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Abstract: We present a model of a financial market where some traders are “cursed” when
investing in a risky asset, failing to fully appreciate what prices convey about others’ private
information. Markets comprising cursed traders generate more trade than those comprising
rationals; mixed markets can generate even more trade because rationals exploit return pre-
dictability caused by cursed. Per-trader volume in cursed markets increases with market size;
volume may instead disappear when traders infer others’ information from prices but dismiss it
asnoisier than their own. Public-information revelation raises rational and “dismissive” volume,

butlowers cursed volume given moderate non-informational trading motives.
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1 Introduction

Ever since Milgrom and Stokey (1982) and Tirole (1982), researchers have understood that common
knowledge of rationality combined with a common prior precludes purely speculative trade. Of
course, people might rationally trade financial assets for a variety of non-speculative motives, such
as portfolio rebalancing and liquidity. Yet even in settings where the presence of non-speculative
motives allows for speculative trade, a rational understanding of the adverse-selection problem
causes the overall volume of trade to be constrained by non-speculative motives. In many people’s
estimation, trading volume in financial markets greatly exceeds what can be plausibly explained
by models applying rational-expectations equilibrium (REE).!

Researchers have sought to explain excessive trading volume by relaxing the common-prior
assumption. Harrison and Kreps (1978) show how non-common priors about an asset’s payoff gen-
erate volumein adynamicmodel whererisk-neutral traders cannot sell the asset short. Scheinkman
and Xiong (2003) use Harrison and Kreps’ framework to explore traders who are “overconfident”:
all traders observe all signals about the payoff, yet certain traders overestimate the information
content of certain signals.? In these models without private information, trade derives from traders
agreeing to disagree about the relationship between payoff and public information; the lack of pri-
vate information disencumbers traders from the need to invert market prices.® A second approach
incorporates non-common priors into incomplete-information models by assuming that privately
informed traders agree to disagree about the precision of traders’ private information. Daniel, Hir-

shleifer and Subrahmanyam (1998, 2001) and Odean (1998), for example, show how traders’ over-

For example, in his presidential address to the American Finance Association, French (2008) notes that the
capitalized cost of trading exceeds 10% of market capitalization, and turnover in 2007 was 215%, creating a puzzle
that “from the perspective of the negative-sum game, it is hard to understand why equity investors pay to turn their
aggregate portfolio over more than two times in 2007” (page 1552).

2Hong, Scheinkman and Xiong (2006) model overconfidence similarly, allowing also for heterogenous priors, in a
model where the number of shares of a risky asset increases over time.

3Other models of trade deriving from differences in beliefs include Lintner (1969) and Varian (1985), where traders
have different subjective priors, DeLong, Shleifer, Summers, Waldmann (1990), where symmetrically informed traders
disagree because some of them (“noise traders”) misperceive next-period prices for exogenous reasons, Harris and
Raviv (1993) and Kandel and Pearson (1995), where traders disagree about the informativeness of public signals,
and Biais and Bossaerts (1998), where traders are uncertain about others’ belief hierarchy. Hong and Stein (2007)
summarize this literature. Eyster and Piccione (2013) model traders with incomplete theories of price formation, also
in a complete-information setting.



confidence about the precision of their private information can increase trading volume. Similarly,
Odean (1998), Banerjee, Kaniel and Kremer (2009), Banerjee and Kremer (2010), and Banerjee
(2011) show that when traders downplay the precision of one another’s private signals—which we
call dismissiveness —volume also increases.* In this second class of agreeing-to-disagree models,
the presence of private information infuses market prices with information content, and traders
are assumed to fully invert market prices to uncover hidden information. Both types of agreeing-
to-disagree models depict traders who recognize their disagreements in beliefs and trade based on
them.

This paper proposes a different conceptual approach to explaining speculative trade: people
trade because they neglect disagreements in beliefs. We capture this idea in a simple and tractable
model where some or all traders, when choosing their demands, donot fully invert prices to uncover
others” information. This approach builds on extensive evidence that people do not sufficiently
heed the information content of others’ behavior—even in the absence of intrinsic disagreements.
Section 5reviews this evidence, as well as the broader relevance of disagreement neglect for financial
markets.

Not inferring information from prices may appear observationally similar to inferring and then
dismissing that information. We show that the implications for prices are indeed similar, but the
implications for trading volume can differ sharply. In particular, disagreement neglect generates
large volume in settings where natural forms of overconfidence or dismissiveness do not. Disagree-
ment neglect also “enables” overconfidence and other biases to have large effects of volume, while
the effects would be small in its absence.”

Section2introduces our formal set-up, based on Grossman (1976), Hellwig (1980), and Diamond

and Verrechia (1981). We consider a market in which traders can exchange arisky asset for ariskless

‘Banerjee, Kaniel and Kremer (2009), Banerjee and Kremer (2010), and Banerjee (2011) use the term “difference
of opinion” to describe the heterogeneity in beliefs that drives their models. We use the term dismissiveness instead,
to distinguish with overconfidence and other disagreements about signal structures which also create differences in
opinion.

5An important difference between our model of disagreement neglect and models of agreeing-to-disagree concerns
the type of statistical relationships that people misperceive. In agreeing-to-disagree models, people’s disagreement
about the correlations between exogenous variables (private signals and asset payoff) creates disagreement about the
relationship between endogenous and exogenous variables (price and asset payoff). In our model of disagreement
neglect, by contrast, people share common beliefs about correlations between exogenous variables and hold opposing
beliefs only about the relationship between endogenous and exogenous variables (price and asset payoff).



asset over one period. Each trader observes a public and a private signal about the risky asset’s
payoff, with all signals being independent conditional on that payoff. Each trader also receives a
random endowment, whose covariance with the asset payoff he is the only one to observe. Random
endowments furnish traders with a non-speculative (hedging) motive to trade. We define cursed-
expectations equilibrium (CEE) by the requirement that some traders do not infer information
from the asset price. We call traders who do not extract any information fully cursed and traders
who extract some information partially cursed. CEE is the competitive-markets analogue of the
game-theoretic concept of cursed equilibrium, defined by Eyster and Rabin (2005) and reviewed in
Appendix A. For tractability, we assume that traders have constant-absolute-risk-aversion (CARA)
preferences and that all relevant probability distributions are normal.

Section 3 derives the main predictions of CEE in a simple version of our model, where traders
are symmetric in private-signal precision, risk aversion, and cursedness, and there are no random
endowments or public signals. The most important implication of CEE is also the most basic:
cursedness produces substantial trade, with aggregate volume approaching infinity as the number
of traders grows large. We show additionally that per-trader volume increases with the number of
traders. This is because the discrepancy between each private signal and the average of all signals
increases with the number of traders, and volume is proportional to this discrepancy since each
cursed trader gives a constant positive weight to his own signal, failing to realize that the price
reveals the average signal. Cursedness distorts not only volume, but also prices: because traders
do not fully infer others” information from the price, the price under-reacts to private signals, and
hence price changesare positively autocorrelated.

Section 3 next contrasts the implications of cursedness to those of overconfidence and dismis-
siveness. Following Odean (1998), we model overconfident traders as exaggerating the precision of
their own private signal, and dismissive traders as under-estimating the precision of other traders’
private signals. We allow for an additional form of dismissiveness, introduced by Banerjee (2011):
traders treat the noise in others’ signals as correlated (while in fact it is independent), hence
under-estimating the collective precision of others” signals. As in previous literature, we assume

that overconfident or dismissive traders fully understand the mapping between the price and other



traders’ privateinformation.

Because overconfident traders overweight their own signals and estimate correctly the preci-
sion of others’ signals, the price over-reacts to private signals. When traders are dismissive, the
price instead under-reacts to private signals. Hence, dismissiveness has similar implications to
cursedness for prices, while overconfidence has opposite implications. Our over- and under-reaction
results for overconfidence and dismissiveness are similar to those in, e.g., Daniel, Hirshleifer and
Subrahmanyam (1998), Odean (1998), and Banerjee, Kaniel and Kremer (2009).

The implications of cursedness differ sharply from those of dismissiveness and overconfidence for
the question of trading volume. While per-trader volume increases with the number of traders under
cursedness, it converges to zero under overconfidence. Intuitively, even though each overconfident
trader thinks that he knows more than he does, he understands that the total amount of “valid”
information revealed by the price in a large market swamps his own information. Hence, the same
no-trade logic that prevails in REE also prevails in large markets of overconfident traders. The same
is true for dismissive traders, provided that they understand correctly that others’ private signals
are conditionally independent. Even when they mistakenly assume some correlation, per-trader
volume can be decreasing, hump-shaped or increasing in the number of traders, while it is always
increasing under cursedness.

Additional differences concern the behavior of volume when private information is revealed
publicly. Public revelation of traders” private signals does not change overconfident or dismissive
volume because such volume is generated by disagreements about signal precisions, which persist
even when signals are made public. By contrast, cursed volume shrinks to zero because it stems
from traders’ failure to infer the signals from the price, and this failure becomes irrelevant when
signals are public.®

Inaddition to generatinglarge trading volume in the absence of other errors, cursedness enables

overconfidence to have large effects on volume. Indeed, cursed overconfident traders fail to infer

the average signal from the price, so they trade even in a large market—and more so the more

0Our analysis would remain the same if the revealed information were the average of traders’ signals rather than
each and every signal. This is because with symmetry and normality, the average is a sufficient statistic for all the
signals.



overconfident they are. In this sense, cursedness and overconfidence work as complements, and
cursedness helps vindicate the basic intuition from the literature that overconfidence can be a
significant source of trading volume. Cursedness may similarly exacerbate other biases as well, as
we argue in Section 6, where we conclude the paper.

In Section 4, we extend the model in three different directions. First, we allow traders to
differ in signal precision, risk aversion, or cursedness. Among other results, we show that the
private information of cursed traders exerts a greater influence on the price relative to that of
rational traders. This is because rational traders weight the private signals of cursed traders by
inverting the price, whereas fully cursed traders do not weight the private signals of rational traders
whatsoever. We also show that rational traders exploit the positive autocorrelation of price changes
induced by cursed traders (at the cursed traders” expense). Because of the predictability-induced
trading by rationals, volume is larger in markets that include both rational and cursed traders than
in those comprised solely of cursed traders. Our second extension is to allow traders to observe a
public signal. Whereas private signals continue to affect price less than in REE, the public signal
influences price more than it does in REE. This is because cursed traders use fewer signals than
rational traders, so they attach larger weight to each signal that they use.

Our third and final extension is to allow for random endowments. As in, e.g., Akerlof (1970)
and Hirshleifer (1971), asymmetric information about asset values impedes non-speculative trade
because traders worry that others’ trades reflect such information rather than hedging needs. Con-
versely, public revelation of traders’ private signals causes volume to increase. Asymmetric infor-
mation also impedes dismissive trade, but stimulates cursed trade when the variance of hedging
needsis small.

The link between non-inference from price and positively autocorrelated price changes was
first shown in Hong and Stein (1999). Some or all of their traders are “newswatchers,” assumed
to trade based on signals or news they watch without inverting price to infer unwatched news.
Hong and Stein show that prices move predictably when information diffuses gradually, yielding
positive autocorrelation. A key difference between our work and theirs is that we analyze trading

volume and compare its level to that predicted by alternative models such as overconfidence and



dismissiveness. In a new working paper, Vives and Yang (2016) propose an optimal-inattention-
style variant of partial cursedness in which each trader observes the price but employs anoisy signal
of it to infer the information that it contains, and can pay a cost to reduce the noise. Although
they replicate many of our results in their framework, the model of Vives and Yang (2016) does

not make some of our predictions, including lower expected utility for better-informed traders.

2 Model and Equilibrium Concept

Webegin this section by defining cursed-expectations equilibrium in a general version of our model.
We then make more specific assumptions on traders’ utility functions and the distribution of their
information that allow us to derive analytically tractable, linear equilibria.

There are two periods, 1 and 2, and two assets that pay off in terms of a consumption good
in Period 2. One asset is riskless and pays off one unit of the consumption good with certainty.
The other asset is risky and pays d = d + ¢+ { units, where d is a constant and (¢, {) are random
variables with mean zero. We use the riskless asset as the numeraire, and denote by p the price
of the risky asset in Period 1. Our choice of numeraire implies that the price of the risky asset in
Period 2 is d and the riskless rate is zero. We assume that the risky asset is in zero supply.

There are N traders who can exchange the two assets in Period 1. Trader i =1, ..,N observes

the private signal

Si = € +7i, (1)
as well as the public signal

S=c+86, 2)

which is also observed by all other traders. The random variables ({7i}i=1,.n, 0) have mean zero.

The signals are observed in Period 1. They provide information about the component € of the risky

asset’s payoff but not about ¢.



Trader i starts with a zero endowment of the riskless and the risky assets, and receives an
endowment zid of the consumption good in Period 2. We refer to zias the endowment shock,
and assume that it is observed privately by trader i in Period 1 and has mean zero. Through its
correlation with d, the endowment generates a hedging motive to trade. When zi > 0, for example,
trader i is exposed to the risk that d will be low and wishes to hedge by selling the risky asset. We

assume that the variables (¢, {, {iti=1..N, 6, {Zi}i=1,..N) are mutually independent.
The budget constraint of trader i is

ci =xi(d — p) +zd, ©)

where X; denotes the number of shares of the risky asset that trader buys in Period 1 and c¢i denotes
the trader’s consumption in Period 2. Negative values of Xi correspond to shares sold. We impose
no portfolio constraints, allowing X; to take any value in R.

Traders maximize expected utility of consumption. We denote by ui(Ci) the utility that trader
i derives from consumption in Period 2. If the trader is rational, then he maximizes the expected

utility

E[ui(xi(d — p) +zid) | {si, s, zi,p}]

in Period 1, where we use (3) to substitute for ci. A rational trader conditions his estimate of
the asset payoff d on his private signal, the public signal, the endowment shock, and the price. If
instead the trader is fully cursed, then he completely neglects the relationship between the price

and other traders” information, and maximizes the expected utility

E[ui(xi(d — p) +zid) | {’si, s, Zi }],

which differs from the rational utility because there is no conditioning on the price. Full cursed-
ness can be viewed as a form of inattention: a fully cursed trader neglects to think through the

information that the market price conveys. We also allow for behavior that lies between rationality



and full cursedness. If a trader is partially cursed, then he infers the information conveyed by price

partially but not fully, and maximizes the utility
E[ui(xi(d — p) +zid) | {si, s,zi, p}]' 7 E[ui(xi(d — p) +zid) | {’si, s, i} 17,

which is a geometric average of the rational expected utility with weight 1 —xi and the fully cursed
expected utility with weight xi. The parameter i € [0,1] measures the extent of cursedness:
xi = 0 corresponds to rationality, yi =1 to full cursedness, and yi € (0,1) to partial cursedness.
We employ the geometric average of utilities rather than the arithmetic average as in Eyster and
Rabin (2005) for tractability.

The objective function of partially cursed traders involves two information sets, the one under
rationality and the one under full cursedness. Hence, these traders may appear to have two con-
flicted selves, a rational and a fully cursed one. Indeed, to the extent that they actively interrogate
others’ trading motivations, traders may discern the information content in prices; but to the extent
that they dwell upon their own private information, traders may overlook that connection. Conse-
quently, a trader’s demand may vary with his focus. Under that interpretation, a partially cursed
trader whoreachestwodifferent conclusions about demand when thinking about the problem in two
different ways simply averages the two demand functions. Alternatively, we can interpret partially
cursed traders’ objective function as an “as if” one: this objective function captures in a compact
way the idea that traders partially neglect the information conveyed by price. Consistent with this
interpretation, the maximization of the partially cursed traders’ objective yields a demand function
that always lies between the rational and the fully cursed one.

One could alternatively conceptualize partially cursed traders as perceiving the price correctly
forbudgeting while simultaneously overestimating its noisiness for the purpose of inference. Thatis,
partially cursed traders observe p—and understand that the risky asset costs p—but for inference
believe that they instead observe p + ¢, where ¢ is noise. This alternative model maps closely
to ours. In particular, rational behavior corresponds to zero variance of ¢, fully cursed behavior
to infinite variance, and partially cursed behavior to intermediate values. Vives and Yang (2016)

analyze a model in a similar spirit. They assume that when traders infer from the price, they



evaluate a noisy signal of price, p+ ¢, rather than price p. (In the interpretation sketched above,
by contrast, traders treat the market price p as if it were p+¢.)

Our definition of cursed-expectations equilibrium (CEE) combines utility maximization under
cursed expectations with market clearing. As in the case of rational-expectations equilibrium

(REE), the equilibrium involves a price function p that depends on all the random variables in the

.....

Defi 1 A oprice function p({Siti=1,..N,S$,{zi}i=1,..N)) and demand  functions

{Xi(si,8,zi,p) }i=1....N are a cursed-expectations-equilibrium (CEE) if:

(i) (Optimization) For each traderi=1,...,N, and each (si,s, zi, P),
Xi € argmax {E[Ui(X(d —p) +zid) | {si, s, zi, pF]* M E[ui(x(d — p) + zid) | {’Si, S, zi}]X‘}, (4)

(ii) (Market Clearing) For each ({Si}i=1,..N,S, {Zi}i=1,..N),

>

Xi = 0. 5)
i=1
We next specialize our analysis by making two assumptions that allow us to derive tractable
linear equilibria. First, the variables (¢, ¢ {niti=1..N, 0, {Zi}i=1,.N) follow normal distributions,
with variances denoted by (q2,a2, { of,i }i:l,..,N,UQP} { 022_}i:1,..,N) and precisions, ie., the inverses
of the variances, denoted by (z, 7, {7y ti=1...N, 70, {72 }i=1,.N). Second, traders have negative
exponential, or constant absolute risk aversion (CARA), utility functions: ui(Ci) = — exp(—aiCi),
where qi is the coefficient of absolute risk aversion.
A linear CEE price function has the form

p=d+ Aisi+Bs— Cizi, (6)
i=1 i=1

for coefficients ({Ai}ti=1,.N, B, {Ci}i=1,.N). For CARA utility, we can write the expectations in (4)

9



as

— E[exp[—ai(xi(d — p)+zid)] |1i]

[« 1 )1
TP Ty (E(d| ) —p)+zE@[) — joi(xi+2) Var@[l) )

where the information set li is equal to lir = {si,s,zi,p} for the first expectation that is exponen-

tiated to 1 — yi (where r stands for rational) and to lic = {'si, s, zi} for the second expectation that

is exponentiated to yi (where ¢ stands for fully cursed). The second step in (7) follows because all

variables are normally distributed. Substituting (7) into (4) and maximizing, we find the demand

function

(1 — x)E(d]lir) + yiE(d]lic) — p
"~ ai[(1 — yi)Var(d|lir ) +xiVar(d| lic

Xi —
)] Zi. (8)

The demand function is the solution to a mean-variance problem. The conditional expectation of
the asset payoff in that problem is the weighted average of the rational expectation with weight
1— yi and the fully cursed expectation with weight yi. The conditional variance of the asset payoff
is the same weighted average of the rational and fully cursed variances. The geometric average
formulation of utilities ensures that traders’” optimization problems retain a tractable mean-variance
structure even under partial cursedness. Combining (8) with the market-clearing condition (5), we
derive conditions in Proposition 1 so that (6) is an equilibrium price. Proposition 1 does not show
existence or uniqueness of ({Ai}i=1.n,B, {Ci}ti=1,.N) satisfying these conditions, both of which
are instead demonstrated in the special cases studied in subsequent sections.

To state Proposition 1, we introduce some notation. From the perspective of a rational trader
i, the price (6) includes information on (5, s, zi), which the trader knows, and on ({Si}j=i, {Zi}tj=i),

which he does not. The latter information is summarized in the signal

2

: ©)
>

z

j=i Aj

which the trader can extract from the price. Using (1) and (2), we can write this signal as €+ ¢,

10



)y 3
i Ajg ..
&= _yH i7i i=i Cizj ' (10)
>
i=i A

We denote the variance of ¢ by 02@ and its precision by 7.

Proposition 1 The price (6) is an equilibrium price if and only if ({Ai}i=1,.N,B, {Ci}ti=1,.N)
satisfy the conditions
Ai
Ty (Te + Ty 1o+ xitE) — (1 —xi)Tas 2 L A (ze + 74 + 70)
i [(te + Ty +79) (Te + Ty + To + 75) + 7o (Te + Ty + 70 + (1T ]

=AiE (Tg"‘rfylj +79)(tc + Ty + 10+ 75) - (1 = Xj)75 Zk&j A (T + Ty +1z'9)’ (1)
1

L
jo1 i (Te + Ty + T0) (T + Ty + 7o + 75) + T(Te + Ty + 70 + XjT)

> 2oz + Ty + T+ xi7)
1 a0 [t + T+ 70) (T + T + 70+ 72) + 7ot + Ty + 70+ 2172
X
=B _ (e + Ty + 7o) (T +THp + T+ T5) 4, (12)

L
jm1 i (T + Ty +70)(Te + Ty + 7o+ 75) + 7e(Te + Ty + To + )jT)
(Te + Ty +70) (Te + Ty +To + 75) + 7 (T + Ty + TO + )iT5)
Ci=Aijai : (13)
7Ty (te + Ty +To +XiTs)

In addition to the price, we are interested in trading volume. We define the volume generated
by trader i as the absolute value of the number X; of shares of the risky asset that trader i buys
in equilibrium, or sells if Xi is negative. The aggregate volume is the sum of the volume generated
by each trader. We compute expected volume, defined as the unconditional expectation of volume

over the realizations of all random variables in the model.

3 Equilibrium

In this section, we solve for the equilibrium in the baseline case where traders are symmetric, receive
norandom endowments, and observe only their private signals and not the public one. We compute

the price and trading volume, and compare cursedness to overconfidence and dismissiveness.

11



To specialize the equilibrium conditions derived in Proposition 1 to symmetric traders, we set
private-signal precisions 7y, risk-aversion coefficients aj, and cursedness parameters yi to values
(74,0, ) common for all traders. To dispense with random endowments, we set the variances
{02 }i=1,.N to zero, so that the endowment shocks are equal to their mean which is zero. To
eliminate the public signal, we set its precision 7, to zero. We relax all these restrictions in Section

4.

3.1 Price and Trading Volume

With symmetric traders, no random endowments, and no public signal, the price (6) simplifies to

p=d+A si (14)

Proposition 2 computes the coefficient A and draws implications for the predictability of price
changes. The proposition also computes expected trading volume, and examines how price and

volume depend on the cursedness parameter .

Proposition 2 Suppose that traders are symmetric with cursedness parameter y, receive no ran-
dom endowments, and observe only their private signals. The price (14) is an equilibrium price if

and only if

a_ T (N =¢(N = 1)z +Nz,)

N (ze +7)(zc + N1y) (15)

The coefficient A decreases in y. For y > 0, price changes exhibit positive autocorrelation: the

regression
d—p=yp—d+v, (16)

yields coefficient y > 0. The expected volume that each trader generates is

\/
)(T{(TF +NT’7) W - (17)

/
alze (e + [1+ (N = 1)] 7) + (ze + ) (2 + Nay)] 2N

12



Volume increases in y and N.

When traders are rational (y = 0), the price equals the expected value of the asset payoff
d conditional on all the private signals. The result that the price aggregates the private signals
efficiently is as in Grossman (1976). Moreover, trading volume is zero, consistent with the no-
trade theorem of Milgrom and Stokey (1982) and Tirole (1982). The no-trade theorem applies
because traders start with zero endowments in the risky asset and receive no random endowments,
so no-trade is a Pareto-efficient allocation.

When traders are fully cursed (y = 1), they do not condition on the price, and hence the
private signal sj of a trader i receives no weight in other traders” conditional expectations of the
asset payoff. Asaconsequence, the weightofsion the price, i.e., the coefficient A, issmaller in the
fully cursed case thanintherational case. The samelogiccarries through to partial cursedness: A
is smaller when traders are partially cursed than when they are rational, and decreasesiny, i.e.,
is smaller when traders are more cursed. Since A is smaller than in the rational case, the price
under-reacts to the private signals.

The price under-reaction implies positively autocorrelated price changes: a price rise in Period
1 predicts a further price rise, and vice-versa for a price drop. The positive autocorrelation corre-
sponds to the coefficient y in the regression (16) being positive. The dependent variable in (16)
is the price change between Period 1, in which the asset trades at p, and Period 2, in which the
asset pays off d. The independent variable is the price change between a Period 0, in which private
signals have not yet been revealed and the asset trades at the unconditional expectation d of its
payoff, and Period 1.

Since fully cursed traders do not learn others’ signals from the price, they trade with each other
even without random endowments. Moreover, the expected trading volume that each generates
increases in market size as measured by the number N of traders. Intuitively, the weight that the
private signal si of a fully cursed trader i receives in that trader’s conditional expectation of the
asset payoffis independent of N, while the weight that it receives in the price decreases to zeroas N

increases. Hence, the discrepancy |E(d|lic) —p| = |E(d|si) — p| between the conditional expectation

and the price increases. Moreover, in the absence of random endowments, this discrepancy is

13



proportional to the number of shares Xi that the trader buys, as implied by (8). Since per-trader
volume increases in N, aggregate volume converges to infinity when N becomes large. Hence,
cursedness produceslarge volumein large markets with dispersed private information.

The result that per-trader volume increases with N extends to partially cursed traders. Indeed,

the discrepancy between the conditional expectation of a partially cursed trader i and the price is

|(1 = 0E(d[lir) + xE(d[lic) — p| = x [E(d]lic) — pl,

because E(d|si, p) = p. The discrepancy is therefore proportional to that for a fully cursed trader,

with proportionality coefficient y. As y increases, the discrepancy increases and so does trading
volume.

Since there are no aggregate gains from trade and traders are symmetric, they are all made
worse off by trading. Traders take on excessive risk: they hold risky positions while in fact they

should be bearing no risk.

3.2 Comparison to Overconfidence and Dismissiveness

In this subsection, we examine the relationship between cursedness and other theories that have
been used in the literature to explain large trading volume. Under all the alternative theories
that we consider, traders exaggerate the precision of their own signals relative to the precision
of others’ signals. Such beliefs have often been described as overconfidence, but we distinguish
between different forms of overconfidence and use different terms to describe them.

We reserve the term overconfidence for its seemingly most direct form, whereby traders exag-
gerate the precision of their private signal. With symmetric traders, this means that each trader i
perceives the precision of his own signal sj to be «t, for x >1. When trader i is merely overconfi-
dent, he correctly perceives the precision of all other traders’ signals sj, j~i, to be 7;.

We use the term dismissiveness for beliefs under which traders underestimate the precision of

others’ signals. With symmetric traders, this means that each trader i incorrectly perceives the

precision of all other traders” signals sj, j ~ i, to be yr; for y € [0, 1). When trader i is
merely

dismissive, he correctly perceives the precision of his own private signal s to be ;.
14



We allow dismissive traders to not only underestimate the precision of others’ signals but to
also overestimate the correlation of the noise terms. That is, trader i can perceive incorrectly that
the noise terms #j and #j for j, '~iare positively correlated with coefficient p > 0, while in fact
they are independent. That traders perceive some non-existent positive correlation is a form of
dismissiveness because it causes them to underestimate the information content of the collection of
others’ signals (rather than of each signal separately).

We distinguish between overconfidence and dismissiveness because they are conceptually differ-
ent and yield different equilibrium properties. We consider dismissive beliefs over both precision
and correlation because equilibrium properties also can differ. We assume that the beliefs of over-
confident or dismissive traders about the probability distribution of signals are common knowledge,
and hence traders agree to disagree. For example, it is common knowledge that each overconfident
trader thinks that he is better informed than all other traders think he is.

We nest overconfidence and dismissiveness in a single model, i.e., each trader can be both
overconfident and dismissive, and his dismissive beliefs can concern both precision and correlation.
Within that model we can isolate the effects of each bias by setting the parameters corresponding
to the other biases to their values under rational expectations: x and y to one, and p to zero.

Our modelling of overconfidence follows Odean (1998), whom we also follow in modelling dis-
missiveness as underestimation of the precision of others’ signals. Modelling dismissiveness as
overestimation of correlations follows Banerjee (2011), who also allows for underestimation of pre-
cisions. In Banerjee, each trader i observes a private signal si = e+#i and assumes that the signal

of each other trader j~iis
sj=pe+ (1 —p2)i+nj,

where p € [0,1] and 7j is arandom variable independent of €. If p <1, then trader i underestimates
precisions because he presumes trader j’s signal includes the additional noise term (1 — p?)i. He

also overestimates correlations because this assumed noise term is the same for all traders j 4~ i.”

7Banerjee does not require the noise terms #i for i = 1,..,N to be independent, as in our model, and assumes
instead a general correlation structure. An additional difference between our specification and his is that we assume
that ¢ enters with a unit coefficient in si while the coefficient is p in his model.
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Banerjee uses the term difference in opinions to describe the disagreement in his model.

Proposition 3 is the counterpart of Proposition 2 for overconfident and dismissive traders.

Proposition 3 Suppose that traders are symmetric and not cursed, receive no random endow-
ments, and observe only their private signals. Suppose also that each trader perceives the precision
of his private signal to be kt; for k = 1, the precision of every other trader’s signal to be yt, for
y € [0,1], and the correlation between the noise terms in others’ signals to be p € [0,1]. The price
(14) is an equilibrium price if and only if

« — )

K+ 1 EISN' g] T
(N=1)y

C (18)
N ze+ x+ 1H(N=2)p
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The coefficient A increases in k and y, and decreases in p. The expected volume that each trader

generates is
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Volume increases in x and p, and decreases in y. Volume decreases in N if
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and is hump-shaped in N for values of %
TetTy+2KT,

p =0, then volume converges to zero as the number N of traders grows large, and aggregate volume,

— yp in the intermediate region. If y > 0 and

summed across traders, converges to a positive limit. If y =0 or p > 0, then volume converges to

a positive limit as N grows large, and aggregate volume converges to infinity.

Overconfidence and dismissiveness have opposite effects on the price. Fixing the dismissiveness
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parameters (), p), more overconfidence (larger x) causes traders to attach larger weight to their
own private signals. As a consequence, the weight of the signals on the price, i.e., the coefficient A,
increases. Fixing instead the overconfidence parameter x, more dismissiveness (smaller y or larger
p) causes traders to attach smaller weight to other traders’ private signals, as revealed by the price.
This causes A to decrease.

The effect of dismissiveness on the price goes in the same direction as that of cursedness. Indeed,
in both cases the coefficient A decreases relative to the rational case, and this happens because
traders underweight others’ signals. Cursed traders underweight others’ signals because they fail
to infer them from the price. Dismissive traders infer those signals from the price, but view them
as less informative than they actually are. In both cases the price under-reacts to the signals, and
price changes are positively autocorrelated.

Cursedness and dismissiveness have different implications for trading volume. The differences
are sharpest when y >0 and p =0, i.e., dismissive traders do not treat others’” signals as pure noise
and perceive correctly that the noise terms in those signals are independent. Recall from Propo-
sition 2 that per-trader volume under cursedness increases as the number N of traders increases.
Hence, when N grows large, per-trader volume converges to a positive limit and aggregate volume
converges to infinity. Proposition 3 shows instead that per-trader volume under overconfidence or
dismissiveness converges to zero, and aggregate volume converges to a finite limit. Thus, overcon-
fidence and dismissiveness do not generate large aggregate volume in large markets with dispersed
information, in contrast to cursedness.

The ability of overconfident or dismissive traders to infer others’ signals from the price is key to
why they trade little in large markets. Indeed, such traders realize that the price fully reveals the
average signal of all other traders. And while they underestimate the precision of others” signals
relative to their own signal, they understand that their own signal carries much less information
than the average of a large number of other, even less precise, signals. In large markets, therefore,
overconfident or dismissive traders base their expectations about the asset payoff almost exclusively
on the price. As a result, the difference between any two traders’ expectations converges to zero,

and so does per-trader volume. By contrast, cursed traders donot fully realize that the price reveals
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the average signal of other traders. Hence, they give their signal non-negligible weight evenin large
markets when forming their expectations about the asset payoff, and per-trader volume does not
converge to zero.

The different implications that cursedness and dismissiveness have for trading volume concern
not only the large N limit but also the comparative statics with respect to N. The differences
in comparative statics for large N follow directly from previous results. Since per-trader volume
under overconfidence and dismissiveness converges to zero when N grows large, it decreases with
N for large N. By contrast, per-trader volume under cursedness increases in N for all values of
N, so for large N changes in N have opposite effects on volume. These differences carry through
to all values of N if signals are precise enough (7, large) and overconfidence and dismissiveness are
not too extreme (y is not close to zero and « is not much larger than one). Indeed, Proposition 3
shows that overconfident and dismissive volume are decreasing in N if (3y — k)7, > 7.+ 7 and are
hump-shapedin N otherwise.

Cursed and dismissive volume become more similar when y = 0 or p > 0. When y = (,
dismissive traders perceive others’ signals as being pure noise, and hence ignore them completely
when forming their expectations of the asset payoff. This is observationally equivalent, in the
contextof our model, to fully cursed traders failing to infer the signals from price. (As wenote below,
however, the observational equivalence breaks down when private signals are revealed publicly to
alltraders.) Inparticular, price and trading volume areidentical when y=1 (full cursedness) and
whenx=1and y=0 (no overconfidence and extreme dismissiveness). Hence, per-trader volume
increasesin N, and aggregate volume converges to infinity when N grows large. The result that
per-trader volume under dismissiveness converges to zero, shown for y >0 and p =0, breaks down
because traders view the average of pure-noise signals also as pure noise.

When p > 0, dismissive traders perceive incorrectly that the noise terms in others’ signals are
correlated, and hence do not view the average of a large number of such signals as much more
informative than their own signal. As a result, per-trader volume under dismissiveness does not
converge to zero when N grows large, but converges instead to a positive limit that is increasing in

p. Proposition 3 also implies that volume is decreasing or hump-shaped in N when p is small but
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becomes increasing in N when p is close to one.

The assumptions y =0 and p > 0 are somewhat strong: under y = 0 each trader treats informa-
tive signals as pure noise, and under p > 0 he treats independent errors by others as correlated and
assumes that he is the only one to avoid the common error. Since these assumptions are required
for dismissive volume to be large in large markets with dispersed information, cursedness may be
amore plausible explanation for large volume.®

Even when y = 0 or p > 0, cursedness and dismissiveness can be distinguished in terms of
their implications for trading volume. Suppose that private signals are revealed publicly to all
traders. Cursed traders would then learn those signals, and their failure to infer from the price
would be inconsequential because the price would not contain any additional information. Hence,
cursed volume would decline to zero. By contrast, dismissive volume would remain the same.
Indeed, dismissive traders infer others’ signals from the price, and trade because they view them

as less informative than they actually are. Revealing the signals publicly would not change their

information.

Corollary 1 Suppose that traders are symmetric, receive no random endowments, and observe
only their private signals. If all private signals are publicly revealed, then volume between cursed

traders declines to zero, while volume between overconfident or dismissive traders does not change.

3.3 Cursedness as an Enabling Bias

Cursedness not only generates large volume in large markets, but can also act as an “enabling
bias,” amplifying the effects that other biases may have on volume. Recall from Proposition 3 that
per-trader volume when overconfidence is the only bias (x = 1, y =0, y=1, p=0) converges to
zero as market size N grows large. Key to this result is that while overconfident traders exaggerate

theinformation contentof their signal, they realize that the average signal of all other traders, as

SAlternatively, overconfident or dismissive volume could be large in large markets if information dispersion is
limited and does not increase with market size. Suppose that there is a fixed number M of signals that does not
increase with the number N of traders, and that different groups of traders, of size N/M each, observe a different
signal. Increasing market size would not make the average of the signals more informative because the number of
distinct signals in the average would not change. Assumptions along these lines are made, for example, in Odean
(1998), Scheinkman and Xiong (2003), and Banerjee and Kremer (2010).
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revealed by the price, conveys much more information. This effectis suppressed when overconfident
traders are also cursed, because there is no learning from the price. Hence, traders who are both
overconfident and cursed give their signal non-negligible weight even in large markets, and that
weightincreases with the extent of overconfidence. Accordingly, per-trader volume in markets with
such traders converges to a positive limit as N grows large, and that limit is larger when traders
are more overconfident. Cursedness and overconfidence work as complements in generating trade:
overconfidence on its own does not generate large volume in large markets but does so in the

presence of cursedness.

Proposition 4 Suppose that traders are symmetric with cursedness parameter y, receive no ran-
dom endowments, and observe only their private signals. Suppose also that each trader perceives
the precision of his private signal to be xt, for k = 1, the precision of every other trader’s signal to
be yt, for y € [0,1], and the correlation between the noise terms in others’ signals to be p € [0,1].

The expected volume that each trader generates is
( )

R N_
K= xy(ze+Nrty ) 5N =1
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If x = 0, then volume converges to a positive limit as the number N of traders grows large, and

that limit increases in the overconfidence parameter k.

4 Extensions

4.1 Heterogeneous Traders

Section 3 assumes that traders are symmetric in terms of their private-signal precision, risk-aversion
coefficient, and cursedness parameter. In this section we examine the effects of heterogeneity. We
maintain the other assumptions of Section 3 that traders receive no random endowments and
observeno publicsignal.

We start by allowing traders to differ in their cursedness parameter yi, and for analytical

simplicity assume that some are rational (i =0) and the rest are fully cursed (yi=1). Wedenote
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by Nr and Nc=N — Ny, respectively, the numbers of rational and fully cursed traders, and by R
and C the sets of these traders. The price (6) takes the form

_ > >
p=d+Ar Si+Ac s (23)
ieR ieC

Proposition 5 computes the coefficients (Ar, Ac). The proposition also derives the differences be-

tweenrational and cursed order flow, and how volume depends on the fraction of rational traders.?

Proposition 5 Suppose that Ny traders are rational and Nc = N — Ny traders are fully cursed.
Traders are otherwise symmetric, receive no random endowments, and observe only their private

signals. The price (23) is an equilibrium price if and only if

Ar = XAc, (24)
NTT&' + Tn
[(Nr=1)X+Nc](zet-10+10+75)  Tet10+79
Ac= NrzeEz,=Fzz) Netr=r) , (25)
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where
[(Nr — 1)x + N¢]? 7,
T (Nr—1x2+Nc (26)
and x € (0,1) is the unique solution of
X = N(1- (7 +z.+1) 27)

[(Nr — 1)x2 + Ne] (zc + 7z + 77) + [(Nr — 1)x + Nc]* 7, |

When both rational and fully cursed traders are present in the market (1 < Ny < N —1), the former

trade in the direction of price movements and the latter in the opposite direction: the regression

Xi=yi(p —d)+v, 28)

’The order flow associated to a trader i is the number x; of shares of the risky asset that the trader buys in
equilibrium, or sells if X; is negative. Order flow is the signed volume that the trader generates.
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yields coefficient yi > 0 for i € R and yi <0 for i € C. Expected aggregate volume, viewed as a

function of Ny, is maximum at an interior point 1 < Nr < N — 1 if

[ ¢ )2
N—1 <+t (N = 1D)(ze+1s+175) Tet 1y Tet 70+ 1y

When the shock { has zero variance, (29) holds if N exceeds a threshold N.

As in Section 3, the price under-reacts to traders” private signals. When traders differ in their
cursedness parameter, price inefficiency takes an additional form. While the price should give the
same weight to all signals because they all have the same precision, it overweights the signals of
the fully cursed traders relative to those of the rational traders (x = % < 1). This is because
rational traders give weight both to their signals and to those of cursed traders when forming their
expectations about the asset payoff, while fully cursed traders give weight to their signals only.

The price under-reaction implies positively autocorrelated price changes. Rational traders ex-
ploit this predictability by buying following a price rise and selling following a price drop. This is
reflected in a positive coefficient y in the regression (28) of order flow on the price change between
Periods 0 and 1. Conversely, the coefficient is negative for cursed traders, who are on the losing
side of this trade.

The expected utility of rational traders is higher than of cursed traders because they learn from
the price. In addition, because rational traders have the option not to trade, they are better off
relative to not trading. Cursed traders are instead worse off because there are no aggregate gains
from trade. Cursed traders are thus “exploited” by rational traders.

Because the predictability-induced trading by rational traders adds to trading volume, a market
in which some traders are rational and some are fully cursed can have higher volume than an
otherwise identical market where all traders are fully cursed. To show this result, we hold constant
the total number N of traders and change the number Nr of rational traders. When (29) holds,
volume increases when some rational traders enter the market (Nr > 0). A sufficient condition

for (29) to hold is that the total number N of traders is large: with a large number of cursed

traders, the predictability of price changes induces rational entrants to engage in a sizeable amount
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of trading.
We next allow traders to differ in their risk aversion coefficient ai and private-signal precision
7. For analytical simplicity, we assume that all traders all fully cursed. The price (6) takes the

form
p=d+ AiSi. (30)

Proposition 6 computes the coefficients {Aj }i=1,.N. The proposition also computes expected trading
volume for each trader, assuming for simplicity that traders have the same risk-aversion coefficient

o and the shock ¢ has zero variance.

Proposition 6 Suppose that traders differ in their risk-aversion coefficients ai and private-signal
precisions 1, are fully cursed, receive no random endowments, and observe only their private

signals. The price (30) is an equilibrium price if and only if

Ty
Ai= ai(tet-10414;) . (31)
ZN Tet1Tn;
=1 aqj (zete+m)

If all traders have the same risk-aversion coefficient a. and the shock { has zero variance, then the

expected trading volume generated by trader i is
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where 1, denotes the average precision of private signals. Trader i generates more volume than

trader j if and only if he observes a more precise private signal (ty; > ;).

As in Proposition 5, the price is inefficient both because it under-reacts to traders’ private
signals and because it does not give the correct relative weights to the signals. In the rational case,
where the price equals the expected value of the asset payoff d conditional on the signals, the weight
of a signal i is proportional to its precision 7; and does not depend on any other characteristic

of trader i (Grossman 1976). Proposition 6 shows that when traders are fully cursed, the weight
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is increasing in 7, but not proportionately, and depends on trader i’s risk aversion coefficient ai.
In particular, a trader who is less risk averse trades more aggressively on his signal, failing to
realize that he trades against others” signals and that his trading activity causes his signal to be
overweighed.

Proposition 6 shows additionally that traders with more precise signals trade more. One may
conjecture that these traders are better off relative to those with less precise signals, in the same
way that rational traders are better off than cursed traders. Surprisingly, however, this conjecture
turns out not to be always true, as shown in an earlier version of this paper (Eyster, Rabin and
Vayanos 2015). On the one hand, cursed traders with more precise signals do not lose as much by
trading against others’ signals because their signal aligns better with the asset value, e.g., is more
likely to be negative when others” signals are negative. On the other hand, they can overtrade,

taking on excessive risk, and this effect can dominate.

4.2 Public Signal

In this section we re-introduce the public signal s = €+ that was allowed for in our general model
but excluded from Section 3. We maintain the other assumptions of Section 3 that traders are

symmetric and receive no endowment shocks. The price (6) takes the form
p=d+A sj+Bs. (33)
i=1

Proposition 7 computes the coefficients (A, B) and draws implications for the predictability of
price changes. The proposition also computes expected trading volume, and examines how price

and volume depend on the cursedness parameter y.

Proposition 77 Suppose that traders are symmetric with cursedness parameter y, receive no ran-

dom endowments, and observe their private signals and the public signal. The price (33) is an
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equilibrium price if and only if
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(35)
The coefficient A decreases in y and the coefficient B increases in y. For y >0, the regression

d—p=yi(p—d)+y2s+v, (36)

yields coefficients y1 > 0 and y2 < 0. The expected volume that each trader generates is

N
xt(te + N7y +79) 2(N—=T1)731
f—, (37)

a [tz (e + [1+ (N — 1)] 7y + 10) + (zc + 1y + T0)(zc + N1y +179)] 7N

and is lower that when traders do not observe the public signal.

Asin Section 3, traders’ private signals enter the price with a smaller weight than in the rational
case. The public signal, however, enters the price with a larger weight. The intuition is easier to
understand in the case where traders are fully cursed. Since they form their conditional expectations
of the asset payoff using fewer signals than rational traders, they attach larger weight to each signal
they use. The public signal thus receives larger weight in each trader’s conditional expectation,
and enters the price with a larger weight. The same logic carries through to partial cursedness: B
is larger when traders are partially cursed than when they are rational, and increases in y, i.e., is
larger when traders are more cursed.

Because the public signal enters the price with a larger weight than in the rational case, it
predicts future price changes negatively. This predictability is revealed from a bivariate regression
of the price change between Periods 1 and 2 on the public signal and on the price change between
Periods 0 and 1. The regression coefficient y2 on the public signal is negative. The coefficient
becomes zero, however, if the price change between Periods 0 and 1 is not controlled for. This is
because cursed traders observe the public signal, so if they were to condition their expectation of

the asset payoff on that information alone, they would do so correctly.
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The last result of Proposition 7 is that observing the public signal lowers volume. The intuition
is that cursed traders trade with each other because they observe different private signals and do
not learn others’ signals from the price. When they observe also the public signal, they give their
private signals less weight and hence trade less. This result is in the spirit of Corollary 1 that public

revelation of information reduces cursed trade.

4.3 Random Endowments

In this section we re-introduce the random endowments that were allowed for in our general model
but excluded from Section 3. We maintain the other assumptions of Section 3 that traders are
symmetric and observe no public signal. We assume that the symmetry extends to the precision of
endowment shocks {7i}i_; n, which takes a value 7z common to all traders. The price (6) takes

the form
p=d+A si—C z. (38)

Proposition 8 computes the coefficients (A, C).

Proposition 8 Suppose that traders are symmetric with cursedness parameter y, receive random
endowments, and observe only their private signals and endowment shocks. The price (38) is an

equilibrium price if and only if
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and % > (0 is the unique solution to the cubic equation
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The expected volume that each trader generates is
1 N )
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Volume increases in N, for y € {0,1}.

Random endowments generate trade even among rational traders. This can be confirmed by
setting y = 0 in (41): when there are no random endowments (z; = ©°) rational volume is zero
consistent with Proposition 2, and when there are random endowments (z; finite) rational volume
is positive. Eq. (41) implies additionally that per-trader volume in the rational case increases in
the number N of traders. Hence aggregate volume goes to infinity when N grows large.

Since rational volume is generated by random endowments, Proposition 8 suggests that these
endowments should generate large aggregate volume in large markets in all the cases that we
consider: rationality, cursedness, overconfidence, and dismissiveness.1? Eq. (41)indeed implies that
per-trader volume converges to a positive limit for all y € [0,1], and hence aggregate volume in the
rational and cursed cases is large in large markets. The same result holds for overconfidence and
dismissiveness, as we show in the appendix, where we compute the equilibrium with overconfident
and dismissive traders who receive random endowments (Proposition B.1).

While the limitbehavior of volume when traders receive random endowmentsis the same under
cursedness and under dismissiveness, other properties of volume can differ. Section 3 emphasizes
two such properties in the absence of random endowments: the dependence of volume on N, and
theeffectofrevealing privatesignals publicly. The differences onhow cursed and dismissive volume
depend on N, shown in Section 3, extend to small endowment shocks by continuity. Corollary 2
examines how cursed and dismissive volume change when private signals are revealed publicly.
Continuity does not pin down the effect on dismissive volume because there is no effect in the

absence of random endowments. Continuity also does not pin down the effect on rational volume

Although rational traders trade both because of random endowments and private information, random endow-
ments generate rational volume in the sense that volume would be zero in their absence. The contribution of private
information to rational volume is, in fact, negative, as shown in Corollary 2: when private signals are revealed publicly,
traders trade only because of random endowments and volume goes up.
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because that volume is zero in the endowments’ absence.

Corollary 2 Suppose that traders are symmetric, receive random endowments, and observe only

their private signals and endowment shocks. If all private signals are publicly revealed, then:
* Volume between rational traders increases.

® Volume between cursed traders increases when y is close to zero and decreases when y is close
to one.

¢ Volume between non-fully dismissive traders (k=1, y € (0,1), and p = 0) increases, but can

decrease if traders are also overconfident (x> 1).

* Volume does not change when traders are fully dismissive (y = 0) or fully overconfident

(= ).

Recall from Corollary 1 thatin the absence of random endowments, cursed volume drops to zero
if signals are publicly revealed because traders learn the average signal and no longer trade on their
own signal. In the presence of random endowments, a similar effect appears for both rational and
cursed traders: public revelation of the signals induces traders tonolonger trade on their own signal
because they learn the average signal, rather than a noisy version of it from the price. We term
this the information-trading effect. At the same time, a new effect appears: public revelation of the
signals induces traders to trade more aggressively when the price moves in response to endowment
shocks because they are not worried that these movements may instead be due to information. We
term this the risk-sharing effect.

When traders are rational, the risk-sharing effect dominates the information-trading effect,
and public revelation of the signals raises volume. This is a standard result in adverse-selection
models (e.g., Akerlof 1970, Hirshleifer 1971). When traders are fully cursed, the risk-sharing effect
is not present, and public revelation of the signals lowers volume. Put differently, not revealing
information and keeping it asymmetricimpedes trade between rational traders but stimulates trade

between fully cursed ones. The case of partial cursedness is in-between the two extremes: public
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revelation of the signals causes volume to increase when y is close to zero and to decrease when y
is close to one.

The information-trading and risk-sharing effects are also at play under overconfidence and dis-
missiveness. Recall from Corollary 1 that in the absence of random endowments, public revelation
of the signals has no effect on overconfident or dismissive volume because traders can infer others’
signals from the price even when they do not observe them. This neutrality result continues to hold
with random endowments only in the extreme cases where traders are fully dismissive (y=0) or
fully overconfident (x=00). Thisisbecauseinboth cases they believe that they donotlearn useful
new information (for y=0they view others’ signals as noise, and for k=0 they believe that they
observe a perfectly informative signal). Between the two extreme cases, the information-trading
and risk-sharing effects come into play and neutrality does not hold. When traders are non-fully
dismissive, the latter effect dominates, and public revelation of the signals increases volume. The
former effectinstead dominates when traders are also sufficiently overconfident.

Corollary 2 implies that the contrast between cursed and dismissive volume is sharpest when
the variance of endowment shocks is small. In that case, public revelation of information lowers
cursed volume for most values of y (all values when the variance of endowment shocks is zero) but

raises dismissive volume.

5 Evidence on Cursedness

Cursed equilibrium, as defined by Eyster and Rabin (2005), captures the psychology behind the
winner’s curse incommon-value auctions — the average price paid by the auction winner exceeds the
average value of the object being auctioned —in a manner sufficiently general to be applied across
strategic settings. It assumes that people fail to correctly infer other people’s private information
from those other people’s actions. In the context of common-values auctions, bidders fail to fully
appreciate the bad news inherent in winning, namely that their opponents have found it optimal to
bid lower. The winner’s curse has been documented empirically as well as in controlled laboratory
settings. Capen, Clapp and Campbell (1971) is an early empirical study in the context of auctions

for oil-drilling rights. Roll (1986) documents the winner’s curse in corporate takeovers. Kagel and
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Levin (2002) review the voluminous laboratory evidence on the winner’s curse.

The same kind of failure of inference that characterizes bidding in common-values auctions
has been uncovered in other strategic settings. Esponda and Vespa (2014) report on a laboratory
experiment on voting in which people fail to draw the correct inference from the event that their
vote is pivotal. Samuelson and Bazerman (1985) and Holt and Sherman (1994) find that people
under-infer each other’s private information in laboratory experiments on positive-sum bilateral
trade. Carrillo and Palfrey (2011) find the same in zero-sum bilateral-trade experiments. Failure
of inference in bilateral-trade settings implies excessive trade. Weizsacker (2010) presents a meta-
study of a social-learning experiment that documents that people do not learn as much as they
should from their predecessors” choices.

More closely related to our paper are experimental papers that have tested for REE. Plott and
Sunder (1988) devise an experimental asset market in which an asset’s payoff takes one of three

possible values: v € {50,240,490}. Given true value v, one-half of the subjects learn that the value

is not vV A v, and the other half learn that the value is not v' 4~ v,V For example, when v =50,
one-half of the people learn v ~ 240, and the other half that v ~ 490; collectively, people’s
private

information reveals the state. Plott and Sunder show that after several experimental rounds, the
prices generated by an oral double auction closely approximate REE prices, namely the true value.
Biais et al. (2005) essentially replicate Plott and Sunder’s design but find substantial deviations
from REE. Corgnet et al. (2017) also replicate the same design and identify prices very different
from REE prices. They show that CEE with fully cursed traders, fits their own data as well as the
data of Biais et al. better than REE.!!

Magnani and Oprea (2017) conduct an experiment intended to identify whether cursedness or
dismissiveness drives trade. They estimate that 80% of subjects employ cursed reasoning, but also
argue that most subjects are dismissive of others’ private information.

Our results suggest testable ways to distinguish between cursedness and dismissiveness. We

!Biais et al. (2005) convincingly argue that overconfidence in one’s private information should play no role in
the information structure that they consider: how could someone who learns that v/~ 240 be overconfident about
that information? In the same way, dismissiveness does not seem a likely explanation for non-REE prices. Would
a subject who learns that v/~ 240 and hears from the experimenter that one-half of the other subjects learn either
vA 50 or VA~ 490 really believe that despite the experimenter’s instructions other subjects hold no payoff-relevant
information?
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show that as market size increases, volume per trader always increases under cursedness, while it
can also decrease or be hump-shaped under dismissiveness. Moreover, public revelation of private
information lowers cursed volume when the variance of endowment shocks is small, but raises
dismissive volume.

Cursedness can have implications for financial markets beyond those that we consider in this
paper. Celerier and Vallee (2017) find that structured products with complex payoff structures
and high headline rates (payoffs in the best-case scenario) offer systematically low returns. These
findings suggest that retail investors, to whom these products are marketed, seem unable to connect
the products’ pricing and structure to their future returns. Kondor and Koszegi (2017) develop a
model of financial innovation with cursed investors. Issuers in that model design securities using
their payoff-relevant private information, which investors fail to infer. Investors are worse off when
issuers can securitize a larger pool of underlying assets or can create more securities out of the
pool—a result reversing the traditional logic that diversification benefits investors.

While small investors may be particularly prone to under-inference from price, as, e.g., in the
security-design settings of Celerier and Vallee (2017) and Kondor and Koszegi (2017), even large
players may succumb to the same error. On his book Flash Boys, Michael Lewis describes how
sophisticated investors, including hedge funds, were enticed by low (or even negative) trading com-
missions to trade in such a way that high-frequency traders could pick off their orders. Investors
failed to think through the logic as to why stock exchanges had moved away from simple fixed com-
missions to more complex pricing schemes.!? Despite not thinking through the logic of exchanges’
esoteric prices, investors did recognize that that were systematically losing substantial amounts of

money.!3

12“It was not obvious to Brad why some exchanges paid you to be a taker and charged you to be a maker, while
others charged you to be a taker and paid you to be a maker. No one he asked could explain it either. ‘It wasn't like
there was anyone saying, “Hey, you should really be paying attention to this.” Because no one was paying attention
to this.”” (p.42, iPad version)

B3“ITThe president of a $9 billion hedge fund—recalls the encounter this way: ‘I know I have a three-hundred
million-dollar problem on a nine-billion-dollar hedge fund.” (p.80, iPad version)
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6 Conclusion

In this paper, we propose a new market equilibrium concept, cursed expectations equilibrium (CEE),
in which traders fail to fully infer information from market prices. Unlike agreeing-to-disagree
models in which traders have differences of opinion about the informativeness of exogenous private
signals but correctly infer others” private signals from price, cursed traders correctly perceive the
relationship between all exogenous variables and simply misperceive the relationship between the
endogenous price and traders’ exogenous private signals.

Cursed traders trade significant quantities and take on excessive risk. We show that cursed
volume per trader grows with the size of the market, whereas per-trader volume under overcon-
fidence or dismissiveness may decline to zero. Absent endowment shocks, revealing all private
signals would not affect trade due to overconfidence or dismissiveness, but would eliminate cursed
trade. Cursedness amplifies trading volume due to overconfidence, thus enabling that bias to have
a more significant effect. Markets comprised entirely of cursed traders generate more trade than
those comprised entirely of rational traders; mixed markets can generate more trade still, because
rationals exploit the predictability of returns caused by cursed traders.

In Section 3, we showed the necessity in some settings of cursedness to “enable” overconfidence
to explain appreciable per-trader volume of trade. We conclude by speculating how cursedness
may similarly enable the study of various other biases in asset markets. Researchers have recently
proposed that a number of statistical errors may be relevant for financial decisions, including over-
inference from small samples (see Rabin (2002) and Rabin and Vayanos (2010)) and non-belief in the
law of large numbers (see Benjamin, Rabin, and Raymond (2016)). Predicting the consequences of
these and other biases for markets where traders extract information from prices requires additional
assumptions about traders’ theories of one another’s errors. Yetrelatively little is known about how
people reason about others’ errors. In its extreme, cursedness provides a simple assumption about
what people think of others” errors: they don’t think about them at all. If models of errors are
instead closed by assuming that people do agree to disagree about the meaning of private signals,
then, much like with overconfidence in Section 3.3, we suspect that the per-trader volume of trade

will be small in information-rich settings where each trader values the sum total of others’ private
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information far more heavily than his own private signal.
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ONLINE APPENDIX

A Cursed Equilibrium

Based on evidence from strategic situations, Eyster and Rabin (2005) define cursed equilibrium in
Bayesian games by the requirement that every player correctly predicts the behavior of others but
fails to fully attend to its informational content. In this appendix, we define cursed equilibrium
and illustrate its workings in a simple zero-sum game of speculative trade.

Cursed equilibrium is defined in finite Bayesian games of the form

({Atiz=1,..N {Tidi=o0,.N, Py {Uiki=1,..N) -

For each player i = 1,...,N, Aj is a finite set of available actions and Ti is a finite set of types,
including one, To, for nature. We denote the set of action profilesby A= X Aj and the set
i=1,..,N
of type profilesby T = X . Ti. We assume that all players share the common prior probability
i=0,...,

distribution p over T. Player i’s utility function is ui : AX T — R.
A strategy for player i, gi : Ti = AA;, specifies a probability distribution over actions for each

type. We denote by oi(ai[ti) the probability that type ti plays action aji when he follows strategy
gi. We denote the set of action profiles for players other than i by A-j = X A}, and the set of
type profiles for nature and players other than i by T = }:i Tj. We denote {)F_}?'zli—i and t-i generic
elements of these sets. We denote by o—i(a-i|t-i) the probability that types t-i play action profile
a-i when they follow strategy o-i = {0j}j=0,i. Finally, we denote by p(t-i[ti) the distribution of
player i’s beliefs about other players’ types conditional on his own type ti. The standard solution

concept for these games is Bayesian Nash equilibrium.

Defi 2 A strategy profile o is a Bayesian Nash equilibrium if for each player i, each type
ti € Ti, and each a* such that oi(a" [ti) > 0:
1 1
U

2.
ik €argmax  P(t-i [t) " o—i(a—i|t—i)ui(ai,a—i;ti, t—i) . (A1)

ai€A; t a_;
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To define cursed equilibrium, we compute for each type of each player the average strategy of

other players, averaged over the other players’ types. For type ti of player i we define

o-i(a-ilt) = = pi(t-ilt) - o-i(a-i|t-i).
t,€T—;

This is the marginal probability that other players play action profile a-j, and is derived by aver-
aging over type profiles t-i the probabilities o—i(a—i|t-i) that other players play a-i conditional on

t—i. We associate to each player i a cursedness parameter i € [0, 1].

Defi 3 A strategy profile ¢ is a cursed equilibrium if for each player i, each type ti € Ti,

and each a7 such that gi(a3 |ti) > 0:

> >
i € arg max p(t—ilt) (A — xi)o-i(a-ilt-iui(ai, a-i; ti, t-i)
ai€Ai t a_;

+xio—i(a-iltyui(ai, a-i;ti,t—i) . A2

Player i best-responds to beliefs that with probability 1 — yi the other players” actions depend
on their types (the probability of action profile a-j in (A.2) is conditional on type profile t-i) and
with probability yi actions do not depend on types (the probability of ai in (A.2) is the marginal).
When yi =0, player i is rational, and his objective is as in Bayesian Nash equilibrium (Eq. (A.1)).
When yxi = 1, player i is fully cursed, and neglects entirely the relationship between the other
players’ actions and their types. Note that while cursed players fail to map actions to types, they
assess correctly the probability distribution of other players” actions.

To illustrate the concept, consider the following trading game. A seller owns an asset that he
knows to be worth s both to himself and to a potential buyer. The buyer does not know s, but
believes that it is randomly drawn from [0, 1] with a cumulative distribution function F. The buyer
makes the seller a take-it-or-leave-it offer p for the asset.

The seller’s optimal strategy is to accept the buyer’s offer p if and only if s < p. In a Bayesian

Nash equilibrium the buyer understands this, and so chooses p to maximize F (p) X (E[s|s < p] —p).

40



This objective is the probability F (p) that the seller accepts the offer p, times the buyer’s expected

surplus from acquiring the asset conditional on seller acceptance. Because E[s|s < p] < p for each
p > 0, the buyer’s optimal offer is p* = 0. Thus, no trade occurs, consistent with the no-trade
theorems of Milgrom and Stokey (1982) and Tirole (1982).

In a cursed equilibrium players fail to appreciate the informational content of others” behavior.
This does not matter for the seller, who knows s perfectly and hence has nothing to learn, but
matters for the buyer. A buyer who is fully cursed completely neglects the relationship between the
seller’s willingness to sell at price p and the seller’s private information s, but correctly predicts the
probability distribution over the seller’s actions. As a consequence, a fully cursed buyer perceives
the expected value of an asset traded at price p to be its unconditional expectation, E[s]. A fully
cursed buyer thus chooses p to maximize F(p) X (E[s] —p). A partially cursed buyer appreciates
that the seller’s willingness to sell correlates with his private information but underestimates that
relationship. A buyer who is partially cursed with coefficient y perceives the expected value of an
asset traded at price p to be (1 — x)E[s|s < p]+xE[s]. This is the weighted average of the rational
belief with weight 1 — y and the fully cursed belief with weight y. In effect, the buyer believes
that with probability 1 — y the seller’s decision to sell conveys information about the asset, and
with probability y it does not. The coefficient y measures the buyer’s naivety: y =0 corresponds
to full rationality, while y =1 corresponds to full cursedness. A y-cursed buyer thus chooses p to
maximize F(p) X (1 — x)E[s|s < p] +xE[s] — p). Since E[s] >0, the buyer’s optimal offer exceeds
zero for any y > 0. Moreover, since the buyer’s objective function is supermodular in (p, y) for
p € [0,E[s]], Topkis’ Theorem implies that p* increases in y. In summary, cursedness produces

trade in no-trade settings, and the more cursed the buyer, the higher the volume of trade.

B Proofs
We first prove the following lemma, which we use for proving Proposition 1.

Lemma B.1 Suppose that the variables (X, {Yi}i=1,.k) are normal, independent, with mean zero

and precisions (tx, {ty, }i=1,..k). Then, the distribution of X conditional on {x+yi}i=1,.k is normal
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with mean

x .
EX|{x+yiti=1,.k)= ﬁy;(_(x+yi) (B.1)

i—1 xt =1 Ty
and precision
T (X |[{X+Viti=1,.K) =+ 1y, (B.2)
i=1
Proof. The conditional mean and variance can be computed from the regression
x=""pi(x+y)+e,
i=1

where {fi}i=1,.k are the regression coefficients and e is the error term. Taking covariances of both

sides with x+yj and noting that (X, {yi}i=1,..k, €) are independent, we find

Cov(x,x+yi) = fiCov(x+yj, X+Yi)
j=1

~_p (l+i)+zb’jl
=4 Tx Tv. . Tx
o g ) o”
—pi= D1 =0 (B.3)

Summing (B.3) across i and solving for 2;11 Bij, we find

x 2K
,sz j=1%i . (B4)

i=1 >+ 5<=1 Ty;
Substituting 2K 4 . .
ubstituting pj from (B.4) into (B.3), we find

Tyi
Bi=— (B.5)
I >+ Z‘}<=1 Ty
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Since

E X |[{X+yiti=1,.k) = Bi(X+Yi),

i=1

(B.5) implies (B.1). Taking variances of both sides and noting that (X, {yi}i=1...k, €) are indepen-

dent, we find
C )2
Var(x)= > Var(x)+  fZVar(yi)+Var(e)
i=1i i=1
[l

11 « > . | )2 i 1 C | )2
= = 11- +K g Ty, Tx+ K oy

Te 1k i=1 i i=1 j=1 i

1 1

= E ’ B.6
= e XTI (5.6)

where the second step follows from (B.4) and (B.5). Since
T(X |[{X+Yiti=1,.K)="7e,

(B.6) implies (B.2). m

Proof of Proposition 1. We first determine traders’” demand functions using (8). Since d =

d+e+¢and Cis independent of traders” information I;,

E(d|li)=d+E(c|li), (B.7)

1 1
Var(d|li)=Var(e| i)+ Var({) =T(T|i|) +:¢' (B.8)

Using Lemma B.1 with x=¢, K=3 and {yj}j=1,2.3=(3i,7, &), we find

- T T T
E(d|lir)=d+ Si+ S+ (e+&), (B.9)
Te+ Ty Y70+ 75 Te+t Ty Y70+ 14 et Ty Y To+T5

)= + . B.10
Var(d|lir) S ( )
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Using Lemma B.1 with x=¢, K=2 and {Yj }j=1,2 = (1i,7), we find

_ Ty; (7}
E(d|||0)=d+ WSI_F‘L'(-FZ}“ +T951 (B].].)
N + B.12
Var(d|lic) - ( )

Substituting (B.9), (B.10), (B.11) and (B.12) into (8), we can write the demand of trader i as

— .\ T SitTos+g (e+&) T s+TSs_
a + (1 Xl) E——— +‘w+t¢i 4+ T T 17/
Xi = i M — Zi. (B.13)
ai A=pi) -~ +xi——  _1]
Tr+‘[11i+‘l'é}+‘[§i TF"‘Tni"_TH -+ 1]Z

We next substitute (B.13) into the market-clearing condition (5), use (6) to write p in terms of
({siti=1..N, S, {Ziti=1..N), and use (9) to write € + ¢ in terms of ({Si}j=i, {Zi}j=i). This yields an
equation that is linear in ({Si}i=1,.N, S, {Ziti=1,..N). Identifying terms in sj yields (11). Identifying
terms of s yields (12). Identifying terms in zj yields

Ci
1 (1 = xi)tere 2 wei Ax (Te + Ty + 70)
iz T +T0)(Te + Ty + 7o 1) F 1T+ Ty 1o+ fits)]
=CiT§’ (Tg+r‘[;7j +T9)(Tg+‘1,';7j +‘L’¢9+T§j) - (1 —){J)ngz =y (T€+T’7j +_}'9). (B14)

r
jo1 i (T Ty +70)(Te + Ty + 7o+ T8) + (T + Ty + To + XjT)

Combining (B.14) with (11) yields (13). =
Proof of Proposition 2. Eq. (10) implies that
( )2

L‘j&iAj 1
(C ) —
AN 7

75 = 7
Va <A Va (kL) =(N-1)z, (B.15)
T r

where the first step followsbecause zj=0forall j, the second because Aj =Aforall j, and the third

because {7j}tj=1,.N are ii.d. with precision z,. Setting (xi, ai, 7y;, 79, 7, Ai) = (%, @, 77, 0, (N —

1)zy, A) for all i in (11), we find (15). Eq. (15) implies that A decreases in y.

44



The coefficient y in the regression (16) is proportional to

Cov(d—p,p—d)
=(1 — NA)NA4c? — NA%5?
€ n
=NA [(1 — NA)o? — AJQ]
€ n
_na Gt a)(@e+ Noy) — o ([N = x(N — )] ze + Ney) — (N = x(N — D] ze + Nzy)
Te(te + ) (Te + N7yp)
=A)((N — 1) (ze + Nzy)

(e + 74)(ze + N7y)

>0,

where the first step follows from (1) and (14), and the third from (15).
Setting (xi, ai, Ty, 70, 75, Ai, Zi) = (¢, @ 74, 0, (N — 1)z, A, 0) in (B.13), we can write the de-

mand of traderi as

TynSi

d+(1- Mﬁ%@ -
Xi = 1= Friie +X%’;1 p
[ Lo, 1

a(1—x) T+ Nty +X‘L’(—|—‘[;7 [7s

d+(1 - 7, bad 4, TSt _
s = " (B.16)
1

[ 1
a (1 _X) et INTy; +Xte+rq + 17a

where we use (9) and (14) to write € +¢ as a function of p. Summing over i and dividing by N,

we find
> - 2N s
N a4+ (1 =) ™ +xo, M2 —p
i—=1Xi — [ c Nzy c+1y 1 . (B].7)
N t 1 1

1
a 1=y T+ Nty +XTF+T;7 + s
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Subtracting (B.17) from (B.16), and using the market-clearing condition (5), we find

¢
—Ty Sy )
X ety Si— i\lﬁl 2
Xi="1 T i —
@ (1 _X) T+Nty +X‘L'(+T;1 -+ r:E
CYsl
xtctn(ze+Nry) si— —I5s;
= : (B.18)
o[z (ze + [1+ (N = 1)) 7) + (ze + 74) (7 + N7y)]
Since Xi is normal,
N
2Var(xy
E(Ixi])= L (B.19)
Substituting x; from (B.18) into (B.19), and noting that symmetry and (1) imply that
D
C 2 jj=15j N—1
Var sj— N = N, (B.20)

we find (17). Eq. (17) implies that E (|xi|) increases in y. It also implies that E (|xi|) increases in

N, as can be seen by noting that

v J
XT& £y N=T
E(Ixil)= —F ]«/
a Tyfer[lTJ:_}'(_(]\Nh;l)]fn + e+ 1Ty T N

et [1+x(N—1)]z . N—=1 ;3 .
and that * L M’;'ml % decreasesinNand “w+ increasesinN. m

Proof of Proposition 3. The coefficient A can be deduced from (11) by setting (xi, @i, 75, Ai) =
(0,0, 0,A) for all i and deriving (z;;,75) based on traders’ subjective assessments of the precision
of private signals. Overconfidence implies that 7, = k7, for all i. Dismissiveness, combined with

symmetry and norandom endowments, implies that

1 1 _ (N -1)yz,
5=Va ()= —1 (N-2)p ~ 1+(N—-2)p"
N-1 (N=1)yry * (N=1)yr
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Substituting into (11), we find (18). Eq. (18) implies that A increases in x and y, and decreases in

p.
Making the same substitutions, as well as zi =0, in (B.13), we can write the demand of trader
i as
KTySi4+___yTy __ p—d—Asj
a + 1+(N—2)p A _p
KT+ N+7]*T/)

xi=—f . (B.21)

a 1 + 1

(N—=1)yzy T
Tttt -2 <

Following the same steps as in the proof of Proposition 2, we can write (B.21) as

( » 5 )
o—

W(N—2p_z,, (S'— Zﬂ*':lsi
z'(+1cr[+l WLy, : N ]

Xi =

1 41
rc+xtq+%z%%( 79
(_) ZN )
K Y T Si — i=1
— 14(N-2)p W Si— TN S
= [ C 7 1. (B.22)
4o+ s+ (N=Dy
* e 1+(N=2)p

a

Substituting x; from (B.22) into (B.19), and using (B.20), we find (19). Eq. (19) implies that
E (|xi|) increasesinxand p, and decreasesiny. Eq. (19) also implies that the asymptoticbehavior

of E(|xi|) and of aggregate volume NE (|xi|) when N grows large is as described in the proposition.
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To derive the comparative statics of E (|xi|) with respect to N, we treat N as a continuous

variable and differentiate:

N
S0 — ) YN =T
dE(Ixi]) _d [ ©  14(N=2)p
dN dN o +To+ K+ (N=1)y )oly

1+(N-2)
T R e

AN o {1+ (N = 2)p] (o + 7 + k) § (N — Ly} 2N

[yp(e + 10+ 2Kty) — y(xc = P)rygl 7z 2(N—D)7 -
a{[T+(N =2)p] (zc + 7o+ k1y) + (N — l)y‘[n}J 7N
{k[1+(N=2)p]l =y} 7y
a{[1+(N = 2)p] (e + 7 +rt) + (N = Lyyr N 2a(N — DN
\/

+ (B.23)

N—F+

where the third equality follows by writing E (|xi|) as the product of y and the remaining

terms, and differentiating using the product rule. Eq. (B.23) implies that dE((L),(\ill) as the same sign

as

G(N) = 2N(N — 1) [yp(ze + 7¢ + 2xty) — y(xc = 7)7n]

+{[1+(N = 2)p] (ze + e +x17) + (N = D)yrgp {[1+ (N = 2)p] =7}

The function G(N) is quadratic in N. To determine its sign, we distinguish cases according to the

sign of p(z + 17 + 2k1y) — (K — Y)7y.

Suppose first that

p(te + 10 + 2K1y) — (K — y)10 < 0. (B.24)
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For N € [0,2],

H(N) = x[1+(N =2)p] —y
(N = 2)(x —y)zy

Te + 10+ 2K7y

_ (K — E!IT{ ﬂg‘_"‘ 2K'Tn + (N _ 2)1-7]1 > O’ (B25)
z'€+‘[é*+2k“[;7

=rx 1+ 7

where the first inequality follows from (B.24) and N < 2, and the second is strict because (B.24)
implies x > y. Eq. (B.25) implies, in particular, that H(1) > 0. Since, in addition, p <1, G(1) = 0.
We next show that G(Ng) < 0 for some No < 0. If p =0, then the existence of Ng follows from

limn——-co G(N) = —oo. If p > 0, then we define No by H(No) = 0. Since H(N) is linear, No is

uniquely defined, and is negative because H(N) > 0 for N > 2 and because (B.25) implies that
H(N) > 0 for N € [0,2]. Since N(N —1) >0 for N <0, G(No) < 0. Since G(N) is quadratic in

N, negative for N = No <0, and non-negative for N =1, its sign for N > 2 is as follows:

e If limn—sco G(N) =00, then G(N) >0 for N = 2.

¢ If limn—oo G(N) = —00 and G(2) > 0, then G(N) is positive for N € [2,N1) and negative

for N > N1 for some Nj > 2.

e If G(2) <0, then G(N) <0 for N > 2.
The condition for limn—eco G(N) = o is (21), and it implies that E (|xi|) increases in N. The
condition for G(2) < 0 is (20), and it implies that E (|xi|) decreases in N. When these inequalities
are strict in the opposite direction, then limn—co G(N) = —0 and G(2) > 0, and hence E (|xi|) is

hump-shaped in N.
Suppose next that

p(te + 10 + 2x1y) — (k — y)10 2 0. (B.26)

Since H(N) > 0 for N > 2, G(N) > 0 for N = 2, and hence E (|xi|) increases in N. Since (B.26)

implies that the right-hand side of (21) is non-positive, this case is covered by (21). =

49



Proof of Corollary 1. Consider first the case where traders are cursed. When all privafe signals

arepublicly revealed, theinformationsets lirand liccoincide, and arealso equivalentto '}': . ¥
because symmetry and normality imply that the sum of the signals is a sufficient statistic for all of

N, 7j

2.
them. Using Lemma B.1 withx=¢, K=1 and y1 = ’N , we find
2018
E(d|lig)=d+ , (B.27)
Te +NT;/] N
1 1
N = + B.28
Var(d|lis) o NT ( )

for ¢ =r,c. Substituting (B.27) and (B.28) into (8), and setting zi =0, we can write the demand
of trader i as

N =N Sj
a n i=1>J _p
Xij = — A (B.29)
[0

] + 1
Te+Ntzy T

Since all traders have the same demand, there is no trade.
Consider next the case where traders are overconfident or d'tsmissive. ¥\/ hen all private signals

are publicly revealed, trader i’s information set is equivalent to s;, 2 j=isj . Thisisbecause trader

i treats the signals of the other traders as symmetric, butnot symmetric with his own signal. Using
. . ) )
Lemma B.1 with x=¢, K=2and {yj}j=12= i, 221" and trader i's subjective assessments

of precision, we find

(N =1)yz, z i
E(d|li)=d+ KTy si -+ 1+(N-2)p =i Si (B.30)
(N—=1)yz, (N—=1)yz; —
wrrTt NSy, et Ryt oty N

. (B.31)

N +
Var(d|li) S (N—1)y1, -

T 1+(N-2)p
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Substituting (B.30) and (B.31) into (8), and setting zi=0, we can write the demand of trader i as

d+—*u Si + Wz X
T+KTy —0—1%}9577 TetKTy +H1 SJ(VX;D?% N-1 P
Xi = L 1 (B.32)
1 1
o —+
TeHKTit+ K—Mﬁ(ﬁ]\l,igp <
Summing over i and dividing by N, we find
1 1
KTy N i
. NDbrm 2N
d+ + 1+C —2)p i=1 p

ZN N—1)yz, (N__Dyz

i Xi etrryt+ ! N

=12 T+ vy R . (B.33)

. 1 + &
TeHKTy + | v-2y
Subtracting (B.33) from (B.32), and using the market-clearing condition (5), we find
(
— Y
* mgg)gli (S_ _ ZE\':l si )
Te +Kr‘4 +1$\(fﬁl—)§% ! N 1

Xi = L —. (B.34)

a lgN—lgzrq + iL[C
Tt Tt v

Eq. (B.34) is identical to (B.22), and hence volume is the same as when the private signals are not

publicly revealed. m

Proof of Proposition 4. We proceed as in the proof of Proposition 3, except that we set yi to

x instead of 0. Making the substitutions in (B.13), we can write the demand of trader i as

B _ KTySi+ 3 (Kfoy, P—OaAsi KTy, Si
d+ (1 X) N—1yyty + X retwry -P
i = [ Tt KTy H 1 (Nv-2)p 1—. (B.35)
a (1_x ! L4 L

Nl TX
TetrTy 4 _QIN = ) ) ety £
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Following the same steps as in the proof of Proposition 2, we can write (B.35) as

[ o)

K~ Ty ] ( >N . )
— KT, . j=1 J
(L= 00 o Wiy ¥ X, SI— W
1 1
a (1 - X) — +X‘L’('—|—KT;7 + E
T+ KT FTHN-2)p ( s 3
[ — v } xy(ze+Nxty,) L Jhili
K } S
T 14(N-2 1+(N=2)p](zc N
_ T 1N N2l ) - 56
(N—=1)y (N=1)xyzey
a TetTe+ K+ (N-2), T + 1 NSt )

Substituting x; from (B.36) into (B.19), and using (B.20), we find (22). Eq. (22) implies that when
p=0

lim E(|xi|)= X ,
N—>co oa(Te+ KTy + )T)

and when p >0

Kp(Te + KTy) + XYKT,

lim E(|xi])= :
N—>co a([p(ze+70) + (rep +y) Ty |(ze + KTY) + )Y THTL)

In both cases the limit is positive and increasing in x. m

Proof of Proposition 5. Setting 7,, = 7, for all i, Ai=Ar fori € R, and Ai=Ac fori € C in

the first equation in (B.15), we find

[(Ne = DA + NCAﬂQ ) = [(Nr = DA+ NCAC]QQTW

TEH = =1 (B.37)

< L L
Var ArjerjeilitAc jec i ' ' ¢

for i € R. Setting (ai, ty;) = (o, 7y) for all i, (xi, z&,Ai) = (0,7 Ar) for i € R, and (xi, Ai) =
(1,Ac) for i € C in (11), we find

0
A ( 1 )
Ty —Te " Tet Ty T8 = T8 (N DA NeAe N +7)
(Nr=1)Ar +NcAc = A, 0 Nr + C ¢ n U (838)
T€+TC'+T;7+T§ ‘L'€+‘L'C+‘L';7+‘L'5 T€+Té‘+‘[;7
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for a rational trader, and

0 _ 0
N, T +7 +7 1 /

.- T
(%] _ Ac‘ ‘ € n ¢ € (Nr—1)Ar+NcAc + NC(Te + Tn) (B39)
Te + 10+ 1y TetTr+Ty e Te+ T+ 1Ty,

for a fully cursed trader. The system of (B.37), (B.38) and (B.39) can be reduced into one equation
in the unknown x = Aif. Indeed, using X, we can write (B.37) and (B.39) as (26) and (25),

respectively. Moreover, dividing (B.38) by (B.39), we find

( )
N 1— X[(Nr—1)x+Nc] (T5+T(+T;7)
T R N x N Teh T Ty = x = (Ne= 1)+ Ne . (B.40)
TetTr+Ty+ T8 Ty T+ ToHT [(Nr—1)x+Nc] zy

(Nr—1)x2+Nc

where the second step follows by (26). Equation (B.40) yields (27).

For x < 0, the left-hand side of (27) is non-positive and the right-hand side is positive. For
X = 1 the left-hand side of (27) is positive and the right-hand side is non-positive. Therefore, a
solution of (27) must belong to (0,1). For x € (0,1), the left-hand side of (27) is increasing in X
and the right-hand side is decreasing in X (because the numerator is decreasing, the denominator
is increasing, and both are positive). Since the left-hand side is zero at x =0, and the right-hand
side is zero at x =1, a solution of (27) exists and is unique.

Wenext determine the sign of the coefficient yi in the regression (28). Because of symmetry, yi
isequal toa common value yr for all rational traders and to a common value yc for all fully cursed
traders. We show that yc <0; this will imply that yr > 0 because market clearing (5) implies that
Nryr + Neye = 0.

The coefficient yc is proportional to Cov(xi,p — d), which in turn is proportional to

C . D
Cov d+ Tfi ;n —p,p—d
—C L —NA = NeA ) (NrAr+NcAc)o? + ( — NcAc) Acs® — NrA%6?,
Te + 1y ¢ ¥, " r
(B.41)
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where the first step follows by setting (xi, 74, i) = (1,74, 0) in (B.13), and the second from (1) and
(23). To determine the sign of (B.41), we compute some of the terms in that equation.

Multiplying (B.38) by Nr, (B.39) by N¢, and adding the resulting equations, we find

(Nr—1)A NFA
NrTf!_'_NFf Nr— rr+ oA +7N9Tﬂ7

Tet 1o+, + T8 ettt Ty

Nr( Ty + Té)—+ _Ngzy;,

TetTrtT; tTse Tet oty

(NrAr+ NcAc)D=

where

Nr(ze + 7, + ) " Nc(ze + 1)

D= .
Te+ 10+ 10 + 18 Tet oty
Therefore,
Nr(zy+z& N
Ty NA -NA _ o r(+rr¢+nr,7+r“L+ aRie
- ror cc .
Tct 1y Te + 17y D
Nrzy (zet15+175)
= T+1y, —Nr(zy+7¢)
(ze + e+ +72)D
Nrzczs (B.42)

STttt 7e)(Te +74)D
Multiplying (B.38) by NrAr, (B.39) by NcAc, and adding the resulting equations, we find

2 2
) (Nr—1)A;4+NcA

NrAZ+NcAZ D= NrArzy + Nrze (Nr—l)ArrjﬂLAf: + —NeAcz,

r C

TetrTr+T) t 18 Te+ T+ 1y
_ NeArzy +Ne[(Nr = 1)Ar+NcAclz, |, NeAcz
TetTrtTy 18 TE+T§+Z]—1_7]
_ Nr(NrAr+NcA)z,; 4+ _NgAgzn_’
T5+T§+T;7+T§ T€+TC+T77
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where the second step follows from (B.37). Therefore,

( ) A Nr(NrAr4-NcAc) 4 ~ NcA:
Zn_ NcAc AC0'2 - NI’A2 2= fe Tet+1e+Tn 18 ettty
N r
et ! T+, D
Nr(ze-774-12)Ac
= T+, - Nr(NI’Ar =+ NcAc) . (B.4:3)

(ze + 1 +1H +72)D

Equations (B.42) and (B.43) imply that (B.41) is equal to

Nr(zeE7y=4-72)Ac
Nrfég NrAr+NcAc! + Tty - NI’(NI’ Ar + NCAC)
(et Tty ) (e Ty)D (te + 70+ 7y +7)D

_ Nr(ze+ 7 +7)(Ac = NrAr — NcAc)
(ze+zo+ 7y + ) (7 + 7)) D
This is negative because Nc = 1, Ar >0 and Ac > 0.

We finally show that if (29) holds, then expected aggregate volume when all N traders are fully
cursed is larger than when N — 1 traders are fully cursed and one trader is rational. This will
establish that expected aggregate volume is maximum at an interior point if (29) holds, because
volume when all N traders are rational is zero.

When all N traders are fully cursed, expected volume per trader can be derived from (17) by
setting y =1, and expected aggregate volume can be derived by multiplying by N:

N Tc\/W

NE (|xi]) = a(TE+T§+T;7)«/7TN. (B.44)

To compute expected aggregate volume when N — 1 traders are fully cursed and one trader is

rational, we start by computing the expected volume that one fully cursed trader generates. Setting

(xi, ai, Ty, 70, Zi) = (1,0, 74,0,0) in (B.13), substituting p from (23), and denoting the rational

trader by ir, we can write the quantity that trader i~ir trades in equilibrium as
_rg(ls:r_m)ﬂN‘

i = e
' oar + e+ 1) =1 Ay (B45)
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where

aji = —Ac,
aii, = —Ar,

aij=—Ac forjAi,ir.

Using (1), we can write (B.45) as

oo |
_tlzetry) 0D X
= aij e+ i

Xi (
a(t,+tr+71
€ " j=1 j=1

(B.46)
(B.47)
(B.48)

(B.49)

Substituting xi from (B.49) into (B.19), and using the independence between € and {7i ti=1,.N, we

find
T&_Ftn) 27‘7‘Ea - l+Ea21é
Y — ij ij -
E(|X||) 0!(‘L'E+Tc+rn)l7[ =1 7, i1 Ty

For Nr =1 and Nc =N — 1, (26) implies that 7z = (N — 1)7,, (27) implies that

T5+T[+T}7

X = )
2(ze+ 1)+ (N +1)7y

and (24) and (25) become

(et T+ 1)

Ar_ G 1

Ty [2(ze £ 7)) + (N +1)7,]
AC = G )

respectively, where

G = (N — D)(te + 19)(ze + 17 + N1jy) + (2 + N1yp)) (76 + 70 + 79).
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Substituting (Ar, Ac) from (B.51) and (B.52) into (B.46)-(B.48), we find

oy [(N = 2)(ze + ty)(ze + 7o + N7yg) + (N — D1y (ze + 70 + 7)] B.53
aii = : (B.53)
(T€+TT7)G
2 (N — Dty (ze + T+ 75)
ajj = — (ze +1,)G , (B.54)

N ? )
> 5= LN =Dt +1)
=i G
+2(N —2)(ze + 1o+ 1) (Te + 70+ N7yg ) + (N — 2) (T + 70 + NT;7)2] . (B.55)

Using (B.53), (B.54) and (B.55), we can write (B.50) as

\/
tc 2z (TeFTy)Ne
Eumn=df+q+mx#f (B.56)
where

Ne =(zc + Noy)(ze + 70 + 1) [(N = (e + 12+ 7) + 2N — 2)(zc + 7z + Ney)]

+ (N = 2)(N — 1)(ze + 1) (7 + 70 + Nrn)2.

We next compute the expected trading volume that the rational trader ir generates. The

market-clearing equation (5) implies that

N
Xi =—Z)(-=__T§(1€_ﬂﬂ)_2:i ] =_—T§_(l75_ﬂll)_L‘L
ir j ajkSk

P a(te+ts+1Ty)
(Tt Tet ) ¢ k=1 j=ir

AjkSks (B.57)
J=ir

where the second step follows from (B.45), and the third by inverting the order of summation.

Using (B.57) and proceeding as in the derivation of (B.50), we find

t(z+z) 2 > 1 x> 1
T ajk + [ Ajk— . (B.58)
Eﬂmb=df+q+mfn“EWﬂ T j=ir T
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Eq. (B.54) implies that

iz Zi{ (N _1)27€777(T€+T(+Tf7)

ajk = ajk = — T+ 1,)G : (B.59)
k=1 j=ir J=irk=1

Equations (B.47) and (B.48) imply that

N 2 2r9 ( - )2
22 (NEDAAE ) r—:‘r (N = DA
k=1 jeitik €

_ (N=D)P(ermry)® (N =D+ 1)* +[g = (N = 2)z]”

(zc + 14)2G?2 - (B60)

where the second step follows from (B.51) and (B.52). Using (B.59) and (B.60), we can write (B.58)

as
N
v 2(N—Dr{ze+ NN
E (Ixi|) = y B.61
oG 7 ' (B.61)
where

Nr = (N — 1)%(zc + 1) — (N — 2)(zc + Nzyp).

Combining (B.44) with (B.56) and (B.61), we find that expected aggregate trading volume is

larger when one trader is rational and N — 1 traders are fully cursed than when all N traders are

fully cursed if and only if
J

N-—1 N
N J<N-1)_ (@+z)Ne = (N —1)(z+Nzy)Nr
(Te"'TC"'\]fn) N (te + 70+ )G N/ G
(N = D(e +4)Ne  (ze+1s+715) (e +N7iy)Nr
+ :
G G

& N < (B.62)

Equation (B.62) holds under the sufficient condition

(N = D +5)Ne (et 7e+77)*(ze + N7y )Nr
N < A .
G2 G2

(B.63)
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Multiplying both sides by G?, using the definitions of (G, N, Nr), and rearranging, we can write

(B.63) as (29).
When 7= 00, (29) becomes

-1 +1<0.
T€+T;7

1 e+ Nz~ =

N—1 Tet+ 1Ty N

C 2 Cop ) piNg,
-1

Setting y = 5{"{, we can write (B.64) as

1 (g2 _(N=3)1+Ny)

N—-1 1+y (N = 1)(1 +Yy)
3—(N2=6N —1)y+ (4N —1)y? <0.

1<0

(B.64)

(B.65)

The left-hand side of (B.65) converges to —o© when N goes to 0. Hence, (B.65) holds for N large

enough.m

Proof of Proposition 6. Setting (xi, 79) = (1,0) for all i in (11), we find (31). Setting (xi, 79, Zi) =

(1,0,0) in (B.13), and substituting p from (31), we find

7o (Te +7y;) >
Xj = aijsj,
ol 7o) |

ai = —i — A,
Te + Ty,

aij = —A; forj~i.

Proceeding as in the proof of Proposition 5, we find

] L
7o (Te + 1) 2 R 21 Xaz

E(|Xi|)=Ozi(‘[€+‘[§+1',7i 1 T,

) @ i=1
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When ai = o for all i and 7, = %, (31) implies that A, = W% Substituting into (B.67) and

(B.68), we find

[(N = 1)ze + Nojy — 9] 7

aii= N (ze + 75 )(Tc + 75)
i for j =i,
aij - N(z€ + T’I)
3 L__Tﬂ)lf
ij = i .
=1 (ze + ;) (T +71)

Substituting into (B.69), and using again ai=a for alli and 7;= o0, we find

L .
[(IN=T)ze+Nt ;=175 12 i Z i@_zn;
2 (o — )Pt + N I y= NE) o
o J
E(lxil) =7 i e t1y)
[(N —l)rg—l—Nrn—T,“]q‘L',7i (T{—f—‘[”i )2(N7:,7—T,7i )
2 (o — )Pt + Nz + Nz

= A/

a(te + 1) T

, (B.70)

where the second step follows from the definition of z;. Eq. (32) follows from (B.70) by separating
quadratic, linear and constant terms in z.. Trader i generates more volume than trader j if and
only if the difference between the term inside the squared root in (32) and the corresponding term

for j is positive. The difference is

[

(N = 2)z2 + (N = 2)ze(zy ; + 1) + (N = 79 = T0) 70" (T — 7o)

Since

>
Nty =ty — 1y = T — T — Ty = Ty = 0,
1 k=i,

the difference is positive if and only if 7, > 7. m
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Proof of Proposition 7. We proceed as in the proof of Proposition 2, except that we do not
set 79 to 0. Setting (i, ai, 7y;, 75, Ai) = (¢, &, 7y, (N — 1)z, A) for all i in (11) and (12), we find
(34) and (35), respectively. Egs. (34) and (35) imply, respectively, that A decreases in y and B
increasesiny.

The coefficients (y1, y2) in the regression (36) can be derived by taking covariances of both sides
withp—dands:

Cov(d — p,p —d) = y1Var(p — d) + y2Cov(s,p — d); (B.71)
Cov(d —p,s) = y1Cov(p —d,s) + y2Var(s). (B.72)

Egs. (B.71) and (B.72) form a linear system in (y1, y2). Its solution is

Cov(d —p,p — d)Var(s) — Cov(d — p,s)Cov(s,p — d)
Y11= \ (B.73)
Var(p — d)Var(s) — Cov(s,p — d)?

Cov(d —p,p —d)Cov(p —d,s) — Cov(d —p,s)Var(p —d) ~

yo = — (B.74)
Var(p— d)Var(s) —Cov(s,p— d)2
Egs. (1), (2) and (33) imply that
Cov(d —p,p —d) = (1 — NA —B)(NA + B)o? — NA?¢? — B%¢?, (B.75)
€ n 4
Cov(d —p,s) = (1 — NA — B)o? — Bo. (B.76)
c %

Using (34) and (35), we find

_ _ _ T+ [1+(N = T)y]oy + 79 +[1+(N —1 +
(17 NA™ B)o? " Bo? = _meH [l ( Wt +to 0.
(ze + 1y +19)(Te + NTYy +79) (T + 75 + 79) (T + NT)p + 79)
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Hence, (B.76) implies that Cov(d — p,s) =0, and (B.75) implies that

Cov(d —p,p —€) = (1 — NA — B)N4o? — NA%5?
€ n
=NA [(1 — NA — B)o? —AUQ]
€ n
_a XN =D(@+Nzy+zg) -
(ze + Ty + T9) (T + NT)t + 70)

where the third equality follows from (34) and (35). Since Cov(d —p,s) =0, Cov(d —p,p — d)y>0
and V (s) > 0, (B.73) implies that y1 > 0. Since Cov(d — p,s) = 0, Cov(d — p,p —d)y > 0 and

Cov(p —d,s) > 0, (B.74) implies that y2 < 0.

Setting (i, @i, w;, 75, Ai, Zi) = (¢, &, Ty, (N — 1)74, A, 0) in (B.13), we can write the demand of

traderi as

d+ (1 — x) oySitros—tr, o=t ¥ X Fusptpss P
Xi = t+Nt,+1, -

[ 1

1
a(1—-x) T+N¥, +19 +XTe+Tq+TO + e

do+ (1 — ) TsRel—n ¥ X PR TP
— € r/_'_T[} € n 9 ] y (B.77)
1
a(1-x) Te+NE, +19 +XTe+Tq+T() + e

c 17]«‘)

where we use (9) and (33) to write ¢+ ¢ as a function of p. Following the same steps as in the

proof of Proposition 2, we can write (B.77) as

(

S 7 E— 2N si )
g Jj=1°J
XTF—F‘L';] —+10 Si N

Xi=T -1 1 —
@ (1 _X) e+ Nty +10 +Xx e+ +70 + g‘é

ZI\I—I Sj
Xty (e + Nty +79) si— — N >
= . (B.78)
alzz (te +[1+x(N = 1)] 7y + 79) + (7 + Ty + 70) (7 + N1jp + 70)]
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Substituting xi from (B.78) into (B.19), and using (B.20), we find (37). Eq. (37) implies that
E (|xi|) decreases in 7, as can be seen by noting that

\/
. xte 2N—Th)zy 1
E(lxil)= 1 1
[0 TVT("‘[]-Z__L_Z?(]’Q‘];Q][ZW_"TB + 7 + Tﬂ + To TL.N

and that “HltN=Dlntn

. . -
et Nr7 20 increases in 7y.

Proof of Proposition 8. With random endowments, (10) implies that
( )2
( “ici A
. z

5= 7

= = )y — (= )

Var 2" | g»Var ,\Yf_'lzj
_ 1

1 2

(N—1)7, " AtN—Dr

(N — Dyz
= +C (B.79)

A2 7

where the second step follows because {7j}j=1,..N are independent of {7j}j=1,..n, and the third step

because {#j}j=1,.N are ii.d. with precision 7; and {zj}j=1,.N are ii.d. with precision z;. Setting
(N—1)myzz

(xi, @i, T, 70, 75, AL, Ci) = (0, o, 74, 0, e, ,A,C) for all i in (11) and (13), we find (39) and
Tz A2 n

(40), respectively. Eq. (40) is cubic in “;and hence has at least one solution. Any of its solutions

satisfies

C

AT~ o(te + 70+ 1) = 0. (B.80)
Indeed, if 71, — a(ze + 7z + 1) < 0, then y 71y — a(ze + yzr + 17) < 0. Hence, the left-hand
A A

side of (40) would be negative rather than zero, a contradiction. Because of (B.80), the derivative
of the left-hand side of (40) with respect to % is positive at any solution of (40). Hence, (40) has

a unique solution.
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Setting (xi, @i, 7, 70, 5, Ai, Ci) = (, &, 7, 0, 7, A, C) in (B.13), we can write the demand of

traderias
— . p—d—Asj+Cz; ™SI _
d+(1—y) =3 f’f+m(“+7”!A ' +Xzﬁ—z—z.ﬁ P
Xi = r —— -z (B.81)

1 1
o (1—-x) Tty e +XT(+T’7 + 11{

where we use (9) and (38) to write ¢+ ¢ as a function of p. Following the same steps as in the

proof of Proposition 2, we can write (B.81) as

(C - ) Zj:1 Sj
( = © -
N
(1= 1) wre T F Xate,  Si— N
L T I p— |
a (1-x Tty e +X‘r(+t;1 + 1'1g
0 (1 —x) S, - C SpeiZi?
U P (S
1 - Zi—
a (1 _X) Te+Tn +1¢ +Xr(—|—-r,7 + 11( ! N
[ ( ) 1C = )

- i1 Si
v A=0)(e+m) o= o Fxm(rerm+z)  si- — g

Xi =

C alectot o+ g00) + (o + o) (e + 00 + ]
A=) Sttty SC 3,

- 1- A N=1 7i— Tik1zy” (B.82)
o [te(ze + Ty + 1) + (T + 79 )(Te + T + 72) ] N

Since for (xi, ai, T, 70, 75, Ai, Ci) = (1, , 7, 0, 7¢, A, C), (13) implies that

C

o [z (e + 7 + 278) + (2 + 10 )z + T + 7)) = {2ty (2 + 7 + 122),
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we can write (B.82) as

r;) ]( 2N h)

A=) (tc*ty) v —n=7 FTx(TeFT+7T2)  Si— s

an(g _ETW "‘%Té)
7 N
Ce YL ST R ST
Ty (Te + Ty + XT¢) N

Xi =

[ ( 15 ) ze+Nt ] LC 2N ) ( 2N )1
(eton) o= g X st Rt =% 4 TR
= C : (B.83)

ATn(Te + Ty + xT2)

Substituting xi from (B.83) into (B.19), and using (B.79), (B.20) and its counterpart for {zi }i=1,..N,
and the independence between {Si}ti=1,..n and {zi}i=1,.N, we find (41).

For =0, (41) becomes

C\/26N———1ﬁr
A ( b)

7N w2+ 57 T
A2 2

(B.84)

Eq. (B.84) implies that E (|xi|) increases in N if & increases in N. The result that % increases in
N holds for all y € [0,1), as can be seen from differentiating (40) implicitly. Indeed, the derivative
of the left-hand side of (40) with respect to % is positive at any solution of (40). Moreover,
the argument establishing (B.80) implies that this inequality is strict for all y € [0,1). Hence,
vG 11y — a(te + 1o+ 17) < 0 at any solution of (40), and the derivative of the left-hand side of
(40) with respect to N is also negative.

For y =1, (41) becomes
~ - )

2(N —1) \zz+ 7

| A2 71

N B.85
% wNTyT2 ( )

aleetoy )

Eg. (40) implies that ; is equal to . Since © is independent of N, (B.85) implies that
A

Ty
E(|xi]) increasesin N. m
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Proposition B.1 Suppose that traders are symmetric and not cursed, receive random endowments,
and observe only their private signals and endowment shocks. Suppose also that each trader perceives

the precision of his private signal to be k X t, for k¥ = 1, the precision of every other trader’s signal

to be y X t; for y € [0,1], and the correlation between the noise terms in others’ signals to be
p € [0,1]. The price (38) is an equilibrium price if and only if

( - )
— !z‘L'Z
[1-+(N=2)p]zz+ "y
A= ¢ CACLE - (B.86)
N Te + i + N—1)yzz o
[1+(N=2)pltz+,5 yon

Ty

and % > (0 is the unique solution to the cubic equation

C o V(o

[+ (N = 2plee+ o ARKTT ~ almetmct o)

— (N =Dayryrz =0.  (B.87)

The expected volume that each trader generates is

< i ¢ )
- . »  2(N-1) z+ 37
1 K[1+(N—2y)p]fz+f§ﬂ);ﬂ7 ( ) w A2 . (888)
% TNTyT2

Proof of Proposition B.1. The coefficients (A, C) can be deduced from Proposition 1 with the

same substitutions as in Proposition 3 except for

N L S S
Var J& gsVar i
— 1 .
1 (IN=2Z)p C 1
(N=1)yzy  (N—1)yzy; A2 (N—1)z,
_ (N = Dyyze
S [I+(N=2)pln+ (B.89)

A2 7
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Setting (i, ai, w;, 76, 7z, Ai, Ci) = (0, @, k15, 0, 7¢, A, C) in (B.13), we can write the demand of

traderias
_ KT;Sitts p—d—dsi+Czj _
d+ i (N DA p
Xi = ) = —Zi. (B.90)
a —_

+
Te+KTy+T& (74

Following the same steps as in the proof of Proposition 2, we can write (B.90) as

(
i) (Si— D

T KTy — “i=1sj C Cpz DX ¢ > z-)

N—1 N 1 A CM—I L 1Zj
Xi = - — — = B.o1
1 a(Tg —|—Té’ +KT;7 + Tf) a(re +TC+KT77 +Té) Zi — N ) ( 9 )

which is the same as (B.82) except that y is set to zero and 7, is replaced by «z,. Since for

(xi, @i, T, T, 75, AN, Ci) = (0, a, k19, 0, 75, A, C), (13) implies that

C

a(te+ 1o+ KTy +T) = AFTCT (B.92)

we can write (B.91) as

( T ) [( >N L Si ) ( 2N )]
=1Sj
- Si — _C I i1 Zj
xi= TN-1 ‘N A 5= (B.93)
KKy

Substituting xi from (B.93) into (B.19), and using (B.89), (B.20) and its counterpart for { zi }i=1,..,

and theindependencebetween {si}i=1,.n and {zi }i=1,..n, wefind (B.88). Forp=0, (B.87) implies
1

that & converges to ©© when N grows large, and is of order Ns. For p > 0, (B.87) implies that

% converges to a positive limit. In both cases, (B.88) implies that E (|xi|) converges to a positive

limit. m
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Proof of Corollary 2. Consider first the case where traders are cursed. Proceeding as in the

proof of Corollary 1, we find that the demand of trader i is

P3N
d+ Nz, ji=1>) -p

Xi = — o +— -z (B.94)
a Tf+iqf}7 + E
Summing over i and dividing by N, we find
z'i\l:1 Xi _d+ iNT{zl 2%1 S _p 2 . (B.95)
B L e VI
Te+N1y + T
Subtracting (B.95) from (B.94), and using the market-clearing condition (5), we find
C Ny
Xi=— zi— 4?';'1 7 (B.96)

Substituting x; from (B.96) into (B.19), and using the counterpart of (B.20) for {zi}i=1,.n, we find

2N —-T)

E(Ixil)= 7Nz,

(B.97)

Egs. (41) and (B.97) imply that volume increases when all private signals are publicly revealed if

and only if
e (ze + ) +x(ze+ Ny Y + &7
Tu(Te+ T + Te+ Ty )T, T; T
1> ¢ 2Ty )77 X n)tz z J 7 (B.98)
K% n € n nz %J7
z+% 7 (t +TTY+y(N—-1 1 T

When y =0, (B.98) becomes
<

c2 —2— V 2 o
ATy Tzt xzTy —€— C
1>
( ) &
AZ 7 ﬁ“/n TZ+A2T’7>A Ty,
Z’z+c T T

68



and holds. By continuity, it also holds when y is close to zero. When y =1, (B.98) becomes

]
1= n%fn(fﬁfn) + (e + N1y 12 7 + 1y
¢ .

) ] ,
K% n € n nz %4/7;7
ST @ar)r(N-Dre g T [ 1V
[ oD cJ/_
S o+ A:T" (zet 1)+ (N — D)yy72 ;\ o = ;rn(rg+ 7y) + (T + N1y) 12 T2+ o
Squaring both sides and rearranging, we find the equivalent inequality
]
2
¢ C2 ) C2 ) ) [( c? ) 2 2C 3
T2F poTn A2‘L';7(‘L'5+T;7) T Tt Ty (ze+Nzy) —(N-1) 2Ty <0,

which does not hold. By continuity, it also does not hold when y is close to one.
Consider next the case where traders are overconfident or dismissive. Proceeding as in the proof

of Corollary 1, we find that the demand of trader i is

d+ KTy S+ %@gf}) zj/:i Si
Tet KTy +1SL]¥'<‘.D§S7) Tetrcty 41 S5 N-1 P
Xi= L 1 —Zi
* lﬁuy_‘rq + 1
( T““’“'fF eI
— 2N
-
K— S -1 g:
ey, o ST g € 2N 2 )
B (N—tyr) T AT R (B.99)

o T +7T +KrKT +
€ < T 14(N=-2)p

Substituting Xi from (B.93) into (B.19), and using (B.20) and its counterpart for {zi}i=1,.,N, as

well as the independence between {si}i=1,..n and {zi}i=1,.N, we find

2 |
(K— —s—) 27

M n
o2 T +1 C+KT + (N=1)yz, 1z N
€ n 1+(N—2)p
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Egs. (41) and (B.97) imply that volume increases when all private signals are publicly revealed if

and only if
C
0 1 ( o ) ) \/\7@—}
v 2 - K_[_];C:QN:Q%Q]I_—%HLI% Tz + AQT;/]
y 2 -
I[ ] ( K — 1+(N—2)p TCTnTZ )2 _|_1* > ; A?
0(2 t A —
z +zc+rr+ Y N5, A T
GRS PR T S
N Lyzz
1- 2TZ Te+ T+ KT, + Dplr 4L e
[1+(N
S AeN-2)) A .
4 u
0 1
c ( W)Q +10
o AT T+T txr + 1+_(l31—y2731ﬂ -
C )\/(T o
= e (N=2plat e LA
> 94/7 : (B.101)
A U
where the second step follows from (B.89) and (B.92). Setting
f(X) = o
CO= (N -2)p1ez + X2,
we can write (B.101) as
0 ( f 2\/ €
( W)2 (A) c? )
(0) [T 4+, trr +(N 1)f(C ;2 1— =+ T
1-— K [ € ¢ n
_ ) |
A 1
(g - .
2% [te + 7+ KT + (N — 1)f(0)7,] ) +1 > ¥ Az
b
@ e , o
ot +7 +xr +(N  1)f ¢ 1- & “z C )2
¢ - — )
o AT - +  mo 1- 1- (A >0,
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C o2z C )2
= [te + 70+ k2 + (N — 1)f (0)z,] 2 - 1 o . .
(B.102)

where the second step follows by squaring both sides and rearranging.
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When y =0, (B.102) holds as an equality because f(X) = 0. In the limit when x goes to ©,
(B.102) also holds as an equality because (B.87) implies that % takes a positive value. Using

( » ))2

c
A

[T(+‘L'C+KT;1+(N - 1)f(g)z',7j2 é_ £ )

[ze + z;+mz +(N — 1;f(0)r;7]2 1—
2Y°CT - £0) e+ e+ Niry)
[Tg[+ e+ xty + (N — 1F(0)z,]? - fL‘Z}}
) ]
c N-—1
X T+ 1o+ KTy + fAzJ’:f(O) [(N = 2)xty — (te + 17)] — T f(O)f (%) Ty
and
D) city D)
f C° _ ——A c”,
5~ —fO —fOF %
we next simplify (B.102) to
[ (o)
— £(0) (2 + 7+ Nicy) T€+Tg+m,7+fA2:f“” (N~ 2)xty — (z + 2]
_ (> 1 C (»
Shor €7 L A e+ (NS DIOs S0, (B03)
K A 2K

(This simplification involves eliminating terms in L and f (%), which are zero when x = ©0 and

y =0, respectively, and which make (B.102) hold as an equality in those cases.) The left-&qa)nd side
of (B.103) is linear in f E , which varies from f(0) to 0 asiC varies from 0 to co. Forf ©” =£(0),
A A

we can write the left-hand side of (B.103) as [zc + 7 + x7; + (N — 1)f(0)7,] times

C ) C )
—f(0) 1- f(KO) (e + 70+ Nicoy) + 1— fgj) [z + 7+ xty + (N = f (0)z,]. (B.104)
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For f (CK) =0, we can write the left-hand side of (B.103) as

[ ) : :
—f(0)(zett/+NKTy) Tet+To+EKTH+ on [(N = 2)kry — (zc +17)] +[ze + 70+ KT + (N — 1)F(0)75] .
(B.105)
For k=1, (B.104) is equal to
f(O))

—f(O)(1 —FO))(ze+ e+ Noy)+ 1= =~ [te + 7o+ 77 + (N — 1)f(0)7y]

> (1 -10))[te+7r+77 +(N — 1)f(0)7)) — F(O)(2 + 77+ N7yy)]

= (1 = F(0) Xz + 2 +1) >0,
and (B.105) is equal to

[ £(0) : )

— )z +m+Ngy) TerzerT+ 5 [(N=2)5 = (m+w)] +[+z+z+N—1Df0)]
> [z + 1+ 75+ (N = DF0)5] { —F(0)(ze + 7+ Nty) + [z + 7+ 7 + (N = DF 0)z ]}

= (1 = F(0)) [ze + e+ 77 + (N — D)f (0)ty] (ze + 7+ ) > 0.

Since the left-hand side of (B.103) is positive at both ends of the interval, it is positive for all values
of %, and hence (B.103) holds. For « large, the largest term in (B.104) is x[1 — Nf(0)]z; and the
largest term in (B.105) is x?[1 — Nf(O)]rzf] Both are negative if

1—Nf(0)= 1+(N —2)p—Ny <0.
1+(N—=2)p

Hence, for « large and 1+ (N —2)p — Ny <0, (B.103) does not hold. ®
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