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Abstract: Recessions are characterized by slow input reallocation and high misallocation.
We study the role of information frictions by measuring how the informativeness of the
stock prices for capital allocation changes with business cycles. First, we build a stock
market model in which both the information content and the noise in prices respond to
changes in economic activity endogenously, affecting how well those prices reflect a firm’s
performance. Second, we incorporate the stock market into a dynamic model with hetero-
geneous firms to characterize how stock price informativeness and capital misallocation
interact with one another. An increase in liquidity concerns of traders can simultaneously
boost information production, decrease stock price informativeness, and increase capital
misallocation in the economy. Third, we propose a way to structurally estimate the degree
of price informativeness and apply it to data on public firms from 57 countries.

*** VERY PRELIMINARY AND INCOMPLETE DRAFT ***



1 Introduction

Economic downturns are associated with a decrease in measures of aggregate produc-
tivity; the misallocation of inputs increases during downturns, and capital reallocation
slows down (Eisfeldt and Rampini, 2006). These findings contradict the prediction from
the Schumpeterian growth theory, that decreased demand makes recessions ideal for re-
allocation. One suspect is the counter-cyclical information quality on investment oppor-
tunities. An important source of information are stock prices which reflect the actions
of traders who spend time, money, and effort to evaluate firms’ future potential and
are commonly used to guide investment.1 Hence, understanding the cyclical behavior
of stock price informativeness, i.e., the amount of information revealed by stock prices
might shed some light on the capital allocation puzzle.

In this paper, we measure the cyclical behavior of price informativeness and its impact
on capital (mis)allocation. We first build a model of information acquisition and trading
where the noise in prices is endogenously determined. Second, we incorporate it into
a neoclassical growth model where stocks are claims on real assets, and the real sector
learns from the trades in the stock markets. Third, we estimate the model by construct-
ing a firm-level panel data from 57 countries that combines stock prices and earnings
forecasts. Last, we use the estimated model to analyze the cyclical properties of price
informativeness and its implications on aggregate productivity.

Stock price informativeness crucially depends on (1) how informed traders are in the
first place and (2) how well prices reflect their information. In this paper, we analyze
how asset liquidity interacts with these two channels. A comprehensive analysis of price
informativeness requires relaxing the commonplace assumption of exogenous noise in
prices, which followed Grossman and Stiglitz (1980). Exogenous noise prevents prices
from perfectly revealing and maintains an equilibrium with incentives to acquire costly
information. However, the assumptions made about the noise’s exogenous characteristics
also dictate how it responds to shocks. We start by building a model with different trad-

1Baker et al. (2003) shows stock prices are important for the corresponding firm’s investment when the
firm is dependent on equity with external financing needs. Chen et al. (2006) and Bennett et al. (2019) show
that the sensitivity of the firm’s investment and CEO turnover on its stock price increases as empirical mea-
sures of price informativeness increase. Edmans et al. (2012) shows a decrease in stock prices increases the
likelihood that the corresponding firm will be subject to a takeover. Feldman and Schmidt (2003) describes
how regulators use stock prices in their decision making.
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ing motives across investors. Specifically, we model two types of traders -day and night-
interested in different asset properties -liquidity risk and fundamental payoff-. This struc-
ture creates endogenous noise in prices: a high price may indicate a low liquidity risk or
a high fundamental payoff.

The stock trading model offers several insights by itself. First, when a larger share of
traders are worried about the liquidity risk, the price informativeness on the fundamen-
tal payoff goes down. Second, traders may acquire more information about the firm’s
performance even when nothing changes about its profitability outlook. In particular, in-
formation acquisition intensifies when (1) more traders care about its stock’s liquidity, (2)
the quality of public information about its liquidity decreases, and (3) the quality of costly
information about its liquidity increases. Third, in an otherwise symmetrical setting, the
total resources spent on information acquisition are the largest when there is an equal
number of day and night traders.

Next, we incorporate this stock market module inside a neoclassical growth model
with heterogeneous firms. In the absence of information frictions, the investors would
allocate capital across firms based on their true idiosyncratic productivity. In our model,
the allocation is based on the investors’ best guess, given the stock prices. While the stock
traders acquire costly information and trade based on their information, the economy’s
real side uses the prevailing stock prices as signals of true productivity. Hence, the stock
markets affect the resource allocation in the real sector through prevailing prices. On the
other hand, real shocks affect the stock markets by changing the profitability of firms.
This structure allows the amplification of small shocks through feedback loops between
the real and financial sectors.

The main mechanism of the model works as follows. A shock that increases liquidity
traders’ share in the economy masks the information about fundamentals in prices. This
mechanism raises two real distortions: (1) increased spending on acquiring costly infor-
mation by traders and (2) worse allocation of capital across firms by the investors. The
first effect allocates resources away from productive capital and towards information pro-
ducing, while the second causes a misallocation of capital across firms and lead to lower
aggregate investment. Hence a financial shock that increases the liquidity needs increases
misallocation, decreases aggregate investment, and increases the resources spent on in-
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formation production, consistent with the patterns observed during recessions.2

The model also allows separately accounting for the efficiency losses through different
channels. We look at the efficiency loss due to capital allocated to information production
and the loss due to misallocation. We find the efficiency loss due to information produc-
tion disappears when the share of liquidity traders is either close to 0 or 1.

The model implies a one-to-one mapping between measures of price informativeness
and the extent of misallocation under certain restrictions. We show that the level of price
informativeness can be estimated using information on stock prices, short term earnings
expectations and long term earnings expectations. We use data on global stock prices
and analyst forecasts of firm-level earnings to measure the cyclical behavior of the price
informativeness for 57 countries. Combining the price informativeness estimates with
country level business cycle data allows us to establish the general cyclical patterns of
price informativeness.

Our paper lies at the intersection of the literature on price informativeness and the
literature on input misallocation. The vast majority of the theoretical literature on price
informativeness assumes an exogenous source of noise to prevent prices from being per-
fectly informative, following the impossibility theorem of Grossman and Stiglitz (1980).
We endogenize the information/noise ratio by assuming two dimensions of information
condensed in a single price. The closest papers to ours here are Stein (1987) and Vives
(2014). The former uses heterogeneity in market access while the latter uses heterogene-
ity in preferences to generate imperfectly informative prices without exogenous noise.
Both papers are theoretical and restrict attention to implications for the stock markets.
We extend their framework and allow the heterogeneity itself to change over time. The
empirical literature focuses on measuring price informativeness. Dávila and Parlatore
(2018) are the first to map empirical regression estimates to parameters in a Grossman and
Stiglitz (1980) structure to infer price informativeness. They use time-series regressions to
measure price informativeness for each stock, which requires them to make assumptions
on how model parameters change over time to keep the cross-sectional variation flexible.
We, on the other hand, use cross-sectional regressions to measure price informativeness
over time. Thus, we make assumptions on the extent of heterogeneity across stocks to
allow parameters to change flexibly over time. Bai et al. (2016), similar to us, analyzes

2See Jiang et al. (2015) and Loh and Stulz (2018) for evidence on counter-cyclical information production
by investors.
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the long-run trend in price informativeness using cross-sectional regressions. However,
they are interested in the ability of prices to predict future stock performance, which is
determined jointly by the availability of information on future prices and the ability of
stock markets to communicate such information. Our model allows disentangling the
two components.

One strand of the literature on input misallocation analyzes the patterns of input mis-
allocation across firms in recessions. Foster et al. (2016) find the extent of reallocation
across the U.S. firms has declined during the great recession. Kehrig (2015) finds disper-
sion of productivity distribution in the U.S. is larger in recessions than booms.3 Further-
more, Eisfeldt and Rampini (2006) shows the amount of capital reallocation is procyclical
and large countercyclical reallocation costs are required to justify it. Tighter financial
constraints, counter-cyclical adverse selection in the market for used-capital, managers’
incentives to hide reallocation needs from owners during recessions have been proposed
as potential mechanisms for the counter-cyclical misallocation.4 On the other hand, oth-
ers take increased uncertainty/misallocation as a primitive shock and analyze its effects
to understand business cycles.5 We contribute to this literature by first proposing a novel
mechanism that creates misallocation and analyzing how the misallocation caused by the
drop in productivity can feedback to the price informativeness and amplify the initial
shock.

There is a recent, but growing, literature at the intersection of these two strands. Ben-
habib et al. (2019) does a theoretical analysis similar to ours with two-way learning be-
tween the real and the financial sectors. Their model exhibits complementarity in infor-
mation acquisition. Thus, a shock that reduces incentives to acquire information in one
sector induces the other to reduce information acquisitions, creating equilibrium switches
that amplify the initial shock. David et al. (2016) and David and Venkateswaran (2019) are
the closest papers to our study. The former focuses on the role of informational frictions
in resource allocation and measures how much each source of information contributes to
productivity gaps. The latter has a larger scope and incorporates many potential frictions

3The increased misallocation is not specific to the U.S. and has been documented for other countries in
economic crises as well. See Oberfield (2013) for Chile, Sandleris and Wright (2014) for Argentine, Dias
et al. (2016) for Portugal and Di Nola (2016) for the U.S.

4See Ordonez (2013), Khan and Thomas (2013), Fajgelbaum et al. (2017) and Straub and Ulbricht (2017)
for tighter financial constraints, Fuchs et al. (2016) for adverse selection, and Eisfeldt and Rampini (2008)
for managerial incentives.

5See Christiano et al. (2014), Arellano et al. (2016), and Bloom et al. (2018).
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that can distort resource allocation on top of informational frictions. Both analyses pro-
vide static measures; thus, they are silent about cyclicality. While our framework restricts
attention to stock markets as the main source of information, we introduce endogenous
noise, time-varying model parameters, and a two-way interaction between real and fi-
nancial sectors.

The remainder of the paper is structured as follows. Section 2 introduces the stock
market model with endogenous noise, and Section 3 incorporates it into an RBC model.
Section 5 concludes.

2 Static Model

In this section, we present a simple static environment with a single risky asset. The set-
ting is designed to be symmetric to flesh out the main mechanics of our mechanism. The
price functions as a signal for two properties, which are valued differently by different
traders. The trading behavior of one type of trader masks the information for the other
type.

2.1 Environment

Preferences There is a measure one of traders with CARA period utility functions. That
is, utility from consuming an amount W is given by V (W ) = −e−aW . A γ ∈ (0, 1) fraction
of traders live on a sunny island (sunny traders) and 1−γ fraction live on a cloudy island
(cloudy traders).

Technology There is a safe asset (money) with returnR regardless of where it is consumed.
There is also a risky asset (orchid) which gives a random return u1 when planted in the
sunny island and u2 when planted in the cloudy island. Returns of this risky asset consist
of two parts:

u1 = θ1 + ε1

u2 = θ2 + ε2

where θk can be privately observed at a cost ck(.) while εk are unobservable. Both θk
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and εk are random variables. The cost of acquiring information ck(.) is assumed to be an
increasing function of the number of informed traders.6.

Endowments Trader j is assumed to be endowed with M̄j of safe asset and X̄j of the risky
asset. The total supply of risky asset in the economy is assumed to be 0 and it is common
knowledge. We denote the price of the risky asset with P where the price of safe asset is
normalized to 1. Trader j’s starting wealth becomes M̄j + PX̄j .

Distributional Assumptions We assume θk ∼ N (θ̄k, σ
2
θk

) and εk ∼ N (0, σ2
εk

). We also
assume θ1, θ2, ε1, ε2 are jointly independent.

2.2 Portfolio Choice Problem

Both the sunny and cloudy traders first decide whether to pay the cost ck(λk) to get in-
formation and then decide on a portfolio of assets. After the informational decision, the
portfolio choice problem of trader j from island k becomes

max
Mj ,Xj

E

[
− exp

[
− a[RMj + ukXj]

]]
s.t. Mj + PXj = M̄j + PX̄j

(1)

where Mj and Xj are safe and risky asset demands of trader j. Let’s define W0j ≡
M̄j + PX̄j . Since uk is normally distributed, the end-of-period wealth of trader j is also
normally distributed. Therefore, we can re-write the problem as

max
Mj ,Xj

−exp
[
− a
[
RW0j +Xj

[
E[uk]−RP

]
− a

2
X2
j V ar[uk]

]]
(2)

which yields

X∗j =
E[uk]−RP
aV ar[uk]

Informed traders know the relevant θ. Therefore, they form their expectations on uk based
on θ and do not need to use the market price P . Uninformed traders look at the market

6This rules out any complementarity in information acquisition and prevents multiple equilibria. This
assumption can be derived from a model where the cost of acquiring information is heterogeneous across
traders and those with the smallest cost acquire the information first.
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price to form their expectations. For these traders, the price is not perfectly informative.
The reason is, agents only care about the asset’s payoff on the island they plant it but the
market price is a function of payoffs in both periods. Therefore, a high price might be the
outcome of a high payoff on island 1 as well as in island 2.

Demand for the risky asset for an informed trader j that lives in island k becomes

X∗j =
θk −RP
aσ2

εk

Demand for the risky asset for an uninformed trader that lives in island k becomes

X∗j =
E[uk|P ]−RP
aV ar[uk|P ]

2.3 Solution

Let’s define λ1 and λ2 as the fraction of traders that pay the cost to be informed on island
1 and 2 respectively. We denote λ ≡ {λ1, λ2}. Market clearing for the risky asset requires

γ

[
λ1

[θ1 −RP
aσ2

ε1

]
+(1− λ1)

[E[u1|P ]−RP
aV ar[u1|P ]

]]
+ (1− γ)

[
λ2

[θ2 −RP
aσ2

ε2

]
+ (1− λ2)

[E[u2|P ]−RP
aV ar[u2|P ]

]]
= 0

(3)

Lemma 1. Given the distributional assumptions, there exists a market price for a given λ with
the form

Pλ(θ) = α0λ + α1λ

(
θ2 +

γλ1σ
2
ε2

(1− γ)λ2σ2
ε1

θ1

)
(4)

where α0λ and α1λ are real numbers that possibly depend on λ but not on θ1 or θ2.

Proof. Appendix A.

Corollary 1. For a given λ, price becomes more informative about θ1 when
(i) a larger fraction of traders are from island 1
(ii) a larger fraction of island 1 traders are informed compared to island 2 traders
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(iii) the payoff at island 1 is less volatile conditional on information on θ compared to payoff at
island 2.

Proof. Immediately follows from Equation 1.

Let’s denote the end-of-period wealth for trader j from island k for a given λ as W λk
j .

That is
W λk
Ij = R(W0j − ck(λk)) + [uk −RPλ(θ)]Xj

I (Pλ(θ), θ) (5)

W λk
Uj = RW0j + [uk −RPλ(θ)]Xj

U(Pλ(θ), P
∗
λ ) (6)

where subscripts I, U refer to being informed and uninformed and P ∗λ is the realized mar-
ket price. Trader j would be willing to pay to be informed if and only if E[V (W λk

Ij )|Pλ] ≥
E[V (W λk

Uj )|Pλ].

Lemma 2. Under the distributional assumptions,

E[V (W λk
Ij )|Pλ]

E[V (W λk
Uj )|Pλ]

= eack(λk)

√
V ar[uk|θk]
V ar[uk|Pλ]

≡ ψk(λ) (7)

for k ∈ {1, 2} and j ∈ [0, 1].

Proof. Appendix A.

Corollary 2. ψk(λ) is monotone and continuous in each λk. Therefore,
(i) If ψk(λ) > 1 ∀λk ∈ [0, 1], all island k traders become informed, i.e. λ∗k = 1.
(ii) If ψk(λ) < 1 ∀λk ∈ [0, 1], no island k traders become informed, i.e. λ∗k = 0.
(iii) Otherwise, λ∗k as a function of λ−k is given by ψk(λ) = 1.

Definition P (θ)∗, λ∗1, λ
∗
2 constitutes a stochastic Rational Expectations Equilibrium (REE)

such that
(i) λ∗1, λ∗2 are given by Corollary 2, given P (θ)∗.
(ii) P (θ)∗ satisfies the market clearing condition given in Equation 3, given λ∗1, λ∗2.

Proposition 1. Let c(λk) be strictly increasing and strictly concave. There exists a unique linear
REE where price has the form given in Lemma 1.
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Proof. There exists a P (θ)∗ for any λ∗1, λ
∗
2 ∈ [0, 1] since market clearing condition is un-

bounded below and above for P (θ) ∈ R+. Therefore, showing λ∗1, λ
∗
2 ∈ [0, 1] exists that

satisfies Corollary 2 is sufficient. Given Corollary 2, λ∗1, λ∗2 ∈ [0, 1] has to exist. Thus an
equilibrium, which is not guaranteed to be interior, exists.

There exists a unique P (θ)∗ for any λ∗1, λ
∗
2 ∈ [0, 1] since market clearing condition is

strictly monotonic in price. By Lemma 2, λk is unique for a given λ−k since ψk(λ) is strictly
monotonic in λk. Therefore, there cannot exist multiple equilibria that are not interior. For
interior equilibria, λ∗k(λ−k) is strictly increasing and concave in λ−k for k = 1, 2. Therefore,
λ∗1(λ2) and λ∗2(λ1) can only have a single crossing inside [0, 1]× [0, 1]. Thus the equilibrium
is unique.

Corollary 3. Let limλk→0 c(λk) = 0 and limλk→1 c(λk) = C̄ where C̄ is large enough. Then the
unique linear REE is interior.

2.4 Equilibrium Characterization

Here, we focus on interior equilibria and follow Goldstein et al. (2014) to define price
informativeness as the reduction in payoff variance faced after observing the price. How-
ever, we normalize it with the reduction in payoff variance after acquiring the costly sig-
nal.

Definition Price informativeness measure for island 1 traders is defined as

PI1 =
1

1 +
σ2
θ2

σ2
θ1

(
(1−γ)λ2σ2

ε1

γλ1σ2
ε2

)2 (8)

and for island 2 traders is defined as

PI2 =
1

1 +
σ2
θ1

σ2
θ2

(
γλ1σ2

ε2

(1−γ)λ2σ2
ε1

)2 (9)

An immediate implication is whatever increases the informativeness of the price for
the island 1 traders decreases it for the island 2 traders and vice versa.
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Using Lemma 2, in interior equilibria, we can write price informativeness for island i

trader (to be denoted as PIi) as

PIi = σ2
θi

+ σ2
εi

(1− e2aci(λi)) (10)

In Grossman and Stiglitz (1980), equilibrium objects do not appear on the RHS, thus com-
parative statics become trivial. In our case, combining Definition 2.4 and (10) we have
two equations to solve for two equilibrium objects λ1 and λ2. We further assume a cost
function form c(λk) = CkC(λk) where Ck is a parameter.

Proposition 2. In interior equilibria, fraction of informed island 2 traders λ2 increases as
(1) a, C1, C2 and σ2

ε1
decreases

(2) σ2
θ1

and γ increases
(3) σ2

ε2
decreases and σ2

θ2
increases.

Symmetric results hold for island 1 traders.

Proof. Appendix A.

In Proposition 2, the comparative statics w.r.t. the parameters of the island 2 pay-
offs are similar to Grossman and Stiglitz (1980). A larger fraction of island 2 traders
acquire information when they are less risk averse, information acquisition is cheaper,
pre-acquisition uncertainty is higher, and post-acquisition uncertainty is lower.

What is new to our setting is the comparative statics w.r.t. to the payoffs in the other
island. In particular, Corollary 1 shows the informed trades by one island masks the
information about the other island in prices. Proposition 2 adds to it by describing how
traders respond by changing their information acquisition. In particular, a larger fraction
island 2 traders acquire information when for island 1 traders information acquisition is
cheaper, pre-acquisition uncertainty is higher, and post-acquisition uncertainty is lower.

2.5 Comparative Statics

The model does not give closed-form solutions for all equilibrium objects, therefore, we
rely on numerical solutions for comparative statics. To isolate the role of price informa-
tiveness, we focus on a fully symmetric structure, where beliefs and realizations of each
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island are identical. The benchmark values for parameters are given in Table 2.5. We an-
alyze a case where both island 1 and island 2 payoffs turn out to be lower than expected.
The parameter values are summarized in Table 2.5.

Table 1: Comparative Statics Benchmarks
Parameter Value
Technology and Preferences
a Risk Aversion Parameter 0.03
γ Fraction of Island 1 Traders 0.5
R Risk Free Return 1
C1 Cost of Acquiring Information for Island 1 Traders 0.5
C2 Cost of Acquiring Information for Island 2 Traders 0.5

Beliefs
θ̄1 Mean of Island 1 Payoff Signal 1.35
σ2
θ1

Variance of Island 1 Payoff Signal 0.01
σ2
ε1 Quality of Island 1 Payoff Signal 0.05
θ̄2 Mean of Island 2 Payoff Signal 1.35
σ2
θ2

Variance of Island 2 Payoff Signal 0.01
σ2
ε2 Quality of Island 2 Payoff Signal 0.05

Realized Values
θ1 Island 1 Payoff Signal 1.25
θ2 Island 2 Payoff Signal 1.25

Figure 2.5 presents comparative statics with respect to fraction of island 1 traders:
γ. Here, we interpret the comparative statics as a response to a liquidity shock7. The
equilibrium response crucially depends on the initial and final values of γ. Panel 1 shows
an increase in γ increases λ2 and decreases λ1 as predicted by Proposition 2. Meanwhile,
the fraction of all the traders that acquire information can increase or decrease based on γ0.
In a situation where γ0 is low, however, an increase is more likely to increase information
acquisition than decrease.

The second panel shows the price response. As shown in Table 2.5, the signal is 1.25

for both island 1 and island 2 traders. In other words, the expected payoff is equal for
both islands conditional on the only piece of information available. Therefore, when price
informativeness is ignored, there is no reason for the price to depend on γ. However, the

7This can be justified in an infinitely played market game where θ realizations are i.i.d. over time, so
static equilibria are played in each game. Therefore, transition dynamics can be ignored.
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Figure 1: Comparative statics for the benchmark model with respect to γ
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price actually responds to changes in γ, since traders change how they perceive prices
and their information acquisition behavior.

Panels 3 and 4 show how trader demands change. As expected, informed traders are
on the buyers’ side as the price is always below the signal. When γ is low, the price carries
more information about θ2. Island 2 uninformed traders interpret the low price as low θ2

and sell the risky asset. Island 1 uninformed traders rely mostly on their prior, since price
doesn’t carry much information on θ1, and buy the asset.

Panel 5 shows utilitarian welfare is lowest when the number of early and late traders
is similar. Since trades are only transfers between agents, welfare is mainly determined by
the resources spent on acquiring information. Indeed, welfare function closely resembles
the total fraction of informed traders in Panel 1. Lastly, Panel 6 confirms Corollary 1:
information about θ2 stored in prices decreases with γ8.

2.5.1 Comparison with a Noise Trader Economy

Here, we compare the properties of the model to a classical noise trader model as in Gross-
man and Stiglitz (1980). Specifically, we ask how does the equilibrium price and behavior
of island 2 traders would change if island 1 traders were replaced by noise traders. We
equate the ex-ante distribution of noise trader demand to the ex-ante realized distribu-
tion of island 1 trader demand in the full model at γ = 0.5 as well as the realized demand.
Then, changing the parameters of the model, we ask how these two models differ in their
responses. Figure 2 summarizes the differences in comparative statics with γ for both
models.

2.5.2 Multiple Assets

The model generalizes naturally to settings with multiple risky assets. CARA utility func-
tions imply that equilibrium objects (demand, price etc.) related to the risky asset i only
depend on its own payoff, not the availability of other risky assets. Therefore, the so-
lution to the multi-asset problem is identical to the single-asset problem. This setting

8The comparative statics of the model where the signal turns out to be better than expected can be found
in Figure A.1 in Appendix.
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Figure 2: Comparative statics for the benchmark model and ‘Noise Trader’ model with
respect to γ

allows us to do comparative statics on market variables, such as portfolio returns and
cross-sectional price distributions. Since these variables are directly observable, the re-
sults are useful for testing the model. Here, we focus on a situation where each risky
asset i is characterized by a θi = θ1i = θ2i, although prior beliefs about the risky assets are
identical, realized information θi is uniformly distributed between 1 and 1.5.

3 Dynamic Model

In this section, we integrate a close variant of the static model in Section 2 into a neoclas-
sical growth model with firm heterogeneity. We analyze how the degree of misallocation
(of inputs) depends on the information production in the stock markets. To keep the
notation simple, we suppress time subscripts unless they are necessary.
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Figure 3: Comparative statics for the model with many risky assets with respect to γ,
where assets differ on their payoffs

3.1 Environment

Preferences There is a measure one of stock traders who live one period and a measure
one of infinitely lived households.

At the start of each period, newborn stock traders receive a liquidity shock and a
γ ∈ (0, 1) fraction of them (‘day traders’) need to consume early while the rest (‘night
traders’) consume after the production is finalized. Stock traders have CARA period
utility functions, that is, utility from consuming an amountW is given by ν(W ) = −e−aW .

The representative household has CRRA utility function with inter-temporal elasticity
of substitution parameter η and discounts the future with β.

Technology There is a measure one of firms (indexed by i) with a production function
zinf(Ki) where zin is the idiosyncratic productivity of firm i and Ki is the capital used.
zin are assumed to be iid across firms. The production function is assumed to be Leontief
where f(Ki) = 1{Ki=1}.

Endowments The firms are owned by stock traders who can freely trade the shares of the
firms among themselves. The outstanding share amount of each firm is normalized to 1.
The households are not allowed to hold shares9. For each firm i where Ki = 1, the stock

9The allocation of the stocks across stock traders is irrelevant for aggregate quantities, since CARA utility
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pays zn once the production is over.

The day traders have a short trading horizon and sell their stocks to incoming traders
before the production is finished to be able to consume early. They sell their holdings
before production is complete and receive zin − zid instead. Thus, zid is a measure of how
much loss is associated with an early sale of stock i. We assume zid are iid across stocks.

Since the stock traders are short lived, there is no capital trade between the stock
traders and the households. Total capital holdings of the stock traders are assumed to
be K̄. All the capital is held by the households and rented to a hedge fund for a fixed
rental rate r. The hedge fund allocates the rented capital across firms to maximize total
return10.

Information Both zid and the zin consist of two parts:

zid = θid + εid θid ∼ N (θ̄id, σ
2
θid

) & εid ∼ N (0, σ2
εid

)

zin = θin + εin θin ∼ N (θ̄in, σ
2
θin

) & εin ∼ N (0, σ2
εin

)
(11)

where
θ̄int = zint−1 and θ̄idt = zidt−1,

and vidt, vint, εidt, εint are assumed to be jointly independent. For each stock i, traders can
pay a cost ci(λin) to learn the realizations for θin or ci(λid) to learn the realizations for
both θid and θin while εid and εin cannot be learned. We denote with λik the fraction of
k ∈ {d, n} traders that choose to be informed about stock i and assume ci(λik) is convex
in λik.

The hedge fund doesn’t have access to the information technology. Thus, similar to
the traders who chose not to pay the cost, the hedge fund infers each θi by observing the
stock market prices.

functions give rise to linear policy functions.
10Here, the households face no risk since hedge fund offers a deterministic interest rate for the capital.

The hedge fund faces the idiosyncratic risk of each firm. Because the productivity shocks are independent,
the hedge fund can pool this risk and face no aggregate risk.
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3.1.1 Stock Trader’s Portfolio Choice Problem

After receiving the liquidity shock, for each stock, the traders first decide whether to pay
the cost ck(λik) to get information and then decide on a portfolio of assets. After the
informational decision, the portfolio choice problem of a night trader who is endowed
with k̄ amount of capital and X̄i amount of stock i becomes

max
k,{Xin}i∈(0,1)

E

[
− exp

[
− a[(1 + r)k +

∫
i

Xin

(
zinf(Ki)− rKi − pi

)
di]
]]

s.t. k +

∫
i

piXindi = k̄ +

∫
i

piX̄idi

(12)

and the portfolio choice problem of a day trader becomes

max
k,{Xid}i∈(0,1)

E

[
− exp

[
− a[(1 + r)k +

∫
i

Xid

(
(zin − zid)f(Ki)− rKi − pi

)
di]
]]

s.t. k +

∫
i

piXiddi = k̄ +

∫
i

piX̄idi

(13)

where k and {Xi}i∈(0,1) are capital and stock demands of the traders.

Given the information structure, we can write the demand for risky asset by the in-
formed and uninformed traders. For each stock i where Ki = 1

XU∗
id =

E[zin − zid|pi]− r − (1 + r)pi
aV [zin − zid|pi]

,

XI∗
id =

(θin − θid)− r − (1 + r)pi
a(σ2

εin
+ σ2

εid
)

XU∗
in =

E[zin|pi]− r − (1 + r)pi
aV [zin|pi]

,

XI∗
in =

θin − r − (1 + r)pi
aσ2

εin

.

(14)

For each stock i where Ki < 1, the demand and the price are indeterminate; so we
assume such firms close down and their stocks are no longer traded.

18



3.1.2 Stock Trader’s Information Acquisition Problem

Each trader decides whether to acquire information about each stock i, by comparing
the cost of acquiring information with the decrease in the consumption variance. Define
ψk(λik) as

ψk(λik) ≡ eack(λik)

√
V ar[zik|θik]
V ar[zik|pi]

(15)

for k ∈ {d, n}.

Corollary 4. ψk(λ) is monotone in each λik. Therefore,
(i) If ψk(λi) > 1 ∀λik ∈ [0, 1], all k traders become informed, i.e. λ∗ik = 1.
(ii) If ψk(λi) < 1 ∀λik ∈ [0, 1], no k traders become informed, i.e. λ∗ik = 0.
(iii) Otherwise, λ∗ik as a function of λi−k is given by ψk(λ∗ik) = 1.

Proof. Follows Lemma 2.

3.1.3 Problem of the Household

The representative household solves

V (K, k) = max
k′

u(k(1 + r(K))− k′) + βV (K ′, k′)

K ′ = G(K)
(16)

where V (.) is the value function, β is the discount factor, k is the individual capital hold-
ings and K is the aggregate capital holdings. G(.) determines how the household forms
expectations over the future path of the aggregate capital. The household has the classical
Euler Equation:

u′(k(1 + r(K))− k′) = βu′(k′(1 + r(K ′))− k′′
) (17)
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3.1.4 Problem of the Hedge Fund

The hedge fund allocates the capital to firms to maximize total expected returns. Given
the Leontief production function, the hedge fund allocates the capital to firms with the
highest E[zin|pi], until capital is depleted. Then, for all firms that receive capital

E[zin|pi] ≥ r ∀i (18)

and there exists a threshold firm ĩ where E[zĩn|Pĩ] = r.

3.1.5 Market Clearing

Let’s define λid as the fraction of day traders that pay the cost to be informed and λin as
the fraction of night traders that pay the cost to be informed. We denote λi ≡ {λid, λin}.
Market clearing condition for stock i is

γ

[
λidX

I
id + (1− λid)XU

id

]
+ (1− γ)

[
λinX

I
in + (1− λin)XU

in

]
= 0 (19)

The capital market clearing condition is∫
i

Ki = K + K̄ (20)

where K is the total capital held by households and K̄ by the traders.

3.2 Equilibrium

Definition V, r, k′, {Ki, X
I
id, X

U
id, X

I
in, X

U
in, λid, λin, φi0, φid, φin, pi}i∈(0,1) constitute a Recur-

sive Linear Rational Expectations Equilibrium such that
(i)k′ solves (17).
(ii)V solves (16).
(iii) pi = φi0 + φidθid + φinθin

(iv) φi0, φid, and φin solve (19).
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(v) XI
id, X

U
id, X

I
in, and XU

in solve (14).
(vi) r solves (20).
(vii) λid, λin are given by Corollary 4.

3.3 Discussion of the Model Elements

The model is similar to a neoclassical growth model with heterogeneous firms. The main
difference is in the problem of the hedge fund. In an environment where θin is observable,
the hedge fund would allocate the capital across firms such that

θin ≥ r ∀i (21)

Then, the sole ‘misallocation’ would be due to εin, which is inevitable. In our setting,
the hedge fund can only rely on the stock prices pi to infer θin. In terms of allocation
of capital across firms, θid is irrelevant. However, a high price could stem from a high
θin or a low θid. In other words, stocks may be priced higher due to higher long term
value or higher short term resale value. Thus, compared to the benchmark, firms with
lower (higher) than expected θid shocks are allocated more (less) capital. In summary, the
existence of day traders prevent prices from perfectly revealing θin.

3.4 Characterizing the Equilibrium

3.4.1 The Pricing Function

The results from Section 2 carry over here with some adjustments for the production
process.

Lemma 3. Conditional on Ki = 1, there exists a market price for a given λi for stock i with the
form

Piλ(θ) = αi0λ + αi1λ

(
θid +

(
1 +

(1− γ)λin(σ2
εid

+ σ2
εin

)

γλidσ2
εin

)
θin

)
(22)
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where α0λ and α0λ are real numbers that possibly depend on λ but not on θid or θin.

Corollary 5. For a given λi, price becomes more informative about θin when
(i) a larger fraction of traders are late traders
(ii) a larger fraction of late traders are informed compared to early traders
(iii) the early payoff is less volatile conditional on θid compared to late payoff conditional on θin.

3.4.2 The Extent of Capital Misallocation

In this section, we define several measures of capital misallocation and characterize them.
The misallocation follows from having to use E[θin|pi] instead of θin in making capital al-
location decisions. In the first-best, there exists a θ̃n such that all firms with θin ≥ θ̃n

receive one unit of capital each, and all firms with θin < θ̃n receive none. In our equilib-
rium, where θin is unknown to the hedge fund, there exists a Ẽ such that all firms with
E[θin|pi] ≥ Ẽ receive one unit of capital each, and all firms with E[θin|pi] < Ẽ receive
none. Then, the static output loss due to misallocation can be characterized as

∫
θin≥θ̃n

zindi−
∫
E[θin|pi]≥Ẽ

zindi, (23)

where θ̃n and Ẽ are determined by

∫
θin≥θ̃n

di =

∫
E[θin|pi]≥Ẽ

di = K + K̄. (24)

In order to calculate the output loss, we’d need to know F [zin|E[θin|pi] ≥ Ẽ] where
F is the cumulative distribution function. The posterior expectation after observing the
price would be

E[θin|pi] =

θ̄in
σ2
θin

+ 1
σ2
θid

(
φin
φid

)2 (
pi−φi0−φidθ̄id

φin

)
1

σ2
θin

+ 1
σ2
θid

(
φin
φid

)2 . (25)

Because pi is the only random variable in (25), F [zin|E[θin|pi] ≥ Ẽ] can be rewritten
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as F [θin|φinθin + φidθid ≥ Ẽ − εin + ξi] where ξi is a fixed number. The expression, hence
the output loss doesn’t have a closed form solution.11 On the other hand, under certain
restrictions on which parameters can vary across firms, the output loss is monotonic in
E[θin|pi]− θin in first-order stochastic dominance.

Assumption 1. The parameters σ2
εn , σ2

εd
, σ2

θn, σ2
θd, cn(.), cd(.) are firm invariant.

Assumption ?? implies that the equilibrium fractions of informed investors λn, λd and
the pricing function parameters φ0, φn, φd are also firm invariant. In order to characterize
how misallocation depends on model parameters, we treat the hedge fund’s problem as
one of estimation where θin is the true parameter while the hedge fund’s estimator is
E[θin|pi]. Under a quadratic loss function, hedge fund’s risk would equal the summation
of a squared bias (E[E[θin|pi]−θin]2) and a variance (V [E[θin|pi]−θin]) term. We next derive
ex-ante and interim (conditional on pi) risk measures for the hedge fund’s estimator as
well as the ex-post estimation error in Proposition 3.

Proposition 3. Under Assumption 1 and the squared loss function, the hedge fund’s estimator is
unbiased and the ex-ante and interim (conditional on pi) risk involved with using E[θin|pi] as an
estimator for θin equals

R(θin, E[θin|pi]) =
1

1
σ2
θn

+ 1
σ2
θd

(
φn
φd

)2 .

The estimation error conditional on θin and θid is given by

E[θin|pi]− θin =

(θ̄in−θin)

σ2
θn

+ φn
φd

(θid−θ̄id)

σ2
θd

1
σ2
θn

+ 1
σ2
θd

(
φn
φd

)2

As shown in Proposition 3, the risk function can be summarized with two parameters
(σ2
θn

and σ2
θd

) and two equilibrium objects (φn and φd). Our empirical strategy will be to
estimate these four objects to calculate price informativeness in an economy. Corollary 6
summarizes what Proposition 3 implies about the determinants of misallocation as well
as the characteristics of firms that get under- and over-invested.

11A sufficient component to rule out a closed form solution is that the distribution of a normal variable
conditional on being larger than another normally distributed random variable does not have a closed form
solution.
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Corollary 6. Under Assumption 1 and the squared loss function,

1. the degree of misallocation increases with the variance of the signals (σ2
θn

, σ2
θd

) and the ratio
of the coefficients of θd and θn in the pricing function (φd/φn),

2. the likelihood of allocating capital to an inefficient firm increases as the signal about the
firm’s short term return is more encouraging than expected, and

3. the likelihood of not allocating capital to an efficient firm increases as the signal about the
firm’s short term return is more discouraging than expected.

Together, Proposition 3 and Corollary 6 support the intuition given for the static model
in Section 2.4. The degree of misallocation that arises from the hedge fund’s allocation
decreases monotonically with the reduction in payoff variance after observing the price,
normalized by the reduction in payoff variance after acquiring the costly signal.

4 Empirical Strategy and the Data

In this section, we describe how we take the model in Section 3 to data.

4.1 Data

We use data on publicly traded firms from 57 countries to understand the cyclical behav-
ior of Price Informativeness. In particular, we combine firm-level stock price and analyst
forecast data with country-level data on economic conditions.

Stock Prices

We use Worldscope from Thomson/Refinitiv for data on end-of-month stock prices around
the world. Worldscope covers approximately 95% of global market capitalization.
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Analyst Forecasts

We use the Institutional Brokers Estimate System (I/B/E/S) from Refinitiv for data on an-
alyst forecasts for earnings per share. I/B/E/S collects forecast information about 22,000
active companies in 90 countries from over 18,000 analysts. First, we aggregate earnings
per share (eps) forecasts for each firm based on the initial and the target dates. In particu-
lar, to determine the consensus forecast made from month t regarding the value in month
t+h, we look at all forecasts made within a 30 day window around the first day of month
t that were for a date that is within a 30 day window around the first day of month t+ h,
and take their average. Second, for each country, we determine the fiscal year by looking
at the most common date for which earnings announcement forecasts are made. Third,
we restrict attention to forecasts where both t and t+h correspond the fiscal year ends. In
our analysis later on, we consider the forecast for one year ahead as θid and the forecast
for two years ahead as θin.

Economic Conditions

We use Harvard Global Crisis data for yearly information on financial, banking, currency,
and sovereign debt crises. We also use continuous measures of economic conditions from
World Bank.

4.2 Empirical Strategy

We follow a two-step estimation strategy. First, we use the fact that the pricing equation
can be estimated outside of the model and estimate a fully flexible price informativeness
time-series for each country in our sample. Second, we fit a Markov Chain to the esti-
mated time series to represent the cyclical behavior of price informativeness and put that
back into the full model to calibrate the rest of the parameters given the price informa-
tiveness process.

Our definition of price informativeness in Section 3 measures the usefulness of prices
in distinguishing high versus low expected productivity firms. Since the main goal is to
understand how price informativeness changes over time, our empirical strategy is to let
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the parameters of the model change flexibly over time. This strategy relies on that traders
are short-lived, and, for all stocks that are traded in equilibrium, the pricing equation
is independent of the behavior of the dynamic agents in the real economy and can be
estimated outside the model.

Since we do not restrict how firm-level parameters evolve over time, we identify price
informativeness from cross-sectional variation by assuming certain parameters are fixed
across stocks. In particular, we let zin, zid, θin, θid, εin, εid, i.e., the random variables, as
well as θ̄in and θ̄id, i.e., the expected productivities to differ across firms. We assume the
remaining parameters associated with the firms σ2

εn , σ2
εd

, σ2
θn, σ2

θd, cn(.), cd(.), hence the
equilibrium fractions of informed investors λn, λd and the pricing function parameters
φ0, φn, φd are firm invariant. These assumptions allow using variation across firms to
estimate the stock pricing equation as presented in the RBC definition:

pi = φ0 + φdθid + φnθin. (26)

The pricing equation provides the estimates for the objects used in calculating price
informativeness, which are φ0, φn, φd, σ2

θn, and σ2
θd.

Although the empirical counterpart for pi is straightforward, it is not clear how to map
θid and θin to data. We map pi to the stock prices and θs to earnings per share. However,
the realized earnings correspond to zid and zin in the model’s framework, while θid and
θin serve as the signals the informed investors observe. By the time we observe the stock
price, the earnings are not realized yet, if they were, prices wouldn’t be needed to predict
them in the first place. Furthermore, regressing the price on the realized earnings, i.e.
zid and zin, would lead biased estimates of φ because the measurement error would be
correlated with the realized earnings. We formalize this idea in Proposition 4.

Proposition 4. Regressing the price (pi) on realized earnings (zid and zin) would give biased
estimates of φ:

1. E[φ̂B0 ] = φ0 +
θ̄nσ2

εn
φn

σ2
εn

+σ2
θn

+
θ̄dσ

2
εd
φd

σ2
εd

+σ2
θd

2. E[φ̂Bn ] = φn

(
1− σ2

εn

σ2
εn

+σ2
θn

)
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3. E[φ̂Bd ] = φd

(
1− σ2

εd

σ2
εd

+σ2
θd

)

Hence, to measure signal θ, we rely on consensus analyst forecasts o earnings-per-
share that were made around the same time the stock price is documented. We map θd to
one-year-ahead forecasts epsft+1 and θn two-year-ahead forecasts epsft+2. Then, the price
reflects the expectations of traders on firm performance in different horizons. Lastly, we
use the contemporaneous actual earnings announcement epsat as the θ̄in.

We estimate the following equation for each country-year pair:

pit = β0 + β1eps
a
t + β2φdeps

f
t+1 + β3φneps

f
t+2 + νit. (27)

Under Assumption 1, the OLS estimator for β2 and β3 provide unbiased estimates of θd
and θn. Furthermore, σ2

θn and σ2
θd can be estimated using the sample variances for analyst

forecasts. Using these components, we can construct the price informativeness measure
as described in Section 2.4, adjusted for differences in baseline levels of uncertainty across
country-year pairs: the percentage reduction in the hedge fund’s estimator’s risk after
observing the price.

Figure 4 presents the yearly distribution of Price Informativeness estimates for a bal-
anced sample of 14 countries.

5 Conclusion

Recessions are characterized by decreased investment and productivity, increased misal-
location of capital, and information production activities. We suggest an increase in the
concern for asset liquidity may be behind all these patterns. We build a model of stock
trading with costly information acquisition where noise in prices is endogenously deter-
mined. Then we introduce this stock trading model into a neoclassical growth model
where the real sector observes the stock markets to learn about investment opportunities.
The model can simultaneously generate an increase in information acquisition and an in-
crease in input misallocation by a shock to the number of traders that value asset liquidity.
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It also allows separating the decline in output due to costs of information acquisition and
increased misallocation of capital across firms.

The model provides a mapping between the evolution of structural parameters and
stock prices’ behavior over time. A next step would be to use the model to quantify these
channels’ contribution to the observed recessions.
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A Proofs

Proof of Lemma 1. Conjecture a linear price function for a given λ:

Pλ(θ) = α0λ + α1λθ1 + α0λθ21 (28)

Then, the signal uninformed period i investor will use from observing the price can
be drawn from

θi =
Pλ − α0λ − αkλθk

αiλ
(29)

where i and k denote opposite periods. Since prior distribution is normal and the sig-
nal is a linear function of a normally distributed random variable, posterior distribution
for ui will also be normal with mean and variance:

E[ui|Pλ] =

θ̄i
σ2
θi

+ 1
σ2
θk

(
αiλ
αkλ

)2
Pλ−α0λ−αkλθ̄k

αiλ

1
σ2
θi

+ 1
σ2
θk

(
αiλ
αkλ

)2 (30)

V ar[ui|Pλ] = σ2
εi

+
1

1
σ2
θi

+ 1
σ2
θk

(
αiλ
αkλ

)2 (31)

Plugging Equations 30 and 31 into the market clearing condition in 3, we can rewrite
as
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γ

[
λ1

[θ1 −RPλ
aσ2

ε1

]
+ (1− λ1)

[ θ̄1
σ2
θ1

+ 1
σ2
θ2

(
α1λ

α2λ

)2
(
Pλ−α0λ−α2λθ̄2

α1λ

)
−RPλ

(
1
σ2
θ1

+ 1
σ2
θ2

(
α1λ

α2λ

)2
)

a+ aσ2
ε1

(
1
σ2
θ1

+ 1
σ2
θ2

(
α1λ

α2λ

)2) ]]

+ (1− γ)

[
λ2

[θ2 −RPλ
aσ2

ε2

]
+ (1− λ2)

[ θ̄2
σ2
θ2

+ 1
σ2
θ1

(
α2λ

α1λ

)2(
Pλ−α0λ−α1λθ̄1

α2λ

)
−RPλ

(
1
σ2
θ2

+ 1
σ2
θ1

(
α2λ

α1λ

)2
)

a+ aσ2
ε2

(
1
σ2
θ2

+ 1
σ2
θ1

(
α2λ

α1λ

)2) ]]
= 0

(32)

From Equation 32, after a basic but tedious algebra Pλ can be left alone. From there,
coefficient of θ1 becomes α1λ, coefficient of θ2 becomes α2λ and the rest becomes α0λ.

Lastly, it is trivial to see from Equation 32 that

α1λ =
γλ1σ

2
ε2

(1− γ)λ2σ2
ε1

α2λ (33)

Hence the expression in the Lemma follows.

Proof of Lemma 2. The proof adapts the corresponding proof in Grossman and Stiglitz
(1980) to this environment. Expected value of being informed for investor j that consumes
in period k can be written as

E[V (W λk
Ij )|Pλ] = E[e−aW

λk
Ij ] = − exp

[
− a
[
E[W λk

Ij |θ]−
a

2
V ar[W λk

Ij |θ]
]]

(34)

Using Equation 5, we can write

E[W λk
Ij |θ] = R(W0j − ck(λk)) +

(
E[uk|θ]−RPλ

)2

aσ2
εk

(35)

V ar[W λk
Ij |θ] =

(
E[uk|θ]−RPλ

)2

a2σ2
εk

(36)

33



since W0j and Pλ are not random given θ. Thus, we can rewrite Equation 34 as

E[V (W λk
Ij )|Pλ] =− exp

[
− aR(W0j − ck(λk))−

(
E[uk|θ]−RPλ

)2

2σ2
εk

]
= − exp

[
− aR(W0j − ck(λk))

]
E

[
exp

( −1

2σ2
εk

(
E[uk|θ]−RPλ

)2
)
|Pλ
]
(37)

Now define

hkλ := V ar(E[uk|θ]|Pλ)

zkλ :=
E[uk|θ]−RPλ√

hkλ

Now we can rewrite Equation 37 as

E[V (W λk
Ij )|Pλ] = eac

k(λk)V (RW0j)E

[
exp
(−hkλ

2σ2
εk

(zkλ)2
)
|Pλ
]

(38)

Since Pλ is a linear function of θ, conditional on Pλ, E[uk|θ] is normally distributed.
Therefore, (zkλ)2 is distributed with Chi-squared. Hence, moment generating function of
(zkλ)2 has the form

E[e−t(z
k
λ)2|Pλ] =

1√
1 + 2t

exp

(
−t(E[zkλ|Pλ])2

1 + 2t

)
(39)

Also, by definition, V ar[uk|Pλ] = σ2
εk

+ hkλ. Thus we can simplify the second term in
Equation 38 as
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E

[
exp
(−hkλ

2σ2
εk

(zkλ)2
)
|Pλ
]

=
1√

1 +
hkλ
σ2
εk

exp

(−E[uk|θ]−RPλ
)2

2(hkλ + σ2
εk

)

)

=

√
V ar[uk|θ]
V ar[uk|Pλ]

exp

(−E[uk|θ]−RPλ
)2

2V ar[uk|Pλ]

) (40)

Using (40) we can rewrite (38) as

E[V (W λk
Ij )|Pλ] = eac

k(λk)V (RW0j)

√
V ar[uk|θ]
V ar[uk|Pλ]

exp

(−E[uk|θ]−RPλ
)2

2V ar[uk|Pλ]

)
(41)

Using similar steps, we can also write

E[V (W λk
Uj )|Pλ] = V (RW0j)exp

(−E[uk|θ]−RPλ
)2

2V ar[uk|Pλ]

)
(42)

The result immediately follows.

Proof of Proposition 2. Equating ψk(λ) and taking the square of both sides, we can write

e2ac1(λ1)σ2
ε1

= σ2
ε1

+
1

1
σ2
θ1

+ 1
σ2
θ2

(
γλ1σ2

ε2

(1−γ)λ2σ2
ε1

)2 (43)

and

e2ac2(λ2)σ2
ε2

= σ2
ε2

+
1

1
σ2
θ2

+ 1
σ2
θ1

(
γλ1σ2

ε2

(1−γ)λ2σ2
ε1

)−2 (44)

Further algebra yields λ1(λ2) and λ2(λ1):
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Direction of
λ1, λ2

Pararameter +,+ -,- +,- -,+
γ (47) X (46) (45)
c1 (47) X (45) (46)
c2 (47) X (46) (45)
σ2
ε1

(47) X X (46)
σ2
ε2

(47) X (45) X
σ2
θ1

X (47) (46) X
σ2
θ2

X (47) X (45)

Table 2: The table shows which -if any- equations would not be satisfied if the param-
eter in the row were to increase and the equilibrium objects λ1 and λ2 were to move as
designated in the column.

λ2 = λ1

γσ2
ε2

(1− γ)σε1σθ2

1√
1

e2ac1(λ1)−1
− σ2

ε1

σ2
θ1

(45)

and

λ1 = λ2

(1− γ)σ2
ε1

γσε2σθ1

1√
1

e2ac2(λ2)−1
− σ2

ε2

σ2
θ2

(46)

Lastly, using (45) and (46), we can derive

σε1σε2
σθ1σθ2

=

√
1

e2ac1(λ1) − 1
−
σ2
ε1

σ2
θ1

√
1

e2ac2(λ2) − 1
−
σ2
ε2

σ2
θ2

(47)

Comparative static results can be derived from impossibility results, i.e. whether a
certain direction of the movement in the parameters and the equilibrium object can be
compatible with the equations (45), (46) and (47). Below is a table that summarizes which
directions can be compatible with the equations and which equations the other directions
violate.

The results follow from the table.
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Comparative Statics w.r.t.  
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Figure 5: Comparative statics for the full model with respect to γ, where θ̄1 = θ̄2 = 1.25
and θ1 = θ2 = 1.35.

Proof of Lemma 1. To be typed.

Proof of Lemma 3. To be typed.

A.1 Comparative Statics Cont.
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