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Abstract

Local efficiency need not imply cross-sectional efficiency. I develop a model in
which investors specialize in individual firms and learn from local information about
fundamentals that are correlated across firms. Investors are risk-neutral and rational
Bayesians. Each stock’s return is unpredictable from its own history, yet comparing
firms (e.g., ranking them on characteristics) predicts returns. The reason is an
information aggregation wedge: the gap between what all firms’ information implies
about a firm’s fundamentals and what its own investors believe. The wedge survives
arbitrage because processing information across firms is costly. The model explains
why value and profitability complement each other, why firms migrate across value
and growth portfolios, and why anomaly returns concentrate on announcement days.
U.S. stock and analyst data confirm these predictions: firms that are cheap and
profitable relative to industry peers (but not to their own history) earn higher returns,
especially in announcement months. These firms have lower growth forecasts, which
analysts later revise upward.
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1 Introduction

Financial markets display substantial local efficiency: each stock’s price reflects the
information held by the investors who trade it.! T argue that the same markets can display
substantial cross-sectional inefficiency: each stock’s price fails to reflect information
contained in other firms’ prices and fundamentals.

How can a market be efficient stock by stock, yet inefficient in the cross-section?
The answer goes back to Hayek (1945): information is dispersed across firms, and each
firm’s investors price its stock using local information—yet no local investor observes the
information across all firms.

Think of an economy with many firms whose fundamentals are related. Investors do
not observe these fundamentals directly, nor do they know the links across firms. Instead,
they specialize in individual firms and learn from noisy local information. Learning leaves
unavoidable forecast errors, even for rational Bayesians. Because investors use their local
information efficiently, they cannot predict how those errors will be corrected. The paper’s
main point is that comparing firms (e.g., ranking them on observable characteristics)
supplies additional information. One firm’s local information helps assess another’s
prospects because their fundamentals are related—even if no one knows the exact link.
Comparisons can therefore predict which firms will receive favorable or unfavorable surprises
relative to their investors’ expectations. As new information arrives, investors revise their
assessments and prices adjust. Returns are thus predictable in the cross-section, even
though each firm’s return is unpredictable from its own information.

For example, consider two firms, L. and H, whose fundamentals tend to move together.
Suppose firm L’s investors observe low signals and form a low assessment, while firm
H’s investors observe high signals and form a high assessment. Taken separately, each
assessment is unbiased: firm L’s low signals could reflect weak fundamentals or negative

noise, and local information alone cannot separate the two. Side by side, however, firm

1T define “local efficiency” as efficiency under a stock’s own pricing filtration. Stock prices incorporate
firm-specific information from disclosures and order flow that anticipates fundamentals and guides corporate
investment (Ball and Brown, 1968; Roll, 1988; Hasbrouck, 1991; Chen, Goldstein, and Jiang, 2007; Bai,
Philippon, and Savov, 2016). Predicting returns in the time series is difficult: predictable variation in
individual stock returns is small relative to firm-specific shocks (Fama, 1991; Vuolteenaho, 2002; Gu, Kelly,
and Xiu, 2020). Time-series predictors of market returns perform poorly out of sample (Goyal and Welch,
2008; Engelberg, McLean, Pontiff, and Ringgenberg, 2023; Goyal, Welch, and Zafirov, 2024).



H’s high signals suggest negative noise at firm L, because the two firms’ fundamentals are
related. By the same logic, firm L’s low signals suggest positive noise at firm H. Given
both firms’ information, firm L’s assessment is too low relative to firm H’s. Neither firm’s
investors can detect this, because they observe only their own firm. But as new information
arrives, investors revise firm L’s assessment upward relative to firm H’s on average. Buying
firm L’s stock and selling firm H’s earns a positive expected return.

I formalize this point in a model where local efficiency holds by construction: investors
who specialize in a firm use all their information about it efficiently. Investors are risk-
neutral, so each stock is priced to earn the risk-free rate under its local filtration. Risk
compensation therefore cannot explain cross-sectional variation in expected returns. The
economy has N firms. Local investors observe their firm’s profitability and noisy signals
and price its stock. Each firm’s profitability has a persistent unobservable drift. These
drifts are positively correlated across firms (e.g., through macroeconomic or industry links).

Now consider pooling local information across all N firms. No local investor observes
all this information, yet pooling it lets me define a theoretical gap: the information
aggregation wedge. For each firm, this wedge equals the pooled belief about its drift minus
its own investors’ belief. Conditional on pooled information, each firm’s expected excess
return is proportional to its wedge. The wedges themselves are unobservable. Yet because
drifts are positively correlated, firms with lower local beliefs than their peers’ tend to have
higher wedges and earn higher future returns. Comparing local beliefs across firms thus
predicts returns without observing the wedges or knowing how drifts are correlated, even
under arbitrary firm heterogeneity.

In practice, local beliefs are not directly observable either, but firm characteristics
proxy for them. A low market-to-book ratio or conservative investment can proxy for low
local beliefs relative to other firms. Sorting on either characteristic thus captures the same
source of predictability. This suggests that the “factor zoo” (Cochrane, 2011) consists of
different proxies for the same information aggregation wedge, rather than a collection of

separate risks or behavioral mistakes.?

2To build intuition, consider a “trip-let” (Hofstadter, 1979): a three-dimensional solid whose projections
along three mutually perpendicular axes form distinct letters. An observer restricted to studying these
two-dimensional shadows might conclude they are observing three different objects. In this model, the
information aggregation wedge is the trip-let, and the distinct anomalies are its shadows.



Why does this predictability survive arbitrage? I introduce arbitrageurs who pay
an information-processing cost to observe local information across all firms and trade
in all of them. Local investors observe these trades only through noisy order flow. As
more arbitrageurs enter, order flow becomes more informative, local prices move toward
pooled valuations, and trading profits per arbitrageur shrink toward zero. For any
positive information-processing cost, free entry stops short of full aggregation: dispersed
information is only partially revealed, and a residual wedge survives in equilibrium. If
trading eliminated the wedge, arbitrageurs would earn zero gross profits and could not
recover their information-processing cost (Grossman and Stiglitz, 1980).

Arbitrageurs cannot eliminate the wedge for free by conditioning only on public
characteristics. Public characteristics mix local beliefs with other fundamentals, such as
current profitability. Even observing every firm’s current belief cannot replace filtering
the information history across all firms (Timmermann, 2006). Strategies using public
characteristics therefore capture only a projection of the wedge and leave the rest intact.

The model yields several predictions for the cross-section of returns. First, it explains
why value and profitability complement each other (Novy-Marx, 2013). In the model,
a firm’s low market-to-book ratio can reflect weak current profitability or a low local
belief about its drift. Controlling for current profitability separates these two forces and
isolates the local belief. Value and profitability therefore predict cross-sectional returns
better together than either alone. An alternative argument is that a profitable firm’s low
valuation implies a high discount rate (Novy-Marx, 2013). That channel is absent here
because investors are risk-neutral. Instead, the complementarity comes from learning and
from comparing firms.

Second, cross-sectional return patterns depend on how closely firms are linked (Cohen
and Frazzini, 2008). Within an industry, firms’ drifts are more strongly correlated than
across industries. Thus, comparing a firm with its industry peers reveals more about
its wedge. Value and profitability therefore work mainly within industries (Novy-Marx,
2013; Kim, Kim, and Lee, 2025). At the same time, each firm’s investors price local
news immediately, so no stock shows momentum on its own. Yet good news at one firm

predicts higher future returns for its correlated peers. Bundling peers into an industry



portfolio can generate industry momentum: one stock’s gain today is followed by peer
gains tomorrow (Moskowitz and Grinblatt, 1999). When peers also differ in information
precision, this cross-firm predictability is asymmetric. Returns of firms with more precise
local information lead the returns of their less-informed peers (Hou, 2007).

Third, value and growth are temporary states whose returns materialize as new infor-
mation arrives. Because each stock’s expected return equals the risk-free rate conditional
on its own local information, no firm is a permanent high-return type. Instead, a stock
enters a value portfolio when its local belief lies below its peers’ beliefs. As new information
arrives, local investors tend to revise their beliefs upward for value stocks relative to growth
stocks. Value stocks therefore experience more favorable earnings surprises (La Porta,
Lakonishok, Shleifer, and Vishny, 1997) and migrate toward growth portfolios as their
valuations recover (Fama and French, 2007).

Fourth, anomaly returns concentrate on scheduled announcement days, such as earnings
announcements (Engelberg, McLean, and Pontiff, 2018). To show this, I allow signal
precision to vary over time and rise on announcement days. Because local investors know
this schedule in advance, local prices already reflect it and local efficiency holds. Yet local
information cannot predict the direction of the announcement surprise. On announcement
days, local investors place greater weight on the more precise signal, generating larger
belief revisions and closing more of the wedge. Anomaly returns are therefore higher on
announcement days.

I test the model’s mechanism on U.S. stocks from 1963 to 2024. Monthly cross-
sectional regressions confirm that lower market-to-book and higher profitability jointly
predict higher future returns (Novy-Marx, 2013). I then split each characteristic into
its industry average and its within-industry deviation. Predictability comes from within-
industry comparisons, while industry averages have no predictive power. A firm’s own prior
five-year characteristics have none either—as local efficiency implies. A stock therefore
earns higher returns when it is cheap and profitable relative to its industry peers today,
rather than relative to its own past. Next, I test the belief channel using consensus
analyst forecasts of long-term earnings growth from I/B/E/S. Within an industry, firms

with high profitability and low valuation have lower growth forecasts than their peers. I



show that analysts revise these forecasts upward relative to forecasts for industry peers
over the following year. These revisions are consistent with the model’s error-correction
mechanism. Using quarterly earnings announcement dates from Compustat, I also show
that return predictability nearly doubles in announcement months. Higher firm-level
discount rates could account for cheap, profitable firms’ higher returns, but do not by
themselves explain why return predictability is peer-relative; why the same characteristics
predict subsequent revisions in growth forecasts; and why predictability concentrates in
earnings announcement months.

This paper proposes an alternative to risk-based and behavioral explanations of cross-
sectional return predictability. Risk-based explanations attribute this predictability to
differences in risk exposure (Fama and French, 1993; Zhang, 2005), whereas behavioral
explanations attribute it to systematic biases in how investors form beliefs (De Bondt
and Thaler, 1985; Lakonishok, Shleifer, and Vishny, 1994; Bordalo, Gennaioli, La Porta,
and Shleifer, 2019). Here, investors are risk-neutral and rational Bayesians. Predictability
comes instead from incomplete aggregation of information across firms.

Lewellen and Shanken (2002) show that rational Bayesian learning can generate return
predictability under risk neutrality, but through a different mechanism. In their model,
all investors observe the same information, and predictability arises from parameter
uncertainty. That predictability appears in the time series and the cross-section, and no
investor can exploit it. I shut down parameter uncertainty: each firm’s investors know
the true parameters governing its fundamentals. Risk-neutral pricing then makes each
stock’s return unpredictable from its own history. If all investors in my model shared
the pooled information across firms—as in Lewellen and Shanken’s model—returns would
be unpredictable, although investors would still learn about unobservable drifts. By
contrast, information held by one firm’s investors helps predict another firm’s future
surprises. Comparisons across firms therefore supply information that local prices miss,
and arbitrageurs have an incentive to aggregate information across firms.

A related literature studies economies in which investors specialize in subsets of

firms, starting with Merton (1987).% In Merton’s model, however, investors do not learn.

3See also Brennan and Cao (1997) and Van Nieuwerburgh and Veldkamp (2009) for models with
different information sets across investors.



Specialization affects expected returns only because risk-averse investors bear idiosyncratic
risk. I shut down that channel by assuming risk neutrality. Predictability nonetheless
arises because peer information predicts surprises that local investors cannot anticipate.

The paper also contributes to the literature on information aggregation and limits to
arbitrage. In noisy rational expectations models, private information is dispersed across
investors who trade the same assets (Grossman and Stiglitz, 1980; Admati, 1985; Albagli,
Hellwig, and Tsyvinski, 2024). Here, each firm’s investors share its local information and
price its stock efficiently, while information is dispersed across firms. Traditional limits to
arbitrage rely on funding constraints or noise-trader risk (Shleifer and Vishny, 1997). Da,
Nagel, and Xiu (2024) show that estimation error limits arbitrage when alphas are weak
and rare. I focus instead on an informational limit: filtering histories across all firms is
costly, and public characteristics capture only a projection of the wedge.

This setting also parallels Andrei, Cujean, and Wilson (2023) on the informational
gap between investors and the econometrician (Hansen and Richard, 1987). When esti-
mating betas from time series, the econometrician conditions down with less depth than
investors and mismeasures risk. When sorting stocks on characteristics, the econometrician
conditions across firms with more breadth than any single firm’s investors and uncovers
predictability. Finally, the model gives a counterpart to Samuelson’s dictum that the stock
market is “micro efficient” but “macro inefficient” (Jung and Shiller, 2005). Here, prices
are efficient within each firm’s local filtration yet inefficient across the pooled cross-section.

Section 2 presents the model and characterizes equilibrium information aggregation.
Section 3 derives the empirical implications, Section 4 tests the mechanism on U.S. stock

and analyst forecast data, and Section 5 concludes.

2 Model

Consider an economy with N firms, indexed by n € {1,...,N}. Firm n’s operating

profitability per unit of capital, Z, , evolves as

dZn,t - (Mn,t - K?Z,nZn,t>dt + O-Z,ndeZJta



where Kz, > 0 is the speed of mean reversion and oz, > 0 is the volatility of firm-specific
cash-flow shocks.

The latent profitability drift, s, ., follows

d,un,t = K/u,n(ﬁn - ﬂn,t)dt + Uu,ndwfrﬁta

with mean-reversion speed x,, > 0, long-run mean fi,, and volatility o,, > 0. The

processes W7 and W# are standard Brownian motions satisfying

AWZ W2, =0 (n#m),  dWZWE), =0,  dWEWE), = pudt,

where (pnm)fy m—1 1s a symmetric, positive semidefinite correlation matrix with unit diagonal.
Realized cash-flow shocks dW,ft are purely idiosyncratic, whereas drift innovations dW},
are correlated across firms through shared macroeconomic or industry links.

Firm n’s local investors (hereafter “specialists”) price its stock and know its structural
parameters (Kzn,0zn, Kun, fn, Oun). Alongside profitability Z,,;, firm n’s specialists
observe a continuous flow of local information (e.g., management guidance, specialized

analyst research) summarized by a signal O,,; with precision A,, > 0:

dOp s = pinedt + AV 2dWC

n,t’

where WO are standard Brownian motions, mutually independent across firms and inde-
pendent of W# and W*. Firm n’s local information set is the filtration generated by its

own profitability and signal histories,

Hnt = 0{Zpu, Onu : u < t}.

Conditional on H,, +, firm n’s specialists form beliefs about 1, ;. Standard filtering theory
(Liptser and Shiryaev, 2001) implies that the conditional distribution of p,; is Gaussian
with posterior mean ,u,’f’t = E[pns | Hny) and posterior variance v, = Var(fins | Hny). 1
assume the economy is in its jointly Gaussian stationary regime, where posterior uncertainty
equals its steady state 7, (Dumas, Kurshev, and Uppal, 2009; Andrei, Mann, and Moyen,
2019):

_ Up — K
=
A, + On

Dy Un = /K2, + (Mo +052)02,. (1)



The filter pif, evolves as

dpfty = Ky (fin — it )dt + 0, (0724 Z0 + AndO],) (2)

where dZ;"{ft =dZ,: — (p%t — KznZnye)dt and dOZ;ft =d0,,; — u%tdt denote the cash-flow

and signal surprises relative to H, ;. The local forecast error e, ; = (i, — ,u#,t satisfies

Elent | Hptl = 0 and follows:

dens = —tnendt + 0, dWiy — U, (075, dWE, + A2dWE,) | (3)

The forecast error e, mean-reverts faster than the drift p,, itself (u, > k,,) because
Bayesian updating corrects errors at rate u,, — k,,, > 0 as new information arrives.

I assume that firm n’s specialists neither know nor learn other firms’ parameters or
the correlation matrix (p,,). Even if peer profitability Z,,, is public, they cannot use it
to learn about p,;: doing so requires filtering p,,; using peer m’s parameters and py,»,.
Realized cash flows do not reveal p,,, through instantaneous covariation, as d(Z,, Z,,); = 0
and fi,, ¢ is latent. Peer signals O,,; are private, so firm n’s specialists cannot recover them
even by pooling all public profitability series. In Section 2.4, I relax this segmentation by

introducing arbitrageurs who can process information across firms at a cost.

2.1 The Information Aggregation Wedge

I now compare local beliefs against the information from the entire cross-section. Let
G, = V)1 Hyny denote the pooled filtration and 4§ , = E[uy, | Gi] denote the pooled belief
about firm n’s drift. The information aggregation wedge equals the pooled belief minus

the local belief:

- ,,9 H
Wn,t = :U’n,t - Mn,t'

Because Hy,; C G, the law of iterated expectations implies E[ug , | Hny] = pl,, and
therefore EIW,,+ | H,.:] = 0. That is, conditional on firm n’s local information, the wedge
has mean zero and is unpredictable.

For any two firm-level variables (z,))_; and (y,.))_,, define the cross-sectional



covariance

1 Y _
COVCS(l’nt,ynt = N Z Tt — Ty) yn,t —U), (4)

n=1

where 7, = N1 Z 1 Tprand yy =N -1 Zﬁf:l Ynt- The following proposition characterizes

the expected cross-sectional covariance between local beliefs and wedges.

Proposition 1 (Belief~Wedge Covariance). The expected cross-sectional covariance be-

tween local beliefs and wedges is

H Un — Kun
E [Coves(pily Wo)] = nzl n%;n P (e Sl T ) )

Because u, > K, each p,, has a strictly positive multiplier inside the sum in (5).
Suppose drifts are nonnegatively correlated across firms (p,, > 0 for all n # m) and

Pnm > 0 for at least one pair. Then,

E [Coves(ufly, Way)] < 0. (6)

In the cross-section, firms with lower local beliefs than their peers’ tend to have higher
wedges. This negative covariance does not arise mechanically from — p%t appearing in W, ;:
for a given firm, optimal filtering implies Cov(uXf,, Wh ) = 0 in the time series. Equation
(6) requires both Bayesian updating (u, > k) and cross-firm correlation (py, > 0). If
either is missing, (5) gives zero. Moreover, (6) holds even though each firm’s specialists

estimate a firm-specific drift j,, rather than a common factor.

2.2 Valuation and Return Predictability

Firm n has capital K, ;, which accumulates according to

dKn,t = (Z.n,t - 6n)Kn,tdt7

where i, , is the investment rate and 9,, > 0 is the depreciation rate. Firm n’s manager
shares the local information set H,,; with firm n’s specialists. Both are risk-neutral and

discount cash flows at the constant rate » > 0. The manager maximizes firm value over i, ;:

Vn(Kn,ta Zn,t7 /,LZL-[t, Dn) = max ]E |:/ e_r(u_t)Kn,u (Zn,u - \Ijn<in,ua Zn,u))du ’ H’fl,t:| )
’ t

in u}u>t



where U,,(i,.¢, Zn+) denotes investment and adjustment costs per unit of capital. Because
cash flows and investment costs scale linearly with capital (Hayashi, 1982), the value

function is homogeneous of degree one in K, ;:

Vn(Kn,ta Zn,h Mzt, Dn) == Kn,tvn(Zn,ta ,uz;ft; ﬂn) (7)

The market-to-book ratio v, = Vi, 1/ Knt = vn(Zns, u,’;{t, Up) therefore depends only on
Zn and uﬁt, given v,. I assume that v,(-, -, ,) is twice continuously differentiable and

strictly positive, with Ov,/0Z,; > 0 and Quv,/Opult, > 0.

Let dRE, = {de + Koy (Zn,t — U,y (it Zm))dt}/Vn’t denote firm n’s total equity

n,t —
return. Because risk-neutral specialists price firm n’s stock under H,,;, its expected return

conditional on local information equals the risk-free rate:

E[dRﬁt | Hot]
i =r. (8)

Equation (8) is local efficiency: no variable in #,,; predicts excess returns in firm n’s time
series. Under the pooled filtration G;, however, the surprises in (2) have conditional mean

E[dZ}, | G| = E[dO}, | G] = Whdt. Applying Itd’s lemma to (7) yields:

n

Proposition 2 (Return Predictability). The expected return conditional on the pooled

filtration G, is

E[dRE, | G
[d’tM =7+ Whe, 9)
where
1| ov ov
I,,=— L = Ky ) —ae ) 1
= s + (up, — Ky, >3,u#7t >0 (10)

Equations (8) and (9) describe the same stock return under two information sets. Given
firm n’s local information, excess returns are unpredictable. Given the pooled cross-section,

expected excess returns are proportional to the wedge W, ;.

2.3 Beliefs, Characteristics, and the Cross-Section of Returns

Equations (6) and (9) suggest that local beliefs predict returns in the cross-section, even

without observing the wedge W, ;.

10



Proposition 3 (Cross-Sectional Predictability). If ppm, > 0 for all n # m, with pym > 0

for at least one pair, and E[Fit] < 0o for alln, then

dRE
E [Covcs (u%t, mt r)

1 nm n m\tUn n
b =D Prmpin Oy (U = K, )E[Fm] <0. (11)

dt (K + Um) (Un, + Up,)

n#m

Proposition 3 establishes a negative expected cross-sectional covariance between local
beliefs and returns. In the time series, a firm’s local belief does not predict its own return
(Cov(ult,,dR],/dt —r) = 0), but comparing firm n with its peers predicts returns in the
cross-section. The sign holds even though I',; is endogenous and firms differ in every
model parameter.

I extend Proposition 3 to any differentiable characteristic @, = ,(Z4, /LZ"M, Un)-

Corollary 3.1 (Characteristic Predictability). If E[Fi,t] < oo for all n, then for any
continuously differentiable characteristic Tny = Tn(Zng, pity, Un) with Elz), ] < oo and

square-integrable partial derivatives,

dRE
E [Covcs (:cn,t, Tt — r)]

1 anUu no—um Up — /ﬁ:,un a-CEnt
=~ 3 — —E |’ ’
N2 Z K + Um {un+um

1 3:137”
E T, ’ (12
n?ém + KZvn + um [ ! avat‘| } ( )

A characteristic z,, ; depends on two local state variables: the belief ,uﬁ,t and profitability
Znt. The two terms in curly braces in (12) weight the sensitivities of x, ¢, Oxp/ (9/1%
and O0x,+/0Z,;, by peer return sensitivity I',,; > 0. Because all weights are positive
when p,,,, > 0, any characteristic that increases in beliefs and profitability—such as the
market-to-book ratio v, (Z,, ,uﬁt, U,)—has a negative expected cross-sectional covariance
with returns, generating a value premium. Finally, the pooled belief ugt does not appear in
(12), so cross-sectional predictability does not require solving the pooled filtering problem.

Section 3.1 further decomposes equation (12) from Corollary 3.1, but a special case
builds intuition first. Consider homogeneous firms sharing identical parameters (kz, 0z,
Ky, i, 04,0, A) and cost function ¥, with equicorrelated drift innovations, p,, = p € (0,1)
for all n # m. This case is only for interpretation, as the same intuition holds in the

general model. The next proposition shows the implications for Fama—MacBeth cross-

11



sectional return regressions. It also verifies that predictability neither relies on parameter

heterogeneity nor vanishes as N — oc.

Proposition 4 (Homogeneous Firms). Suppose N > 2 firms share identical parameters
(Kz,02,Kpu, b, 04,6, A) and cost function ¥, so that u, = u, with equicorrelated drift
innovations ppm = p € (0,1) for all n # m and square-integrable valuation sensitivities.

Then:
(a) The population cross-sectional regression slope of excess returns on local beliefs u%t
18
E
E [COVCS (,u?f,t, LIZ?’t
E [Vargs(uy)]

b _ Tﬂ =byE[[,] <0, (13)

where the regression slope of the wedge W, on M;};‘,t 18

b::EBbW”UﬁvMQO}__ PRy € (-1,0) (14)
TR [VarCS(##,t)} (1= plu+ pr, o

The slope byy vanishes when drifts are uncorrelated (p = 0) or when local learning is

perfect (A — oo, so u — 00), and approaches —1 in the common-drift limit (p — 1).

(b) Let (by,,,bw z) denote the population cross-sectional regression slopes of Wy, on
(i, Zny). Conditional on (108 Vn g, Zmy)N—y and holding (fift, Z;) fived, the expected

marginal effects of logwv,, , and Z,,, on firm n’s expected excess return are
n,t n,t

0log v, !
by = by B |T,, [ L2580t ) |
e ! ( oy )
(15)
8vn,t/8Zn,t
bZ = —bW,'uE [Fn’t 81}n7t/8”%t —I'_ bW,ZEI:Fn,t]

If u> Kz, then by, < by <0 and by z >0, sob, <0 and by > 0. When logv,, is
affine in (Zn’t,/iy,t% [yt is constant and (b,,bz) equal the population cross-sectional

regression slopes of excess returns on (1og vy.1, Zn1).

(c) The slopes by, by, b,, and by are independent of N. As N — oo, the variance of

12



the wedge converges to

Jim Var(W,, 1) = Ato?

Parts (a) and (b) of Proposition 4 summarize cross-sectional predictability in beliefs
and characteristics. Firms with higher local beliefs earn lower returns on average (b, < 0).
When local beliefs weight recent news at least as heavily as accounting profitability
(u > Kz), conditioning jointly on log market-to-book and profitability (15) gives a negative
valuation effect (b, < 0) and a positive profitability effect (bz > 0): higher profitability at
a given valuation implies a lower local belief M#,t? and byy z > 0 reinforces this prediction.
Every effect in (13) and (15) is driven by the wedge slopes by and (byy ,,, by, z), so all
predictability vanishes when p = 0 or under complete aggregation. Thus, return predictors
that look like separate anomalies are projections of the same information aggregation
wedge.

Proposition 4 also establishes two robustness results. First, predictability does not
rely on parameter heterogeneity: firms are ex ante identical, yet comparing their local
beliefs p%t predicts returns in the cross-section. Second, part (c) shows that predictability
survives as N — oo. Pooling infinitely many peers reveals the common drift component,
whereas local specialists cannot separate common from idiosyncratic drift shocks. The
wedge therefore retains positive variance, as shown in (16).

The homogeneous case of Proposition 4 serves only to illustrate the mechanism. In the
general economy of Corollary 3.1, the slopes are more involved (see Appendix A.4.1), but

the conclusions are unchanged.

2.4 Equilibrium Information Aggregation

Why does this predictability survive arbitrage? To answer this question, I add a continuum
of risk-neutral arbitrageurs. At date 0, a mass M € [0, 00) of arbitrageurs enters the market.
Each pays a fixed cost ¢ > 0 to observe the pooled filtration G; and trade across all N firms.
Over dt, an arbitrageur who trades a fraction 0,, ;dt of firm n pays V,, 10, ,dt = K, 40, 0, . dt
at the market price and incurs a quadratic execution cost %"Kmﬂfl’tdt, where v, > 0. Firm

n’s specialists absorb the aggregate order flow from arbitrageurs and independent noise

13



trading W) :

dYys = MO, dt + oy, dW,),, (17)

where oy, > 0. Observing order flow expands firm n’s local filtration to F,+ = H,; V
0{Ypu 1 u < t}. The updated local belief is /i) , = E[pin | Fry], and the residual wedge is
W, = pg, — 1, Firm n’s manager also chooses investment adapted to F,;, learning
from the market as in Chen et al. (2007) and Bond, Edmans, and Goldstein (2012). Given
this investment policy, let U, ; denote the arbitrageur’s valuation of firm n per unit of

capital given G; V F,, ;. The local market-to-book ratio satisfies v, + = E[U,,; | Fr ).

Proposition 5 (Equilibrium Information Aggregation). Under the order-flow process (17)

and standard regqularity conditions:

(a) An entering arbitrageur’s optimal trading rate in firm n is 0} , = (Upni — Vnit) /Vn,
which yields expected discounted gross trading profits
S

(M) =E LZI

2,}/‘/0 e_rtKth(Uth — Un7t)2dt . (18)
(b) As M — oo, E[(Upy — vnyr)?] = O(M™1) for every firm n and t > 0, and gross

trading profits per arbitrageur vanish:

A}lgloo II(M) =0. (19)
(¢c) For any information cost ¢ > 0, free entry determines a finite equilibrium mass of
arbitrageurs M* < oo, satisfying IL(M*) = ¢ if 0 < ¢ < II(0) and M* = 0 if ¢ > T1(0),

in which the residual wedge strictly survives: Var(Wit) > 0 whenever Var(W, ;) > 0.

Proposition 5 is a cross-sectional counterpart to Grossman and Stiglitz (1980). In (18),
arbitrageurs profit from the gap U, ; — v, + between their valuation and the local price. As
more arbitrageurs enter (M — o0), their trading makes order flow more informative. The
gap narrows, and profits per arbitrageur fall to zero. Complete cross-sectional efficiency is
therefore self-defeating: if trading eliminated the wedge, arbitrageurs could not recover
the cost c.

Nor can arbitrageurs close the wedge for free by conditioning on public characteristics
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alone. Public characteristics mix local beliefs uﬁ,t with current profitability Z,, ;. Even
observing every firm’s local belief at date t does not recover the pooled belief pgt, which
requires filtering full signal histories across all N firms (Timmermann, 2006).* Traders
who condition only on public characteristics, without paying ¢, therefore have coarser
information than G; and cannot eliminate the wedge.

Because M* < oo, order flow is an additional signal of finite precision, and a residual
wedge survives under the augmented filtration F;, ;. In the remainder of the paper, I let
local precision A,, absorb this signal and retain the baseline notation H,,; and u,,. Within

this reduced-form specification, the earlier predictability results apply.

3 Implications

This section develops the model’s implications. First, I use the homogeneous-firms
benchmark of Proposition 4 to contrast time-series and cross-sectional predictability. Next,
in the general economy, I study which stocks earn higher returns. I then show how earnings
surprises and belief revisions generate those returns and why stocks migrate across value
and growth portfolios. Finally, I let signal precision vary over time to examine returns on
scheduled announcement days.

Table 1 summarizes excess-return predictability from the local belief p%t in Panel A,
observable characteristics (log vy, ¢, Z,,+) in Panel B (expected marginal effects), and the
unobservable wedge W,,; in Panel C. Each specification can be evaluated in the time series
(one firm n over time) or the cross-section (the N firms at date ¢). Columns (1) and (2)
show two cases with no return predictability. When drifts are uncorrelated across firms
(p =0, Column 1), peer histories contain no information about firm n. When information
is fully aggregated (F,: = G;, Column 2), local beliefs already reflect peer histories. In
either case, the wedge vanishes (W, ; = 0). All time-series and cross-sectional entries are
zero in Panels A and B, and are undefined in Panel C because the wedge does not vary.

Column (3) considers correlated drifts and incomplete aggregation (p > 0 and M* < o).

4In the homogeneous-firms benchmark, Appendix A shows that Hﬁ,t weights past signals at a single
exponential decay rate u, whereas ugyt weights cross-sectional averages and firm-specific deviations at two
distinct rates (faster than u on the average and @ < u on deviations), so the date-t vector (ul, ... ’“%i)
recovers only a linear projection of l‘g,t rather than u,gm itself.
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Table 1: Return Predictability Across Information Structures. Population
regression slopes of excess returns dRY,/dt —r on the local belief z%f, (Panel A), log
market-to-book and profitability (Panel B, expected marginal effects, u > k), and the
information aggregation wedge W, ; (Panel C) in the homogeneous-firms benchmark of

Proposition 4, with by, = —pr,/[(1 — p)u+ pr,] € (—1,0) in Column (3b).

(1) (2) (3) Incomplete Aggregation and p > 0
(3a) (3b)
Independent Variable p=0 F,; =G Time Series Cross-Section
Panel A
Local Belief (p}¢,) 0 0 0 b, =bwE[l,,] <0
Panel B
-1
Log Market-to-Book (log v, ;) 0 0 0 by = by E [Fn,f, <6g’§2§jt> } <0
Profitability (Z,) 0 0 0 by = E{rm <bW,Z b, g;;;;;gji;:;)} >0
Panel C
Wedge Wi..1) — — E[l',¢ >0 E[l',¢] >0

Here, the time series and the cross-section diverge. In a firm’s own time series (Column
3a), local efficiency (8) implies that neither 12, nor (log vy, Z,,) predicts returns. Only
the unobservable wedge W, ; does, with slope E[I',;] > 0. In the cross-section (Column
3b), comparing firms gives by, < 0 by Proposition 4, so higher beliefs predict lower returns
(b, < 0). Conditioning jointly on (log vy, Z,;) when u > k7, log market-to-book has
a negative marginal effect (b, < 0) and profitability a positive marginal effect (by > 0).
Although Table 1 uses the homogeneous-firms benchmark to simplify the formulas, the
same zeros and signs hold under moderate firm heterogeneity (see Appendix A.4.1).
Table 1 thus captures the paper’s central mechanism. In Panel C, the wedge W, ;
predicts returns with the same slope E[I', ;] > 0 in Columns (3a) and (3b). Subsequent
learning corrects forecast errors in both the time series and the cross-section. For a
single firm, however, local beliefs and characteristics are orthogonal to the wedge, so they
cannot predict this error correction. Across correlated firms, differences in beliefs and
characteristics predict the wedge. Cross-sectional efficiency therefore requires more than

stock-by-stock efficiency: the market must aggregate dispersed local information.
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3.1 Cross-Sectional Predictability

Corollary 3.1 links cross-sectional predictability to two channels: the information parame-
ters (pnm, un) and the characteristic sensitivities 0z, ;/ 8,uy’t and 0x,,:/0Z, . 1 examine

each in turn.

3.1.1 Information Parameters

Equation (12) depends on two parameters that govern learning across and within firms:
the drift correlations p,,, and the local filtering speeds u,,. Filtering speeds rise with signal
precision A, in (1). The correlation p,,, governs how much peer m’s history reveals about
firm n’s drift, while wu,, sets how fast firm n’s specialists learn on their own. To isolate their
effects, the next proposition holds the parameters (kz, 0z, k,, [, 0,,0) and cost function
U fixed across firms and varies only (pnm, Ayn). The same conclusions hold under moderate

parameter heterogeneity.
Proposition 6 (Information Parameters). Suppose all firms share identical parameters

(kz,02, Ky, i, 0,,0) and cost function V. Then:

(a) With common precision (A, = A) and E[I'2 ] < oo, partition firms into G > 2
equal-sized industries of Ng = N/G > 2 firms each, with drift correlation p, € (0,1)

within industries and p, € [0, py) across industries. Let i}, and det denote the

0'2 U—K
industry-g average belief and return, and define ¢ = () The expected

= 2u(utry)

within-industry and across-industry covariances are

o ( n B )] 1
B | Covif) (utty, =2t —r —_(1_NG) Pt E[Ti] < 0, (20)

_,, dRY ] 1 1
E [Covglg (,uzxt, dtgi — 7“) = (1 - G> [(1 - NG> Pw — Pa} YE[,,]. (21)

The across-industry covariance (21) is strictly positive whenever (1 — 1/Ng)pw > pa-

(b) Consider any pair of correlated firms (ppm > 0). If firm n has higher signal precision
than peer m (A, > A, $0 uy, > wy,), firm n’s belief covaries more strongly with peer

m’s wedge than the reverse:

Cov(plt;, W) > Cov(ult ,, Way) > 0. (22)
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More generally, Cov(,u%t, Wint) strictly increases in A,, and strictly decreases in A,,.

Part (a) of Proposition 6 shows how forming industry portfolios changes return pre-
dictability. Within an industry, (20) recovers the negative covariance between beliefs and
returns from Proposition 3, scaled by p,. Across industries, (21) can turn positive because
drift correlation is stronger within than across them (p,, > p,). Two empirical implications
follow. First, value, profitability, and short-term reversal predict returns mainly within
industries (Cohen and Polk, 1996; Asness, Porter, and Stevens, 2000; Novy-Marx, 2013;
Kim et al., 2025). Second, when (1 —1/N¢g)pw > pa, the sign flip in (21) generates industry
momentum (buying winning industries and selling losing ones, Moskowitz and Grinblatt
1999). Each firm’s specialists price local news immediately, so no stock shows momentum
on its own. Instead, because firm-specific drifts are correlated (p,, > 0), good news at one
firm predicts higher future returns for its Ng — 1 industry peers. An industry portfolio
bundles these peers: one stock’s gain today is followed by peer gains tomorrow.

Part (b) of Proposition 6 considers two correlated firms (pp, > 0). The second
inequality in (22) shows that each firm’s belief covaries positively with the other’s wedge.
Good news at firm n raises its belief and stock price today. Because their drifts are
correlated, that news predicts positive future surprises at peer m. Thus, for economically
linked firms (e.g., customers and suppliers), higher past returns at either firm predict
higher future returns at the other (Cohen and Frazzini, 2008). The first inequality in
(22) shows that unequal signal precision (A, > A,,, so u, > u,,) makes this predictability
asymmetric. Because firm n’s signal is more precise, its belief and stock price track its
drift more closely, while peer m’s forecast error decays more slowly. Returns of firms with
more precise local information therefore lead those of less-informed peers (Hou, 2007).°

Local precision A, also enters firm n’s own return sensitivity I',,; in (10) through the
error-correction rate w, — K,,. During scheduled disclosures such as earnings announce-

ments, precision rises temporarily and specialists put more weight on the incoming signal.

®Equation (22) is stated for date-t beliefs, which map into date-¢ characteristics via Corollary 3.1. For
cumulative excess returns Rf’tihﬁt = fttfh(deis —rds) over h > 0, firm n’s local shocks (dW7,dW2)

n’
are independent of peer m, so a first-order approximation around steady state (I'y; ~ Ty = E[['};]) and
2

— —_ 0'2 —umh — - nmg .
(3) yield Cov(RE, , |, dRE ,/dt —r) ~ T,,I,, 222n e """ 5 0 (n # m). Because 'y, 2227 s

MUup+tum — Um Un+Um
uh) /4, strictly decreases in u, this covariance is larger from n to m

symmetric in n and m while (1 — e~
than from m to n whenever u,, > U,.
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This higher weight raises I', ; and resolves more of the wedge. Anomaly returns therefore
concentrate on announcement days (Engelberg et al., 2018). Because A,, is constant in the

baseline model, Section 3.3 lets precision vary over time to formalize this effect.

3.1.2 Characteristic Sensitivities

The terms in curly braces in (12) show that a characteristic x,; predicts returns through
its sensitivities to the local belief /“L%,t and current profitability Z,, ;. Market-to-book v, ,
rises with both. A low valuation can thus reflect weak current profitability or a low local
belief about the firm’s drift. This explains the opposite signs in Panel B of Table 1. At
a given Z,;, a lower valuation v,,; implies a lower belief ,uZLft and predicts higher returns
(b, < 0). At a given v, ¢, higher profitability Z, ; also implies a lower belief ugt (otherwise
valuation would be higher) and predicts higher returns (b7 > 0). Value and profitability
therefore predict returns better together than either alone (Novy-Marx, 2013).

This mechanism differs from the discount-rate interpretation in Novy-Marx (2013).
There, a present-value identity links a firm’s valuation and expected cash flows to its
discount rate. Holding profitability fixed, a lower valuation implies a higher firm-level
discount rate, as does higher profitability at a given valuation. Because that identity holds
firm by firm, differences in discount rates would predict returns even when fundamentals
are uncorrelated across firms (p = 0, Column 1 of Table 1). Time-varying discount
rates would also predict returns in a firm’s own time series (unlike Column 3a). In this
learning model, the discount rate is constant (r), and predictability comes from comparing
correlated firms. Cheap, profitable stocks earn higher returns when their local beliefs
lie below those of correlated peers. Predictability is therefore purely cross-sectional and
concentrates within industries, rather than in industry averages or a firm’s own history. I
test these predictions in Section 4.

Equation (12) also applies to other characteristics that increase in ,u%,t and Z,,. If
corporate investment 4, ; rises with market-to-book v, ,, as implied by the g-theory of
investment (Tobin, 1969; Hayashi, 1982), higher investment predicts lower returns (Titman,
Wei, and Xie, 2004; Cooper, Gulen, and Schill, 2008). Low valuation and low investment
both identify firms whose local beliefs u?ﬁt lie below those of their peers. More generally,

distinct anomalies in the “factor zoo” may proxy for the same information aggregation
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wedge.

A characteristic can also proxy directly for the local belief ,uﬁt, as do analysts’ long-
term growth forecasts. When 0z, ;/ 8@% =1 and 0x,,:/0Z,: = 0, only the belief term in
(12) remains. Stocks with high growth forecasts therefore earn lower returns (La Porta,
1996). Moreover, in the homogeneous benchmark (13)—(14), the expected cross-sectional
covariance between beliefs and returns is b,E[Varcs(ulf,)]. This suggests that for a given
slope b, < 0, greater dispersion in beliefs (a wider value spread) implies a larger value

premium (Cohen, Polk, and Vuolteenaho, 2003).

3.2 Error Correction, Belief Revisions, and Migration

Section 3.1 shows which stocks earn higher expected returns in the cross-section. I now
ask what drives those returns after portfolio formation and why stocks migrate across
portfolios. Over dt, local efficiency (8) implies E[dRE, | H,:| = rdt. By (9), firm n’s
expected excess return under G; therefore equals the gap between the pooled and local
expectations, ]E[de’t | Gi —E[deit | Hnt] = I tWhedt. Substituting I, ; from (10) splits

this gap into two terms:

1 a’Un t
Ly Wy dt = — :
! ! Un,t aZn,t

8vn,t
3#%

W, edt +

(Un — Kpp) Whdt| . (23)

The first term of (23) affects valuation through dv,./0Z,;, where W, ,dt = E[dZ,; |
G| —E[dZ,; | Hn4]. Consider a value stock whose local belief :“#,t is low relative to its
peers’ beliefs. On average, its wedge W, ; is positive, so local expectations for the change in
profitability lie below the pooled expectation. As realized profitability tends to beat those
expectations, value stocks experience positive subsequent earnings surprises (La Porta
et al., 1997).

The second term of (23) affects valuation through dv,, ;/ auzft, where (t, — Ky n) Whdt =
Eldult, | G| — Eldult, | Hnsl. Under H,,, specialists expect only mean reversion in the
filter (2), which is already priced into v, ;. On average, however, a value stock receives
positive cash-flow and signal surprises, so (u, — K,,,)Whydt is positive. The reverse holds
for a growth stock. Specialists therefore tend to revise their beliefs upward for value stocks

relative to growth stocks, a prediction I test with analyst forecast revisions in Section 4.
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Together, these surprises and belief revisions raise v,; for value stocks and lower it
for growth stocks, so stocks migrate across portfolios. In fact, local efficiency (8) and
the law of iterated expectations imply E[dR[, — rdt] = 0 for every firm n. No firm
is a permanent high-return type: buying and holding any individual stock earns zero
unconditional expected excess return. A characteristic strategy can sustain a premium
only through rebalancing: buying stocks when low local beliefs push v,,; down and selling
them once v,,; recovers. The value premium thus requires portfolio migration. Consistent
with this mechanism, Fama and French (2007) and Broussard, Mikkonen, and Puttonen
(2016) find that the value premium comes mainly from migrating stocks rather than from

stocks that remain in the same portfolio.

3.3 Time-Varying Precision and Announcement Returns

The model so far assumes constant signal precision A,,. I now let firm n’s precision follow
a deterministic schedule A,,; > 0 that is bounded and piecewise continuous. At ¢ = 0,
the economy starts from the steady state of Section 2, with initial precision A, . A
natural example is a schedule that stays at a baseline A, during routine trading and
rises to A, > A, during scheduled disclosures (e.g., earnings announcements). The
question I address here is: How does time-varying precision affect cross-sectional return
predictability?

Conditional on H,, ¢, fin ¢ remains Gaussian with posterior mean u%t and deterministic

posterior variance vy, ; = Var(fi,+ | Hnt), which evolves as

dv,, -
W’t =070 — 26pnns — (Nng + 05200, (24)

Specialists know in advance when precision will rise, but they cannot predict the direction
of future surprises. Local efficiency (8) therefore holds at every date ¢. Proposition 2
carries over with two changes: the market-to-book ratio v,; now depends on calendar

time, and the error-correction rate u, — £y, in (10) is replaced by (Any + 057 )Vny.

6Technically, A,, ¢ is assumed to be right-continuous with left limits. One could also model a scheduled
disclosure as a discrete signal A, 7 = pn 7 + €5, 7 With independent Gaussian noise €, 7 ~ N(0, Jn_l),
which yields the same mechanism: the expected belief jump under G- is ]E[uﬁT — u;’:"T, | Gr-] =
Gn, oWy -, where g, 7 = Jyv, - /(1 + Juvy, r-) € (0,1) increases in both disclosure precision J,, and
pre-announcement uncertainty v, r-.
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Proposition 7 (Announcement Returns). At any date t > 0 where firm n’s precision

rises from N, - = A, to A+ = A, > A, the expected excess-return rate jumps by
E[dRy, | Gi] E[dR;, | G] + 1 Qv
_ =(A,—A)v, : 2
ds st ds i ( n) ¥ tvmﬁuntw * (25)

If prm > 0 for all m # n, with pny > 0 for some m # n, and E[T' ] < oo, firm n’s
belief-return covariance Cov(un s — HL ,dRE /ds — 1) < 0 becomes strictly more negative

froms=1t" tos=t".

Proposition 7 explains why anomaly returns concentrate around earnings announce-
ments and other scheduled disclosures (Engelberg et al., 2018). When precision rises
from A, to A, at date t, specialists put more weight on the incoming signal and resolve
more of their forecast error. In (25), that extra weight raises the expected excess-return
rate for positive-wedge firms and lowers it for negative-wedge firms, in proportion to
pre-announcement uncertainty v, ;. Although local prices already reflect the schedule, the
return materializes only when the news arrives. Because peer-relative beliefs still predict
the wedge, firm n’s belief-return covariance becomes strictly more negative. Characteristic-
sorted long-short returns are therefore larger during announcements than during routine
trading.

During an announcement, high precision lowers uncertainty (24) and pulls the wedge
toward zero in expectation. Between announcements, uncertainty builds back up. The
sign predictions of Corollary 3.1 still hold under this cycle, and so do the arbitrage limits
of Section 2.4: even when arbitrageurs trade ahead of a scheduled announcement, costly
information, execution costs, and noisy order flow leave Var(WT]; ;) > 0 at date ¢. A natural
step for future work is to replace this known schedule with stochastic precision, which

would make uncertainty a state variable in valuation.

4 Empirical Illustration

This section tests the model’s mechanism using market-to-book v, and profitability
Znt. In Panel B of Table 1, log v, predicts returns negatively and Z, ; positively, even

though each stock is locally efficient and discounted at the constant rate r. If incomplete
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information aggregation drives this pattern, three predictions follow. First, predictability
concentrates among correlated peers rather than across weakly correlated industries or in
a firm’s own history (Proposition 6). Second, because v, rises with both Z, ; and /L#’t, a
firm with high Z,; and low v,,; must have a low local belief ,uzlft. When that belief lies
below peers’ beliefs, the wedge is positive on average (W, > 0), so local beliefs are later
revised upward relative to peers (Proposition 3). Third, return predictability strengthens
in earnings announcement months, as higher signal precision leads investors to put more
weight on the incoming disclosure and resolves more of the wedge (Proposition 7).

I combine monthly stock returns from CRSP, annual accounting data from Compustat,
and analyst forecasts from I/B/E/S. Market-to-book v,,; is market equity over book equity,
and profitability Z,,; is operating income before depreciation over book equity. Consensus
forecasts of long-term earnings growth (LTG,,;) proxy for local beliefs u%t. Following
Fama and French (1992) and Novy-Marx (2013), each June ¢ from 1963 to 2023, I match
year ¢t — 1 characteristics to returns from July ¢ through June ¢ 4+ 1. Standard filters
(Appendix B) yield 139,118 firm-years of U.S. non-financial common stocks (1,627,556
firm-months), 67,035 of which have initial I/B/E/S forecasts (1982-2023).

I start with returns. Each month 7 from July ¢ through June ¢ + 1, I estimate the

cross-sectional regression

Rn,T = ar —'— bv,T log U?’L,t + bZ’TZn,t + 7777,,7'7 (26)

where R, ; is firm n’s return in percent per month. In (15), the model implies slopes
b, <0 and by > 0 (for u > kz). As in Novy-Marx (2013), Column (1) of Table 2 confirms
both signs, with estimates of —0.336 (t = —4.17) on logv,,; and 0.694 (¢t = 4.03) on Z,, ;.
A one-standard-deviation change in either characteristic (0.87 for log v, and 0.35 for Z,, ;)
moves expected returns by about 25 to 30 basis points per month.

Column (2) splits each characteristic into its two-digit SIC industry average and the
firm’s deviation from it. Predictability strengthens within industries (—0.369 and 0.767,
both |t| > 5.4), while industry averages have no predictive power (t = —1.25 and t = 0.18).
A firm earns higher returns only when it is cheap and profitable relative to peers in its
industry. Consistent with part (a) of Proposition 6, because drifts covary more strongly

within than across industries (p,, > p,), peers’ histories reveal when a firm’s local belief
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Table 2: Cross-Sectional Return Regressions. Monthly Fama—MacBeth regressions
of stock returns (in percent per month, July ¢ through June ¢ + 1) on log market-to-book
(log v,,+) and operating profitability (Z,;). Column (2) decomposes each characteristic
into its two-digit SIC deviation (Within-Industry) and industry average (Industry Mean).
Column (3) adds each firm’s prior five-year average (Past 5-Year) and leave-one-out two-
digit SIC average (Industry-Peer). Twelve-lag Newey—West t-statistics are in parentheses;
* ** and *** denote statistical significance at the 10%, 5%, and 1% levels.

(1) (2) (3)
Independent Variable Baseline Industry Decomp. History vs. Peers
Log Market-to-Book (log vy, +) —0.336™* —0.253***
(—4.17) (—2.65)
Profitability (Z,, ) 0.694*** 0.795%**
(4.03) (4.09)
Within-Industry log vy, ¢ —0.369***
(—5.49)
Within-Industry Z,, ; 0.767*
(5.48)
Industry Mean log vy, 4 —0.198
(—1.25)
Industry Mean Z,, ; 0.095
(0.18)
Past 5-Year log v, ¢ —0.015
(—0.15)
Past 5-Year Z,, ; —0.233
(—1.02)
Industry-Peer log vy, ; 0.235**
(2.17)
Industry-Peer Z, ; —1.367***
(—2.60)
Intercept 1.049*** 1.198*** 1.374%*
(5.06) (4.63) (5.50)
Sample period 1963:07-2024:06  1963:07-2024:06 1966:07-2024:06
Months (T") 732 732 696
Avg. firms / month 2,223 2,223 1,664
Firm-months (N) 1,627,556 1,627,556 1,157,985
Avg. R? (%) 1.77 2.44 3.44

lies below the pooled belief (W, > 0).7

Column (3) adds two benchmarks alongside firm n’s current characteristics: its prior

"Defining peers more finely strengthens the within-industry slopes: —0.414 (¢t = —6.45) on logv,, ; and
0.824 (t = 6.25) on Z,,; in three-digit SIC industries, and —0.406 (¢t = —6.57) and 0.857 (¢ = 5.79) in
four-digit SIC industries, while industry averages remain insignificant (|¢| < 1.61).
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five-year average (Past 5-Year, inside H,, ;) and the leave-one-out industry average (Industry-
Peer, outside H,,;). The firm’s five-year history has no predictive power (¢t = —0.15 and
t = —1.02). This is consistent with local efficiency (8): specialists already price that
history, so comparing a firm with its past reveals nothing about its wedge.

By contrast, Industry-Peer log v, ; enters positively (0.235, t = 2.17) and Industry-Peer
Zn+ negatively (—1.367, t = —2.60), opposite in sign to firm n’s own slopes (—0.253 and
0.795). These opposite signs follow from the wedge W, ; = ,ugi — M%,ﬁ firm n’s belief
enters negatively, whereas peers’ beliefs raise the pooled belief ,ug’t. Holding firm n’s
characteristics fixed, higher peer valuation (given profitability) implies higher peer beliefs
and raises W, ;. Conversely, higher peer profitability (given valuation) implies lower peer
beliefs and lowers W, ;. Thus, a firm’s standing relative to peers today, rather than its
own past, identifies the wedge W, ;.

I now turn from returns to beliefs. Each year ¢, I estimate the cross-sectional regression

Ynt = Q¢ + CpplOg Uy + 74 L0y + Eny, (27)

where vy, is either the initial growth forecast log LTG,,; (Columns 1-2 of Table 3) or
the subsequent one-year revision AlogLTG,, ;—¢+1 (Columns 3-4). Columns (2) and
(4) replace log v, ; and Z,,; with their within-industry deviations. For initial forecasts
Ynt = log LTG,, s, inverting the valuation function (7) predicts ¢,; > 0 and cz; < 0: at a
given log vy, ;, a more profitable firm must have a lower local belief. Columns (1) and (2)
confirm both signs unconditionally (0.374 and —0.511, both |¢| > 13) and within industries
(0.284 and —0.356, both |t| > 8). Within an industry, low valuation and high profitability
identify firms with lower growth forecasts than peers, and thus a positive average wedge.

Columns (3) and (4) track how analysts revise their forecasts from June ¢ to June ¢+ 1,
the same twelve-month window as the returns in Table 2. Because firms with lower initial
beliefs carry a positive wedge (W, > 0), incoming news pulls their forecasts upward, as in
(23). The signs in (27) should therefore flip to ¢,; < 0 and ¢z > 0. Both columns confirm
this sign reversal unconditionally (—0.037, t = —6.75 on logv,, and 0.027, ¢t = 1.92 on
Zn+) and within industries (—0.034, t = —6.14, and 0.019, ¢ = 1.54). Analysts start with
lower growth forecasts for cheap, profitable firms than for industry peers, and revise them

upward relative to peers over the following year.
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Table 3: Analyst Growth Beliefs and Subsequent Revisions. Annual Fama-—
MacBeth regressions (¢t = 1982,...,2023) of December ¢ — 1 log consensus 1/B/E/S
long-term earnings growth forecasts (log LTG,,;, Columns 1-2) and subsequent June ¢
to June t 4 1 forecast revisions (Alog LTG,, ;—¢+1, Columns 3-4) on log market-to-book
(log v,+) and operating profitability (Z, ;). Columns (2) and (4) use deviations from
two-digit SIC industry averages (Within-Ind.). Three-lag Newey—West t-statistics are in
parentheses; *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels.

Initial Belief (logLTG,;) 1-Year Revision (Alog LTGy, t—¢41)
(1) (2) (3) (4)

Independent Variable Baseline =~ Within-Ind. Baseline Within-Ind.
Log Market-to-Book (log vy, ¢) 0.374*** —0.037**
(13.51) (—6.75)
Profitability (Z) —0.511*** 0.027*
(—14.56) (1.92)
Within-Industry log v, ¢ 0.284*** —0.034***
(19.75) (—6.14)
Within-Industry Z, ; —0.356™** 0.019
(—8.51) (1.54)
Intercept 2.518*** 2.649*** —0.021* —0.043***
(57.02) (69.79) (—1.89) (—5.19)
Sample period 19822023 1982-2023 1982-2023 1982-2023
Years (T) 42 42 42 42
Avg. firms / year 1,596 1,596 1,393 1,393
Firm-years (N) 67,035 67,035 58,522 58,522
Ave. R? (%) 22.72 10.28 1.14 0.79

Finally, I test Proposition 7 by comparing return predictability in months when a
firm announces quarterly earnings (Ann,, = 1, from Compustat rdq over 1972-2024)
with months when it does not (Ann,, , = 0). Higher precision A,,; during announcements
resolves a larger share of the wedge W, (Engelberg et al., 2018). Columns (1) and (2) of
Table 4 estimate (26) separately on the 1,561 non-announcing and 755 announcing firms
each month, and Column (3) reports their difference from a pooled interaction regression.
The slope on log v, ; nearly doubles from —0.251 (¢ = —2.84) in non-announcement months
to —0.493 (t = —4.97) in announcement months, a difference of —0.242 (t = —4.46). The
slope on Z,; rises from 0.420 (¢ = 2.27) to 0.529 (¢ = 2.23). Although announcement
months represent a third of the sample (32.6% of firm-months), they generate nearly half of
the annual valuation spread (4 x 0.493% = 1.97% out of 4 x 0.493% + 8 x 0.251% = 3.98%)).

Columns (4) through (6) combine Propositions 6 and 7 by repeating this comparison
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Table 4: Return Predictability in Earnings Announcement Months. Monthly
Fama—MacBeth regressions (July 1972 through June 2024, T' = 624) of stock returns
(in percent per month) on logv,; and Z,; (Columns 1-3) and on their within-industry
and industry-mean components (Columns 4-6), estimated separately for firms without
(Ann, , = 0, Columns 1 and 4) and with (Ann,, = 1, Columns 2 and 5) a Compus-
tat quarterly earnings announcement (rdq) in month 7. Columns (3) and (6) report
the announcement-month interaction slopes (xAnn,, ) from pooled monthly regressions.

Twelve-lag Newey—West t-statistics are in parentheses; *, **, and *** denote statistical
significance at the 10%, 5%, and 1% levels.

Baseline Characteristics Industry Decomposition
(1) (2) ®3) (4) () (6)
Independent Variable Non-Ann. Ann. Month Diff. (xAnn) Non-Ann. Ann. Month Diff. (xAnn)
Log Market-to-Book (log vy, 1) —0.251% —0.493*** —0.242%*
(—2.84) (—4.97) (—4.46)
Profitability (Zy+) 0.420** 0.529** 0.109
(2.27) (2.23) (0.56)
Within-Industry log v, ¢ —0.302*** —0.545** —0.243***
(—3.96) (—5.82) (—4.06)
Within-Industry Z, ; 0.529*** 0.628*** 0.098
(3.40) (3.02) (0.49)
Industry Mean log v, ¢ —0.093 —0.233 —0.140
(—0.55) (—1.25) (—1.16)
Industry Mean Z, ; —0.291 —0.035 0.257
(—0.52) (—0.04) (0.51)
Intercept / Ann, - 0.883*** 1.475%* 0.592%** 1.064*** 1.526*** 0.463**
(3.98) (5.97) (7.23) (4.06) (4.38) (2.43)
Sample period 1972-2024 1972-2024 1972-2024 1972-2024 1972-2024 1972-2024
Months (7) 624 624 624 624 624 624
Avg. firms / month 1,561 755 2,316 1,561 755 2,316
Firm-months (N) 973,966 471,155 1,445,121 973,966 471,155 1,445,121
Avg. R% (%) 1.99 2.23 2.19 2.72 3.16 2.94

under the industry decomposition. The announcement effect comes entirely from within
industries. The slope on Within-Industry logv,; jumps from —0.302 (¢ = —3.96) in
non-announcement months to —0.545 (¢ = —5.82) in announcement months, a difference
of —0.243 (t = —4.06), and the slope on Within-Industry Z, ; rises from 0.529 (¢t = 3.40)
to 0.628 (¢ = 3.02). By contrast, the slopes on Industry Mean logv,; and Z,, are
insignificant across all three columns (|t| < 1.25). Return predictability concentrates where
peer comparisons identify the wedge (within industries) and when precise disclosures arrive
to resolve it.

Together, Tables 2 through 4 support the model’s predictions. Market-to-book and

profitability predict returns relative to current industry peers, not through industry
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averages or a firm’s own history. The same characteristics identify firms whose initial
growth forecasts lie below peers’” and are later revised upward. Return predictability also
nearly doubles in announcement months. This evidence does not rule out variation in
discount rates, but a firm-level discount rate alone cannot explain why return predictability
is peer-relative; why the same characteristics predict subsequent revisions in growth

forecasts; and why predictability concentrates in earnings announcement months.

5 Conclusion

Hayek (1945, p. 520) observed that society’s economic problem is how to use “knowledge
not given to anyone in its totality.” This paper applies Hayek’s insight to the cross-section
of returns. Each firm’s risk-neutral specialists price its stock efficiently given their local
information. That price reflects other firms’ information only through arbitrageurs’ trades,
and only partially, because processing information across firms is costly. The resulting
information aggregation wedge—the gap between the pooled and local beliefs about a
firm’s drift—drives cross-sectional predictability. The wedge itself is unobservable. Yet to
detect this predictability, no one needs to know the true drifts, their correlations, or even
the pooled beliefs. Comparing firms is enough.

Incomplete aggregation also helps explain why anomaly returns decline after publication
(McLean and Pontiff, 2016; Marrow and Nagel, 2024). If these returns compensated for
risk, publishing an academic paper would not erode them. If they reflected data mining
alone, they would vanish out of sample even before publication. In my model, predictability
is real before publication because aggregating information across firms is costly. Once
research documents a predictor, arbitrageurs trade on it, local prices incorporate more peer
information, and the predictor’s expected return shrinks. Yet because public characteristics
capture only a projection of the wedge, arbitraging published predictors does not eliminate
cross-sectional predictability.

Several questions remain for future research. In this paper, signal precision follows
a known schedule, so posterior uncertainty is deterministic. If precision instead varied
stochastically, uncertainty would become a state variable in valuation. The model also

takes specialization as given. Letting specialists learn about peer firms at a cost would tie
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the size of the wedge to investor attention. Finally, the empirical illustration defines peers
coarsely through two-digit SIC industries. Measuring peer characteristics across closer
economic links, such as supply chains or product-market networks, should identify the

wedge more precisely.

29



References

Admati, A. R. (1985). A noisy rational expectations equilibrium for multi-asset securities markets.

Econometrica 53(3), 629-657.

Albagli, E., C. Hellwig, and A. Tsyvinski (2024). Information aggregation with asymmetric asset
payoffs. Journal of Finance 79(4), 2715-2758.

Andprei, D., J. Cujean, and M. Wilson (2023). The lost capital asset pricing model. Review of
Economic Studies 90(6), 2703-2762.

Andrei, D., W. Mann, and N. Moyen (2019). Why did the ¢ theory of investment start working?
Journal of Financial Economics 133(2), 251-272.

Asness, C., R. B. Porter, and R. Stevens (2000). Predicting stock returns using industry-relative

firm characteristics. Working paper, University of Florida.

Bai, J., T. Philippon, and A. Savov (2016). Have financial markets become more informative?

Journal of Financial Economics 122(3), 625-654.

Ball, R. and P. Brown (1968). An empirical evaluation of accounting income numbers. Journal

of Accounting Research 6(2), 159-178.

Bond, P.;, A. Edmans, and I. Goldstein (2012). The real effects of financial markets. Annual
Review of Financial Economics 4 (1), 339-360.

Bordalo, P., N. Gennaioli, R. La Porta, and A. Shleifer (2019). Diagnostic expectations and
stock returns. Journal of Finance 74(6), 2839-2874.

Brennan, M. J. and H. H. Cao (1997). International portfolio investment flows. Journal of

Finance 52(5), 1851-1880.

Broussard, J. P., J. Mikkonen, and V. Puttonen (2016). Style migration in Europe. FEuropean
Financial Management 22(5), 797-816.

Chen, Q., I. Goldstein, and W. Jiang (2007). Price informativeness and investment sensitivity to

stock price. Review of Financial Studies 20(3), 619-650.

Cochrane, J. H. (2011). Presidential address: Discount rates. Journal of Finance 66(4),
1047-1108.

30



Cohen, L. and A. Frazzini (2008). Economic links and predictable returns. Journal of Fi-
nance 63(4), 1977-2011.

Cohen, R. B. and C. Polk (1996). An investigation of the impact of industry factors in asset-pricing
tests. Working paper WP96-002, Harvard Business School.

Cohen, R. B., C. Polk, and T. Vuolteenaho (2003). The value spread. Journal of Finance 58(2),
609-641.

Cooper, M. J., H. Gulen, and M. J. Schill (2008). Asset growth and the cross-section of stock
returns. Journal of Finance 63(4), 1609-1651.

Da, R., S. Nagel, and D. Xiu (2024). The statistical limit of arbitrage. Working paper, National

Bureau of Economic Research.

De Bondt, W. F. M. and R. Thaler (1985). Does the stock market overreact? Journal of
Finance 40(3), 793-805.

Dumas, B., A. Kurshev, and R. Uppal (2009). Equilibrium portfolio strategies in the presence of
sentiment risk and excess volatility. Journal of Finance 64(2), 579-629.

Engelberg, J., R. D. McLean, and J. Pontiff (2018). Anomalies and news. Journal of Finance 73(5),
1971-2001.

Engelberg, J., R. D. McLean, J. Pontiff, and M. C. Ringgenberg (2023). Do cross-sectional pre-
dictors contain systematic information? Journal of Financial and Quantitative Analysis 58(3),

1172-1201.

Fama, E. F. (1991). Efficient capital markets: II. Journal of Finance 46(5), 1575-1617.

Fama, E. F. and K. R. French (1992). The cross-section of expected stock returns. Journal of
Finance 47(2), 427-465.

Fama, E. F. and K. R. French (1993). Common risk factors in the returns on stocks and bonds.
Journal of Financial Economics 33(1), 3-56.

Fama, E. F. and K. R. French (2007). Migration. Financial Analysts Journal 63(3), 48-58.

Goyal, A. and I. Welch (2008). A comprehensive look at the empirical performance of equity
premium prediction. Review of Financial Studies 21(4), 1455-1508.

Goyal, A., I. Welch, and A. Zafirov (2024). A comprehensive 2022 look at the empirical

performance of equity premium prediction. Review of Financial Studies 37(11), 3490-3557.

31



Grossman, S. J. and J. E. Stiglitz (1980). On the impossibility of informationally efficient markets.
American Economic Review 70(3), 393-408.

Gu, S., B. Kelly, and D. Xiu (2020). Empirical asset pricing via machine learning. Review of
Financial Studies 33(5), 2223-2273.

Hansen, L. P. and S. F. Richard (1987). The role of conditioning information in deducing testable

restrictions implied by dynamic asset pricing models. Econometrica 55(3), 587-613.

Hasbrouck, J. (1991). Measuring the information content of stock trades. Journal of Finance 46(1),
179-207.

Hayashi, F. (1982). Tobin’s marginal ¢ and average ¢: A neoclassical interpretation. Economet-

rica 50(1), 213-224.
Hayek, F. A. (1945). The use of knowledge in society. American Economic Review 35(4), 519-530.
Hofstadter, D. R. (1979). Gédel, Escher, Bach: An Eternal Golden Braid. Basic Books.

Hou, K. (2007). Industry information diffusion and the lead-lag effect in stock returns. Review

of Financial Studies 20(4), 1113-1138.

Jung, J. and R. J. Shiller (2005). Samuelson’s dictum and the stock market. Economic
Inquiry 43(2), 221-228.

Kim, J., Y. Kim, and S. Lee (2025). Industry-adjusted book-to-market ratio and value premium.
Finance Research Letters 86, 108347.

La Porta, R. (1996). Expectations and the cross-section of stock returns. Journal of Finance 51(5),

1715-1742.

La Porta, R., J. Lakonishok, A. Shleifer, and R. W. Vishny (1997). Good news for value stocks:
Further evidence on market efficiency. Journal of Finance 52(2), 859-874.

Lakonishok, J., A. Shleifer, and R. W. Vishny (1994). Contrarian investment, extrapolation, and
risk. Journal of Finance 49(5), 1541-1578.

Lewellen, J. and J. Shanken (2002). Learning, asset-pricing tests, and market efficiency. Journal

of Finance 57(3), 1113-1145.

Liptser, R. S. and A. N. Shiryaev (2001). Statistics of Random Processes II: Applications (2nd

ed.). Springer-Verlag, New York.

32



Marrow, B. and S. Nagel (2024). Real-time discovery and tracking of return-based anomalies.

Working paper, University of Chicago.

McLean, R. D. and J. Pontiff (2016). Does academic research destroy stock return predictability?
Journal of Finance 71(1), 5-32.

Merton, R. C. (1987). A simple model of capital market equilibrium with incomplete information.

Journal of Finance 42(3), 483-510.

Moskowitz, T. J. and M. Grinblatt (1999). Do industries explain momentum? Journal of
Finance 54(4), 1249-1290.

Novy-Marx, R. (2013). The other side of value: The gross profitability premium. Journal of
Financial Economics 108(1), 1-28.

Roll, R. (1988). R%. Journal of Finance 43(3), 541-566.
Shleifer, A. and R. W. Vishny (1997). The limits of arbitrage. Journal of Finance 52(1), 35-55.

Timmermann, A. (2006). Forecast combinations. In G. Elliott, C. W. J. Granger, and A. Tim-
mermann (Eds.), Handbook of Economic Forecasting, Volume 1, Chapter 4, pp. 135-196.

Elsevier.

Titman, S., K. C. J. Wei, and F. Xie (2004). Capital investments and stock returns. Journal of
Financial and Quantitative Analysis 39(4), 677-700.

Tobin, J. (1969). A general equilibrium approach to monetary theory. Journal of Money, Credit
and Banking 1(1), 15-29.

Van Nieuwerburgh, S. and L. Veldkamp (2009). Information immobility and the home bias
puzzle. Journal of Finance 64(3), 1187-1215.

Vuolteenaho, T. (2002). What drives firm-level stock returns? Journal of Finance 57(1), 233-264.

Zhang, L. (2005). The value premium. Journal of Finance 60(1), 67-103.

33



A Appendix: Proofs

A.1 Proof of Proposition 1

Expanding (4) and taking expectations gives

N N N
1 1
E {COVCS(MZL{,b Wn,t)} = N Z E[/‘ﬁ,twn,t] N2 Z Z E[Mgth,t]-
n=1 n=1m=1

For m = n, MZL{,t € Hpt and EWyy | Hp i) = 0 imply E[u%th,t] = 0. For n # m, MZL{,t € Gy,
Wit = Elem | Gi], and Eley, ] = 0 imply

E[M%th,t} = E[Hﬁ,tem,t] = COV(I“Z%‘{t’ em,t)-

From dyt, 1 = Kpyn(fin— Mn,t)dt—i-au,ndW#, , and (3), the stationary Ornstein-Uhlenbeck covariances
for n # m satisfy

PnmOun0um
Up + Um

PnmOun0um

5 COV(en ty Em t)
K.u’:n + Um

COV(,Un t; Em t)

Because u?;ft = [in,t — €n,t, subtracting the second covariance from the first gives

Un — Kun
Run + um)(un + Um)

COV(IU’ZL{,ta em,t) = pnmgu,nau,m(

Substituting this expression into the double sum yields (5). O

A.2 Proof of Proposition 2

Under Gy, E[dZ}}, | G| = E[dO}f, | Gi] = Wydt. Using (1) and (2), the conditional drift

differences between G; and H,,; are

EldZ,; | Gi] — E[dZ,,

nt] = Waadt, Eldplt, | G — Eldult, | Hatl = (un — ) Wadt.

Applying It6’s lemma to Vj, s = K, 105 (Zn 4, ,u%t, Up) in (7) gives

ovy, ovy,
an,t = vndKn,t + Kn,t <8ZU tdZnt + a UH dlu'n t)

1 821} 82'0 821)

Because payouts Ky, +(Zn+ — Uy (int, Znt))dt, capital growth dK, ¢, and the quadratic-variation

terms are identical under G; and H, ;, dividing by V,,; = K, ;v,, and taking conditional expecta-
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tions yields

1 Ovy,
Un ath

Ovy,
8#%

E[dRE,t | Gi] — E[ng,t | Hot) = Wi edt.

+ (un — Kpn)

Combining this equation with (8) yields (9) and (10), where I',; > 0 follows from v, > 0,

O0vn/0Zpy > 0, avn/au#’t > 0, and u, > Ky d

A.3 Proof of Proposition 3

Because u?:t € G, the law of iterated expectations and (9) give

E |Coveg Ho ts i -r = N2 Z E[Nn,tFn,th,t] - m Z Z E[Mn,trm,twmi]'
n=1m#n

n=1

For m = n, ,u%t, Iyt € Hyy and EDWV, ¢ | Hy ¢ = 0 imply ]E[u%t]fmwn,t} = 0. For n # m, joint
Gaussianity and EWy, ¢ | Hm¢ = 0 imply that E[u?{fth,t | Homt] = COV(M’#’tan,t | Homt)
is deterministic and equals Cov(p;, Wpy) = Cov(ugt,emyt) by the law of total covariance.

Conditioning on H,, : and using I';;, s € Hyp,p gives

E[u}f Lo Wint] = E [Fm,tE[MnH,th,t | Hm,tﬂ = Cov(plty, emt)ELm.q-

Substituting Cov(ulf;, em.) from the proof of Proposition 1 yields (11), where E[I', ] > 0 and

Uy > Ky,pn establish the strict inequality. O

A.3.1 Proof of Corollary 3.1

Because z,t € Hny € G and I'yyy € Himy € Gy, the own-firm terms (m = n) satisfy
E[zp+T'nWhn ] = 0, while for n # m the law of iterated expectations gives E[zy, tT'y Wi t] =
Elzp T temt]. Because (Zm,t,/ﬁ%,t) and ey, are jointly Gaussian and uncorrelated, e, is
independent of (Zpt, it ), 50 (Zn g, pits, emy) conditional on (Zpy,pulf ;) is Gaussian with
Elem,t | Zm.g, pit ;] = 0 and conditional covariances Cov(pft,, em¢) and Cov(Znt, €my). Applying
bivariate Stein’s lemma conditional on (Z,, ¢, ,u%t), multiplying by Iy, ¢, and taking expectations

gives

(%Jm
mit o
8#%

E[xn,trm,tem,t] = COV(,U’#,ta 6m,t)E lr

+ COV(Znyt, 6m7t)]E [F : ] .
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For n # m, d{Zy, em)t = 0, so the stationary covariance equation for (Zy,+, ey, +) yields

g g
(K/Z’n + Um) COV(ant’ emyt) = COV(/‘LTLta em,t) = w
’i,u,n + Um,

Substituting Cov(u#’t, em,t) and Cov(Z, ¢, em,) into the expansion of (4) yields (12). O

A.4 Proof of Proposition 4

Under common parameters (kz, 0z, K, [, 0,0, A) and cost function ¥, with py,m, = p € (0,1) for
n #m, (1) implies ¥ = o7 /(u + k,,). Because pin; = it + eng with pft, L e,y the stationary

moments of local beliefs are

2 2 2
o o oi(u— ky)
Var(ut,) = 2 U

— U=k
26, u-tky  26(ut Ky

Cov(ppy, tpes) = p Var(uj) (n#m).

Specializing (5) and (11) and using E[Varcs(ult)] = (1— N~ [Var(ult,) — Cov(plt,, ult ;)] gives

n,t

1

K
E [Covcs(u%t, Wnt)] =— <1 - N> PUM Var(uz;ft),

1\ (1 =pu+pr
B [Varos(u4)] = (1- 5 ) B2 v,

Dividing these expressions yields (14) and (13) in part (a). By joint Gaussianity and exchange-

)
ability across firms, conditional on u}t = (,u}{’t, e M%’t),

EWne — Wi | ud'] = b (ull, — ilh).

For part (b), v,; > 0 and avm/(f)uy’t > 0 imply alogvn,t/ﬁu%t > 0, so (Zn,t,yﬁt) —

(Zn,t,log vny) is invertible with p), = ©t(log Un.t, Znyt) and partial derivatives

-1
_ 0log vy, 1 >0 8/1#7,5
it G,u#,t ’ aZn’t

aﬂ#,t
O0log vp ¢

__O00n/0Zny

< 0.
8vn,t/8ll#¢

log vn, ¢

Thus o{(1og Um.t, Zme)h—1} = o{(Wik s Zms)h—1} C Gi. Under equicorrelation, the cross-

sectional averages (fit,Z;) are independent of the deviations (u%,t — @t Zmy — Zo)N_,, so

(9) gives

M%S;z,t = E[dRE,t | (log Um,t, Zm,?ﬁ)%:l] Jdt —r

= Fn,t [E[Wt ’ :aziv Zt] + bW,u (:UJHOOg Un,t, Zn,t) - ;atH> + bW,Z<Zn,t - Zt):| .
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For m # n, define V, = Var(,u#’t) - COV(M#,NN#L,Q Vz = Var(Zy, 1) — Cov(Zpt, Zmy), and

2

Cuz = Cov(ulty, Zny) — Cov(ulty, Zmy). Using Cov(in,i, Zny) = mv Cov(en,t, Znt) =0,
po? .
and Cov(Zy 4, €mt) = m gives
2 1—p)o? 1 -
V= 92 + ( P) H C“Z:UQ P P > 0.

) +
26z 26ukz(Ku + Kz) 26u(kp +6z)  (utkp)(u+rz)

Because 1 — N1 cancels in the bivariate normal equations for Wh,t on (,u#,t, Znt), solving them
yields

p(1 = p)o(u— r,)(u — k) Cp

L b =bw — b 4,
Ak + k) (u+ kiz)(kp + w2)(VVz — C2 ) W = "W Vi Wz

bw.z =

with VMVZ—Ci 7 > 0 by Cauchy—Schwarz. Differentiating /J,git holding (ji]t, Z;) fixed and taking
expectations yields b, = E[auRnt/Glog Untlz, A, z,) and by = E[0u Rnt/aZntllogun,t,p?,Zt] in
(15), because for gn € {0'n/0logvnt|z, ., Olnt/0Zn tlogvn. }> 0108 Un ¢, Zn t)-measurability
of gns and EW,y | Hns] = 0 give E[gnEWhi | (logvm.t, Zm)N_11] = ElgniWni] = 0.
When u > Kz, byy,z > 0 and C,,z/V,, > 0 imply by, < byy <0, so b, < 0 and bz > 0. When
log vy ¢ = a0+aZZn7t+a#,uﬁt is affine (az, oy, > 0), (10) gives constant I'y, ; = az+(u—ry)a, >0
and Corollary 3.1 implies E[Covcg(xm,deit/dt —1)] = TnE[Coves(znt, Wa)] for x,; €
{log vpn+, Zy+}, so the population OLS slopes on (log vy, +, Zy, +) equal (b,, bz). In Table 1, W, = 0
gives zeros in Columns (1) and (2), (8) gives zeros in Column (3a) of Panels A and B, and

conditioning on H,, ; gives

E[Fm,th,th,t] =K [Fn,t]E [Wn,th,t} ’

which yields the slope E[I';, ;] > 0 on W, in Panel C. For part (c), define the sufficient local
signal dSy,; = (A + 022)_1 [022 (dZnt + Kz Zpdt) + AdOp ] = pinedt + (A + 022)_1/2dWT§t (so
du%’ft = rp(p— pdt)dt + (u— k) (dSny — uﬁ,tdt) decays at rate u). Under equicorrelation, the
cross-sectional average shocks and deviation shocks have zero quadratic covariation, so the N-firm

pooled filter ,u,g,t = /Ztg + (ug,t - ﬂtg) decouples into two orthogonal scalar filters with decay rates

ug = \/IQ2 (A+o0y, )02(1 +(N—-1)p) >uand u = \/ﬁi + (A + 022)02(1 —p) <u
diy = k(i — a9)dt + (ug — k,,)(dS; — fif dt)
My = Kp(H — Hy Up — Ky t — Hgat),

d(ﬂg,t - ﬂtg) = _’iu(ﬂg,t - ﬂtg)dt + (1 — "&u)(dsn,t - dgt - (Ng,t - ljtg)dt)'
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Because pip, 1 — u%t L Wi, the steady-state pooled posterior variance and wedge variance are

1 Uy — K 1
Var(pn = # 1—— ) (a—-
1 uQ 1
) = ——— u—2_(1- —)al.
Var(Wh +) Atol? U= ( N> u}
Because ug/N = O(N~1/2) = 0 as N — oo, taking the limit yields (16). O

A.4.1 Cross-Sectional Regression Slopes in the General Case
In the general economy of Propositions 1-3 and Corollary 3.1, each firm’s local filter loads on
independent signal shocks (WZ,, W,) with #, > 0, so E[Varcg(plt,)] > 0 for every N > 2.

Specifically, using ,qu’t = fint — enyt and E[uzl'ft] = [in,

N-1 al H 1 H H
N2 Z Var(un,t) - ﬁ Z COV(:“mta /Lmﬂf) > Oa
n=1

n#m

E {VarCS(/‘g,t)} = Varcs(jin) +

Uz,n(un_’w,n)

where Var(ult,) = ; and, for n #m,

B 2nuﬁn(un+“m"

Un — Kun) (Um — Kpm) (Bun + Kpm + Un + Um)
COV H , H — o o ( n M, M, M, M, .
(it Hm.t) = PrmC i pm (Kpmn + Kpm) (Fpn + m) (Un + Fpm) (Un + Um)

Dividing (5), (11), and (12) by the regressor dispersion yields the population univariate slopes

1
bw == Cov (s, eme),
NENarcs ()] 2, OO o )
1
b, = — Cov z‘,em E[T,.4],
4= T N Nares (] 2z, Wt e B
1 8.13”75 8$nt
by = — C H o emt)E [ Topp et Cov(Zn s, emi)E | Ty , ’
N2E[Varcg(n,t)] n;n{ OV (L ts Emit) [ ’t(‘“)u#,t + CovlZnts emst) [ ’t(‘)ZnJ}

where Cov(uzl'ft, em,t) and Cov(Z, ¢, em,) are given in the proofs of Proposition 1 and Corollary
3.1. Whenever py,, > 0 for all n # m (with py,y, > 0 for at least one pair), byy < 0 and b, <0,
and b, < 0 for any differentiable characteristic with E[Varcg(zp)] > 0, 0zp ¢ /8;1% > 0, and
O0xpt/0Zyy > 0 (such as xy, s = log vy ¢).

Next, suppose firms share common parameters (kz,0z, ku, [l, 04,0, A) and cost function ¥,
while drift shocks have an arbitrary correlation matrix (pnm,) with average pairwise correlation

P= ]\}_1) > ntm Pnm € (0,1). Because each local filter conditions only on H, ¢, all own-firm
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second moments and E[I',, ;] are identical across firms and independent of (ppm,), whereas every
cross-firm covariance (n # m) among (,u,Zf’t, Zn+) and with W, ; is proportional to pp,. Averaging
across pairs in E[Coveg(+,-)] therefore replaces p by p in (14), (13), and the bivariate wedge
slopes (b 4, by, z) from the proof of part (b) above, preserving by, < by < 0 and by z > 0
when u > k7. In particular, when logv,,; is affine in (Z,, 4, uﬁt), the population cross-sectional
OLS slopes (by, bz) on (log vyt, Zn ) equal (15) with p replaced by p, giving b, < 0 and bz > 0
for u > ky.

Finally, in Table 1, all zeros hold under arbitrary firm heterogeneity: when p,,, = 0 for
all n # m (Column 1) or F,; = G; (Column 2), the wedge vanishes identically for every
firm, and in firm n’s own time series (Column 3a), local efficiency (8) sets the slopes and
marginal effects of all H, ;-measurable variables to zero, while conditioning on H,; gives
Cov(Wh ¢, ngt/dt —r)/ Var(W,, ) = E[I'y, ] > 0 whenever Var(W,, ;) > 0. In the cross-section
(Column 3b), b, < 0 holds globally under arbitrary heterogeneity by Proposition 3. In Panel C,

conditioning on H,, ; gives

E {COVCS(W%M dRy,/dt — T)} N et Lo t] E Wt Wint = W)
E [Varcs(Wh.t)] N E [Varcs(Wha.t)] ’

)

which equals E[I';, ;] > 0 under common firm parameters (for any correlation matrix with
E[Varcs(Wp+)] > 0) and remains strictly positive under moderate dispersion in E[I';,¢]. In
Panel B, (Z, 4, u?f,t) > (Zn.t,l0og vy ¢) remains invertible for each firm n, and at the homogeneous
equicorrelated benchmark with u > kz both inequalities b, < 0 and bz > 0 in (15) are strict.
Under continuity of (vn, dvn/0Zy, 1, Ovy /Oplt;) and the stationary Gaussian projection coefficients
in firm parameters and (pnm,), the expected cross-sectional marginal effects (holding (fijt, Z;)
fixed via uniform peer adjustments) remain strictly b, , < 0 and bz, > 0 under moderate firm

heterogeneity.

A.5 Proof of Proposition 5

Assume admissible investment rates are bounded (iy,s € [iy,%n], S0 0 < Knyoe@n_‘sn)t < Kpp <
Kn,oe(g’l*é")t), an equilibrium exists for each M > 0 with II(M) < oo continuous in M and
uniformly integrable discounted integrand in (18), and E[(Uy, + —Up.s)?] < Ly 7|t —s| on each [0, 7
with L, 7 > 0 independent of M. Define X,,; = Kg% e e""(s_t)Kms (Zns — Ui (ins, Zn,s))ds,

soUpt =E[X,1 | GV Fni] and vp e = E[ Xyt | Fot] = E[Un s | Fry)- An entrant with zero initial

holdings (H,, 0 = 0) chooses G; V F,, ;-adapted trading rates {6+ }+>0, with cumulative holdings
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H,y, s = [ Onedt satisfying B[ [ [5 €77 |0n:Kn,s(Zn,s — Yn(in,s, Zn,s))|dtds] < oo, to maximize

N oo
E lZ/[) e " <Hn,sKn,s (Zn,s - \Ijn(in,& Zn,s)) - Kn,svn,sen,s - W;Kn,s@i,s) dS] .
n=1

Applying Fubini’s theorem to the payout integral, conditioning on G; V F,, ; at each date ¢, and

completing the square rewrites this problem as

N 0o U _ 2 U _ 2
max [E Z / G_TtKn,t —( nt = Unt) o (Hn,t ot Tt Un’t> dt| .
{On,t}t>0 0 2%Yn 2 Tn

n=1
Because each arbitrageur is atomistic, K, ; > 0, and (U, — vpt)/Vn is Gt V Fy -measurable,
setting the squared term to zero pointwise gives 0, ; = (Unt — vnt)/vn and (18) in part (a).
For part (b), define the F,, ;-adapted process Qpn ¢ = Yy + % fot Un,sds, which satisfies d@Q,, s =

,YMH Un,sds + O'y}ndWY

n,s

under 6, s = 0 ; by (17), and for M > 0 and h € (0,t) define the

Fn-measurable estimator

240
Un,t

Tn 1/t TnOYn Y Y
n,t n,t— = 7 Un sd ’ Wn — Wn 7).
Mh(Q t— Qni—n) i), Un St (Wit i—h)

Because v, = E[U,; | Fn:] minimizes mean squared error over J,;-measurable variables,
applying (a — b)? < 2a? + 2b%, Jensen’s inequality, and E[(Uy,+ — Uy 5)?] < Ly 7|t — 5| on [0,7]
(T >t) gives

29505,
M2h

E [(Unt = v00)?| B |(Une = U )?| < Logh+

Setting h = M~! for M > t=! yields E[(Upnt — vnt)?] < (Lnr + 2%%0%%)M_1 = O(M™Y).
Because K, ; < nge(g’l*‘sn)t, E[Kpt(Upnt —vnt)?] — 0 for every ¢t > 0, and uniform integrability
of the discounted integrand in (18) gives (19). For part (c), continuity of II(M) and (19) imply
a finite free-entry mass M* < oo (M* = 0 if ¢ > I1(0), and II(M*) = ¢ by the intermediate value
theorem if 0 < ¢ < I1(0)). Because WY is independent of fundamentals, E[u, ¢ | G V Frt] = ,ug,t,
SO uit = E[u%t | Fn,t] by iterated expectations since Fp, ¢ C GV F, t, and W,ft = Wit —EWnt |
Fnil. At any M* < oo, Kp 5 > Knyoe@n_(sn)s and II(M*) < oo imply f(f]E[(UmS — vms)Q]ds < 00,
so conditional mutual information transmitted by the additive-noise channel (17) over [0, ] given

Hy,t is at most 2(71‘24%2)2 f(f]E[(Ums — vn,s)g]ds < oo (Liptser and Shiryaev, 2001). Because W;,
n’Y,n

is Gaussian and independent of H, ;, the Gaussian rate-distortion lower bound (Liptser and
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Shiryaev, 2001) yields

Var(WY,) > Var(Wh.) _Qry? tE[U — )2 d
nt) = n.t) €XP 55 (Un,s vn,s)} s] >0
rYno-Ym, 0

for every ¢ > 0 whenever Var(W,, ;) > 0 (and conditioning further on G;_A V F,, ;_a over a fixed
window [t—A, t] replaces Var(W, +) by Var(u%t | G- aVHn ) > 0, keeping lim infy o Var(Wy,) >

0 whenever sup,>q E[(Un,s — vn,s)?] < 00). O

A.6 Proof of Proposition 6

Under common parameters (Kz, 0z, Ky, i, 0y, 0, A) and cost function ¥, each firm has the same
valuation function v, = v and marginal stationary law for (Zy s, ult;), so E[p¢] = E[Ty, 4] > 0.
Because the N x N block correlation matrix has strictly positive eigenvalues 1 — py, 1 — po +
Ne(pw — pa), and 1 — py, + Na(pw — pa) + Npa, it is positive definite. From the proof of
Proposition 3, Cov(ult;, dRE ,/dt —r) equals 0 for m = n and ppmyE[Ty,] for m # n, where

2 (1 —
Y = % > 0. Expanding Cov (2.1, yns) = Ng' Sneg(@nt = Tg4) (Yns — Gg.) within

industry g (Ng firms, ppm = pw for m # n) yields (20), while averaging within each industry

ge{l,...,G} gives

. dRE 1
Cov <u;'ft, df’t - 7“) = (1 — NG) puw E[L'y 4],
dRE
Cov (u;’ft, T 7“) = paE[Tns] (g # 9).

Substituting these industry covariances into E[Covglg(ﬂ;'ft, d}_fgt Jdt—r)], where Covira(Z g1, Yg.t) =

G~! 25:1(fg,t — Z¢)(Yg,t — Yt), gives (21) in part (a). For part (b), with common (x,,0,) and
—K

Prnm > 0, the proof of Proposition 1 gives Cov(,u#,t, Wint) = pnmaim > 0. Therefore

2 2

C H ,W e H ,W — 2 n— Um
OV W) = COVUtmis Wnt) = Do S ) )

u

>0

whenever A,, > A, (so u, > uy,), which proves (22). Differentiating with respect to u, and u,,,

0 Up — Ky 1
5 - - >0,
U | (K + Um)(Un + Um) (Un + Um)
0 Uy — Ky Ky =+ Un + 2Up,
= —(up — K < 0.
Oum | (K + ) (U, + ) (un = i) (K 4 tum)?(Un + m)?
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Because Ouy /Oy = ai /(2ug) > 0, Cov(u#’t, Wn.t) strictly increases in A,, and strictly decreases

in A,,. ]

A.7 Proof of Proposition 7

Under a deterministic, piecewise-continuous schedule A,, ; bounded away from zero and infinity
(right-continuous with left limits) and initialized at 1, o = v (Ay,0) > 0, the solution v, 5 of (24)

is continuous, bounded, and strictly positive for all s > 0, and the local filter and forecast error

follow
dpits = Fpun(fin — piL)ds + v s (02,427 + Ay sdOM, )
den,s = —Unp, sen sds + Uu,ndW#,s — Un,s (UilndeZ,s + AL{?deS) ,
where s = Kyn + (Ans —I—Ugi)ums > Kyn. Applying Itd’s lemma to V;, s = Ky, svn(s, Zp s, M#,s)

on either side of a jump date t > 0 and subtracting (8) cancels all H,, s-measurable terms

(including Ov,, /0s and the quadratic-variation terms) and yields

Ovp s
ol

E dRES S 1 6 n,s
w [ Unys 4 (As —1—0’2;)1/”,3

—r =0T Wns Ipns=
ds ' o ’ Uns | 0Zn.s

Because no discrete signal arrives at s = ¢, local efficiency (8) imposes value matching v, (t~, Z, u’*) =
vn(tT, Z, u) across (Z, u™), so Up,sy OUp s/0Z, s, and 60n73/6u§8 are continuous across s =t
(only Qv,,/0s jumps). Because v, s and W), s are also continuous across s = t while A, ;+ — A, ;- =
A, — A, > 0, subtracting s = t~ from s = ¢t yields (25). Furthermore, because {Aks}ts>0 is
deterministic and initialized at the Gaussian steady state, the joint system remains Gaussian
with Elen s | Hp,s] = 0 and E[dRE  /ds — r] = 0. For m # n, joint Gaussianity and the law of

total covariance imply that E[pt jen s | Hn,s] = Cov(pll ., en s | Hn,s) is deterministic and equals

Cin(s) = Cov(u%s, €n,s), so conditioning on H,, s gives

_,, dRE 1
Cov (M?{fs — ,U«Z{, d87 — T) = —N Z Cmn(S)E[Fn,s]a

m#n

where Ry (s) = Cov(em,s, €n,s) and Cryp(s) solve, for m # n,

dRpn
J = _(Um,s + Un,s)Rmn(s) + PnmOumTun,
ds
dcmn
) gy ) Con(5) s = ) o (5)
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Because up s > kym > 0 and ups > Ky, > 0 are bounded and piecewise continuous, in-
tegrating factors from Ry, (0),Crupn(0) > 0 (strictly positive when pyn,, > 0) imply that
Cmn(s) is continuous at s = ¢, nonnegative whenever p,,,, > 0, and strictly positive when-

ever pnm > 0. Consequently, —% Zm?én Cmn(t) < 0 is continuous across s = t, whereas
Tpir =g = (A= Ay vngvy, 100t /Oplt, > 0 (with 0 < T, ;- < T, 4+ =y and E[I?2 ] < o0)
implies E[T',, ;+] > E[[, ;-] > 0, so Cov(pft, — ult,dRE /ds — r) < 0 becomes strictly more

negative from s =t~ to s = t™. O

B Appendix: Data

Compustat and CRSP sample. I combine the Compustat North America Fundamentals
Annual file (comp.funda) with the CRSP Monthly Stock File (crsp.msf) and Monthly Delisting
File (crsp.msedelist) using the CRSP-Compustat historical link table (crsp.ccmxpf_lnkhist),
requiring the link to be active on the fiscal year-end date (datadate). Following Fama and
French (1992, 1993) and Novy-Marx (2013), each June ¢t € {1963, ...,2023} I match accounting
data from fiscal years ending in calendar year ¢t — 1 (keeping the latest fiscal year-end if multiple
records appear) to monthly stock returns from July ¢ through June ¢+ 1. Book equity (be) equals
common equity (ceq) plus balance-sheet deferred taxes (txdb, set to zero when missing), and
operating profitability is Z,; = oibdp/be, where oibdp is operating income before depreciation.
Market equity (in millions of dollars) at the end of any month is |[PRC| x SHROUT/1000, and
market-to-book vy, ; divides December ¢ — 1 CRSP market equity by fiscal year ¢ — 1 book equity.
Monthly delisting-adjusted returns are R, = [(1 4+ RET)(1 + DLRET) — 1] x 100 (treating a
missing component as zero when the other is observed, and missing when both are missing). As
of June ¢, I retain ordinary U.S. common shares (CRSP SHRCD 10 or 11) listed on NYSE, AMEX,
or Nasdaq (EXCHCD 1, 2, or 3) from the CRSP historical security header file (crsp.msenames),
exclude financial firms (SICCD 6000-6999) and observations without a valid positive SIC code,
and require positive book equity, positive sales (sale), non-missing oibdp, positive market equity
in December ¢ — 1 and June ¢, and a June ¢ share price of at least $5. Within each formation

year t, I winsorize log v, ; and Z,; at the 1st and 99th percentiles, and then drop two-digit SIC
industry-years (|SICCD/100|) with fewer than five firms. The resulting panel contains 139,118
firm-years across 13,989 firms (averaging 2,281 firms across 50 two-digit SIC industries per year)
and 1,627,556 firm-months across 732 months from July 1963 through June 2024 (2,223 firms
per month). Across firm-years, log v, ; has mean 0.639 and standard deviation 0.868 (median

0.559), Zp, + has mean 0.280 and standard deviation 0.346 (median 0.275), and monthly returns
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R, - have mean 1.052% and standard deviation 14.016%.

Characteristic decompositions, earnings announcements, and Fama—MacBeth

inference. For each characteristic x,; € {logvn¢, Zp+} in two-digit SIC industry g and
formation year ¢ (with Ny, > 5 firms), Industry Mean is Z,; = N, L e g Tm,t, Within-Industry

is Tnt — Z4t, and Industry-Peer is the leave-one-out average (Ng7t - 1)*1 > Tm,t- Past

meg, m#n
5-Year is firm n’s average of x, s over prior formation years s € {t —5,...,¢t — 1}, requiring at
least three observed prior years; Column (3) of Table 2 therefore spans July 1966 through June
2024 (696 months, 1,157,985 firm-months). In Table 4, T obtain quarterly earnings announcement
dates (rdq) from the Compustat North America Fundamentals Quarterly file (comp.fundq), link
gvkey to CRSP permno via crsp.ccmxpf_lnkhist requiring the link to be active on rdq, and
set Ann, , = 1 if firm n has a quarterly earnings announcement in month 7 (and 0 otherwise).
Retaining firm-years from July 1972 through June 2024 (7' = 624 months) with at least one
reported rdq between July ¢ and June ¢ + 1 yields 1,445,121 firm-months, of which 471,155
(32.6%) are announcement months and 973,966 are non-announcement months. In Tables 2
through 4, each specification is estimated by cross-sectional ordinary least squares in every period
(T = 732, 696, or 624 months for returns; 7" = 42 years for growth forecasts), and I report the
time-series mean of the slope estimates. Standard errors use the Bartlett-kernel Newey—West
estimator with lag truncation K = 12 for monthly regressions and K = 3 for annual regressions,
and two-sided statistical significance (*, **, ***) is evaluated from the Student-¢ distribution with

T — 1 degrees of freedom.

I/B/E/S analyst growth forecasts. I obtain consensus mean long-term annual earnings-
per-share growth forecasts (1tg, in percent per year, requiring 1tg > 0) from the I/B/E/S
Unadjusted U.S. EPS Summary file (ibes.statsum_epsus, available from December 1981). 1
link eight-digit I/B/E/S cusip identifiers to CRSP permno via the CRSP historical security header
file (crsp.msenames), requiring cusip = ncusip and that the I/B/E/S statistical period date
(statpers) fall within the active name range [namedt,nameendt]| (keeping the latest statpers
if multiple snapshots appear). For Columns (1) and (2) of Table 3, the initial growth belief
log LTG,,; = log(1tg) uses the December ¢ — 1 consensus forecast to align with December
t — 1 market equity in v, ;; merging with the June ¢ formation panel over t € {1982, ...,2023}
yields 67,035 firm-years across 8,453 firms (mean forecast 17.53%, median 15.00%, covered
by 4.4 analysts on average). For Columns (3) and (4), I compute the subsequent one-year
forecast revision from the monthly I/B/E/S summary snapshots in June ¢ and June t + 1 as

AlogLTGy, t—¢+1 = 1log LT Gy, june t+1 — log LTGy, june ¢, winsorize Alog LT Gy, ;—¢+1 at the 1st
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and 99th percentiles within each formation year across the I/B/E/S—CRSP June panel, and
merge with the June t formation panel. This yields 58,522 firm-years across 7,552 firms (mean

revision —0.046, standard deviation 0.354).
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