we run a series of Fama and MacBeth (1973) cross-sectional regressions in order
to illustrate the relation between dispersion in analysts’ forecasts and various fundamentals. We
also explore how dispersion in forecasts is distinct from other common measures of risk, such as
standard deviation of returns, mark®tearnings variability, etc. The goal is to determine what

exactly makes dispersion in analysts’ forecasts such an important valuation indicator.

Specifically, we attempt to disentangle the effect of dispersion in analysts’ forecasts from
stock fundamentals and additional measures of risk by performing a series of yearly cross-
sectional regressions of dispersion (measured 7 months before the end of the fiscal year) on
various lagged firm characteristics. Aside from the fiscal year-end lagged values of market capi-
talization, book-to-market ratio, sales-to-assets ratio, and debt-to-book ratio, we include momen-
tum (the return fromt — 12 months td — 2 months), markef (estimated using the past 36 to 60
months of data)esidual coveraggethe standard deviation of daily returns over the past 250 days
(lagged one month), the average adjusted volume over the past 250 days (lagged one month),
the average adjusted turnover over the past 250 days (lagged one month), the mean age of the
forecasts, and a measure of earnings variabitite pg). Residual coveragis the residual from
yearly regressions dh(1+ analyst coverageonIn(M) andIn(B/M). A firm’s adjusted volume
is the daily volume from the last 250 days, divided by the mean volume of the firm’s exchange;
adjusted turnover is defined similarly. Finaltytepsg is the standard deviation of earnings per
share, divided by the absolute value of mean earnings per share over the past five (\ggags;
is lagged one year. We run the regressions yearly, rather than monthly, because the dispersion

measures for each stock are highly autocorrelated.

The results, reported in Table VII, cast doubt on the interpretation of dispersion in analysts’

forecasts as a proxy for risk. Dispersion is strongly positively related to marlestrnings vari-
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ability, and standard deviation of past returns. Since these variables are commonly used measures
of risk, we expect them to be positively related to returns. Therefore, the negative relation be-
tween dispersion and future returns is hard to explain within a traditional risk-based framework.
Confirming the evidence presented in Tables II-1V, dispersion is positively related to BE/ME,
and negatively related to size and momentum. Additionally, dispersion is positively related to
leverage, turnover, and volume, but negatively related to sales and the mean age of the forecasts.
Controlling for firm size, we find that dispersion is positively correlated with analyst coverage,
indicating that there is a high demand for additional opinions in situations where earnings are
difficult to forecast. Based on these results, we feel that the correct interpretation of dispersion in
analyst earnings forecasts is as a proxy for differences in opinion among investors. For example,
turnover is often used as a proxy for differences of opinion, and we find these two measures to

be strongly positively related in our cross-sectional regressions. Insert Table Vil

Here

V. Robustness Checks

In order to ascertain that the persistently high returns we have documented thus far are not caused
by a statistical fluke or an obvious explanation, we employ additional trading strategies and re-

gression tests to demonstrate robustness.

A. Lag in portfolio formation

We try waiting several months before assigning stocks to portfolios. The rationale for this is that
even though I/B/E/S updates earnings forecasts frequently, the updates may not become available
to the general public until much later. As shown in Figure 1, when the lag gets longer, returns
clearly drop, as information becomes stale—prices on stocks in the portfolio may have already
fallen due to selling by disappointed optimists. If the lag is longer than five months, the return

difference is no longer statistically significant, even for the lowest market-capitalization quintitesiue 1

Here
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B. Different holding periods

We also try holding a stock in the portfolio for longer than one month. At the end of each month,
stocks are ranked into deciles based on the dispersion in analyst earnings per share forecasts and
assigned into portfolios without a lag. The stocks are then held in the portfolid foonths,

with 1/T-th of each portfolio reinvested monthly. Portfolio returns are equal-weighted.

Figure 2 shows the results of the strategy for different holding periods. For relatively short
holding periods, the results are similar to that of the one-month holding strategy. This is because
essentially the same stocks are selected by both strategies every month due to persistence in
analyst forecast dispersions. However, for longer holding periods, returns of this strategy are
lower because stocks remaining in the portfolio too long may no longer satisfy the portfolio

selection criteria. Insert Figure 2

Here

C. Sorting based on dispersion in two-years-ahead earnings forecasts

Here we sort stocks based on the dispersion in the following fiscal year’s earnings forecasts (not
reported here). There are fewer observations of the two-years-ahead earnings forecasts in I/B/E/S,
and, therefore, slightly fewer stocks in each portfolio. Still, because the current and the next fiscal
year’s earnings-per-share forecasts are highly correlated, the forecast dispersions are also highly

correlated, and the results are similar, although the return differential is somewhat lower.

D. Sub-period analysis

We calculate mean monthly returns for the portfolio for the sub-periods 1983-1991 and 1992-
2000. As reported in Table VIII, the return differential is significant for all size quintiles for
the period of 1983-1991. For the 1992-2000 time period, it is significant only for the smallest
size quintile. As can be seen from the second part of the table, average dispersions of stocks in

portfolios have also decreased in the later time period. This indicates that the overall magnitude of
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the disagreement has declined, possibly because investors have become better at valuing stocks.
At the same time, trading costs have come down, and firm-related information has become more
readily available. All these factors may have contributed to the decline in the return differential

over time. Insert Table VIII

Here

E. Evaluation of other explanations

Hong, Lim, and Stein (2000) suggest that negative momentum in stock returns—the empirical
finding that past losers continue to earn below normal returns in the future—is caused by the slow
price adjustment to negative information. They empirically document that negative momentum is
more pronounced for stocks that have lower analyst coverage, after controlling for other factors
which influence the amount of analyst coverage, such as size, covariance with the market, and

the book-to-market ratio.

Though we have shown that momentum cannot explain away low returns of high-dispersion
portfolios, we nonetheless check whether analyst coverage is a factor. As seen from Table VII,
residual analyst coverage is positively correlated with dispersion in analysts’ forecasts, indicating
that there is a higher demand for expert opinions when existing information is difficult to interpret.
This implies that the results described here can not be explained by the slow information diffusion
theory. Since high-dispersion stocks tend to have higher analyst coverage compared to other
stocks, we expect that after controlling for effect of analyst coverage, our results will be even

stronger.

Another concern is that the relative recency of the forecasts may be influencing the relation
between forecast dispersion and future returns. In particular, since our tests form portfolios (at
each date) that combine forecasts made immediately before the current date with those made up
to a year before the current date, dispersion may be caused by the more recent forecasts that
contain new information being combined with the old forecasts that contain no such information.

In results not reported here, we calculate the mean age of the forecasts that we use in Tables

[I-V, and find that high-dispersion portfolios on average do indeed contain slightly more recent
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forecasts than low-dispersion portfolios. However, when we include the mean age of the fore-
casts in our regressions to explain dispersion (see Table VII), it is insignificant. Moreover, as
mentioned earlier, our main argument as to why difference of opinions arise and influence prices
does not depend on whether investors are asymmetrically informed or simply differ in the way

they interpret the same information.

Our final robustness check addresses the possibility that by scaling the standard deviation of
analysts’ forecasts by the mean forecast, our results may simply be due to a denominator ef-
fect whereby the mean forecast is strongly positively related to future returns and thus drives
our results. To address this possibility, we run Fama and MacBeth (1973) cross-sectional re-
gressions each month on all securities in the intersection of CRSP, Compustat, and I/B/E/S from
January 1980 to December 2000. The setup is analogous to that in Grinblatt and Moskowitz
(1999), and provides a robustness check on our prior results by allowing us to avoid specifying
breakpoints, and avoid weighting stocks by size. Specifically, we regress the cross-section of
individual stock returns at timeon a constant, mark&'° size (log of market capitalization at
t—1),In(BE/ME) (as defined in Table IV), a stock’s past-year retust (12:2), the one-month
past returnret_1.1), a stock’s long-run past returnef_ss._13), residual coveraggeturnover, the
1-month lag ofdispersionin analysts’ forecasts, the 1-month lag of the standard deviation in
analysts’ forecasts, and the 1-month lag of the mean analyst foredastsdual coverages
the residual from monthly regressionslof{1+ analyst coverageon In(ME) andIn(BE/ME),
and is included to address the concerns raised above that coverage may be driving our results.
Turnover is the adjusted average turnover from the last 250 days (lagged one month); a firm’s ad-
justed turnover is turnover divided by the mean turnover of the firm’s exchange. The one-month
past return variable is included to control for liquidity and microstructure effects documented by
Jegadeesh (1990) that cause a short-term reversal in individual stock returns. The long-run past
return variable is simply the return from- 36 tot — 13, and is included to capture the three- to

five-year reversal effect documented by DeBondt and Thaler (1985).

10We assign post-rankings according to the procedure in Fama and French (1992).
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Since one can argue that turnover is another measure of differences of opinion (see, for ex-
ample, Harris and Raviv (1993) and Lee and Swaminathan (2000)), and since turnover has been
shown to predict returns (Lee and Swaminathan (2000), we include this variable in our regres-
sions to test if turnover subsumes dispersion. Turnover is also the single most important ex-
planatory variable for our measure of dispersion (see Table VII), making such a test an important

robustness check on our prior results.

Table IX shows the results of the Fama and MacBeth (1973) cross-sectional regressions, in-
cluding specifications with and withorgsidual coveraggurnover, and the past-return variables.
The coefficient on the dispersion variable is strongly negative in all of the specifications, in line
with the patterns observed in Tables II-V. This result is robust to changes in the date at which
dispersion is measured. Including size, book-to-market, and various momentum variables on the
right-hand side of the regression controls for many of the previously documented anomalies in
the literature, but does not capture the effect of dispersion in analysts’ forecasts. Similarly, the
inclusion of turnover does not drive out the dispersion effect; in fact, dispersion remains signifi-
cant, while turnover is not! The regression results confirm previous findings in this paper: there
is a strong negative effect of dispersion in analysts’ forecasts on future returns. In addition, Table
IX demonstrates that coverage and scaling effects are not driving these results, since the standard
deviation of analyst forecasts is negative and significant in all of the specifications, while the

mean forecast is not. Insert Table IX

Here

V. Potential Explanations

As mentioned in Section Ill, we feel that the correct interpretation of dispersion in analysts’
forecasts is as a proxy for differences of opinion among investors. Our results clearly reject the

notion that dispersion can be viewed as a proxy for risk, since the relation between dispersion

When we use unadjusted turnover in place of our measure of turnover, dispersion is still strongly negatively
significant, but turnover is negative and significant as well. When we extend the horizon of our dependent variable
to twelve months instead of one, as in Lee and Swaminathan (2000), we find that both dispersion and unadjusted
turnover are strongly negatively significant.
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and future returns is strongly negative. Returning to the hypotheses laid out in Section |, we feel
that our results provide support for the predictions of the price-optimism model of Miller (1977).

In this section we explore this theory in greater depth.

First of all, some of the evidence presented in sections II-1V can also be used to evaluate the
Miller (1977) model. For example, the finding (in Table II) that the return differential between
low and high dispersion stocks is strongest in small stocks is consistent with Miller's (1977)
model, since these stocks are likely to be the ones that are hardest to short and least likely to have
traded options. There is also an asymmetry in the return differential that is consistent with the
Miller (1977) story; as noted earlier, in Table Il we see that 68.4% of the overall spread comes
from the short-side of the trade. This is to be expected, since the Miller (1977) story stresses the
fact that high-dispersion stocks will underperform; the converse, that low dispersion stocks will
outperform, need not be true. Indeed, the estimated intercepts (the “alphas”) in Table VI support
this claim. The three and four-factor alphas are strongly negative for the high-dispersion quintiles;
meanwhile, the alphas are positive and insignificant for low dispersion stocks in the three-factor

model, and positive and marginally significant for low dispersion stocks in the four-factor model.

One of the implications of Miller’'s (1977) hypothesis is that convergence of prices down to
fundamental values should coincide with the resolution of uncertainty. When uncertainty about
the stock value is resolved, prices come down to reflect the unbiased view, leading to low returns
on the high dispersion stocks. Evidence in Scherbina (2001) supports this idea. She shows that
11 to 33 percent of the return differential between the low- and high-dispersion stocks falls on
a 3-day window around the earnings announcement dates for smaller stocks (for smaller stocks
more information gets revealed on the earnings announcement dates, while for larger firms infor-
mation is available more steadily throughout the yéarshe also shows that higher dispersion
in analysts’ forecasts leads to lower cumulative abnormal returns in the three-day window around

the earnings announcements dates.

12See Chari, Jagannathan, and Ofer (1988)
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Our sub-period analysis in Table VIII also supports the Miller (1977) theory. In it we see
that the average return differential between the low- and high-dispersion stocks has declined in
the later part of the sample, becoming insignificant for all but the smallest size quintile. This is
to be expected in a Miller (1977) world for the following reasons. First of all, short-sale costs
have come down over time, resulting in less binding short-sale constraints. At the same time,
firm-related information processing and availability have improved, perhaps explaining the lower

levels of disagreement we find today.

Additionally, Table IV indicates that future returns on growth stocks are more sensitive to
the differences of opinion about the firms’ expected earnings, consistent with Miller's (1977)
theory. This is because a given degree of dispersion in an earnings forecast translates into a higher
amount of disagreement about the underlying value for a growth stock than a value stock. For
growth firms, equity value is based more on the business strategy and the hard-to-quantify value
of research and development than on the book value of assets in place. Therefore, uncertainty
about current earnings projected forward gives a further magnified uncertainty about the value of

the growth stock. This in turn gives rise to the increased magnitude of the divergence in opinion.

Given that high short-sale costs are the main impediment to the revelation of negative in-
formation, Miller’'s (1977) effect should be more pronounced for stocks that are more difficult
to short-sell. However, evidence relating returns to short-sale costs is not as strong. Scherbina
(2001) argues that high dispersion stocks in the S&P 500 index should not earn lower returns,
because these stocks should be very cheap to short-sell. However, she still finds that stocks in
the lowest dispersion quintile of the S&P 500 index outperform stocks in the highest dispersion
quintile by Q48 percent per month (a significant difference at the 10 percent level). Further-
more, Scherbina (2001) investigates whether various proxies for short-sale costs (such as float
and turnover) predict future returns, and finds only a weak relation between proxies for short-sale
costs and future returns. However, this result is likely due to the noisiness of the proxies used.
Indeed, evidence of a link between short-sale costs and future stocks returns is mounting. For

example, using more direct proxies for short-sale costs, Lamont and Thaler (2001), Jones and
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Lamont (2001), and D’Avolio (2001) all present evidence that high short-sale costs can lead to

lower future returns, consistent with Miller’'s (1977) model of price-optimism.

As mentioned earlier, given boundedly rational investors and limited arbitrage, any friction
that prevents the revelation of negative opinions will produce the basic result that we find in the
data. Analysts, who comprise an important channel of information to the market, are often re-
luctant to make low earnings-per-share forecasts or issue “sell” recommendations. McNichols
and O’Brien (1997) argue that pessimistic analysts prefer to stop covering the stock. This self-
censoring is due to analysts’ incentive structure. Analysts rely on firm management for tips about
future earnings and risk being cut off when they voice pessimism about a firm’s prospects. Addi-
tionally, analysts earn a percentage on commissions from stock sales and get rewarded whenever
their employer wins lucrative investment banking deals, which furthers their incentives to follow

stocks for which they have an optimistic outlook.

The self-censoring of pessimistic analysts creates an upward bias in consensus earnings-per-
share forecasts. This bias is higher the larger the initial magnitude of disagreement about the
firm’s earnings. The following argument shows the causality involved. It is natural to assume
that the more spread-out the earnings estimates, the lower will be the cut-off point below which
analysts will not issue forecasts. Suppose that the true underlying distribution of analyst earnings
is normal with mearu and standard deviation, and the cut-off point it — ko, wherek is a
constant identical for all analysts and firms. The observed distribution of the forecasts will be
a truncated normal distribution, with a mean higher than the true meemg% where @(-)
and®(-) are the P.D.F. and the C.D.F. of a standard normal distribution, respecfivdlyis
shows that the bias in the mean reported forecast increases with the dispersion of the underlying
distribution. If stocks are priced correctly with respect to the mean reported earnings forecast,
they will be more overvalued the higher the amount of disagreement about the firm’s earnings.
This argument is similar in spirit to Miller’s (1977) argument, except that the friction that prevents

revelation of negative opinions is the incentive structure of analysts. Again, if investors who use

B3proof is available upon request.
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earnings forecasts are fully rational, they should be able to infer the true mean of the distribution

by taking into account the self-selection in analyst coverage.

We find strong support in the data for the conjecture that the upward bias in consensus earn-
ings forecasts is positively related to forecast dispersion. Forecast error in a quarterly earnings-
per-share forecast is defined as the realized minus the forecasted value. Historically, analysts
have been too optimistic, so the errors are on average negative. We run a pooled time-series
and cross-sectional regression of the quarterly forecast errors on standard deviation in quarterly

earnings per share forecadts.

FEir = a0+ aadisp + &t 1)
o Zero is used
The regression coefficients (with thetatistics in parenthesis) amey = —0.019(—4.68) and “ """
a1 = —0.727(—33.42). The adjustedr? for the regression is 4.5 percent. The negative intercept
indicates that on average analysts have been too optimistic in their earnings forecasts. The highly
significant negativé-statistic on forecast dispersion indicate that there is indeed a strong positive
relationship between optimism in consensus forecasts and uncertainty surrounding the stock’s

earnings per share.

VI. Summary and Conclusions

In this paper we provide evidence that stocks with higher dispersion in analysts’ earnings fore-
casts earn significantly lower future returns than otherwise similar stocks. Our results clearly
reject the notion that dispersion in forecasts can be viewed as a proxy for risk, since the relation
between dispersion and future returns is negative. Further, we present evidence that standard
multi-factor risk-based explanations cannot account for this relation. We feel that the correct

interpretation of dispersion in analysts’ forecasts is as a proxy for differences in opinion about

14Means and standard deviations in quarterly and annual earnings forecasts are calculated from the Detail History
dataset for the date immediately preceding the earnings announcement date.
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a stock. We show that our results are consistent with the hypothesis that prices will reflect the

optimistic view whenever investors with the lowest valuations do not trade.

Further, although Miller's (1977) theory focuses on short-sale costs as the reason that in-
vestors with the lowest valuations do not trade, we argue that any friction that prevents the rev-
elation of negative opinions will produce the negative relation between dispersion and future
returns that we document in this paper. To this end, we demonstrate that the incentive structure of
analysts could serve as another such friction. Due to this incentive structure, analysts prefer not
to issue forecasts when they are sufficiently pessimistic. This creates an upward bias in consensus
forecasts. The bias increases with dispersion in the underlying forecasts. It would be interesting
to isolate the importance of this effect on upward price bias. Recently, investors have started to
rely more heavily on unofficial and largely anonymous “whisper” forecasts, which are available
from several internet site/S. These forecasts should not be censored in the same way as analyst
forecasts because people making them do not have similar incentives. By comparing the pre-
and post-“whisper” samples, it would be possible to identify the relationship between forecast
censoring and price bias. Perhaps, the increased reliance on non-analyst forecasts could also help
to explain why the return differential between the low- and high-dispersion stocks has declined

in later years.

15Beneish, Bagnoli, and Watts (1999) document that stock prices reflect “whisper” forecasts rather than analyst
forecasts.
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Figure 1. Robustness Checks: Lags in Portfolio Formation.At the end of each month, all
stocks in the I/B/E/S universe are ranked into deciles based on dispersion in analysts’ earnings
per share forecasts (defined as the ratio of the standard deviation to the absolute value of the
mean forecast). Stocks in each dispersion decile are assigned into equal-weighted portfolios
with a certain lag and held in the portfolio for one month. The difference in returns between
the lowest- and highest-decile portfolios is calculated. The chart below plots the mean monthly
return differential, with the broken lines indicating the 95% confidence interval (adjusted for

autocorrelation).
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Figure 2. Robustness Checks: Holding PeriodsAt the end of each month, stocks are ranked
into deciles based on dispersion in analysts’ earnings per share forecasts and assigned into port-

folios without a lag. The stocks are then held in the portfolio Tomonths, with ¥T-th of

invested monthly. Portfolio returns are equal-weighted. The difference in re-

turns between the lowest- and highest-decile portfolios is calculated. The chart below plots the
mean monthly return differential, with the broken lines indicating the 95% confidence interval

(adjusted for autocorrelation).
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Table |
Summary Statistics on Analyst Coverage: 1/76-12/00

Descriptive statistics for NYSE, AMEX, and Nasdaq stocks during the period from January 1976

to December 2000. Panel A reports statistics for all stocks, while Panel B limits the sample to
only eligible stocks. A stock is “eligible” to be included in our analysis if it has a 1 (fiscal)
year I/B/E/S earnings estimate, is covered by 2 or more analysts, and has a price greater than 5$.
Panels C and D report the same statistics as in Panels A and B for January 1983, and breaks the
sample down by size decile (formed using NYSE-based market capitalization deciles).

Summary Statistics for 1976-2000

Panel A: All CRSP Stocks Panel B: Eligible Stocks
Number Percentage, Number Mean
of Mean Size  of Firms of Mean Size  No. of
Date Firms  (Millions) Eligible Firms  (Millions) Estimates
197601 5065 184.6 12.8 650 910.2 6.47
197912 4781 267.5 29.2 1395 621.5 7.47
198212 5438 305.6 31.9 1735 766.0 8.78
198512 6227 362.4 35.4 2203 938.5 9.95
198812 6798 408.6 34.0 2309 1094.1 9.82
199112 6643 610.1 35.5 2361 1590.1 9.23
199412 8029 633.8 40.7 3269 1423.9 8.26
199712 8839 1241.2 46.8 4140 2473.1 7.19
200012 7823 2032.9 40.5 3166 4740.6 7.79

Summary Statistics by Size for 198301

Panel C: All CRSP Stocks Panel D: Eligible Stocks

Number Percentage, Number Mean
NYSE of Mean Size  of Firms of Mean Size  No. of
Breakpoints Firms  (Millions) Eligible Firms  (Millions) Estimates
Decile 1 2969 15.2 4.1 123 34.1 2.76
Decile 2 517 61.2 31.9 165 62.7 3.39
Decile 3 406 96.9 50.5 205 97.8 3.81
Decile 4 323 151.5 69.3 224 151.0 4.90
Decile 5 258 229.4 79.1 204 229.2 6.79
Decile 6 231 343.3 84.0 194 343.9 8.26
Decile 7 191 528.5 89.0 170 526.8 11.22
Decile 8 173 809.1 89.0 154 809.9 13.60
Decile 9 160 1381.2 92.5 148 1366.2 16.91
Decile 10 165 5709.0 92.1 152 5079.4 19.59
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Table Il
Portfolio Returns by Size and Dispersion in Analysts’ Forecasts

Each month stocks are sorted in five groups based on the level of market capitalization as of
the third Thursday of the previous month. Stocks in each size group are then sorted into five
additional groups based on dispersion in analyst earnings forecasts for the previous month.
Dispersion is defined as the ratio of the standard deviation of analysts’ current-fiscal-year annual
earnings per share forecasts to the absolute value of the mean forecast, as reported in the I/B/E/S
Summary History file. Stocks with a mean forecast of zero are assigned to the highest dispersion
groups, and stocks with a price less than 5% are excluded from the sample. Stocks are held for
one month, and portfolio returns are equal-weighted. The time period considered is February
1983 through December 2000. The table reports average monthly portfolio retatatstics in
parentheses are adjusted for autocorrelation.

Returns

Size Quintiles
Dispersion|| small large All
Quintiles S1 S2 S3 S4 S5 Stocks

D1 (low) 152 145 150 151 148 1.48

D2 112 140 141 118 1.35 1.36
D3 099 120 132 111 1.36 1.23
D4 0.6 107 118 133 1.33 1.12

D5 (high) | 0.14 056 083 103 1.20 0.69

D1-D5 137 08% 067 048 029 O7R
t-statistic || (5.98) (3.12) (2.41) (1.55) (0.94) (2.88)

abc gatistically significant at the 1, 5, and 10 percent levels, respectively

Average Dispersion

Size Quintiles
Dispersion All
Quintiles S1 S2 S3 S4 S5 Stocks

D1 (low) 0.010 0.011 0.012 0.014 0.014 0.012

D2 0.039 0.033 0.030 0.028 0.025 0.030
D3 0.081 0.062 0.053 0.047 0.039 0.053
D4 0.172 0.125 0.103 0.086 0.067 0.105

D5 (high) || 1.256 0.963 0.813 0.722 0.462 0.852
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Table 111
Portfolio Returns by NYSE Market Capitalization Deciles

Each month stocks in each NYSE-based market capitalization decile (which is determined as

of the third Thursday of the previous month) are sorted into five groups based on dispersion

in analyst earnings forecasts for the previous month. Dispersion is defined as the ratio of the

standard deviation of analysts’ current-fiscal-year annual earnings per share forecasts to the
absolute value of the mean forecast, as reported in the I/B/E/S Summary History file. Stocks

with a mean forecast of zero are assigned to the highest dispersion groups, and stocks with a
price less than 5% are excluded from the sample. Stocks are held for one month, and portfolio

returns are equal-weighted. Only portfolios in the largest seven deciles are reported since there
are fewer than eight stocks on average within each size/dispersion portfolio for size deciles 1-3.

The time period considered is February 1983 through December 2000. The table reports average
monthly portfolio returnst-statistics in parentheses are adjusted for autocorrelation.

Returns
NYSE market capitalization deciles
Dispersion|| 4 5 6 7 8 9 10
Quintiles average number of stocks in each portfolio

(27) (47) (68) (91) (119) (149) (189)
Di(low) | 1.21 122 1.34 142 150 147 1.45

D2 141 151 126 139 138 118 131
D3 138 131 141 104 130 116 1.20
D4 072 091 09 111 088 1.08 1.18

D5 (high) | 0.61 053 0.33 032 049 064 1.03

D1-D5 060 06 1.01* 109 1012 084 041
t-statistic || (1.48) (1.86) (3.08) (3.61) (3.93) (2.33) (1.49)

abc gatistically significant at the 1, 5, and 10 percent levels, respectively

34



Table IV
Portfolio Returns by Size, Book-to-Market, and Dispersion

Each month stocks are sorted into three groups based on the level of market capitalization at the
end of the previous month. Each size group is then sorted into three book-to-market groups. The
book-to-market ratio is computed by matching the yearly BE figure for all fiscal years ending

in calendar yeat — 1 to returns starting in July of year this figure is then divided by market
capitalization at month— 1 to form the book-to-market ratio, so that the book-to-market ratio is
updated each month. Each size and book-to-market group is further sorted into three dispersion
groups. Dispersion is defined as the ratio of the standard deviation of analysts’ current-fiscal-year
annual earnings per share forecasts to the absolute value of the mean forecast, as reported in the
I/B/E/S Summary History file. Stocks with a mean forecast of zero are assigned to the highest
dispersion groups, and stocks with a price less than 5$ are excluded from the sample. Stocks are
held for one month, and portfolio returns are equal-weighted. The sample period is February
1983 through December 200Bstatistics in parentheses are adjusted for autocorrelation.

Returns

Low Book-to-Market Medium Book-to-Market High Book-to-Market
Dispersion|| Small Medium Large| Small Medium Large| Small Medium Large
Cap Cap Cap| Cap Cap Cap| Cap Cap Cap

low 1.35 1.42 1.40| 1.64 1.50 1.32| 1.50 1.58 1.42
medium 1.27 1.40 1.20| 1.29 1.11 1.27| 1.13 1.46 1.37
high 0.73 1.28 1.38| 0.67 0.86 1.12| 0.70 1.10 1.34

low-high || 0.63° 0.14 0.02| 0968 064> 021 | 080 0.48 0.08
t-statistic || (2.10) (0.47) (0.06) (4.09) (2.37) (0.96) (4.09) (1.70) (0.25)

abc gatistically significant at the 1, 5, and 10 percent levels, respectively

Average Dispersion

Low Book-to-Market Medium Book-to-Market High Book-to-Market
Dispersion|| Small Medium Large Small Medium Large Small Medium Large
Cap Cap Cap| Cap Cap Cap| Cap Cap Cap

low 0.04 0.03 0.02| 0.05 0.03 0.02/ 0.10 0.04 0.03
medium 0.08 0.05 0.03] 0.09 0.05 0.04/ 0.21 0.11 0.07
high 0.49 0.34 0.20] 0.56 0.37 0.26] 1.04 0.86 0.59
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Table V
Portfolio Returns by Size, Momentum, and Dispersion

Each month stocks are sorted into three groups based on the level of market capitalization at the
end of the previous month. Each size group is then sorted into three momentum groups; momen-
tum is computed based on past returns friofh® tot-2, where ‘Losers is an equal-weighted
portfolio of stocks in thevorst-performing 33 percent. Each size and momentum group is further
sorted into three dispersion groups. Dispersion is defined as the ratio of the standard deviation of
analysts’ current-fiscal-year annual earnings per share forecasts to the absolute value of the mean
forecast, as reported in the I/B/E/S Summary History file. Stocks with a mean forecast of zero
are assigned to the highest dispersion groups, and stocks with a price less than 5% are excluded
from the sample. Stocks are held for one month, and portfolio returns are equal-weighted. The
sample period is February 1983 through December 206f3tistics in parentheses are adjusted

for autocorrelation.

Returns

Losers Winners
Dispersion| Small Medium Large| Small Medium Large| Small Medium Large
Cap Cap Cap| Cap Cap Cap| Cap Cap Cap

low 0.92 1.02 1.27| 1.29 1.45 1.36| 1.79 1.79 1.54
medium 0.47 0.69 112 1.11 1.32 1.18| 1.84 1.80 1.58
high 0.09 0.63 0.93| 0.82 1.22 1.06| 1.56 1.81 1.73

low-high | 0.822 040 035|048 023 0.30| 023 -0.02 -0.19
t-statistic | (3.65) (1.56) (1.46) (2.76) (1.12) (1.61) (1.17) (-0.10) (-0.83)

abc geatistically significant at the 1, 5, and 10 percent levels, respectively

Average Dispersion

Losers Winners
Dispersion|| Small Medium Large Small Medium Large Small Medium Large
Cap Cap Cap| Cap Cap Cap| Cap Cap Cap

low 0.10 0.05 0.03| 0.04 0.03 0.02/ 0.03 0.02 0.02
medium 0.21 0.10 0.06| 0.09 0.05 0.04| 0.06 0.15 0.04
high 1.18 0.85 0.55| 0.61 0.33 0.22] 0.39 0.28 0.25
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Table VI
Time Series Tests of Three and Four-Factor Models for Dispersion Equal-Weight Quintiles

This table reports estimates of the Fama-French three factor model, as well as a four factor model,
E(Rt — Rrt) = bim (Ru — Re) +SSML + hiHML; + mUMDy, for monthly excess returns on the
equal-weight dispersion quintileRy — Re is the CRSP NYSE/AMEX/Nasdag value weight
index. HML and SMB are created using the same methodology as Fama and French (1996).
UMD represents the momentum premium; it is the difference between the return on a portfolio
comprised of stocks with high returns fram 12 tot — 2 and the return on a portfolio comprised

of stocks with low returns frorh— 12 tot — 2. The dispersion equal-weight quintiles are formed

as in Table Il. The sample period is February 1983 to December 2000. Stocks with a price less
than 5% are excluded from the sample, &sthtistics (Newey-adjusted) are in parentheses.

Factor Sensitivities

Portfolio Alpha (%) Market SMB HML UMD Adj. R2 (%)
D1 (low dispersion) 0.13 1.06 0.32 0.26 88.42
(0.88) (39.78) (3.17) (2.83)

0.27 1.06 0.33 0.21 -0.13 89.18
(2.14) (43.33) (4.17) (2.50) (-2.01)

D2 0.03 1.06 0.40 0.22 92.64
(0.30) (44.13) (5.76) (2.95)
0.17 1.06 0.41 0.17 -0.12 93.35

(157) (56.96) (7.98) (2.44) (-2.81)

D3 -0.07 1.08 049  0.15 95.08
(-0.82) (42.71) (6.59) (2.91)
0.09 1.07 051 009  -0.14 95.94

(1.26)  (52.92) (9.46) (1.98) (-4.12)

D4 -0.18 111 067 0.14 96.47
(-256) (52.79) (12.74) (3.31)
-0.03 1.10 068 008  -0.14 97.17

(-0.40)  (63.19) (19.12) (2.00) (-5.21)

D5 (high dispersion -0.58 1.15 0.88 0.13 93.74
(-4.78)  (38.53) (16.16) (3.19)
-0.35 1.15 0.91 0.05 -0.20 94.92

(-2.62) (45.66) (26.12) (1.11) (-5.18)

GRS(3F)= 5.51
GRS(4F)= 2.62
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Table VII

FM Regressions of Dispersion in Analysts’ Forecasts on Lagged Firm Characteristics
Fama-Macbeth (1973) cross-sectional regressions are run every fiscal year from 1983 to 2000; dispersion in analysts’
forecasts is regressed on various lagged firm characteristics. Analysts’ forecasts are measured 7 months before the
end of the fiscal yeal3 is estimated using the past 36 to 60 months of dstas the lagged fiscal year end market
cap. B/M is the lagged fiscal year end book to market ratR. 1, is the return fromt — 12 months tat — 2
months. RCovis the residual from yearly regressionslofl+ analyst coverageon In(M) andIn(B/M). o(R) is
the std. dev. of daily returns over the past 250 days (lagged one maftthis the average adjusted daily volume
from the last 250 days (lagged one month); a firm’s adjusted volume is volume divided by the mean volume of the
firm’s exchangeTurnis the adjusted average turnover from the last 250 days (lagged one month); a firm’s adjusted
turnover is turnover divided by the mean turnover of the firm’s exchabg@.is the lagged fiscal year end debt to
book ratio.S/A s the lagged fiscal year end sales to assets rafeps is the std. dev. of earnings per share divided
by the absolute value of mean earnings per share over the past fivegi@grs;is lagged one yeaAgeis the mean
age of the forecasts. Newey-Westtatistics are in parentheses. Stocks with a price below $5 are excluded.

B InM  InB/M R_12.» RCov d(R) Vol  Turn InD/B InS/A a(eps Age
0.131
(4.49)
-0.046
(-6.59)
0.075
(3.26)
-0.309
(-5.22)
0.135
(4.86)
0.141
(4.95)
0.005
(2.99)
0.044
(8.20)
0.039
(3.00)
-0.034
(-4.25)
0.005
(2.71)
-0.023
(-1.37)
0.112 -0.025 0.0568 -0.282 0.114
(3.81) (-7.19) (2.66) (-5.40) (5.67)
-0.030 0.005 0.089 -0.221 0.087 0.185
(-1.41) (0.81) (3.29) (-6.04) (5.07) (3.66)
0.080 -0.028 0.059 -0.295 0.089 0.002 0.039
(2.51) (-6.98) (2.53) (-5.78) (4.33) (1.79) (3.42)
0.067 -0.030 0.032 -0.288 0.088 0.002 0.046 0.039 -0.031 0.004 -0.020
(1.90) (-7.85) (1.55) (-6.23) (3.86) (1.24) (3.23) (2.23) (-3.30) (2.89) (-0.80)
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Table VI
Subperiod Analysis

Each month stocks are sorted in five groups based on the level of market capitalization as of the
third Thursday of the previous month. Each size group is then sorted into five subgroups based
on dispersion in analyst forecasts. Dispersion is defined as the ratio of the standard deviation of
analysts’ current-fiscal-year annual earnings per share forecasts to the absolute value of the mean
forecast, as reported in the I/B/E/S Summary History file. Stocks with a mean forecast of zero
are assigned to the highest dispersion groups, and stocks with a price less than 5% are excluded
from the sample. Stocks are held for one month, and portfolio returns are equal-weighted.
The table reports average monthly return differential between stocks in the lowest and highest
dispersion quintile in each size group over the indicated time pertestafistics in parentheses

are adjusted for autocorrelation.

Returns
Time Period| Si(small) S2 S3 S4  S@arge) All Stocks
1983-2000 1.372 0.8% 0.67° 0.48 0.29 o7

(5.98) (3.12) (2.41) (1.55) (0.93) (2.88)

1983-1991 | 154 14128 094 086  0.66° 1.167
(6.11) (5.28) (3.56) (2.62) (1.95) (4.63)

1992-2000 | 1212 037 040 011  -0.08 0.41
(3.14) (0.77) (0.83) (0.21) (-0.16)  (0.86)

abc gtatistically significant at the 1, 5, and 10 percent levels, respectively

Average Dispersion

Size Quintiles

Dispersion All
Quintiles S1 S2 S3 S4 S5 Stocks
1983-1991

D1 (low) | 0.013 0.014 0.016 0.018 0.017 0.015
D5 (high) | 1.434 1.148 0.986 0.938 0.487 1.008

1992-2000
D1 (low) 0.008 0.008 0.009 0.010 0.010 0.009
D5 (high) || 1.081 0.780 0.642 0.509 0.437 0.698
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Table IX

Fama-MacBeth Regressions: Explaining the Cross-Section of Individual Stock Returns
Fama and Macbeth (1973) cross-sectional regressions are run every month from February 1980
to December 2000. The cross-section of expected stock returns at time t is regressed on a con-
stant (not reported), mark@ (estimated as in Fama and French (1992)), size (log of market
capitalization at t-1), book-to-market, residual coverage, turnover, the 1-month lag of dispersion
in analysts’ forecasts, the 1-month lag of the standard deviation in analysts’ forecasts, and the
1-month lag of the mean analyst forecast. The (log) book-to-market tatiBE/ME)) is com-
puted by matching the yearly BE figure for all fiscal years ending in calendat y€ehto returns
starting in July of yeat; this figure is then divided by market capitalization (ME) at manthl
to form the book-to-market ratio, so that the book-to-market ratio is updated each month. Resid-
ual coverageResid Cov) is the residual from monthly regressionslo{l+ analyst coverage
onIn(ME) andIin(BE/ME). Turnover {Turn) is the adjusted average turnover from the last 250
days (lagged one month); a firm’s adjusted turnover is turnover divided by the mean turnover of
the firm’s exchange. Standard deviati&td Dev) is the standard deviation of analysts’ current-
fiscal-year annual earnings per share forecastsMawhis the mean analyst earnings forecast.
Dispersion Disp) is the ratio of the standard deviation of analysts’ current-fiscal-year annual
earnings per share forecasts to the absolute value of the mean forecast (observations with a mean
forecast of zero are deleted from the sample). The return on each stock frd@ tot — 2 is
designatedet 1. 2. In addition,ret 1.1 andret_3g. 13 are included to capture the short-term
and long-run reversal effects in individual stock returns. Stocks with a price less than 5$ are
excluded from the samplé-statistics in parentheses are adjusted for autocorrelation.

Resid. Std.
B In(ME) In(BE/ME) ret 12, ret.1 ret.gs_13 Cov. Turn Disp Dev. Mean
-0.156  -0.039 0.065 0.013 -0.037 -0.002
(-0.40) (-0.81) (0.80) (5.62) (-6.25) (-1.96)
-0.164  -0.040 0.069 0.013 -0.037 -0.002 0.008
(-0.43) (-0.83) (0.85) (5.59) (-6.27) (-1.93) (1.17)
-0.061  -0.033 0.094 0.013 -0.037 -0.002 0.012 -0.096
(-0.18) (-0.69) (1.10) (5.84) (-6.36) (-1.51) (1.70) (-1.41)
-0.049 -0.036 0.094 0.013 -0.037 -0.002 0.012 -0.096 -0.094
(-0.15) (-0.74) (1.09) (5.67) (-6.36) (-1.64) (1.71) (-1.43) (-2.31)
-0.201  -0.031 0.108 0.014 -0.121
(-0.46) (-0.63) (1.22) (1.74) (-2.70)
-0.121  -0.025 0.116 -0.069 -0.118
(-0.31) (-0.50) (1.30) (-0.96) (-2.71)
-0.192 -0.029 0.107 -0.119
(-0.43) (-0.61) (1.20) (-2.62)
-0.001  -0.045 0.109 0.012 -0.038 -0.002 0.011 -0.087 -0.447 0.042
(-0.00) (-0.95) (1.29) (5.39) (-6.66) (-2.04) (1.53) (-1.33) (-2.07) (1.19)
-0.013 -0.039 0.153 0.016 -0.075 -0.649 0.060
(-0.04) (-0.82) (1.74) (2.11) (-1.07) (-2.93) (1.49)
-0.081 -0.041 0.147 -0.662 0.056
(-0.20) (-0.86) (1.67) (-2.76) (1.31)
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