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Figure 4. Top Panel. Average price per minute over the 10 sessions for each of the seventeen markets in
the “100% partially informed’ (solid blue line with square markers) and the ‘50% fully informed’ treatments
(dash-dot red line). Bottom Panel. Average price per minute for the ‘50% fully informed’ treatment is
repeated along with the average price per minute over the five sessions for each of the seventeen markets
in the “17% fully informed” (solid green line with square markers), ‘25% fully informed” (solid cyan line
with triangle markers) and *33% fully informed” (solid magenta line) treatments. The true asset value is
denoted in parentheses at the bottom of each subfigure and is represented by a solid (black) horizontal line.

We assess the statistical significance of our findings in the regression reported in Table 1.

Coefficients of the treatment dummy variables should be interpreted as positive or negative effects
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with respect to the *100% partially informed’ treatment for which we omitted the dummy variable.
In these regressions, we use treatment dummies which take value one when a market was conducted
under the corresponding treatment and value zero otherwise. To assess Conjecture la, we also
control for the proportion of reflective traders in the market. To that end, we make use of the
cognitive reflection test as a way to assess how reflective a trader is. An individual’s score on the
CRT, as a measure of cognitive reflection, is a key determinant of her capacity to properly use Bayes’
rule (see Corgnet, DeSantis and Porter, 2015; 2018).

We consider a trader to be reflective (non-reflective) when her score is above (below) the median
CRT scores of all 418 subjects who participated in this study. Alternately, in regression [2] we
control for the average CRT score of all traders in a given session.?” We also control for the true
asset value in a given market and for the number of market periods in which the trader has
participated (Market number variable). The negative and significant coefficient of the proportion
of reflective traders (see regression [1]), as well as the negative and significant coefficient of the
average trader’s CRT score in a session (see regression [2]), confirm Conjecture 1a. Indeed, both
variables are negatively related to our measure of informational efficiency (MAD). We confirm
Conjecture 1b because the coefficient for the Dummy ‘50% fully informed” is negative and
significant (see regressions [1] and [2]) showing that informational efficiency is higher when half
of the traders receive two signals than when all traders receive only one signal. This finding is
actually consistent with the recent results of Barreda et al. (2017) who reported, in an experimental
setup in which private signals provide probabilistic clues for the true value of the asset, that prices
are closer to the fundamental value when the signals are concentrated in the hands of ‘quasi-
insiders’ rather than dispersed across traders. We also find support for Conjecture 1c through
regression [3] as the coefficient on the number of fully informed traders is negative and significant.
Finally, we support Conjecture 1d because the coefficient for the Dummy “17% fully informed’ is
positive and significant whereas the coefficient for Dummy “25% fully informed’ is negative and
significant in regressions [1] and [2]. This implies that markets in which all traders are partially
informed are more efficient than markets with two fully informed traders but less efficient than
those with three fully informed traders.

Table 1. Random effects panel regression of MAD values per market as a function of cognitive
reflection and treatment dummies

2 In line with Corgnet, DeSantis and Porter (2018), we also find that traders earnings are positively related to
individual CRT scores (see Table A2 in Appendix A).
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Only treatments with fully

MAD All treatments informed traders

Specification: [1] [2] [3]

Dummy “17% fully informed’ 13.592*** 14.222%** -
(4.963) (4.902)

Dummy “25% fully informed’ -14.477* -16.158** -
(8.128) (8.141)

Dummy ‘33% fully informed’ -26.636** -26.482** -
(10.636) (10.627)

Dummy ‘50% fully informed’ -66.824*** -69.518*** -
(7.200) (6.194)

Number of fully informed - - -19.237***

(2.223)

Proportion of reflective traders -35.560* - -
(19.802)

Average CRT score of traders - -14.910%** -

in a session (4.443)

Market number -0.196 -0.196 -1.138
(0.589) (0.589) (0.733)

True asset value 0.131*** 0.131*** 0.128***
(0.027) (0.028) (0.0328)

Intercept 110.824*** 137.784*** 158.024***
(11.762) (16.400) (14.869)

Observations (sessions) 595 (35) 595 (35) 425 (25)

Prob > y? 0.000 0.000 0.000

R2 0.186 0.190 0.198

*p-value<0.10, **p-value<0.05 and ***p-value<0.01. Robust standard errors clustered at the session level in parentheses.

5.2. Trading volumes (Conjecture 2)
In Figure 5, we report, in line with Conjecture 2a, that trading volumes are lower for markets

populated by 100% partially informed traders compared to all markets in which less than 50%
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fully informed traders were present. In line with Conjecture 2b, trading volumes appear to be
similar between markets populated by 100% partially informed traders and markets populated by
50% fully informed traders. By contrast with Conjecture 2c, trading volumes do not linearly
decrease in the number of fully informed traders because markets with 33% fully informed traders
exhibit unexpectedly high volumes. However, trading volumes are lower for markets with 50%

fully informed traders compared to markets with only 17%, 25% or 33% fully informed traders.

Trading volumes
70

60

100% partially  17% fully 25% fully 339% fully 50% fully
informed informed informed informed informed

Figure 5. These bar charts represent trading volumes for different types of markets which differ in the
number of partially and fully informed traders.

In Table 2, we replicate the analysis of Table 1 with trading volumes as the dependent variable.
In regressions [1] and [2], coefficients of the treatment dummy variables should be interpreted as
positive or negative effects with respect to the *100% partially informed’ treatment for which we
omitted the dummy variable. In regression [4], all treatment dummy variables are omitted with the
exception of the one corresponding to the “33% fully informed’ treatment. We find support for
Conjecture 2a, because the coefficient for the Dummies “17% fully informed”’, “25% fully informed’
and ‘33% fully informed” are all positive (see regressions [1] and [2]). These coefficients are also
statistically significant with the exception of the Dummy ‘25% fully informed’. In line with
Conjecture 2b, the coefficient for the Dummy ‘50% fully informed” is either non-significant (see
regression [1]) or negative and marginally significant (see regression [2], p-value = 0.088). We
find mixed support for Conjecture 2c. In regression [3] the coefficient for the number of fully
informed traders in a market is negatively and significantly associated with trading volumes, which

supports Conjecture 2c. However, given Figure 5, we further explored this issue with regression
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[4]. Here we see that trading volumes are higher in markets with “33% fully informed’ traders

compared to all the other markets which is at odds with Conjecture 2c.

Table 2. Random effects panel regression of trading volumes per market as a function of
cognitive reflection and treatment dummies

Trading volumes

All treatments

Only treatments with fully informed traders

Specification: [1] [2] [3] [4]

Dummy “17% fully 9.380** 11.173*** - -

informed’ (3.993) (4.228)

Dummy “25% fully 9.286 7.114 - -

informed’ (6.809) (6.427)

Dummy “33% fully 28.514*** 26.112*** - 25.644***

informed’ (7.884) (7.614) (7.841)

Dummy ‘50% fully -6.324 -7.099* - -

informed’ (4.623) (4.153)

Number of fully informed - - -4.482*** -

(1.589)

Proportion of reflective -29.792** - - -

traders (13.996)

Average CRT score of - -9.150*** - -

traders in a session (3.066)

Market number -1.418*** -1.418*** -1.589*** -1.589***
(0.187) (0.187) (0.216) (0.216)

True asset value -0.006** -0.006** -0.007** -0.007**
(0.003) (0.003) (0.003) (0.003)

Intercept 52.134*** 70.537*** 74.984 51.031***
(4.208) (9.160) (7.186) (3.977)

Observations (sessions) 595 (35) 595 (35) 425 (25) 425 (25)

Prob > 2 0.000 0.000 0.000 0.000

R2 0.432 0.466 0.244 0.353

*p-value<0.10, **p-value<0.05 and ***p-value<0.01. Robust standard errors clustered at the session level in parentheses.
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Appendix A. Additional analyses

We present two robustness checks in this appendix. First, Table A1 shows that adding three partially
informed traders to a market populated by four fully informed traders only has a slight impact on the
informational efficiency of the market (see the coefficient of the *33% fully informed’ dummy
variable). Moreover, these markets with seven (partially and fully) informed traders do not perform
as well as (with respect to informational efficiency) as markets with six fully informed traders (see
the coefficient of the ‘50% fully informed”). This result holds even when controlling for participants’
CRT scores via the Proportion of reflective traders variable or the Average CRT score variable.

Table Al. Random effects panel regression of MAD values per market as a function of cognitive
reflection and treatment dummies

MAD Treatments ‘33% fully informed’, ‘50% fully informed” and
*33% fully informed / 25% partially informed’
Specification: [1] [2] [3]
Dummy “33% fully 3.541 0.785 4.696
informed’ (12.279) (12.618) (12.139)
Dummy “50% fully -37.472%** -43.038*** -38.910***
informed’ (8.997) (8.102) (9.354)
Proportion of reflective -34.650 - -
traders (38.228)
Average CRT score ina - -19.559** -
session (8.115)
Market number -2.545%** -2.541*** -2.544***
(0.732) (0.732) (0.731)
True asset value 0.136*** 0.136*** 0.136***
(0.032) (0.032) (0.032)
Intercept 103.166*** 139.563*** 88.725***
(18.016) (16.400) (11.909)
Observations (sessions) 340 (20) 340 (20) 340 (20)
Prob > 2 0.000 0.000 0.000
R2 0.173 0.183 0.169

*p-value<0.10, **p-value<0.05 and ***p-value<0.01. Robust standard errors clustered at the session level in parentheses.

In Table A2, we present our second robustness check which demonstrates that reflective traders
earn more than non-reflective traders when pooling all treatments together (see the positive

coefficient for CRT score). The CRT score is calculated as the number of correct answers of a

31



given trader on the CRT. We also control for theory of mind scores, using the eye gaze test (Baron-
Cohen et al. 1997), to assess subjects’ capacity to infer other’s intentions. In this task, participants
looked at images of people’s eyes and had to choose one of four feelings that best described the
mental state of the person whose eyes were shown. Our theory of mind score is defined as the
number of correct answers to the 36 question, 10-minute test. In line with Bruguier, Quartz and
Bossaerts (2010) and De Martino et al. (2013), Hefti et al. (2016), Corgnet et al. (2018) we find a
positive relationship between trader’s performance and theory of mind scores. We refer to Signal
“Not x” Dummies as dummy variables set to 1 for subjects who received the signal “Not x”. The
“Two signals Dummy” is set to 1 for subjects who received two signals and are thus fully informed.
The Top 25% Reflective Dummy and Top 25% Theory of Mind Dummy variables are set to one
if the participant scored in the top 25% of all participants in this study (across all 35 experimental

sessions) on the CRT or the Theory of Mind Eye Gaze test, respectively, and zero otherwise.
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Table A2. Random effects panel regression of trader earnings as a function of cognitive
reflection and information held by traders

Market earnings (in francs)

All treatments

[1] [2]
Top 25% Reflective Dummy 100.004***
(27.009) i
CRT score 32.774***
i (6.337)
*
Top 25% Theory of Mind Dummy ?206.951473) -
Theory of Mind score 4.414*
i (2.720)
Gender Dummy 69.424*** 60.507**
(1 if male) (25.477) (25.078)
Market number 0.609 0.628
(1.438) (1.438)
True asset value 3.977*** 3.977***
(0.075) (0.075)
Signal “Not 50” Dummy 142.048*** 146.514***
(41.064) (40.635)
Signal “Not 240” Dummy -96.761** -93.721**
(41.620) (41.058)
Signal “Not 490” Dummy 151.921*** 155.379***
(28.964) (28.443)
Two signals Dummy 246.405*** 246.742***
(14.683) (14.693)
Intercept 1,039.539%** 890.062***
(31.723) (81.832)
Observations 6,511 6,511
Prob > 2 0.000 0.000
R2 0.660 0.662

*p-value<0.10, **p-value<0.05 and ***p-value<0.01. Robust standard errors clustered at the trader level in parentheses. Note that the

number of observations is lower than the total number of participants times the number of markets (7,106) because we did not collect

theory of mind scores for three sessions in the ‘100% partially informed” treatment.
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Appendix B. Model conjectures

B1. The model
B1.1. Model description

This appendix provides a detailed description of the model presented in Section 3. It is based
upon Appendix G in Corgnet et al. (2015) and has been modified to account for informed and
uninformed traders rather than partially informed traders. We assume there are two types, t, of
traders. Reflective traders (t = R) utilize market orders (bids, asks and contract prices) to update
their beliefs of the asset’s value, while non-reflective traders (z = NR) do not update their initial
beliefs. A market order implies an update of the bid-ask spread or a transaction. Each order
corresponds to one of the following events: (1) best bid is accepted; (2) best ask is accepted; or (3)
the bid-ask spread is updated.

Traders will either be informed (i.e., know the true asset value with certainty), s =1, or

uninformed (i.e., only know the possible asset values along with their probabilities), s = U.?® We
thus have four possible trader types: n = (z,s) where 7 € {R, NR} and s € {U, I}. Let p; represent
the belief of a trader of type n after event n, which is denoted by {e(n)}. Uninformed reflective
traders update their beliefs using Bayes’ rule with i € {50,240,490} as follows:
iy = E[v|ui?, em}]=%, P [v = i|ufY, {em}] x i

where # represents their prior belief and v represents the asset value.

This trader updates her belief according to the following formula:
n' =
= E[v]uf), {e()}]
= P[v = 50|uY), {e(m)}] x 50 + P[v = 240|uiY, {fe(m)}] % 240 + P[v = 490|pY,, {e(n)}]

X 490
P[{e(n)}|v = 50]Prior>°(n — 1) P[{e(n)}|v = 240]Prior**°(n — 1)
Ple(m)] x50+ Ple(m)] x 240
P[{e(n)}|v = 490]Prior**°(n — 1)
Ple(m))] X490

where

28 The variable s represents the informational type of the trader. In the case of partially informed traders, s identifies
the signal received by the trader, i.e. “Not 50, “Not 240" or “Not 490",
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P[{e(m)}] = P[{e(n)}|v = 50] X Prior>°(n — 1) + P[{e(n)}|v = 240] x Prior**°*(n — 1) +
P[{e(m)}|v = 490] x Prior**°(n — 1).

After the (n — 1)5t event, the uninformed reflective trader believes that the probability the true

asset value is v is given by Prior” (n — 1).

The term, P[{e(n)}|v], i.e. the probability that event e(n) occurred given the asset’s true value
IS v, must be calculated. The derivation of this term is dependent upon the type of event as well
as the region in which the event occurred. The set of possible prices is the interval 50 through 490
on the real number line, as we restrict bids and asks to this interval which corresponds to lowest
(highest) possible asset value. We subdivide this interval into several subintervals, called regions,
which are delineated by the traders’ beliefs along with the overall interval’s endpoints, 50 and 490.
Suppose the uninformed reflective trader believes the asset value is ,uﬁf’l = 130. As part of the
learning process, this trader must determine the likelihood of event e(n) occurring assuming the
true asset value is 50, 240 or 490. Suppose this trader assumes the true asset value is 240. Then
this trader assumes that all informed traders know the asset value is 240, while any uninformed
non-reflective traders hold their initial belief of 223.5.2° In this scenario the interval [50,490]
would be divided into 4 regions: [50,130], [130,223.5], [223.5,240], and [240,490].

Now this trader will update her belief based upon the probability of a particular event occurring
with a particular region. And, this probability is based upon the likelihood of the different traders
acting in each region. Recall that traders submit offers to buy below their belief and offers to sell
above their belief. So, if a reflective trader observes a new offer to buy at 225, then she knows this
could only have been submitted by a fully informed trader with a belief of 240. Let b,,_; (a,,_;)
represent the current best bid (ask) when e(n) occurs, while b, (a,,) represents the improved bid
(ask) corresponding to e(n).*® We denote the region in which an event occurred by X,., where r €
{bj_1,an,_1, by, a,} Ifr =50 (240) [490] and the trader assumes the asset value is 50 (240) [490],
then region, X,., will consist of the single point, 50 (240) [490] because the informed traders’ belief
coincides with r.

We consider the following three cases characterized by event type.

2% Note that the initial beliefs of reflective and non-reflective traders with the same clue are identical.

%0 Note that b,,_; (a,_;) may not correspond to the (n — 1)t bid (ask). Rather, the subscript corresponds to the event
number. Suppose, for example, that the order book contains bids of 75 and 100. The current best bid, b,,_,, would
be 100. Further, suppose e(n) corresponds to a trader accepting the b,,_; = 100. Thus, the new current best bid
would be b,, = 75.
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Case 1: the current best bid is traded, {e(n)}: = {T(b,,_1)}
Suppose event n corresponds to the acceptance of the current best bid, b,_;. Then the
conditional probability that event {T'(b,,_;)} occurred, i.e. the current best bid b,_; was traded,

given the true asset value is v, is
X
Pl{e(m)}|v] = P{T (bp_1)}|V] = py ;"

Xbn-1 represents the probability that a trader is willing to sell in the region X,, _, i.e. the

where p_7

region in which the (n — 1)5¢ bid, b,,_, resides.

To calculate the probability of selling in region X,  we consider the beliefs of four possible
trader types: informed reflective traders, informed non-reflective traders, uninformed reflective
traders, and uninformed non-reflective traders.* Suppose v = 50 in the above equation. This
implies that the beliefs of the informed reflective and informed non-reflective traders are 50. The
belief of the uninformed non-reflective traders is 223.5. The probability that a trader is willing to

sell in X, is x®Y x a/2 + x™ x 1/2 + y"*V

x (1 —a)/2, where y*° is one if the trader’s
belief is less than or equal to the lower bound of the corresponding region (X, _ ) and zero
otherwise. That is, the uninformed reflective trader calculates the proportion of traders holding a
belief less than or equal to the current best bid. The exogenous parameter « represents the actual
proportion of reflective traders in the market.3? The proportion of (un)informed non-reflective
traders is represented by (1 — a).

Case 2: the current best ask is traded, {e(n)}: = {T'(a,-1)}

Suppose the current best ask, a,_;, is accepted. Then the conditional probability that event
{T (a,,—1)} occurred, i.e. the current best ask a,,_; was traded, given the true value of the asset is
v, is:

X

Pl{e(m)}|v] = P[{T (an-1)}Iv] = p,

an-1

uy

where p;ij;_l represents the probability that a trader is willing to buy in region X, .

31 The informed reflective and informed non-reflective types could be consolidated into a single group as neither type
will update its belief given it knows the actual value.

%2 Reflective traders assume that other reflective traders share their belief of the proportion of reflective traders in the
market. It is possible that reflective traders’ belief of the proportion of reflective traders in the market is not accurate.
If this proportion is not common information known by all traders, then Corgnet, DeSantis and Porter (2015) consider
the situation in which this proportion is not common information known by all traders. They show this assumption
impacts both the simulation, as well as the experimental, results.
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In this case we determine whether the beliefs of the four different types of traders (1) is greater
than or equal to the upper bound of the region and add /2 ([1 — «]/2) to pli‘j;‘l, i.e. we check

if their belief is greater than or equal to the current best ask.

Case 3: both the current best bid and ask are improved, {e(n)}: = {NT(b,,—_; ) N NT(a,_, )}
Suppose neither the current best bid nor the current best ask is traded. Then both the bid and the

ask are updated from the current best bid, b,,_;, and ask, a,,_, to the new (improved) best bid, b,,,

and ask, b,,. Then the conditional probability that event {e(n)} = {NT(b,,—; ) N NT(a,—, )}

occurred, i.e. both the current best bid and the best ask were “not traded” (NT), given the true value

of the asset is v, is:
P[{e(n)}lv] = P[{NT(bn—l ) n NT(an—l )} |17, bn—l ) an—l]

= P[NT(bn—l ) v, by_1, an—l] [L]
X P[NT(an—l )lvr bn—l' ap-1, NT(bn—l )] [ii]
X P[bn €Xp, Na, € Xan|v, b,_1, an_l] [iii]

Consider each term in this product separately.
[i] The first term is equivalent to one minus the probability that the current best bid, b,,_;, was not
traded. This is equal to one minus the probability that traders are willing to sell in the region X, .

Thus, we have:

PINT(by—1) v, by, @ns] = (1= plon™).
[ii] The second term may be rewritten as:
P[NT(an—1)|v, bp_y,an_1,NT(by—1 )] = 1 = P[T(an_1 )|v, NT(bp—1 )]
=1- P[a trader buys in X, _ |v,atrader buys in an_l]

=1- P[a trader buys in X,, _ |v,a trader buysin Xan—l]

Pla trader buys in X, _ | Xbp_y

Xay_
=1 _pbuy 1/'Dbuy

P[a trader buys in an—1]
where we make use of Bayes’ rule as well as the fact that since X, must lie to the right of (or
possibly coincide with) Xp, o on the number line,
P[a trader buys in X,, _ |v,atrader buysin Xan-1] =1.

[iii] Finally, the third term may be expressed as:
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P[bn € Xy, Nay € Xan|v, bn_l,an_l] = P[bn € Xp, v, bn_l,an_l] X P[an € Xq, v, bn_l,an_l,bn]

_ -ZY min (uxbn,an_l) — max (lxbn,bn_l)
Bl - 2 min(uz_l,an_l) —max(50,b,_1)

min (uxan, an_l) —max (lXan’ bn)

min(490,a,_,) — max(y;_,, by,)

|2

[ 7

N =

where the sums are taken over the four trader types, n = (t,s): informed reflective traders,
informed non-reflective traders, uninformed reflective traders, and uninformed non-reflective
traders. As the true value is assumed to be v, it is also assumed that the informed traders believe
the true asset value is v in these calculations. In addition, uy_(ly,) represents the upper (lower) bound
of the region X,., r € {b,,_1, a,_1, by, a,}. The variable y is set to a for reflective trader types and
(1 — a) for non-reflective trader types.*

Thus, we have:

P[{e(n)} ]_(1 an_l)x 1 Pzﬁ;_l y z)f min(uxbn»an-1)—max (lxbn,bn_l)
e(m)}v] = Psen - 2| min(4"_, an_,) — max(50,b,_,)

y | min (uXa , an_l) — max (lxa ,bn)
x Z_ n n
- 2 | min(490,a,_,) —max(,uz_l,bn)
when the nt" event is an improvement to the bid-ask spread.*
B1.2. Model example
We demonstrate the learning model by providing an illustrative example. Suppose there are six
informed traders and four reflective traders, i.e. « = 4/12. For simplicity, assume two of the
reflective traders are informed and two are uninformed. Let the true value of the asset be 50.

Based on their prior information uninformed traders’ initial belief of the true asset value (prior

to the occurrence of any event) is u~Y = u®Y = 0.35 x 50 + 0.45 x 240 + 0.20 X 490 =

33 When running the simulations described in Section B2, traders are first designated as either informed or uninformed.
Next, the reflective traders are randomly identified. For example, if « = 5/12, then five traders would randomly be
identified as reflective with the remaining seven identified as non-reflective. Thus, it is possible that the number of
reflective traders is not evenly distributed across the informed and uninformed types. However, this more closely
resembles the laboratory environment.

34 Strictly speaking, there exist cases in which only the bid or the ask is improved. However, we assume traders do
not update their beliefs on these unlikely events. These cases occur, for example, when a trader wants to update both
the bid and the ask, but does not have the requisite amount of cash/shares to cover the updated bid/ask as well as any
outstanding bids/asks the trader might have.
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223.5. Informed traders” initial belief is u&' = u)®' = 490. The informed traders will not update

their belief of the asset value, while the uninformed reflective traders will. And, while the
uninformed reflective traders know that informed traders exist, they do not know their belief as
they do not know the true asset value. Thus, throughout the updating process, when these traders
calculate the probability of an event occurring given the value (50, 240, 490), they must assume

that the informed traders’ belief coincides with the assumed asset value.

First market event: bid-ask spread {180, 360}
We consider the uninformed reflective traders. Suppose the first trader submits an initial bid and
ask spread of {b; = 180,a, = 360}. The uninformed reflective traders will update their belief to

227.3 by applying the following Bayesian formula:

R P[{e(n)}|v = 50]Prior™°(n — 1) 50 4 P[{e(n)}|v = 240]Prior***(n — 1) 240
Hnu = Pl{e(m)}] Pl{e()}]
P[{e(m)}|v = 490]Prior**°(n — 1)
PlEe()]] 90

where n would be one and P[{e(n)}] = P[{e(n)}|v = 50]Prior>°(n — 1) x P[{e(n)}|v = 240] x
Prior***(n — 1) + P[{e(n)}|v = 490] x Prior**°(n —1).  The initial prior probabilities are
Prior®°(0) = 0.35, Prior?*°(0) = 0.45 and Prior*°°(0) = 0.20, respectively.

It remains to calculate P[{e(1)}|v] for v € {50,240,490}. This probability is equal to the
probability that neither the current best bid nor the current best ask was traded given the value v.*
In this case the probability of the {180,360} bid-ask pair is equal to the following:

P[{e(D)}|v] = P[{NT(by ) N NT(ao )} |v, b , ao]
= P[NT(bo ) v, by, ao] X P[NT(ag )|v, by, ag, NT(by )] X P[b; € X, Na; € Xg,

v, by, ao]

= P[ by > boy|v, by, ag] X Play < aq |v,bg, ag, by > byl X P[by € Xp, Nay € Xy, |v,bo,a0] (1)
where the default initial bid, by, is set to 50 and the default ask, a,, is 490. X, and X, represent
the regions in which the new bid (180) and new ask (360) reside. We assume all bids and asks,
and hence prices, reside in the interval [50,490]. This interval is then divided into regions

determined by the traders’ beliefs as depicted in Figure B1.

% As previously noted in Section B1.1, this probability is equal to the product of three terms: (1) probability that the
bid was not accepted given the value v, (2) probability that the ask was not accepted given the value v and the event
that the bid was not traded and (3) probability that the new bid and ask lie in their respective regions.
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Figure B1. Representation of traders’ initial beliefs, the first bid-ask improvement event, and the
regions in which the new bid and ask exist. Note that reflective and non-reflective traders hold the
same initial beliefs. Moreover, the regions, X, and X,, , depend upon the assumed true asset

value.
In words, the probability of the bid-ask improvement given the true value of the asset is v is

equal to the product of the following terms:
[i] The probability that the new bid improves the old bid given the value of the asset is v, and

given the old bid-ask pair.
[ii] The probability that the new ask improves the old ask given the value, v, the old bid-ask pair

(by, ap), and that the new bid improves the old bid.

[iii] The probability that the new bid resides in the region X, = [50,223.5] and the new ask is in
Xq, = [223.5,490] given the value of the asset is v = 50 or 490, and given the old bid-ask
pair. If the asset value is assumed to be 240, then these regions would be X, = [50,223.5]
and X,, = [240,490].

We address each term in the product in order. Assume the true value is 50 (240) {490}. The
term [i] is equivalent to one minus the probability that a bid in the region [50,50] ([50,223.5])

{[50,223.5]} was accepted/traded, i.e., one minus the probability of a trader selling in this region,

(1 — pfe’;?‘l). If the value is assumed to be 50, then this region consists of a single point in which
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only informed traders would transact. If the value is assumed to be 240 or 490, then no traders
would trade in this region as their beliefs would be greater than the upper bound of the region.
Thus, reflective traders assess this probability to be 0.5 (0) {0}, which makes this first term equal
to 0.5 (1) {1}.

The term [ii] is equivalent to one minus the ratio of the probability that a trader buys in the region

Xq, to the probability that a trader buys in the region X;, ,i.e. 1 — pbu;/pb If the asset value is

assumed to be 50, then X, = [50,50] and X, = [223.5,490] and the probability of buying in
each region is 1 and 0, respectively. Indeed, all informed traders would buy in the first region,
while no traders would buy in the second region as all traders’ beliefs would be less than the lower
bound of the region. If the asset value is assumed to be 240, then X, = [50,223.5] and X, =

[240,490] and the probability of buying in each region is 1 and 0, respectively. If the asset value
is assumed to be 490, then X, = [50,223.5] and X, = [490,490] and the probability of buying

in each region is 1 and 0.5 (again, all informed traders), respectively. Thus, this second term is
equal to 1 (1) {0.5} given the trader assumes the true value to be 50 (240) {490}.

Finally, the term [iii] consists of a product of two sums. The first sum is the probability of a
trader buying in the region containing the new bid, which is equivalent to the probability that a
trader would submit a bid in that region (i.e., her belief is greater than the upper bound of the
region). The second sum, the probability of a trader selling in the region containing the new ask
given the new bid, is calculated in the same manner (i.e., her belief is less than the lower bound of
the region). The term [iii] is calculated as follows:

min qu ,ao) max lxb ,bo min uX ,ao)—max (lxa bl)
Z mm(uo,ao) max (50, by) Z min(490, a,) — max(,uo,bl)

where n =(t,s) with 7 € {R, NR} and s € {I,U}. If the trader type being considered involves

reflective (non-reflective) traders, then the variable y is set to a (1 —a) (ie., ¥ =§ for this
example).

To calculate this third term, the trader must account for the beliefs of all four trader types:
uninformed reflective, uninformed non-reflective, informed reflective and informed non-reflective.
Suppose the trader assumes the true asset value is 50. Then X, = [50,223.5] and X, =
[223.5,490]. This trader then assumes all informed traders hold the belief of 50, while all
uninformed traders hold the belief of 223.5. Note that in this case only uninformed traders could
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have submitted a bid of 180. Thus, the two types of informed traders would be excluded from the

first sum in this third term. Moreover, as the initial beliefs of reflective and non-reflective traders

@a- V) _ 412
2

[ {2235 SOH [ {490——2235}4_ {490 ZZSSH
2(223.5-50 2 (490 — 223.5 490 — 180
The probability that this first event occurred given the true asset value is 50 is therefore given by

P{e(1)} —50]—05><1><[ {2235 50}] [{490—2235}+1{490—2235}] 023
(Dl =501 =0 212235 —50J1 " [21490 — 2235 490 — 180 '

Next, suppose the uninformed reflective trader assumes the true asset value is 240. Then X, =

8/12

are identical, we may combine the terms for these types ( + +

= ) to yield:

[50,223.5] and X, = [240,490]. The X, region differs from the case in which the trader
assumes the value is 50 because the trader now believes that informed traders hold the belief of
240. Note that any trader could have submitted this bid-ask combination. Thus, this third term is
given by (where we again combine the reflective and non-reflective types given their common
initial beliefs):

[ {223 5= 50} L1 1 {223 5= 50}] [1{ 490 — 240 }+ 1 {490 — 240}]
21223.5-50 240 — 50 490 — 223.5 2 (490 — 240))

The probability that this first event occurred given the true asset value is 240 is therefore given by
P[{e(1)}|v = 240]

[ {223 5= 50} 1 {223 5— 50}] [ { 490 — 240 }+ 1{490 - 240}]
21(223.5-50 240 - 50 21490 — 223.5 490 — 240

= 0.93.

Finally, suppose the uninformed trader assumes the true asset value is 490. Then X, =
[50,223.5] and X,, = [223.5,490]. Note that in this case only uninformed traders holding the

belief of 223.5 could submit the ask of 360 as informed traders hold the belief of 490. Thus, this
third term is given by:
223.5—-50) 1(223.5-50 1(490 — 223.5
[ {223 5— 50} { 490 — 50 ] % [z{m}]-
The probability that this first event occurred given the true asset value is 490 is therefore given by

223.5 — 50} 1 223.5 — 50}] [1 {490 — 223.5}]
223.5—-50 490 — 50 % 2490 — 223.5

Note that 0.23 x 0.35 + 0.93 X 0.45 + 0.17 x 0.20 = 0.533. Then, after observing this first

= 0.17.

Pl{e(1)}|v = 490] = 1 X 0.5 X [ {

event, the uninformed reflective traders update their belief of the true asset value to:

ryu _ 0.23x0.35 0.93 x 0.45 0.17 x 0.20

= ——— X —_— X —_— X = .
= 0.533 >0 +—3=33 240+ —533 490 = 227.3

42



Recall that the uninformed non-reflective traders, as well as the informed traders do, not update

their beliefs. Figure B2 shows the traders’ beliefs after this first event.

Second market event: sale at 180

To conclude this descriptive example, suppose the bid of 180 is accepted by the second randomly
selected trader. The uninformed non-reflective trader updates her belief based upon this event by
first calculating the probability of this event occurring given the asset value is 50, 240 or 490,
respectively. That is, this trader calculates the probability that a given trader would be willing to
sell in region X, = [50,223.5] given the true asset value is 50, 240 or 490, respectively. Note
that this is region is the same for each assumed asset value (see Figure B2). Suppose the asset
value is assumed to be 50. Then, only the informed traders would be willing to sell in this region.
Thus, we have

Pl{e(2)}lv = 501 = PUT(b)}v = 501 = pi = 1/2
as one-half (six) of the traders are informed (two are reflective and four are non-reflective).

If the uninformed non-reflective trader assumes the true asset value is 240, then no trader would
be willing to sell in the region X,, = [50,223.5] as each trader would hold a belief greater than
the upper bound of this region. Indeed, given the assumption that the true asset value is 240,
informed traders would believe the asset value is 240. And, uninformed reflective traders believe
the asset value is 227.3, while uninformed non-reflective traders believe the asset value is 223.5.
Thus,

Xb1
sell

P[{e(2)}|v = 240] = P[{T(b1)}|v = 240] = p,,; = 0.

Similarly, if the uninformed non-reflective trader assumes the true asset value is 490, then no
trader would be willing to sell in the region X, = [50,223.5] as, again, each trader would hold a
belief greater than the upper bound of this region. Thus,

X
P[{e(2)}|v = 490] = P[{T (b))}|v = 490] = p_,;} = 0.

The uninformed non-reflective trader therefore updates her belief according to the formula

R P[{e(2)}|v = 50]Prior>°(1) . P[{e(2)}|v = 240]Prior**°(1) 240
Heu P[] P[]
P[{e(2)}|v = 490]Prior**°(1)
PIe@)]] 0
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cy  1/2x023 0 X 0.93 0% 0.17
prl = ——— " 50 4 ————— 240 + ————— 490 = 50.
1/2 % 0.23 1/2 % 0.23 1/2 % 0.23

Thus, the uninformed non-reflective trader learns that the true asset value is 50. The new current
best bid would be set to 50 (by default), while the current best ask remains 360. This is the case
because, as in the experiment, we do not clear the order book after a transaction. The simulation

would continue with the random selection of a third trader.

o | NRU RU
1y By
p:=180 5_6 ;=360
50 223.5 227.3 490
Xy, Assume true asset value is 50

NRU RU 1l
Hy My

;=180 a,=360
o 6—6—5 »

50 223.5 227.3 240 490
ﬁhi Assume true asset value is 240
#TRJU #f,U #‘]lj,f
p;=180 5_(]} ;=360
* o
50 223.5 227.3 490
thl Assume true asset value 1s 490

Figure B2. Representation of traders’ updated beliefs after the first event, the trade at a price of
180 (the second event), and the region in which the accepted bid exists. Note that reflective
informed and non-reflective informed traders hold the same belief, while reflective uninformed and
non-reflective uninformed traders hold different beliefs. While the region X, will typically
depend upon the assumed true asset value, in this example the region is identical for each assumed
value.

B2. Earnings comparison between reflective and non-reflective traders

As described in Section 3.2 we ran simulations of the model to develop testable conjectures. In
this section we show that the earnings of reflective traders exceed those of non-reflective traders
in markets populated by 50% fully informed traders as well as in markets populated by 100%

partially informed traders.
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For each combination (v, ) with a € {1/12,2/12, ...,1} we execute 25,000 simulations. Each
simulation is conducted as follows: a randomly selected trader either accepts the current best bid
(ask) or strictly improves the bid-ask spread.*® Note that any of this trader’s outstanding bids or
asks that do not agree with her current belief (i.e., bids above or asks below her belief) are canceled
before she acts. This is consistent with our experimental setup in which traders can cancel their
own orders. Traders then update their beliefs based upon the event, and the program moves to the
next iteration and restarts the process by randomly selecting a trader. The simulation finishes once

30 transactions have been made or 10,000 iterations have been completed.

The following table provides support for the model’s prediction that reflective traders will earn
more than non-reflective traders. We utilize a stopping criterion of 30 transactions though the
results are robust to alternate criteria (e.g., 5 transactions).

Table B2. Ending wealth for reflective and non-reflective traders in both treatments.

50% fully informed 100% partially informed

a Reflective Non-reflective Reflective Non-reflective
1/12 2,555.69 2,211.30 2,676.36 2,200.33
2/12 2,479.25 2,192.15 2,627.51 2,162.50
3/12 2,414.81 2,181.73 2,582.44 2,125.85
4/12 2,361.38 2,179.31 2,538.15 2,090.93
5/12 2,320.05 2,182.82 2,489.64 2,061.68
6/12 2,290.45 2,189.55 2,437.04 2,042.96
7/12 2,269.84 2,198.23 2,376.95 2,048.27
8/12 2,256.99 2,206.02 2,314.99 2,090.02
9/12 2,249.09 2,212.72 2,273.92 2,138.23
10/12 2,244.53 2,217.36 2,254.20 2,168.98
11/12 2,241.73 2,220.93 2,244.79 2,187.26

1 2,240.00 na 2,240.00 na

Appendix C. Robustness checks simulations

C1. Stress tests of the model
To test the robustness of Conjecture 1, we ran additional simulations of our model varying (1) the

number of traders, (2) the traders’ initial endowments, and (3) the asset values and probabilities.

% Any action by the trader (either acceptance of the current best bid/ask or submission of a new bid and ask) is
conditional upon the trader’s finances. That is, a trader may only submit a new bid (accept the best ask) if she has
enough cash to cover the new bid (accepted ask) plus all of her outstanding bids. Similarly, the trader may only submit
a new ask (accept the best bid) if she has enough shares to cover the new ask (accepted bid) plus all of her outstanding
asks.

45



Analogous to Figure C1, the mean absolute price deviation from the true asset value averaged across
25,000 simulations for each asset value is reported in Table C1. Consistent with Conjecture 1b, we
report that markets in which private information is concentrated (50% fully informed) leads to lower

MAD values than markets in which information is dispersed (100% partially informed).
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Table C1.- This table reports the mean absolute price deviation from the true asset value. The reported value
corresponds to the average across 25,000 simulations for each asset value (50, 240 and 490) and value of «a.

Market with twice the
number of traders

Market with three times more
cash and shares

Market with uniform
distribution of market value

[1] [2] [3]

Asset Values 50-240-490 50-240-490 100-200-300

Probabilities 0.35-0.45-0.20 0.35-0.45-0.20 1/3-1/3-1/3

Endowment 1,200 francs, 4 shares 3,600 francs, 12 shares 1,200 francs, 4 shares

N;Jrn;gg:sof 24 traders 12 traders 12 traders
MAD
0 0,
100% 50% fully 100% 50% fully 100% 50% fully
@ partially informed partially informed partially informed
informed informed informed

0 148.81 94.26 137.25 88.67 62.84 35.67
1/24 147.24 85.37
2124 (1/12) 145.27 76.32 131.59 70.96 58.75 28.47
3/24 142.86 67.50
4124 (2/12) 139.85 59.56 125.27 55.26 53.92 22.32
5/24 136.21 51.77
6/24 (3/12) 132.06 44.31 116.55 42.19 48.80 17.08
724 127.21 38.12
8124 (4/12) 121.79 32.41 103.91 31.54 43.49 12.94
9/24 115.75 27.29
10/24 (5/12) 109.30 23.10 86.91 23.14 36.61 9.58
11/24 102.43 19.31
12/24 (6/12) 95.30 16.23 67.43 16.96 28.40 6.98
13/24 87.92 13.73
14124 (7/12) 79.85 11.78 48.44 12.47 20.71 5.27
15/24 72.22 10.10
16/24 (8/12) 64.47 8.88 33.07 9.35 15.42 3.93
17/24 57.40 7.85
18/24 (9/12) 51.90 7.09 22.62 7.21 10.48 3.10
19/24 46.11 6.49
20/24 (10/12) 41.54 5.89 16.33 5.94 7.95 253
21/24 37.40 5.42
22/24 (11/12) 33.35 5.03 12.35 5.04 5.07 2.12
23/24 28.98 4.73
1 22.18 4.44 8.99 4.40 6.33 1.95

C2. Allocative efficiency
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We use simulations to assess the effect of concentrating information in the hands of insiders in lieu
of distributing evenly across traders on the allocative efficiency of markets (see Conjecture 1b). To
that end, we simulate markets in which the value of the asset differs across traders (see Plott and
Sunder 1988, Series A). In particular, we consider three possible states of the world denoted X, Y
and Z. In state X () [Z], the asset value is equal to 100 (240) [300] francs for one-half of the traders
and 290 (190) [160] for the other half (see Corgnet et al. 2018b). In these private values simulations,
we used the same trading rules and number of traders as in the main treatments with the exception
that traders were endowed with 1,500 francs and 3 shares of the asset.

To measure the allocative efficiency of a market, we follow Plott and Sunder (1988) and Corgnet
et al. (2018b) by comparing the sum of asset payouts received by all traders in a given market (Actual
Payouts) with the payouts which would have been made if traders knew the state of the world (Max
Payouts). More specifically, we assess the extent to which a market allocation of shares improves

upon the no-trade allocation. We then calculate our efficiency measure as: Allocative Efficiency :=

Actual Payouts — No-trade Payouts

, Where the No-trade Payouts are those obtained by traders when they
Max Payouts — No-trade Payouts

keep their initial portfolio (without making a trade). Below, we represent the average allocative
efficiency (across all possible proportions of reflective traders in the market) for markets with 100%
partially informed traders and for markets with 50% fully informed traders. We show that allocative
efficiency is higher when the market is populated by fully informed traders rather when the market

is only populated by partially informed traders.
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Figure C1. Allocative efficiency simulations for markets with 100% partially informed traders
and for markets with 50% fully informed.
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Appendix D. Survey

Cognitive reflection test (CRT) (5 minutes)
Taken from Frederick (2005):

(1) A bat and a ball cost $1.10 in total. The bat costs a dollar more than the ball. How much
does the ball cost? __ cents
[Correct answer: 5 cents; intuitive answer: 10 cents]

(2) If it takes 5 machines 5 minutes to make 5 widgets, how long would it take 100 machines
to make 100 widgets? __ minutes
[Correct answer: 5 minutes; intuitive answer: 100 minutes]

(3) In a lake, there is a patch of lily pads. Every day, the patch doubles in size. If it takes 48
days for the patch to cover the entire lake, how long would it take for the patch to cover
half of the lake? _ days

[Correct answer: 47 days; intuitive answer: 24 days]

Taken from Toplak et al. (2014):

(4) If John can drink one barrel of water in 6 days, and Mary can drink one barrel of water in
12 days, how long would it take them to drink one barrel of water together?  days
[correct answer: 4 days; intuitive answer: 9]

(5) Jerry received both the 15" highest and the 15" lowest mark in the class. How many
students are in the class? __ students
[correct answer: 29 students; intuitive answer: 30]

(6) A man buys a pig for $60, sells it for $70, buys it back for $80, and sells it finally for $90.
How much has he made? __ dollars
[correct answer: $20; intuitive answer: $10]

(7) Simon decided to invest $8,000 in the stock market one day early in 2008. Six months after
he invested, on July 17, the stocks he had purchased were down 50%. Fortunately for
Simon, from July 17 to October 17, the stocks he had purchased went up 75%. At this
point, Simon has: a. broken even in the stock market, b. is ahead of where he began, c. has
lost money

[correct answer: c; intuitive response: b]
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Theory of the mind Test (10 minutes)

This is an example of the 36 questions in the test of Baron-Cohen et al. (1997):

What emation are the eyes showing?

T jealous panicked

panicked
arrogant

hateful

arrogant hateful

Figure D1. Example of an eye gaze test question
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Appendix E. Market figures

The average price per market period is listed at the top of each subfigure, and the true asset value is
denoted at the bottom of each subfigure. Each transaction is denoted by a red dot. The rational
expectations value is indicated by a horizontal line, and the Walrasian model value is indicated by a
dashed line.
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Figure 1.1. “100% partially informed” Session 1.
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Figure 1.3. “100% partially informed” Session 3.
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