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Abstract

In this paper we model return-earnings regressions in a setting in which
analysts’ forecasts are used to proxy for investors’ expectations. We show
how disparities between investors’ and analysts’ information sets could
affect the regression coefficients and the R?. Our findings provide new
and untested implications as well as providing insights into recent return-
earnings evidence in the empirical literature.
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1 Introduction

In this paper we theoretically examine the implications of using earnings forecasts
as proxies for investors’ beliefs in explaining stock returns. This study is motivated
by the large number of empirical capital market studies in accounting that have
used analysts’ earnings forecasts when attempting to understand the relation between
stock returns and accounting earnings. Analysts’ earnings forecasts are often used
to empirically investigate the return-earnings relation because researchers can not
directly observe investors’ expectations of the forthcoming earnings. In the typical
empirical study, stock returns are regressed on the error in analysts’ earnings forecasts.
Thus, we explicitly model regressions of stock price change on earnings surprise based
on earnings forecasts that reflect the underlying information environment of investors
and analysts. In particular, we use the precision of public and private information
available to investors and analysts to derive expressions for four commonly used
measures of the price reaction to an earnings disclosure, namely, the variance of price
change, the earnings response coefficient, the reverse-regression response coefficient,
and the R? of the return-earnings regression.

We model a financial market that is similar to that in Kim and Verrecchia (1991,
hereafter KV). As in KV, we derive an expression for price change that is based on
the relative importance of the earnings information to the total information about
the liquidating dividend. The information structures of investors and analysts in
our model are similar to the model in Barron, Kim, Lim and Stevens (1998, hereafter
BKLS). That is, each agent observes public and private signals about the forthcoming
earnings. The advantage of using this information structure is that the results of our

model can be tied to the observable forecast variables suggested by BKLS.



The only other study in the literature that explicitly relates investors’ beliefs to
characteristics of analysts’ forecasts is Abarbanell, Lanen and Verrecchia (1995, here-
after ALV). ALV model this relation by assuming that investors observe earnings
forecasts that are in the form of exogenous signals with common and idiosyncratic
error terms. Investors observe the signals and, as a result, their beliefs incorporate
the forecasts. This study makes contributions distinct from ALV in three important
directions. First, our model incorporates analysts’ earnings forecasts that are en-
dogenously determined by the underlying information environment. Second, while
investors observe the analysts’ forecasts as in ALV, they may not infer all of the
information possessed by analysts. Thus, we analyze how investors learn from ana-
lysts’ forecasts and the effect of such learning on the return-earnings relation. Third,
as mentioned above, this study utilizes the information structure in BKLS so that
the results can be used to generate testable hypotheses regarding how analyst fore-
cast measures are related to the return-earnings relation. The explicit analysis of
four measures of the market reaction to an earnings disclosure used in the empirical
literature also contributes to the specificity of these testable hypotheses.

We obtain two major results. First, we show in Observation 2 that using the
mean analyst earnings surprise causes both the ERC and the regression R? to be
amplified by a factor determined by the degree to which idiosyncratic surprises are
not accounted for because they are diversified away from the mean forecast (i.e.,
because of using multiple forecasts). Second, we also show that a regression based
on the mean analyst earnings surprise generates £RC and R? smaller than the true
informational importance of earnings to investors under the assumption that there is
certain information observed by investors but not reflected in earnings forecasts. If

such information asymmetry between investors and analysts is significant, it provides



another reason why both the ERC and the R? are small in most return-earnings
regressions (e.g., Easton and Zmijewki 1989, Lipe 1990, and Kothari and Sloan 1992).
Moreover, we argue that this asymmetry-related factor can cause non-linearities in
the price reaction to the magnitude of earnings surprise (e.g., see Freeman and Tse
1992).

We begin the analysis in Section 2 by describing the model and the equilibrium
market prices. In Section 3 we consider different measures of earnings surprise and
their properties. In Section 4 we examine the regression metrics generated by different
measures of earnings surprise and, in particular, analyze the effect of using forecast
proxies on the FRC and R?. In Section 5 we provide empirical implications of our

results, and conclude in Section 6.

2 The Model and Market Equilibrium

We use a model of the financial market similar to that of Kim and Verrecchia (1991).
In this section we describe our model and highlight the features of the rational ex-
pectations equilibrium we exploit in our analysis of the return-earnings relation. All
proofs are in the appendix.

In our model there are three time periods and two assets, a risky asset traced
to the terminal value of a firm and a riskless bond. One unit of the riskless bond
pays off one unit of consumption good in period 3. The value of the risky asset is
determined by the terminal value of the firm, u, which is a random variable. Trading
occurs in periods 1 and 2 and the realization of u occurs in period 3 along with
final consumption. During period 2 the firm discloses an earnings report, ¥, which is

about the terminal value of the firm, u. In this economy there are I investors and N



financial analysts, where I = co and N < oco. The timeline of events in our model

appears in Table 1 and a summary of the variables is presented in Table 2.
[Place Tables 1 & 2 About Here]

In our model information about the return, u, of the risky asset is obtained in
the form of information about earnings, ¥y = u + 7, where 77 is a random variable
representing the noise in the earnings. Five events occur in period 1. First, investor
1 is endowed with E; riskless bond and z; risky asset. The average risky endowment
in period 1, x1, is a random variable that is normally distributed with mean 0 and
precision t;. This randomness in the risky asset supply prevents the prices of the
risky asset from fully revealing all private information in the market. Second, analyst
a=1,2,...,N, observes three signals about earnings, w, = § + 7., W = y + I/, and
Za = Y+&,. Signal w,. is observed by all analysts and all investors, signal w’ is observed
by all analysts but not by investors, and signal z, is observed privately by analyst
a. Third, each analyst announces his forecast of earnings, denoted by ﬁa, based on
his knowledge. Fourth, investor i also observes three signals about the forthcoming
earnings, namely, W, = y+V., w = y+v, z; = y+¢&;, as well as the N earnings forecasts
Es. Signal w, is observed by all analysts and all investors, signal w is observed by all
investors but not analysts, and signal z; is observed privately by investor ¢. However,
individual investors extract some of the analysts’ exclusive information, @' and z,’s
by observing their earnings forecasts. We assume for simplicity that the liquidating
dividend, u, the earnings noise, 7, and the error terms of the above signals, v,,
v, U, &, and &, are all mutually independent and normally distributed with mean
(@,0,0,0,0,0,0) and precision (h,n, m.,m',m,s,,s). Fifth, the market opens and

investors trade at competitive market price ﬁl, which provides another public signal



to investors (g; with precision 55).

Two events occur in period 2. First, the firm publicly discloses an earnings report
y = u+mn. Second, the market opens again and investors engage in trade. The average
risky asset supply in period 2 is T2, which is normally distributed with mean 0 and
precision t5 and is independent of Z; and all other random variables.® In period 3, @
is realized, the firm is liquidated, and consumption occurs.

Investors are risk averse (negative exponential utility function) with risk tolerance
r. Market prices are linear functions of the average of all information signals of
investors at the time of trading and of the supply noise in the period. Traders
condition their expectations on the market price of the risky asset as well as on their
available information, and make self-fulfilling conjectures about the relation between
prices and investors’ information.

There are a number of differences between our model and those of KV and ALV
that should be noted. First, we assume that investors’ and analysts’ information
is about the forthcoming earnings instead of about the liquidating dividend of the
risky asset.?  Second, we assume that investors’ risk tolerance and the precision
of their private information as well as the precision of analysts’ private information

3 Third, unlike ALV, we explicitly model how investors learn

are homogeneous.
from earnings forecasts in a very general situation where information asymmetries in
opposite directions originally coexist between investors and analysts.

In order to analyze the equilibrium in this model, we first examine analysts’

1 Assuming correlated aggregate risky supplies between periods 1 and 2 does not qualitatively change

the results.
2 We make this assumption to explicitly relate market prices to observable forecast variables includ-

ing forecast dispersion and error in the mean forecast. Assuming that there is private information
about the liquidating dividends in addition to information about earnings does not qualitatively

change the results.
3 This assumption is made for simplicity, for we do not focus on the asymmetry in investors’ risk

tolerance or in the quality of investors’ or analysts’ private information.



earnings forecasts and how investors learn from them. We assume that analyst a’s
forecast, denoted by ﬁa, is simply his or her expectation of earnings conditional on

the information in their possession. That is,
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where u and ;7% = ;——— are the prior mean and the precision of earnings y,

respectively. For simplicity, we assume that all N analysts announce their forecasts
simultaneously and thus their forecasts are not affected by information obtained from
the observation of other analysts’ forecasts.*

The mean analyst forecast, ﬁza, can therefore be expressed as

h J—
”u+m(,w(,+mw —|—Nza 1SaZa

an — NZ_: (2)

We show in the appendix that investor ¢’s information in period 1 about the forth-
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4 Since there are information signals, w. and w’, common among analysts, this assumption of
simultaneous announcements of earnings forecasts is not overly restrictive.



where ¢; is the normalized price signal in period 1 and B is a positive number de-

termined in a rational expectations equilibrium by B = (#) é as shown in the

appendix. Equations (3) and (4) show that an individual investor’s information in
period 1 consists of the prior (@ with precision }ﬁ—"n), directly observed public and
private signals (w., w, and z; with precisions m., m, and s, respectively), the price
signal (g, with precision %), and information obtained from the earnings forecasts.

An analysis of these first four equations shows how investors learn from analysts’
earnings forecasts. As can be seen from equations (1) and (2), analysts’ forecasts
contain both information also possessed by investors, namely, the prior @ and w,,
and information possessed only by analysts, namely, @’ and z,’s. Investor 7 processes
observed forecasts first by filtering out the components due to @ and w,., because
investors have direct access to this information. When there exists information com-
mon among analysts and also information private to individual analysts, investors
are unable to extract the entire information observed by analysts as a whole (i.e., @’

and all N z,’s) from earnings forecasts alone. In other words, the precision achieved

from observing N forecasts is less than the total precision of w’ and all N z,’s, i.e.,

ys, _2(N — D)m's,
(M) (m' +s,) — (m'+ Ns,) = ( Jm's <0

m’—i—sﬁ” m’+sﬁ“

for N > 1. This is due to the fact that an individual analyst’s relative weighting of
w’ and z, by their respective precision m’ and s, persists throughout the process-
ing of earnings forecasts by investors, and this weighting overweights w’ (and thus
underweights z,’s).”

The equilibrium price in period 1 is computed in the appendix to be the expec-

tation of the liquidating dividend conditional on the available information perturbed

5 See Kim, Lim and Shaw (2001) for a detailed discussion of the underweighting of private informa-
tion in aggregating forecasts.



by supply noise. That is,
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where 11, is the average of fi;; across all investors.
After the earnings announcement in period 2 investor i’s expectation about the
liquidating dividend is
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because earnings, ¥, is a sufficient statistic for signals w.., w, W', z;, z,, q1, g2 and the
earnings forecasts, Fi,- - -, Fiy. The equilibrium price in period 2 then becomes
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which is again the expectation of the liquidating dividend perturbed by supply noise

in period 2.

From the proof in the appendix, price change can be written as
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From equation (5) the variance of price change can be calculated as
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where ¥ = (K + 5+ - m (h +n)2 + TQ s n2 )/ K, which reflects the noisiness of the market

due to the presence of supply noise. Equation (6) shows that the variance of price
change can be expressed as the product of three terms: the square of the relative

precision of the disclosed earnings the overall uncertainty of earnmgs —, and the

h+ ’
noisiness of the market . Noisiness is greater than 1 because price variance arises
not only from the arrival of earnings information but also from the presence of supply

noise in periods 1 and 2.

3 Measures of Earnings Surprise and Their Prop-
erties

In this section we analyze four different measures of earnings surprise, including
two that are based on the underlying expectations of investors. Despite the fact
that investor expectations are not directly unobservable, this analysis is important
because it is the effect of earnings information on investor expectations and market
outcomes that accounting researchers intend to examine in return-earnings studies.
By examining earnings surprise measures based on both investors’ expectations and
analysts’ forecasts, we are later able to analyze the effect on the return-earnings
regression of using analysts’ forecasts as a proxy for investors’ expectations.

We define earnings surprise, denoted by UFE;, based on an individual investor’s



expectation as
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and also define earnings surprise based on the average investor expectations, denoted

by UEEia as
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We now write two measures of the earnings surprise based on analysts’ expecta-
tions. One based on an individual analyst’s earnings forecast, denoted by UFE,, can

be expressed as
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Also, earnings surprise based on the mean forecast, denoted by UFs,,, can be expressed
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as
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An examination of the above four measures of earnings surprise reveals two kinds of
differences among the measures. First and most importantly, the pronounced differ-
ence between the hypothetical measures of earnings surprise based on unobservable
investors’ expectations in equations (7) and (8) and the proxy measures based on
observable analysts’ forecasts in equations (9) and (10) arises from the asymmetry
of information between investors and analysts. This can be seen clearly from the
denominators of the respective expressions. The denominators are the total precision

achieved by an individual investor or analyst. The difference in the total precision is

hn t m' + s,)? hn
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which represents the information available to an individual investor but not reflected
in individual analysts’ forecasts.

The second difference among the four measures is between surprise based on the
expectations of an individual investor/analyst and surprise based on those of the
average investor/analyst. This difference is caused by the cancelling of idiosyncratic
errors in the formulation of the average. Investors’ idiosyncratic errors are completely

eliminated in equation (8) due to the large (i.e., infinite) number of investors, while
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analysts’ idiosyncratic errors are only partially cancelled in equation (10) due to the
small (i.e., finite) number of analysts.

In order to analyze the regressions of price change on the above four alternative
measures of earnings surprise, we first consider the covariance of price change and

earnings surprise.

Lemma 1 The covariance of price change and earnings surprise is the same for

all four measures of earnings surprise. That is,

CO’U(ﬁQ — ﬁl, UEI) = OO’U(ﬁQ — ﬁl, UEZz)

~ = ~ = 1
= Cov(P, — P1,UE,) = Cov(P, = P, Ug,) = - Z — .

In fact, the covariance remains the same for any measure of earnings surprise based
on the expectations of a person who observes a subset of the investor’s information,
and the same for any measure based on the average expectations of such persons
possessing information of the same quality. Also, the presence of error in the measure

of earnings surprise unrelated to price change does not change the covariance.

In order to understand the reasoning behind Lemma 1, consider the expression for
price change in equation (5). Since the supply noise in period 2 is not correlated to
earnings surprise, Lemma 1 is obtained if the covariance of the first term of equation
(5) (in particular, the numerator of the bracketed term) and earnings surprise is the
same for different measures of earnings surprise being considered. This turns out to
be true because both price change and a measure of earnings surprise properly weight
different information according to its precision. For example, a surprise based entirely
on the prior can be thought of as y —u, and the covariance of the above expression and
the measure is 1 because the weight % is the inverse of the variance of y — . This

holds for any measure based on expectations, including the individual expectations
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in equations (7) and (9), using different combinations of different information signals
observed by an investor. The same holds for an average measure such as equations
(8) and (10), because idiosyncratic errors of an individual are not correlated with
price change. The same is also true for measures of earnings surprise that contain
other errors or noise unrelated to price change including ones with non-zero means
(i.e., biased).

The variances of different earnings surprise measures, however, differ depending
on the extent of information impounded and also on the extent of price-unrelated

errors contained in the measure. The following lemma states the results.

Lemma 2 The variances of the four measures of earnings surprise are, respec-
tively,
1 1 K-—s
V UEZ = 5, V UE i) = — - ,
ar(UE;) 7 ar(UEs;) % R
1 1 K,—(1—%)s,
Var(UE,) = —, Var(UEs,) = — - N-_ 2
ar(UFE,) e ar(UFx,) e e
where K, = % + m, +m/ + s, is the precision of an individual analyst at the

h+n

time of the announcement of his or her earnings forecast. These expressions show
that the variance of a measure based on individual expectations is the inverse of the
total precision of the individual, and the variance of a measure based on average
expectations is the inverse of the total precision of one individual multiplied by a factor
(less than one if the individuals possess idiosyncratic information) that accounts for

the fact that idiosyncratic errors are diversified away in the averaging process.

Lemma 2 says that the variance of the measures of earnings surprise is determined
by the quality of the information possessed by those from whose expectations the
surprise measure is constructed. Averaging over expectations of individuals possessing

information of the same quality reduces the variance because some idiosyncratic errors
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are diversified away in the process. Of course, the presence of an error in the measure
unrelated to price change increases the variance. The next lemma shows that the

above variances can be clearly ranked. The proof is in the appendix.

Lemma 3 The variances of earnings surprise for the four measures of earnings

surprise can be ranked as
Var(UEy;) < Var(UE;) < Var(UEs,) < Var(UE,)

for s >0, s, >0, and N > 1.

The reason for the first and the third inequalities is the fact that mean expectations
are more precise due to the diversification of idiosyncratic errors. The second inequal-
ity is true due to the fact that the mean expectation of analysts is still inferior to
the expectations of an individual investor, because each investor observes the mean
forecast.

Given the above three lemmas, we are ready to analyze the differences among
regression metrics using different measures of earnings surprise which we turn to in

the next section.

4 Regression Metrics for Different Measures of Earn-
ings Surprise

In this section we consider how the use of different measures of earnings surprise
affect regression metrics such as the regression coefficient and the R?. First, consider
regressing price change on earnings surprise. Two regression metrics, namely, ERC'

and the R?, are now defined as

COU(ﬁQ — ﬁl, UE)

ERC =
e Var(UFE)

14



and

~ ~ 2
CO’U(PQ — Pl, UE)

R2_

B Var(P, — Py) - Var(UE)

Also, considering the reverse regression to the above (i.e., one regressing earnings

surprise on price change), the reverse regression coefficient, denoted by RRC, is
defined as

OO'U(?Q - ﬁl, UE)

RRC = ——
VCL’I"(PQ — Pl)

We use appropriate subscripts for the above three constructs depending on the mea-
sure of surprise.

The following observation is obtained immediately from equation (5) and Lemmas

1 and 2.

Observation 1 Consider four different sets of regressions in our model, with
respect to price change and a different earnings surprise measure: one based on in-
vestors’ mean expectation of earnings (with subscript 3i), one based on an individual
investor’s expectation of earnings (with subscript i), one based on the mean analyst
forecast (with subscript Ya), and one based on an individual forecast (with subscript
a). Then, the theoretical regression coefficients of the standard and the reverse re-

gressions and the R?*s are as follows:

n n K
E s = E 5 — * 3
RCs h+n’ RO h+n K—s’
n K, n K, K,
ERC, — e FERCy, = —— - —2- .

h+n K ““h+n K K, (1—2)s,
1
RRC; = RRCy; = RRC, = RRC', — ,
¥
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and

1 1 K
2_— 2.:—-
=3 hi=3 k=%
, 1 K, , 1 K, K,
R?= - .2 = = —
UK VK K,—(1-3)s,

where K and K, are the precision of an individual investor’s and an individual an-
alyst’s information, respectively, N is the number of analysts forecasting, and

2

K+ s+ r2t; (TILH—TL)2 + 7“2}1;2”2
K )

v

where W reflects the noisiness of the market due to the presence of supply noise.

Observation 1 and equation (6) reveal major differences among measures of the mar-
ket reaction to an earnings disclosure often used in the literature, namely, the variance
of price change, the earnings response coefficient, the R? of the return-earnings re-
gression, and the reverse regression coefficient. First, the relative precision of earnings
i directly affects the variance of price change and the FRC' (and inversely affects
the reverse regression coefficients) but does not affect the R?. This is due to the fact
that the ERC measures the magnitude of the impact of earnings on price while R?
is simply the fraction of the variation in price change that is explained by earnings
surprise, and is thus not affected by 72, a measure of the strength of the earnings
impact. Second, the level of earnings uncertainty among investors % has a distinctive
positive effect on the variance of price change but no similar effect on the ERC' or
the R?, again due to the fact that both the ERC and the R? are ratios of terms each
of which is affected similarly by earnings uncertainty. Third, noisiness increases the
variance of price change and decreases the R?, but has no apparent effect on the FRC.

Finally, the diversification of idiosyncratic errors has little relation to the variance of

price change but has a distinctive effect on both the ERC and the R2.
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The following observation follows from Observation 1 and Lemma 3.

Observation 2 The theoretical earnings response coefficients and R?s of the re-

gressions based on four measures of earnings surprise can be ranked as
ERCs,; > ERC; > ERCs, > ERC, (11)
and
R%, > R? > R%, > R% (12)

for N > 1. In particular, the average (aggregate) earnings surprise measures generate
greater earnings response coefficients and R?s than those based on individual earn-
ings surprise measures due to the diversification of idiosyncratic errors in the mean
expectations. That is,

ERCy; R: K
ERCZ N R? N K—s

> 1 (13)

and

ERCs, R K,
ERC, = R  K,—(1- L), (14)

for N > 1. Also, the effect of using forecast proxies for investor expectations is to

decrease the regression coefficient and R? by the degree to which investors possess

information that analysts do not have. That is,

i

ERC; R}
ERC, R?

K
=—>1. 1

Observations 1 and 2 constitute the main results of this paper. The unambiguous rank
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ordering of the earnings response coefficients and the R? occurs because the quality
of the information reflected in the four surprise measures can be clearly ranked in
the order of the aggregate investors, an individual investor (who observes the mean
forecast), the aggregate analysts, and an individual analyst.

In light of the above observations, we examine in the next section their empirical
implications with respect to the most commonly used return-earnings regressions in

the literature and to some empirical results closely related to our findings.

5 Empirical Implications

There are several empirical implications of the model presented here. First, the
model provides guidance in choosing an efficient proxy for earnings surprise and
interpreting regression results based on such proxies. Since we explicitly link earnings
forecasts with price change in our model, our results are much more specific and
readily applicable than prior studies such as Marshak and Miyasawa (1968) and Patell
(1979).°  For example, we compare a surprise measure constructed from an individual
forecast with one constructed from the mean of multiple forecasts made during a
certain time period immediately before an earnings announcement. Observation 2

says that the use of mean forecasts results in a greater ERC' and a greater R? by the

Kq

KTy This obtains because, while the covariance of price change and
a N a

ratio of
surprise is the same between the two measures of surprise, the variance is smaller

for the mean proxy resulting in greater FRC and R2.7 In order to more fully utilize

6 Patell (1979), for example, provides a set-theoretic analysis and gives sufficient conditions for

which different proxies can be ranked.
7 One caveat in applying this result is that our model ignores the variance of a surprise measure

arising from the heterogeneity of the sample firms in their return/earnings/forecast generating pro-
cesses. It is thus possible that a measure constructed from mean forecasts has a greater variance
than one constructed from an individual forecast if such heterogeneity significantly increases the
variance. However, as long as a study is designed to avoid an undue influence of heterogeneity of
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our results, we recommend that a researcher examine the covariance and the variance
above separately. For example, consider a situation where researchers expect analyst
forecasts to be biased. To the extent that the biases are uncorrelated with returns
(which happens, for example, if investors recognize and undo the biases), the biases
would not affect the covariance. However, the variance may increase if biases are not
uniform across the sample and constitute an additional source of noise.

Our model also provides insights into prior empirical work examining the earnings-
return relation. For example, a related empirical result is from O’Brien (1988), who
regresses forecast errors and time-series based earnings surprise, respectively, on ab-
normal returns and finds that the regression coefficient is larger for time-series based
surprises. This empirical result may appear counter-intuitive. But a time-series based
measure of earnings surprise can be thought of in our model as one based on a much
smaller subset of investor information. Lemmas 1 and 2 show that the covariance in
this case would be the same for both measures, and thus (as in Observation 1) the
coefficients of the reverse regressions are the same for the two measures. Though this
does not explain O’Brien’s result, it points out that there is no clear reason to expect
the opposite to occur.®

Finally, to more directly link our model to the empirical domain, we rewrite the
expressions for ERCy, and R%, in Observation 1 (from the common return-earnings

regression using the mean analyst earnings surprise as the independent variable) in

the sample, the economic factors that we have identified above would mainly determine regression

metrics.
8 Also, in a supplemental analysis not reported here we find that, if there is information impounded

in analysts’ forecasts but not learned by investors, the reverse regression coefficient is greater for
forecast-based surprise measures based on a smaller set of information (e.g., a time-series measure)
than for an analyst-based forecast error, which is consistent with O’Brien’s (1988) observation.
This occurs because the covariance of price change and forecast error is decreasing in the degree of
information asymmetry in this direction (i.e., investors failing to fully utilize forecasts), while it is
not affected by information asymmetry of the direction analyzed in this paper (Lemma 1).
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terms of an individual analyst-based surprise measure, the (expected) across-analyst
correlation in forecast errors p (or BKLS consensus), and the precision of analysts’

information K, (which BKLS also suggest how to measure):

n Var(UE;) n K, 1 1
ERCzq = : - e ERC, ———, (16
2 h+n Var(UEs,) h+n K (p—i—%) <p+1;]\7p) (16)
and
1 E; 1 K 1 1
Ri= o ) _ e =R (17)

U Var(UBs,) ¥ K (p+%2) ° (p+52)
Equations (16) and (17) identify factors that influence ERCs, and R%,. For example,
from the third equalities of the above equations, respectively, ERCY, and R%, are
both negatively (positively) related to BKLS consensus (the number of analysts) if
the corresponding earnings-return metrics based on individual forecasts (or ERC,
and R?) are employed as controls.

The above equations generate additional interesting implications regarding in-
formation asymmetry between investors and analysts. In general, investors learn
from earnings forecasts and, in addition, possess their own exclusive information not
reflected in earnings forecasts. It is likely that information reflected in analysts’ fore-
casts and investors’ exclusive information differ in sources and are thus subject to
different institutional factors. As a result, if a sample of firms is divided into two

subsamples based on forecast characteristics, the two subsamples may generate dif-

ferent ERCy, and R%, due not only to possible differences in i and %, but also
to likely differences in % and/or 2. We will discuss these two ratios in the

remainder of this section in relation to some reported empirical observations in the
extant literature.
First, consider two samples differing in the magnitude of earnings surprise mea-

sured as forecast error. Then, from the first equalities of the above equations, it is
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likely that the sample with large surprises would exhibit smaller VM(UE”), and thus

Var(UBxq)
smaller ERCy,, and R%,. This is related to the observed non-linearities in ERC's like
those reported by Freeman and Tse (1992). The typical explanation given for these
non-linearities is that large earnings surprises are associated with less precise earnings
announcements (i.e., lower n). Such an inverse association between n and Var(UEy,)
may be present. However, it is important to note that large surprises may also be
associated with lower FRC's because large surprises reflect greater pre-announcement
information asymmetry between investors and analysts.

Second, the measurement error when using a proxy for earnings surprise based
on mean forecasts can be expressed in our model as UEy, — UE;. Not surprisingly,
we can show that the variance of the measurement error relative to the variance of
UFEs, moves in the same direction as 1 — % This is intuitive because, on average,
the relative magnitude of measurement error in a forecast-based surprise proxy is an
increasing function of the degree of information asymmetry, i.e., the proportion (in
terms of precision) of investors’ information not possessed by analysts and thus not
reflected in their forecasts. Since both ERCS, and R%, are increasing in 52 by the
second equalities of equations (16) and (17), these two regression metrics would also
be decreasing functions of the magnitude of the measurement error in using forecast
proxies.

Because the error in measuring investors’ expectations through the mean analyst
forecast is not directly observable, forecast dispersion is sometimes used as a proxy.
From BKLS we can write the expected forecast dispersion as D = (1 — p)/K,. Since
D is decreasing in K,, our model suggests that ERC's, may be negatively related
to forecast dispersion through K, due to the presence of measurement error. This

argument is consistent with the documented negative association between forecast
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dispersion and ERC's in Imhoff and Lobo (1992) and Bartov et al. (2001) and the

interpretation of such findings by Barron and Stuerke (1998).

6 Conclusion

In this paper we model the market price reaction to earnings announcements uti-
lizing an information structure that is flexible in capturing the private and public
information available to investors and analysts. This setting helps us analyze how the
use of earnings surprise measures constructed from analysts’ earnings forecasts as a
proxy for investor earnings surprise affects the regression coefficient and the R? in
the return-earnings regression. The results of our model provide intuition for con-
structing improved tests of the return-earnings relation and for correctly interpreting
previously obtained empirical results. In particular, our model can assist empirical
researchers in determining an appropriate metric to use when detecting and measur-
ing the return-earnings relation using analysts’ forecasts. For example, our results
suggest that the variance of price change and the ERC' are appropriate measures
when attempting to capture the relative importance of earnings announcements to
returns. The measures, however, suffer from different shortcomings. The variance of
price change is likely to be influenced by investors’ preannouncement earnings uncer-
tainty and market noise, whereas the ERC' is likely to be influenced by the extent to
which investors have information other than that provided by analysts. In contrast,
our results suggest that the R? is not a suitable matric for measuring the relative
importance of earnings.

The results presented here provide an alternative explanation for why the ERC
and R? in prior empirical studies of the return-earnings relation are generally low.

We find that the FRC and the R? in the return-earnings regression using the mean
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analyst forecast to measure earnings surprise are inflated by the diversification of
individual analyst errors and deflated by the presence of information asymmetry be-
tween investors and analysts. Thus, rather than indicating low precision or usefulness
of earnings, low ERC and R? results could be reflecting high measurement error due
to this information asymmetry between investors and analysts.

The very applied nature of our analysis and results helps formalize the existing
intuition and is likely to stimulate further thought by empiricists. Nevertheless, direct
applications of our results will require caution. For example, many of our variables,
including market reaction variables (price change, regression coefficients and R?) and
forecast variables (forecast dispersion and mean forecasts), are related through more
primitive variables in our model (h, n, m., m, m’, s, sy, t;, and N). Thus, in some
cases it may be difficult to design tests in which certain information variables are

effectively distinguished from others and controlled for.
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Appendix A

Calculation of Rational Expectations Equilibrium:

Let the linear conjecture of ]31 and ﬁg be written as

N
~ B B B B 1 B B
P =+ By + 0.+ 0w+ 0w + 6 - N E SaZa — Y121

a=1

and
ﬁQ = QU + 6237— ’)/Qfg.
Also, let
@Ei(ﬁl—alﬂ—H@ —9@—0’@’—6-i§:s Zy) = u+1n— BTy
/61 C (64 Na:1 a~a bl
where B = 11, and

- By

1 -~ ~
qQE/B—(PQ—OZQﬂ):u+T’_BQx27
2

where By, = %
2

In period 2

fip; = E[|@,, @,%, Fy,- - - Fx, P, 7, Py

= E[a|@cvw7z:ﬁla' ' ',ﬁNﬁu@ 62]
hi + ny

= Blui = h+n

Y

and
K2 = Var_l[a|acvwvzaﬁlv v '7ﬁN7 ﬁlaga ﬁ2] = Var_l[a|m =h + n,

because the earnings signal released at the beginning of period 2, v, is a sufficient

statistic for signals w., w, z;, ¢i1, and g and also for earnings forecasts, Fi,- - -, Fy.
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By the convenient properties of the normal distribution and the exponential utility

function, investor ¢’s demand in period 2 is
Dy = 1K (fig; — Py) = r(ht +nj — Ko Py).
The market clearing condition gives
Ty = Avr[Dy;] = r(hT + nij — Ko Py).

This can be rewritten to give us the rational expectations equilibrium price in period
2:
B — hu+ny — =2 .
h+n

The period 2 price, ]52, is simply the weighted average of the common prior about
the liquidating value of the security, %, and the common information contained in the
earnings report about this value, y (less the noise term, 3—2 /(h+n)). Again, this is
because v is a sufficient statistic for all prior signals received by investors about these
earnings.

Regarding the period 1 price, 151, investor ¢’s problem at time 1 is to maximize
the expected utility with respect to Dy;:
E[Ui(M)|wcvwvzaalvFlv oo '7FN]

- 1 B o o B

=L |—exp {—;[Ez + (P — P1)Dy; + (u — P2)D2i}}‘ We, W, zi, @1, Fr, - - ';FN:|

B o~ ~ Dy Ko =\l - o~
=F — exXp {_7+(P1—P2) /]"1 —72([1/27;—PQ)Q}‘wc,w,Zi;quFly'";FN:|

E. — . ~ ~
—E|—exp d =2 (P — iy 22 22 2 o\ s G By F
G‘Xp{ , +( 1 ,UQZ+TK2) r 2 (T’KQ) } We, W, 2,41, L1, ) N:|7

where W; is investor i’s wealth in period 3, 1y = E(Q'ZWC,@,Z,@,E,- . -,ﬁN), and

the second equality follows from the law of iterated expectations. This expression has
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only two random variables, fi,; and Ty (because P, has been observed at this point).

However, 5 is independent of all other variables, and we have

- I n -
EN‘NC ~~i;~7F7"'7F = 'E~~ca~7~iv~7F7"'7F
[/’L21|w7w72 q1 1 N] h+n+h+n [y|w w, zi, 1 1 N]
~ hu A+ npy,
 h4n
and
2
~ e~ e e~ = ~ n 1
Var(u2i|wcawaziaqlan'"7FN) = (h+n) ?7
where

K = Var(y|w., w, zZ;, ¢, ﬁlv i ',ﬁN)

tp (M + s4)?
= Fme+mt s+ o b 2
h+n B? m' + %

is the precision of an individual investor’s information about the forthcoming earnings

y, and the conditional expectation of u (or y) is
ﬁli = E(a|wc~/@agiuzjl7Fla T 7FN)

- E(g|@caﬂj7ziazjlaﬁlv' : '7ﬁN)

hn — ~ ~ i~y t '+ 1751 1 N i~g
T+ G+ il + %+ S+ (2 ) [+ D s

- (m/+54)2
m/+32

hn t
n tmetm+s+ 5+

We can now write the expected utility as (omitting terms unrelated to Dy;)

Du\ /1~ - K (h+n\> (-  hu+ni;)°| -
—/exp[( ;)(131—#2@')—7( - ) '{MZi_T;Ll}]dM%:

which can be rewritten as

D\ (p _hu+ni  (Du\* (a)
r Y h+n r 2K
K (h+n\? i + nji n V' Dul
K ) 1i L o
x/exp 2( - > {Mzz hon +(h+n) TK} dfiy;-
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The integrand above is a multiple of a cumulative normal density, which is not a
function of Dy;. By differentiating the exponent with respect to Dy; and setting it
equal to zero, aggregating over investors, and equating the aggregate demand with
the aggregate supply, we have

ﬁ_hﬂ—i_nﬁl n 2%1
YT h+n h+n) rK’

where 1, is the average ji;; across all investors. Price in period 1 can then be rewritten

as

ﬁ—i n 5+ " a4+ s+t—1 7+ mu, + mw
'K \h+n n h+n B2 )Y ere

N
m + s, Lo 1 _ t n _
+<m’+sﬁa> {mw +N;saza} <B+r(h—l—n)>x1]'

Since the conjecture about B has to be true in equilibrium, we have

t n
El + r(h+n)

B=——"%
B2

Thus, we obtain

Proof of Lemma 3:

It is easy to see Var(UFEx;) < Var(UE;) and Var(UFEy,) < Var(UE,) from Lemma

2. The remaining inequality to prove is Var(UE;) < Var(UEs,).

1 K,—(1-3%)s,
Var (UE;) = Var(UBs,) = - — (K2 w)s
_ ! K? - KK +(1—1)K
TKEKZ | a Sa
1 K.(K - K,)— (1 1)(K K,) (1 1)K
- KKg a a N a Sa N asa



The inside of the bracket above can be written as

,  Sa 1 hn ,
(K — K,) (h—+mc+m +N)_( _N)Sa(h+n+m0+m —I—sa)
1 —L)s,(m + s, u
(m+5+%+( %,fsﬁ;r ))(h}fn+m0+m/+sﬁ)
—(l—i)sa( i +mc+m’+sa>
N h+n
1 hn ’ a
:<m+s+§) <h+ +mc+m+N)
1—%)Sa a
+(m’—|—Ns)ﬁa {(m’—ksa) (h—+mc+m'+sﬁ>
—(m’ + 22) (h—n+mc+m'+sa>}
N’ \h+
(m+s+—1)( in +mc+m'+ﬁ>+(1_%)282( in +mc>
B%) \h+ N m +3% \h+n

This completes the proof of Lemma 3.
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TABLE 1: Timeline of Events in the Model

Period 1:

—_

. Investor i is endowed with z; risky assets, each with an expected payoff of .
2. Analysts observe: w' (only analysts), w. (all agents), and z,’s (private).

3. Analysts announce forecasts F}’s.

4. Investors observe: w (only investors), w, (all agents), z;’s (private), and F}’s.

5. The market opens and investors trade at price ﬁl.

Period 2:

1. The firm publicly discloses its earnings report .
2. The market opens and investors trade at price ﬁg.
Period 3:

1. The liquidating value of the firm w is realized.
2. The firm is liquidated.

3. Final consumption occurs.
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TABLE 2: Definitions of Variables in the Model

Description of Variables Symbol Definition Noise Term Precision

Financial and Market Variables

Terminal value of the firm (prior) u (mean ) h
Earnings report of the firm n u+n n n
Average endowment of risky asset T1, T (mean 0) ty,to
Risk tolerance of investors T

Information from price (P) Q1 £
Number of investors 1 00

Number of analysts N < 00

Information Signals

Private signals observed by investors Z; y+éE; & s
Private signals observed by analysts Za U+ €y €a Sa
Common signal observed by all agents W, Y+, v, me
Common signal observed by investors w y+v v m
Common signal observed by analysts w' g+ v m/
Earnings Forecasts ﬁa

Information of individual analysts K,
Information of individual investors K

K,=1" 4+ m.+m +s,

h+n
_ im by (el
[(_h—i—n_|—7nc_|—7n—|_8—’_B2 m/+52
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