


Testing this implication requires the simulation of a specific price mechanism
after trader 2 has completed his trades. For simplicity and for consistency with
the rule governing p2, we calculate the price that a market maker would set in
Bayes Nash equilibrium: the market maker sets the price p3 equal to E[θ|x1, x2],
where x1, x2 ∈ {−1, 1} denote the realized demand of traders 1 and 2, assumed
to follow the Bayes-Nash prediction. In our main treatments SIM and SEQ, the
price for a hypothetical trader 3 is thus a simple function of p2 and x2:23

p3 =

8
><

>:

−8800+310p2
50+p2

if x2 = 1

−8800+50p2
310−p2

if x2 = −1

Under the given pricing rule, price moves towards its extremes fast if both
signals s1 and s2 deviate from their expectation in the same direction. In this
case either both traders buy or both traders sell, in Bayes Nash Equilibrium.
For all cases where s1 and s2 lie on the same side of 0.5, Figure 10a shows
the resulting distribution of Bayes Nash price p3 as dashed line, with much
probability mass located towards the extremes. In contrast, if trader 2 bids
naively, then she will tend to sell at high prices and buy at low prices, creating
excessive density of p3 near the center of the distribution (dotted line).

Figure 10a also depicts the kernel densities of the price p3 that would arise
from the actual trading in treatments SIM and SEQ. The price distribution
under SIM is close to that of naive bidding. In SEQ, prices deviate more from
the prior expectation of 130 and the distribution lies far closer to its equilibrium
prediction.

Figure 10b shows the kernel densities when the two signals are on opposite
sides of their ex-ante expectation. Here, the aggregate information is not very
informative, prices with naive and Bayesian traders do not differ and markets
yield prices that revolve around prior expectations. Figure 10c depicts the den-
sities when taking into account all observations. Overall, the price distribution
in treatment SEQ has a more pronounced bi-modal shape.

In a nutshell, prices in the simultaneous mechanisms incorporate information
slowly. This finding is consistent with the momentum effect in call auctions
documented in Amihud et al. (1997) and Theissen (2007).

To quantitatively assess price efficiency under the two treatments, we ask
about the variance of fundamental value conditional on the price, V ar[θ|p3].
It captures the error in market expectations given information contained in p3.
Conditional variance is significantly lower in treatment SEQ than in SIM, at high
level of significance (p=0.00, nonparametric median test, taking each market as
a unit of observation) and with a somewhat sizable difference: in treatment
SIM, the price explains on average 21% of the variance in the fundamental
value, versus 27% in treatment SEQ.24

cognitively restricted) traders who start betting against the naive traders eventually. Price
can therefore overshoot at a later stage in the cycle. Eyster et al’s (2015) model uses partially
cursed equilibrium to show the bias in pricing, using a more standard (and more static) model
of financial markets with incomplete information akin to that in Grossman (1976).

23In treatments LSQ, we obtain p3 = 1030(−8.54p2)
770+p2

if x2 = 1, p3 = −770(11.43p2)
p2−1030 else.

24This uses a measure for informational efficiency (IE) that is standard in the finance liter-
ature (see e.g. Brown and Zhang 1997; De Jong and Rindi 2009): IE = 1 − E [V ar [θ|p3]]

V [θ] .
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(a) s1, s2 in same direction

0
.0

0
2

.0
0

4
.0

0
6

.0
0

8
K

e
rn

e
l 
D

e
n

s
it
y
 o

f 
P

ri
c
e

 3

50 100 150 200 250
Price 3

SIM SEQ
Perfect Naiveté Bayes Nash price

(b) s1, s2 in opposite
direction

0
.0

0
2

.0
0

4
.0

0
6

.0
0

8
K

e
rn

e
l 
D

e
n

s
it
y
 o

f 
P

ri
c
e

 3

50 100 150 200 250
Price 3

SIM SEQ
Perfect Naiveté Bayes Nash price

(c) All signals

Figure 10: Kernel density of efficient price 3 after naive, rational and actual demand of traders
1 and 2 in SIM and SEQ .

Profits. The difference between simultaneous and sequential mechanisms
also affects the distribution of profits of trader 2. A corresponding difference
occurs in each of the relevant treatment comparisons, but it is economically
small (our experiments were not designed to generate big payoff differences
between treatments) and is statistically significant only in the comparison LSQ-
SIM versus LSQ-SEQ, i.e. with asymmetry in the informativeness of signals.
Less informed traders benefit from sequential information processing, where the
employed updating is more rational. The results on mean and median profits of
each treatment is in Table A5 in the Appendix. It is also noteworthy that the
distribution of profits conditional on price p2 in LSQ-SEQ is mirror-inverted to
the one in LSQ-SIM (see Figure A 4b): the majority of traders in LSQ-SIM lose
significant amounts, whereas the majority of traders in LSQ-SEQ make gains.
This hints at the importance of pre-trade transparency to restrain insider trading
in real-world markets. Naive later traders may often suffer if they are poorly
informed.

Trading volume. Cursed beliefs may not only affect prices and profits, but
may also trigger speculative trade (Eyster et al., 2015). Cursed traders who
receive differential information develop different beliefs as they neglect informa-
tion revealed by trades. When beliefs are sufficiently divergent, they agree to
speculate against each other and thus generate excessive trade. By means of a
simple simulation described in the Appendix, we compute the potential number
of trades that would occur if in one mechanism traders 2 were allowed to trade
with each other. We find that simultaneous mechanisms generate significantly
more potential for trades than the sequential ones. The "Low Signal Quality"
treatments, whose shares of trades do not differ from each other, are the ex-
ception. This analysis, albeit simplistic, supports the conjecture that cursed
traders who neglect disagreement in beliefs spawn additional trade.

7 Conclusion
How well traders are able to extract information in markets may depend on
the markets’ designs over and above ‘rational’ reasons. Although different but
isomorphic trading mechanisms should entail the same outcomes, decisions may
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vary. Our experiments provide an example where a specific subset of infer-
ences are weak: traders in simultaneous markets, where optimal trading re-
quires Bayesian updating on hypothetical outcomes, do not account for the
price’s informativeness. They therefore neglect information revealed by others’
investments. However, when the reasoning is simplified to updating on a single
realized event, such ‘cursedness’ is mitigated. Traders are thus more likely to
detect covert information while focusing on a single outcome. In this sense,
the degree of inference and consequently the quality of informational efficiency
interact with market design. Of course, this is only a single setting and despite
the numerous robustness checks in the paper we must not presume generaliz-
ability. It’s a stylized experiment, no more and no less. Subsequent work may
address, for example, the largely open research question about the extent to
which the increased price efficiency in sequential trading is beneficial once the
trading game is extended to a more dynamic trading environment with more
than two consecutive traders.
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A Appendix
A.1 Descriptive Statistics
We compute the share of buys for different ranges of signal values. Table A1
refers to the trades with a transaction price that lies below its prior expectation
of 130 ECU. The observations in Table A2 refers to rounds with transaction
prices above 130 ECU. The rows “Diff.” show the differences between the shares
in the sequential and simultaneous mechanisms, for the main, the “Low Signal
Quality” and the “No Player 1” variation respectively.

Table A1: Share of buys at low prices for varying signal intervals

Treatment All signals [0 - 0.2] [0.2 - 0.4] [0.4 - 0.6] [0.6 - 0.8] [0.8 - 1]

SEQ .4138 .0825 .16 .3704 .7647 .9048
(.031) (.032) (.034) (.065) (.058) (.043)

SIM .4847 .12 .3053 .6818 .875 .8545
(.041) (.037) (.061) (.054) (.048) (.065)

Diff. -.0709 -.0375 -.1453∗∗ -.3114∗∗∗ -.1103 .0503
N 736 197 170 147 116 118

LSQ-SEQ .4106 .1667 .2432 .4231 .6 .6897
(.044) (.042) (.060) (.067) (.081) (.067)

LSQ-SIM .5714 .3171 .4783 .56 .7407 .7733
(.037) (.063) (.066) (.072) (.056) (.066)

Diff. -.1606∗∗∗ -.1504∗ -.2351∗∗ -.1369 -.1407 -.0836
N 736 160 143 153 156 133

NP1-SEQ .3403 .0392 .1048 .3333 .6538 .8462
(.030) (.023) (.035) (.051) (.058) (.060)

NP1-SIM .4495 .1214 .1939 .5789 .8088 .9245
(.033) (.042) (.048) (.062) (.058) (.044)

Diff. -.1092∗∗ -.0823∗ -.0891 -.2456∗∗∗ -.155∗ -.0784
N 825 209 203 163 146 118
Note: ∗p < 0.1,∗∗p < 0.05,∗∗∗p < 0.01 in two-sample t test with unequal variances. CRSE in
parentheses.
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Table A2: Share of buys at high prices for varying signal intervals

Treatment All signals [0 - 0.2] [0.2 - 0.4] [0.4 - 0.6] [0.6 - 0.8] [0.8 - 1]

SEQ .6190 .0555 .2388 .4828 .9054 .9406
(.033) (.036) (.056) (.066) (.037) (.026)

SIM .5140 - .1724 .2778 .7419 .84
(.033) (.) (.053) (.063) (.053) (.043)

Diff. .105∗∗ - .066 .205∗∗ .1635 .1006∗∗

N 692 69 125 130 167 201

LSQ-SEQ .6151 .2537 .5294 .7 .8 .7848
(.038) (.067) (.070) (.066) (.056) (.053)

LSQ-SIM .3050 .2239 .2 .1818 .4464 .5079
(.038) (.059) (.058) (.047) (.066) (.081)

Diff. .3101∗∗∗ .0298 .3294∗∗∗ .5182∗∗∗ .3536∗∗∗ .2769∗∗∗

N 635 134 106 147 106 142

NP1-SEQ .6738 .1475 .3889 .7 .8817 .9626
(.027) (.047) (.062) (.063) (.042) (.018)

NP1-SIM .4523 .1132 .0882 .225 .6813 .8302
(.030) (.042) (.053) (.044) (.063) (.035)

Diff. .2215∗∗∗ .0343 .3007∗∗∗ .475∗∗∗ .2004∗∗∗ .1324∗∗∗

N 821 114 140 170 184 213
Note: ∗p < 0.1,∗∗p < 0.05,∗∗∗p < 0.01 in two-sample t test with unequal variances. CRSE in
parentheses..
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Table A3 shows the shares of buys when prices and signals reflect contrary
information because they lie on opposite sides of their corresponding prior ex-
pectation. Trading decisions that conform rather with the information in the
price than with the information in the signal demonstrate that subjects give
thought to the price’s informativeness. In all treatment variations, traders 2 in
the sequential mechanisms trade more often against the information contained
in their own signal: they sell (buy) more often than their peers in the simultane-
ous mechanism when the price is low (high). The differences between the buys
and sells in the two mechanisms are significant for the variations “Low Signal
Quality” and “No Player 1”.

Table A3: Acting against one’s own signal (treatment prices)

p2 ≤ 130 p2 > 130
s2 > .5 s2 ≤ .5

SEQ .7834 .2357
(.042) (.044)

SIM .8332 .1460
(.036) (.040)

Diff. -.0498 .0877
N 293 277

LSQ-SEQ .5976 .4323
(.059) (.047)

LSQ-SIM .7326 .1939
(.049) (.044)

Diff. -.135∗ .2383∗∗∗

N 351 320

NP1-SEQ .6815 .3584
(.049) (.040)

NP1-SIM .8446 .1198
(.045) (.045)

Diff. -.1631∗∗ .2386∗∗∗

N 327 340
Note: ∗p < 0.1,∗∗p < 0.05,∗∗∗p < 0.01 in
two-sample t test with unequal variances.
CRSE in parentheses.
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Figure A 1: Estimated average bids in treatments LSQ-SIM and LSQ-SEQ.
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Figure A 2: Estimated average bids in treatments NP1-SIM and NP1-SEQ.
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Figure A 3: Buys, sells and estimated average bids of traders 1 (a) and 2 (b) in
treatment Hyp-SEQ.
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Table A4: Shares of naive decisions

SIM SEQ LSQ-SIM LSQ-SEQ Hyp-SEQ NP1-SIM NP1-SEQ
η .3760 .1851 .4449 .2222 .2830 .4527 .1767

(.047) (.052) (.045) (.033) (.042) (.053) (.033)

N 117 108 227 261 106 148 181
Note: CRSE in parentheses. Significant difference at 1% level between SIM & SEQ, between
LSQ-SIM & LSQ-SEQ and between NP1-SIM & NP1-SEQ.
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Figure A 4: Kernel density of profits of traders 2 in treatments SIM, SEQ, LSQ-SIM,
LSQ-SEQ and NP1-SIM,NP1-SEQ.

Table A5: Profits of traders 2

Mean S.E. Median
SIM 27.63 2.98 44
SEQ 30.65 2.86 43.25

LSQ-SIM -1.24 3.19 -18.25
LSQ-SEQ .85 3.21 21

HYP-SEQ∗ 27.48 4.30 43.25

NP1-SIM 25.30 2.78 50.5
NP1-SEQ 28.36 2.65 52.5

Note: S.E refers to standard errors of
mean. ∗Rounds that generated zero
profit in Hyp-SEQ because no trade oc-
curred are excluded from the statistics.

29



A.2 Multiple Binomial Testing
This section describes how we identify significant deviations from naive bidding.
We test the hypothesis that the propensity to buy conforms with the probability
of buying with naive expectations. A participant will buy the asset if the latter
is likely to be worth 220 ECU. Therefore, the probability that she will buy
equals her posterior belief for the high asset value. With naive expectations,
the posterior probability for a high asset value is computed with the signal’s
information only. With equal priors, the likelihood for a high asset value given
a signal equals the signal’s value. Thus, the null hypothesis of naive posterior
beliefs corresponds to:

H0 : π(sj) = sj , j = 1, ..., 9.

We round signals to decimals. We merge extreme signals close to 0 and 1
to the nearest category to satisfy testing criteria in the approximate binomial
test. We then perform (one-sided) binomial tests for each of the 9 categories.
The first column of Table A6 denotes the alternative hypothesis HA for each
test. The alternative hypothesis is chosen to reject naiveté in favor of Bayesian
probabilities. The other columns in Table A6 report the p-values for each test
for the corresponding treatment.

Table A6: P-values in one-sided binomial testing

HA SIM SEQ Hyp-SEQ NP1-SIM NP1-SEQ
π < .1 .7695 .2716 .9999 .9303 .7555
π < .2 .4754 .0364 .3399 .1616 .0194
π < .3 .1751 .0083 .2765 .0002∗ .0369
π < .4 .1320 .2614 .0214 .0110 .1658
π 6= .5 .7962 .2642 .7854 .0114 .9146
π > .6 .4000 .0874 .0427 .7092 .0201
π > .7 .1084 .0009∗ .0206 .0293 .0808
π > .8 .0506 .1063 .0103 .7250 .0227
π > .9 .9962 .3770 .7435 .9228 .5131
Note:∗p < 0.0055 (Bonferroni significance level.). Tests for H0 : π = .5
are two-sided.

We account for the multiple testing problem using the Bonferroni signifi-
cance level of 0.0055 (with a significance level of α = .05 for individual tests).
Two treatments, SEQ and NP1-SIM, display trading decisions that significantly
differ from the naive prediction. In treatment SEQ, the more extreme trading
decisions lead to a rejection of the null, while in treatment SIM the share of
buys is consistent with naive beliefs. In treatments Hyp-SEQ, NP1-SIM and
NP1-SEQ the null is rejected in four out of 9 categories, but only in treatment
NP1-SIM the null is rejected after correcting for the multiple testing problem.
This significant deviation in the simultaneous mechanism is driven by the overall
increased tendency to sell, especially at low signal values. Figure ?? reveals an
estimated bidding curve that lies below the naive function for almost all signal
values.
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For the treatments LSQ+, the likelihood for the high asset value is bounded
in [.4,.6] due to the signal’s low precision. The null adjusts to:

H0 : π(sj) = 0.4 + 0.2 · sj , j = 1, ..., 11.

Table A7: P-Values in multiple binomial testing

HA LSQ-SIM LSQ-SEQ
π < .4 + .2 ∗ .0 .0422 .3546
π < .4 + .2 ∗ .1 .0191 .0000∗
π < .4 + .2 ∗ .2 .0495 .0235
π < .4 + .2 ∗ .3 .0133 .0195
π < .4 + .2 ∗ .4 .0000∗ .3714
π 6= .4 + .2 ∗ .5 .4060 .3172
π > .4 + .2 ∗ .6 .4643 .0722
π > .4 + .2 ∗ .7 .0209 .0347
π > .4 + .2 ∗ .8 .6458 .0000∗
π > .4 + .2 ∗ .9 .0191 .0007∗
π > .4 + .2 ∗ 1 .3047 .5000

Note:∗p < 0.0045 (Bonferroni significance level.)
Tests for H0 : π = .5 are two-sided.

The multiple binomial tests detect in both treatments LSQ-SIM and LSQ-
SEQ significant deviations from the share of buys that would be expected under
naivezé. The deviations occur at both low and high signal values, reflecting the
higher steepness of the bidding curves shown in Figure A 1. Apparently, the
information asymmetry helps trader 2 to take into account the price’s informa-
tiveness.

31



A.3 Learning
To investigate whether participants learn over time, we divide observations into
two time subsections: an early time interval for the rounds one to ten and a
late interval for later rounds. In the subset of price-signal realizations where
naive and Bayesian predictions differ, the proportion of naive decisions does not
change significantly over time in any of the individual treatments (except for
treatment LSQ-SEQ), as shown in Table A8. Furthermore, plotting the share
or number of naive decisions across periods does not display any systematic
pattern of decay. Even pooling treatments into simultaneous and sequential
variants does not reveal any learning effect. In this sense, the sequential variant
of the game does not systematically facilitate learning about the other agents’
private information.

Table A8: Proportion of naive decisions

SIM SEQ LSQ-SIM LSQ-SEQ Hyp-SEQ NP1-SIM NP1-SEQ
First 10 .3971 .2127 .4741 .2810 .3077 .5128 .1596

(.060) (.074) (.052) (.046) (.065) (.070) (.044)
Last 10 .34 .1639 .4144 .1714 .2593 .3857 .1954

(.079) (.058) (.068) (.038) (.057) (.073) (.044)
Diff. .0571 .0488 .0597 .1096∗∗ .0484 .1271 -.0358

N 118 108 227 261 106 148 181
Note:∗p < 0.1,∗∗p < 0.05,∗∗∗p < 0.01. CRSE in parentheses.

A.4 Trading volume
We calculate the number of trades that would occur within one treatment if
traders 2 were allowed to trade with each other (as price-takers). To this end, we
compare the actual buys and sells that took place at each price values, rounding
the latter to the nearest ten. The minimum of buys or sells at a specific price
value defines the number of transactions that would have been possible between
the set of traders 2 in one treatment. Table A9 shows the share of potential
trades per price value, which corresponds to the ratio of potential trades to
the maximum possible trading volume. Since every trade requires two trading
parties, the maximum number of possible trades at a specific price equals the
frequency of this price value divided by two. The simultaneous mechanisms
entail significantly more potential trades, except for the treatment variation with
"Low Signal Quality" that displays similar shares of trades in each mechanism.
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Table A9: Average trading volume with random matching of trader 2 partici-
pants

SIM SEQ
Main treatments .8611 .7806∗∗∗

(.004) (.004)
Low Signal Quality .7629 .7735

(.006) (.007)
No Player 1 .87 .6977∗∗∗

(.005) (.003)
∗∗∗: Share is significantly smaller than in
the alternative treatment in a one-sided t-
test with p < .01.
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