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The Distribution of Information and the Price Efficiency of Markets

Brice Corgnet*, Mark DeSantis** and David Porter**

Abstract

Apparently contradictory evidence has accumulated regarding the extent to which financial markets
are informationally efficient. Shedding new light on this old debate, we show that differences in the
distribution of private information may explain why informational efficiency can vary greatly across
markets. We find that markets are informationally efficient when complete information is
concentrated in the hands of competing insiders whereas they are less efficient when private
information is dispersed across traders. A learning model helps to illustrate why inferring others’
private information from prices takes more time when information is more dispersed. We discuss
the implications of our findings for understanding the potential consequences of lowering the cost
of information on the informational efficiency of markets.
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1. Introduction

Markets are essential to well-functioning societies. Yet, the debate regarding the efficiency of
markets is still rampant. To shed light on this conundrum, we study whether differences in the
structure of information between markets can account for the differences in their informational
efficiency. In particular, we posit that the concentration of private information across market
participants is a key determinant of the informational efficiency of a market.

Because it is impossible to clearly assess the informational efficiency of markets with archival
data (Fama, 1991), we make the methodological choice to rely upon experimental markets. A
growing number of studies have demonstrated the unique benefits of the experimental method in
allowing researchers to control and thus clearly identify the extent to which private information is
captured by market prices (e.g., Bossaerts, 2009; Frydman et al. 2014; Noussair and Tucker, 2014).

We extend the seminal work by Plott and Sunder (1988) where they find that with a complete
set of Arrow Debreu spanning securities markets are efficient information gatherers. The structure
of their environment provides a particular insight into how information is quickly and efficiently
transmitted in the market. With spanning markets, one-half of the traders are fully informed in all
but one of the markets. Thus, these markets are populated by competing insiders who will reveal
the states that cannot occur thus making the true asset value transparent to all traders.

We build on this work to assess whether the presence of insiders is indeed the driving force
leading markets to aggregate private information. We consider market experiments in which the
asset can take one of three possible values. In our markets, traders can either be uninformed,
partially informed or fully informed. The uninformed trader only knows the prior distribution of
the three possible asset values. The partially informed trader is given one private signal regarding
the value (out of the three possible ones) the asset will not take. The fully informed trader knows
with certainty the value the asset will assume at the end of the market. If markets are
informationally efficient then prices should reflect all the available private information regardless
of the distribution of private information (Fama, 1970). It follows that the presence or absence of
fully informed traders will not affect prices as long as the aggregate information of all traders in
the market is complete.

To derive conjectures regarding the informational efficiency of our experimental markets, we
rely on a learning model following the work of Friedman (1991) and Copeland and Friedman

(1987; 1991). We extend their approach to the case in which a proportion of the traders may be



boundedly rational. Following the work of Corgnet, DeSantis and Porter (2015; 2018) on the
cognitive underpinnings of trading in experimental markets, we assume traders to be either
reflective, in which case they properly apply Bayes’ rule to infer the true asset value from market
orders,* or non-reflective in which case they exclusively rely on their private information to value
the asset. Corgnet, DeSantis and Porter (2015) show that the distinction between reflective and
non-reflective traders is crucial for understanding the informational efficiency of markets. This
distinction echoes previous research in Finance regarding people’s limited capacity to learn others’
private information from prices (e.g., see Eyster, Rabin and VVayanos, 2018).

Using model-based simulations, we establish several conjectures regarding the informational
efficiency of markets and learning dynamics. Keeping the number of private signals constant
across markets, the simulations indicate that informational efficiency should be higher in markets
populated by both fully informed and uninformed traders than in markets solely populated by
partially informed traders. Our simulations show that uninformed or partially informed traders
learn the true asset value substantially faster when fully informed traders are present in the market.
Intuitively, orders involving fully informed traders carry substantially more information than
orders involving partially informed traders thus facilitating Bayesian inference and the
transmission of private information into prices. Fully informed traders provide a clear signal of the
asset’s price relative to its true value as they follow a riskless strategy of buying (selling) when the
price is below (above) the true value.? Our simulations also predict that the efficiency of markets
will increase and trading volumes will decrease as the number of fully informed traders rises.
Finally, our simulations also deliver a point prediction according to which a market populated with
at least three fully informed traders should reach a higher level of informational efficiency than a
market populated entirely by partially informed traders.

Our experimental findings provide clear-cut support for our conjectures including our point
prediction. Our experimental results also support our model by showing that markets populated by
a higher number of reflective traders (assessed using the cognitive reflection test, Frederick, 2005)

reach higher levels of informational efficiency.

1 We define the term “market order” to include bids, asks, and contract prices rather than to distinguish between limit
orders and immediately executable orders. As such, throughout the manuscript this term includes not only transaction
prices but also “limit orders”.

2 Unlike the works of Hanson, Oprea and Porter (2006) and Veiga and Vorsatz (2010), our simulated traders do not
engage in strategic manipulations of the market.



2. Contribution to previous literature
Efficient Market Hypothesis

Our findings show that the distribution of private information has a significant effect on the
informational efficiency of the market. This may explain why some markets have been found to be
informationally efficient whereas others have not (e.g., Fama, 2008).2 Future research should assess
whether there is, at least, some correlational evidence between the presence of insiders in stock
markets and their informational efficiency. Our study can thus be seen as a starting point for
reconciling the seemingly contradictory pieces of evidence fueling the debate between classical and
behavioral finance.

Because our findings are based on experimental markets, we are able to identify the causal effect
of the distribution of information on the informational efficiency of markets thus making our
findings immune to the usual data-mining critique (e.g., Fama, 2008). We have isolated the
distribution of private information as a systematic factor influencing the informational efficiency of
markets.

Models of Informational Efficiency

Our experimental data are consistent with the predictions of our learning model thus providing
further support for the work of Friedman (1991) which stressed the need for a simplification of the
modeling of continuous double auctions settings to abstract away from game-theoretic
dimensions.*

At the same time, our findings are also compatible with the implications of the noisy rational
expectation equilibrium (NREE) models (e.g., Grossman and Stiglitz, 1980; Hellwig, 1980;
Diamond and Verrecchia 1981; Brennan and Cao, 1996) regarding ‘signal amplification’ and the
fact that prices do not perfectly reflect the true asset value (see Bossaerts, Frydman and Ledyard,
2013). It is worth noting that our learning model shares an important feature with NREE models
as it considers two types of traders who differ in their level of sophistication. In both models, one
type of trader fails to learn from asset prices whereas the other type of trader uses Bayesian
updating. Our model differs, however, from NREE as non-reflective traders use their private

information and thus do not randomly submit orders. More importantly, our approach differs from

3 See also the dialogue between Eugene Fama and Richard Thaler:
http://review.chicagobooth.edu/economics/2016/video/are-markets-efficient

4 In continuous double auctions, traders can submit, at any time, offers to buy or sell the asset. Traders can also accept
current offers to buy or sell an asset.



http://review.chicagobooth.edu/economics/2016/video/are-markets-efficient

NREE in its aim of modeling a continuous double auction market that mimics the experimental
markets which we subsequently use to test our main conjectures. We thus trade off the strategic
concerns inherent to the equilibrium approach with the applicability of our model to the complex
environment of continuous double auctions.® Because our ultimate goal is to test our conjectures
in a laboratory setting, we identify our two different types of traders using simple cognitive tests.
This is achieved by establishing a direct correspondence between the two types of traders and a
specific cognitive skill (in our case we consider cognitive reflection as measured by the Cognitive
Reflection Test, Frederick, 2005). This link between traders’ types and cognitive reflection has
previously been established by Corgnet, DeSantis and Porter (2015; 2018). Because noise traders
in NREE are typically introduced for convenience in order to prevent the application of the no-
trade theorem, they are treated as a ‘black box’. Our research can thus be seen as an attempt to
open the “‘black box’ and provide a cognitive profile for these traders so as to assess the extent to
which they populate actual market settings.
Experimental Finance

Lab and field experiments on information aggregation have mainly focused on institutional aspects
of informational efficiency (e.g., Plott, Wit and Yang, 2003). For example, the work of Plott and
Sunder (1988) led to the idea that information aggregation was more easily achieved in markets in
which a complete set of Arrow-Debreu securities was available. In Plott and Sunder (1988) Arrow-
Debreu securities markets, the traded asset had a positive value only if one of three possible states
occurred. It follows that traders receiving a signal that a given state cannot occur become de facto
fully informed that the Arrow-Debreu security associated with that state is worthless. They can thus
sell that security to secure a profit at no risk. Thus, in the Plott and Sunder (1988) setting, Arrow-
Debreu securities transform a market in which traders are originally partially informed into a market
in which half of the traders are fully informed and half are uninformed. Our findings shed light on
Plott and Sunder’s (1982, 1988) results that Arrow-Debreu securities facilitate the aggregation of
information because these securities create markets in which some traders are fully informed and

private information is less dispersed.®

5> Trying to do both at the same time has had limited success (see e.g., Cason and Friedman, 1996 for a discussion).

& Our work also relates to a strand of the literature that focuses on other institutional features of markets such as the
existence of, as well as the level of competition between, market makers (Cason, 2000; Krahnen and Weber, 1999,
2001), the existence of dark markets (Asparouhova and Bossaerts, 2017) and the presence of futures markets
(Friedman, Harrison and Salmon, 1984).



Our work directly relates to a number of studies which have assessed the effect of the timing of
information release on the informational efficiency of markets. Copeland and Friedman (1987), as
well as Barner, Feri and Plott, (2005), have extended the original experiments of Plott and Sunder
(1982) to different structures of information including sequential information release. Their findings
generally suggest that the sequential arrival of information tends to hamper informational efficiency.
Also, asset markets in which traders make sequential decisions and in which traders’ decision times
are random have been found to generate information cascades in which some private information
fails to be transmitted to prices (N6th and Weber, 2003).”

The complexity of the informational structure has also been found to affect the informational
efficiency of markets. Plott, Wit and Yang (2003) find that information aggregation is less
pronounced in settings in which pooling all private traders’ information does not unveil the true asset
value with certainty. In addition to aggregate uncertainty, Camerer and Weigelt (1991) show that the
nature of the private signals plays an important role in the informational efficiency of markets. The
authors show that private information may fail to aggregate in cases in which traders do not know
with certainty whether half the market is composed of insiders. O’Brien and Srivastava (1991) find
that asset prices do not converge to fundamentals in an environment with multiple assets in which
asset valuation can depend upon a previous realization of dividends.

In line with previous research, our model and our experimental data show that market complexity,
whether it arises from the complexity of the information structure or other institutional features, is a
crucial ingredient to understanding the informational efficiency of markets.

Finally, our paper largely builds on the work of Bossaerts, Frydman and Ledyard (2013) who
compare the informational efficiency of markets populated with different numbers of fully informed
traders. They find evidence for ‘signal amplification’ as prices tended to reflect the true value more
closely as the number of fully informed traders in the market increased. In addition to replicating
their findings for markets populated with fully informed traders, we extend their work by comparing
the informational efficiency of market environments that only differ in the dispersion of information.

" Other works have focused on the presence of manipulators who could distort prices and hamper the informational
efficiency of the market (Hanson, Oprea and Porter, 2006; Veiga and Vorsatz, 2009, 2010). Hanson, Oprea and Porter
(2006) incentivized manipulators to distort market prices but find that they were ultimately unable to affect informational
efficiency. Veiga and Vorsatz (2009, 2010) used computerized market manipulators and showed that these operators
could distort asset prices.



In doing so, we show, using both a learning model and experimental markets, that concentrating
private information tends to promote informational efficiency.
3. Model and conjectures

Following Friedman (1991), our model assumes that traders do not strategically place orders. We
thus posit an intermediate level of sophistication in the modeling of agents interacting in a continuous
double auction setting. At the lower end of the sophistication spectrum is the zero-intelligence model
of Gode and Sunder (1993) which only constrains traders’ behavior to avoid trading at a loss. In this
model, traders do not update their beliefs regarding the true asset value in contrast to Friedman
(1991). At the upper end of the sophistication spectrum are the game-theoretic double auction
models in which traders are assumed to behave strategically (e.g., Wilson, 1987). However, these
models have been found to underperform less sophisticated models in explaining traders’ behavior
in double auction market experiments (e.g., Cason and Friedman, 1996). Based on the current state
of the literature we thus employ a modeling approach similar to Friedman (1991) as such models
have been found to be the most successful in explaining experimental data. In this setting, traders
establish their beliefs regarding the true asset value based on observed market orders. Traders then
follow a reservation-price strategy that consists of buying (selling) the asset whenever the price is
below (above) their belief of the true asset value.

3.1. Model

3.1.1. Trading and information

Even though we present our model for the specific parameters used in our experiments (see
Section 4 for the experimental design), it is important to note that our findings apply more
generally. In Section 5.3.1, we stress test the model by assessing the robustness of our conjectures
to different distributions of the asset value. We also consider the robustness of our findings to
different cash and shares endowments as well as to the case of markets populated by a larger
number of traders.

Our model allows for a market populated with traders possessing different levels of private
information. Depending on the market design, traders can be either uninformed, partially informed
or fully informed. In particular, we take the parameters of Market 9 from Plott and Sunder (1988)
as our baseline. This market is populated by 12 partially informed traders who receive the same
endowment of cash (1,200) and shares (4). The asset value can only take one of three possible



values: 50, 240 or 490 with probabilities 35%, 45% and 20%, respectively.® Half of the partially
informed traders receive one private signal regarding which possible value the asset could not take
(e.g., “Not 50”) whereas the other half of the partially informed traders receive the other possible
signal (e.g., “Not 240”) so that the aggregate information available to traders in the market was
complete. Building on this market design, we then consider the case in which the market is
populated by both uninformed and fully informed traders (see e.g., Plott and Sunder, 1982, or
Bossaerts, Frydman and Ledyard, 2013). An uninformed trader does not receive a private signal,
while a fully informed trader receives two different signals (e.g., “Not 50”; “Not 240") thus making
the true asset value (e.g., 490) clear.

One caveat of the market design we employ is that the asset value is the same for all traders
implying no gains from trade and thus no trade in a rational expectation equilibrium. Our approach
thus focuses on the informational efficiency of markets rather than on the allocative efficiency of
markets. We made this choice purposefully as we intend to first consider a setting in which
information aggregation had been evidenced (Treatment C in Plott and Sunder, 1988) rather than
considering the case in which gains from trade exist but information aggregation failed to be
observed (Treatment A in Plott and Sunder, 1988). Notwithstanding, the conjectures derived from
our model simulations appear to be robust to all treatments and all specifications used in Plott and
Sunder (1988) including markets in which gains from exchange exist (see Section 5.3.1). Finally,
while the no trade theorem may technically apply to our market design, the extensive literature in
experimental markets shows that trade does indeed occur even in the absence of gains from trade
(e.g., Palan, 2013; Noussair and Tucker, 2014). One possible reason for this is the existence of
noise (e.g., Grossman and Stiglitz, 1980) or boundedly rational traders (e.g., Friedman, 1991,
Gjerstad and Dickhaut, 1998; Peng and Xiong, 2006; Esponda, 2008; Eyster and Rabin, 2005;
Mondria, 2010; Corgnet, DeSantis and Porter, 2015; Kacperczyk, Van Nieuwerburgh and
Veldkamp, 2016; Vives and Yang, 2017; Eyster, Rabin and Vayanos, 2018) who fail to

immediately infer others’ private information from prices.®

8 The other two specifications (Markets 7 and 8) by Plott and Sunder (1988) used in this treatment are almost identical.
These markets are such that the probabilities of occurrence of each of the three possible values are the same. Market
7 uses the same three values as Market 9 (50, 240 and 490) whereas Market 8 uses values 125, 375 and 525. The
authors did not report any differences across these markets. Importantly, the conjectures we derive from our
simulations are robust to alternate specifications (see Section 5.3.1).

% Risk-sharing motives may also be a reason to trade in our markets if all private information is not captured in the
price in which case no risk remains.



Our model reproduces the decentralized continuous double auction mechanism used in the
experimental markets.*® At the beginning of each market, a trader (selected at random) posts a bid-
ask spread. A second trader is then selected and given the option to either accept the current bid or
ask or improve the bid-ask spread.*'? Traders (selected at random) continue to improve the bid-ask
spread until a trade occurs.*® If a trade occurs, then the price, p, is set at the current best bid (or ask)
and the trading book is updated.*

The decision to improve the bid-ask spread or trade depends on a trader’s belief regarding the
true asset value. Specifically, a trader will improve the current bid-ask spread if her belief lies
within the current spread. In that case, the updated bid (ask) will be drawn from a uniform
distribution between the current bid (ask) and the trader’s belief. If traders’ beliefs are below
(above) the current best bid (ask), then they would sell (buy) the asset. This trading strategy can
be seen as an example of a reservation-price strategy (see Friedman, 1991). In our model, the
reservation-price strategy consists of trading according to a trader’s current belief of the true asset
value. While this strategy can only be justified if we assume risk neutrality for the traders, this
assumption is widely used in double auction models (see Copeland and Friedman, 1987; Friedman,
1991) as well as in game-theoretic microstructure models (e.g., Glosten and Milgrom, 1985; Kyle,
1985).1

Similar to our experimental design, trading follows a bid-ask improvement rule. In our market
environment, traders observe market prices as well as bids and asks. We thus assume that traders
can use all market orders (bids, asks and contract prices) to update their beliefs.

3.1.2. Reflective and non-reflective traders

10 A market maker (or a specialist) is commonly utilized in the market microstructure literature (e.g., Glosten and
Milgrom, 1985; Easley and O’Hara, 1987). In order to mimic our experimental design as closely as possible we do
not include a market maker in our model.

11 A bid-ask spread is only updated when the newly selected trader has enough cash (shares) to cover the bid (ask)
position. In line with our experimental markets, traders are not permitted to sell short or borrow funds. Moreover,
when a trader is selected to act, the trader first removes any bids or asks from the order book that are inconsistent with
the trader’s current belief of the asset value. For example, if the trader previously submitted a bit that is now greater
than her current belief, then this bid is automatically canceled. Note that traders in our experimental markets also had
the ability to cancel orders.

12 Our model differs from Friedman (1991) as the randomly selected trader is forced to act, if possible. Thus, the trader
cannot choose to not act in an attempt to gain better terms of trade.

13 The sequence of trades is not random, however. Traders either will or will not trade at a given bid-ask spread
depending upon their current belief regarding the true asset value.

14 The accepted bid/ask is removed from the book, and the next best bid/ask, if one exists, becomes the current best
bid/ask. We thus consider the case of an open book similar to our experimental design (see Section 4).

15 The zero-intelligence model of Gode and Sunder (1993) also disregards issues related to risk attitudes.

9



Even though current learning models in which all traders use Bayes’ rule have had some success
in explaining data in experimental markets with double auctions, they still ‘leave much to be desired’
(Cason and Friedman, 1996, page 1332). The authors point to a promising direction (page 1333) by
stating: “Given that the most ‘rational’ of available models did not perform especially well on its
‘home turf’, perhaps the most appropriate next step is to explore new models that incorporate
significant bounded rationality.” Following this suggestion, we populate our market with traders
who fail to apply Bayes’ rule to learn from market orders.'® We consider a model in which
heterogeneous agents interact in the market. In particular, we assume our traders to be either
reflective or non-reflective. Reflective traders apply Bayes’ rule to infer the true asset value as they
observe market orders. We use the term reflective for these traders as the failure to use Bayes’ rule
to update beliefs on the face of new information has been closely connected to ones’ cognitive
reflection capacity (e.g., Oechssler, Roider and Schmitz, 2009; Campitelli and Labollita, 2010;
Hoppe and Kusterer, 2011; Lesage, Navarrete and De Neys, 2013; Toplak, West and Stanovich,
2011, 2014; Sirota, Juanchich and Hagmayer, 2014; Corgnet, DeSantis and Porter, 2015, 2018) as
measured by Frederick’s (2005) Cognitive Reflection Test (henceforth, CRT).

Non-reflective traders only update their beliefs once, on the basis of their private information, and
do not use market data to infer other traders’ private information. These identifying characteristics
are consistent with several important models in the literature: the Walrasian model (Lintner, 1969),
the no revelation of expectations model (Copeland and Friedman, 1987; 1991), models stressing
investors’ inattention and information processing costs (e.g., Peng and Xiong, 2006; Mondria, 2010;
Kacperczyk, Van Nieuwerburgh and Veldkamp, 2016; Vives and Yang, 2017), the behavioral
equilibrium model (Esponda, 2008) and the cursed equilibrium model (Eyster and Rabin, 2005;
Eyster, Rabin and Vayanos, 2018).

6 This can be seen as being inspired from quasi-Bayesian learning models such as Daniel, Hirshleifer and
Subrahmanyam (1998) and Rabin (2002). Daniel, Hirshleifer and Subrahmanyam (1998) account for stock market
under- and over-reaction to news by developing a model in which traders overvalue the precision of their private
information and update their beliefs self-servingly by downplaying information which may not be consistent with their
prior beliefs. Rabin (2002) considers the case in which investors assign too much weight to small samples to account
for stock market under- and over-reaction to news. Both Daniel, Hirshleifer and Subrahmanyam (1998) and Rabin
(2002) build their models on extensive cognitive psychology literature showing that people largely fail to apply Bayes’
rule suffering instead from a number of common and long-lasting biases (e.g., Tversky and Kahneman, 1974;
Stanovich, 2009; Kahneman, 2011).

10



According to the Walrasian and the no revelation of expectations models, traders make decisions
based on their private information and fail to infer other traders’ information from market prices.’
The behavior of traders in these models as well as in models of investors’ inattention closely relates
to the widely-documented phenomenon of the winner’s curse (Bazerman and Samuelson, 1983;
Thaler, 1988, 1991). The winner’s curse occurs when auction participants fail to anticipate the
informational content of other individuals’ bids and end up paying too much for the auctioned item.
Applied to financial markets, Eyster, Rabin and Vayanos (2018) refer to those who “neglect the
informational content of prices” as cursed traders.

3.1.3. Learning

In our model, learning occurs after each market event. Market events either correspond to an
improvement of the bid-ask spread or to a transaction. Based on these market events, reflective
traders can update their beliefs regarding the true asset value by applying Bayes’ rule to infer other
traders’ private information. Each event corresponds to one of the following actions: (1) best bid

is accepted; (2) best ask is accepted; or (3) the bid-ask spread is improved. Let Hz,sj represent the

belief of trader j of type n after event n, which is denoted by {e(n)}. Trader types, n =7 X s,
identify whether the trader is reflective or not (t = R or NR) as well as the signal the trader
received (s = Not 50, Not 240 or Not 490 for partially informed traders and s =1 or U for
informed or uninformed traders).

Reflective traders update their beliefs using Bayes’ rule with i € {50,240,490} as follows:

ur® = E[vluss,, fem3=X; Plv=iluts,, e} x i

where uﬁfl represents the prior belief of the trader with the signal “s” and v is the true asset
value.8
In Appendix B, we detail the Bayesian learning procedure to calculate = for each of the three

possible types of events. We then use these detailed procedures to simulate our model.

3.1.4. Model example

171t is important to note that the two models differ because traders are myopic in the Walrasian model whereas they
trade based on equilibrium prices in the no revelation of expectations model.
18 Note that informed reflective traders do not update their belief as they already know the true asset value.
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To illustrate the intuition behind the model’s learning mechanism, consider the following simple
example. Suppose the true asset value is 490. Also, assume all traders are reflective and that this
assumption is commonly known by all traders. The fully informed traders know the true asset value,
i.e. ul" =490, while the uninformed traders’ belief of the asset value is uy¥ = 223.5 (= 0.35 x
50 + 0.45 x 240 + 0.20 x 490). Consider the following market events.

First market event: bid-ask spread improvement: 200-360

The initial event is always an improvement of the bid-ask spread because the book is empty. This
is equivalent to assuming that the initial bid-ask spread is 50-490, i.e. the minimum-maximum
possible value of the asset. The fully informed traders do not update their beliefs; however, the
uninformed reflective traders must update their belief regarding the likelihood of occurrence of each
of the three values of the asset by determining the probability of occurrence of the first market event
given the asset value is either 50, 240 or 490. If the true value was 50 or 490, then this new bid-ask
pair (200-360) could only have been submitted by another uninformed trader. Indeed, since traders
follow a reservation price strategy based upon their belief, if the true value is 50 (490), then fully
informed traders could not submit a bid (ask) above (below) 50 (490). If the true value was 240, then
any trader could have generated this first event. Thus, while the uninformed reflective traders revise
their initial belief of 223.5, they do not significantly alter it based upon this event, i.e. ,uf'” = 218.7.

Second market event: trade at 360

A trader can only accept the current best ask if their belief is greater than the ask value. This implies
that this ask must have been accepted by an informed trader with the belief of 490 because
uninformed reflective traders hold a belief of 218.7. Thus, the uninformed reflective trader learns
from the second market event that the true asset value is 490.

This example illustrates how quickly uninformed reflective traders can learn in the presence of
fully informed traders. In the absence of fully informed traders in the market, uninformed reflective
traders could not have determined the true asset value as early as the second market event. Inclusion
of non-reflective traders will tend to slow this process down as non-reflective uninformed traders
will stick to their initial belief of 223.5 thus preventing reflective traders to learn any private

information from the market orders submitted by these non-reflective traders.

3.2. Conjectures

12



We conduct simulations of the learning model to derive a series of conjectures that can be tested
experimentally. Each simulation is conducted with the same number of traders (12), and the same
endowment of cash (1,200 francs) and shares (4) used in the original setting of Plott and Sunder
(1988) which will be the basis for our experiments (see Section 5.3.1 for robustness checks with
different parameter values). A total of 25,000 simulations were run for (each of the) various

combinations of two exogenous model parameters. The first parameter corresponds to the asset value

1 2

v € {50,240,490}. The second parameter is the proportion of reflective traders (o € {0, LR

%, ...,1}) in the market which we assume to be common information known by all traders. Each

simulation runs until 30 trades have been executed so as to achieve a trading volume comparable to
experimental markets using a similar design (see Corgnet, DeSantis and Porter, 2018).%°

Our first conjecture compares informational efficiency in markets that differ in the relative
number of partially informed, fully informed and uninformed traders. However, we hold the
number of private signals in each market constant. Thus, we are able to compare, for example, a
market with 12 partially informed traders (each endowed with one signal) to a market with 6 fully
informed (each endowed with two signals) and 6 uninformed (not endowed with a signal) traders.
Our simulations show that markets populated by both fully informed and uninformed traders are
more informationally efficient than markets solely populated by partially informed traders. To
show this, we measure the informational efficiency of a market by calculating the absolute distance
between a market price and the true asset value for each transaction in a given simulation. We then
take the mean of this measure over a given simulation. Averaging this mean value across all 25,000
simulations yields the mean absolute deviation (MAD) for a given distribution of private
information. In Figure 1, we compare MAD values between a market populated by 100% (50%)
partially informed traders with a market populated by 50% (25%) fully informed traders and the
rest uninformed traders.?° In both comparisons, the number of private signals is identical between
the market with partially informed traders and the market with fully informed traders. We observe
that informational efficiency, which is inversely related to MAD values, is highest in markets with

fully informed traders compared to markets with partially informed traders.

19 QOur results are, however, robust to different stopping rules including stopping a simulation after either 5 or 60
transactions (results available upon request from the authors).

20 We will follow this naming convention for the remainder of the manuscript. That is, if the title of a specific
simulation or experimental treatment does not explicitly identify all traders, then it is assumed that the unnamed traders
are uninformed.
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Figure 1 also shows, in line with our model, that the informational efficiency of markets

increases (MAD values decrease) as the proportion of reflective traders in the market increases.
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Figure 1. These figures represent the mean absolute price deviation from the true asset value in
simulated markets. In the left panel, we compare a market populated by 100% partially informed
traders and a market populated by 50% fully informed traders. In both markets, the number of private
signals is identical and equal to 12. In the right panel, we compare a market populated by 50%
partially informed traders to a market populated by 25% fully informed traders. In both markets, the
number of private signals is identical and equal to 6. MAD values are averaged across all three asset
values, 50, 240 and 490.

In addition, the informational efficiency is similar in the market populated by 100% partially
informed traders (MAD = 72.8) and the market populated by only 25% fully informed traders (MAD
= 71.4). This holds even though there are twice as many private signals in the market with partially
informed traders (12 signals) than in the market with 25% fully informed traders (6 signals). We
investigate this further by comparing the informational efficiency of the market in which all traders
are partially informed with markets populated by different proportions of fully informed traders
(with all other traders uninformed). In Figure 2, we show that a market populated by 100% partially
informed traders is less informationally efficient than a market populated by only 25% (3 out of 12)
fully informed traders whereas it is more efficient than a market populated by 17% (2 out of 12) fully
informed traders. Even though the MAD values reported in Figure 2 correspond to averages across
all possible proportions of reflective traders in the market, the ordering of the different markets holds
for each of the possible proportions of reflective traders. It follows that the qualitative nature of

Conjecture 1b, 1c and 1d does not hinge upon the proportion of non-reflective traders in the market.
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Figure 2. These bar charts represent the mean absolute price deviation from the true asset value
(averaged across all possible proportions of reflective traders in the markets), for different numbers
of partially and fully informed traders. MAD values are averaged across all three asset values, 50,
240 and 490.

Figure 2 also highlights, in line with NREE models (see Bossaerts, Frydman and Ledyard, 2013,
Hypothesis 3), that the increase in the number of fully informed traders will lead to an increase in the
informational efficiency of market prices, which is in line with the idea of ‘signal amplification’.

Based on these simulations, we derive the following conjecture.

Conjecture 1. (Informational Efficiency of Markets)

a) The higher the proportion of reflective traders in the market the higher the informational
efficiency of the market.

b) Markets with the same number of private signals are more informationally efficient when
signals are concentrated in the hands of fully informed traders rather than dispersed across
partially informed traders.

¢) The higher the number of fully informed traders in a market the higher the informational
efficiency of the market.

d) Markets with two (three) fully informed traders should be less (more) informationally efficient
than markets in which all traders are partially informed.

Markets populated by different proportions of fully informed traders not only vary in the
informational efficiency of prices but also in trading volumes. By construction, simulations were

stopped after 30 transactions.?! Thus, we assess trading intensity (rather than volume) by

2L While the primary stopping criteria for the simulations was 30 transactions, simulations also halted if (i) 10,000
iterations of the simulation occurred or (ii) 1,000 iterations passed without an event. One iteration of the simulation
corresponds to the random selection of a trader and that trader’s action: improve the bid/ask spread, accept the current
best bid or ask, or nothing. So, if the simulation randomly selected a trader who did not update the bid-ask spread or
accept the current best bid or ask 1,000 consecutive times, then the simulation halted in order to avoid an infinite loop.
The assumption is that (i) traders were unable to trade at this point due to a lack of cash/shares or (ii) traders beliefs’
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calculating the average number of transactions that occur within a block of five iterations in each
simulation. In Figure 3, we show that trading intensity decreases as the number of fully informed
traders in the market increases (see last four bar charts). This likely holds because, as the number
of informed traders increases, prices move closer to the true asset value. This implies that a trader’s
belief regarding the asset value is more likely to be aligned with other traders’ beliefs. Because the
discrepancy in traders’ beliefs drives trading, markets in which private information is more likely
to be aggregated generate fewer transactions.

We also show that trading intensity is lower for markets in which all traders are partially
informed compared to markets populated by less than 50% fully informed traders. Finally, trading
intensity is essentially identical for the 100% partially informed market and the market populated

by 50% fully informed traders. These findings form the basis for Conjecture 2.
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Figure 3. These bar charts represent trading intensity (averaged across all possible proportions of
reflective traders in the markets, across all 25,000 simulations and across all three asset values) for
different types of markets which differ in the number of partially and fully informed traders. Trading
intensity is calculated as the average number of transactions completed in a market for blocks of five
iterations of the algorithm.

Conjecture 2. (Trading volumes)

a) Trading intensity is lower for markets in which all traders are partially informed compared

to markets populated by less than 50% fully informed traders.

b) Trading intensity is the same for the 100% partially informed market and the market

populated by 50% fully informed traders.

¢) Trading intensity decreases as the number of fully informed traders in the market increases.
4. Experimental design

were close enough to the true value that they were unable to update the spread. Note that a bid-ask spread of was not
allowed to be an empty interval.

16



To test our conjectures, we use experimental markets that have the same characteristics as those
described in our model simulations. We consider a market setting in which subjects could trade an
experimental asset that can only take three possible values: 50, 240 or 490 francs (each franc was
worth $0.001) with probabilities 35%, 45% and 20%, respectively. Trading takes place using a
computerized continuous double auction mechanism.?? We conduct a total of 5 treatments using a
between-subject design. Treatments only vary in the distribution of private signals across traders.
In the “100% partially informed’ treatment, each of the 12 traders in the market is privately
informed of a value the asset could not take. As half of the traders were given one signal (e.g.,
“Not 50”) and the other half were given the other possible signal (e.g., “Not 240”), the aggregate
information available to traders in the market was complete.

We contrast the “100% partially informed’ treatment with four “fully informed’ treatments in
which information is concentrated in the hands of a few fully informed traders with all other traders
uninformed.? From the point of view of the amount of aggregate information, the *100% partially
informed’ treatment and the ‘fully informed’ treatments do not differ. In all cases, the aggregate
information reveals the true asset value. To test our conjectures, we consider “fully informed’
treatments in which the number of fully informed traders is either 2, 3, 4 or 6.

We recruited a total of 418 individuals from a subject pool of more than 1,500 individuals at a
major Western US University. We conducted a total of 35 sessions. Ten sessions were conducted
for both the “100% partially informed” and the *50% fully informed’ treatments. Five sessions were
conducted for each of the other three treatments. We conducted twice as many sessions for the first
two treatments as they are the key treatments for the testing of our conjectures given that the total
number of private signals (12) is the same in both markets.

Each market was composed of 12 traders.?* In line with our model, traders were endowed with
1,200 francs in cash and 4 shares of the asset. Each session consisted of 17 markets with independent

draws for the asset value.?

22 The experiment was conducted using Zocalo which is an open-source software used for experimental markets.

23 In the “fully informed” treatments the informed traders receive two signals (e.g., if the true value is 240, then these
traders receive the signal “Not 50” as well as the signal “Not 490”).

24 Two sessions in the ‘50% fully informed’ treatment were conducted with 11 traders due to an elevated number of
last-minute cancellations.

%5 We used the same draw for all sessions to facilitate comparisons across sessions. This draw corresponds to the asset
values used in Market 9 of Plott and Sunder (1988).
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Before the trading phase of each session started, subjects completed a training exercise regarding
a random device (a spinning wheel) that represented the probabilistic distribution of the true asset
value (50, 240 or 490 francs). During the training, subjects had to predict the outcome of the
spinning wheel over 10 trials (see online Appendix O1, Instructions Part 1). Each correct
prediction was rewarded 25 cents, and each incorrect answer incurred a 10-cent penalty. The
instructions concluded with a comprehension quiz and took approximately 20 minutes for subjects
to complete. Average earnings (including a $7 show-up payment) for the two and one-half hours
experiments were equal to $48.

At the end of all experimental sessions, we elicited demographic information and evaluated
subjects’ level of cognitive reflection using a 7-item version of the test developed by Frederick
(2005) (see Toplak, West and Stanovich, 2014). We also collected theory of mind scores (see
Baron-Cohen et al. 1997) (see Appendix D for a description of the survey). As is standard in the
literature, these tests were not incentivized; however, subjects received $3 for completion of the
survey.

5. Experimental Results
We test our conjectures sequentially, starting with an analysis of informational efficiency and

then volumes.

5.1. Informational efficiency of markets

The top panel of Figure 4 illustrates the sharp difference in asset prices between our *100%
partially informed’ treatment and our ‘50% fully informed’ treatment thus providing support for
Conjecture 1b.% The bottom panel of Figure 4 illustrates that, in line with Conjecture 1c, prices are
closer to the true asset values as the number of fully informed traders increases in the market.

% In Appendix E, we show the graphs of market prices for each experimental session.
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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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5.3. Robustness checks
5.3.1. Simulation results for alternative specifications

Although we presented our model for the specific parameters used in our experiments, our findings
apply more generally. In Appendix C, we stress test the model by assessing the robustness of our
main conjecture (1b) according to which markets with the same number of private signals are more
informationally efficient when signals are concentrated in the hands of fully informed traders rather
than dispersed across partially informed traders. We test whether this conjecture holds for different
distributions of the asset value, different cash and share endowments, and for markets populated by
a larger number of traders.

One limitation of our current market setup is that it does not allow traders to mutually gain from
exchange. To address this, we conducted simulations for markets in which traders were assigned
different values for the asset. Thus, mutual gains from exchange can be realized when high-value
traders buy shares from low-value traders. In Appendix C, we report simulation results showing that
allocative efficiency in markets in which traders can mutually gain from exchange is higher when
private information is concentrated in the hands of fully informed traders rather than dispersed across
partially informed traders (see Figure C1). These simulation results thus extend Conjecture 1b.
5.3.2. Mixing partially and fully informed traders

We have shown thus far that our experimental findings are largely consistent with the predictions
of our model. As a robustness test, we ran an additional experiment in which we mixed partially
and fully informed traders. In particular, we consider the case in which the market is populated by
33% (4 out of 12) fully informed, 25% (3 out of 12) partially informed and 42% (5 out of 12)
uninformed traders (*33% fully informed / 25% partially informed”). For such a market, our model
simulations predict an average MAD value of 50.78, which is less than the MAD of 59.67 for the
case of 33% fully informed traders and greater than the MAD of 32.55 for the case of 50% fully
informed traders. That is, our model predicts that the level of informational efficiency will only be
slightly improved by adding three partially informed traders to a market populated by four fully
informed traders. In addition, the informational efficiency of the *33% fully informed / 25%
partially informed’ treatment is expected to be lower than for the ‘50% fully informed’ treatment.
Our experimental results confirm our model predictions as the informational efficiency of the *33%
fully informed / 25% partially informed” treatment is found to be lower than the informational
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efficiency of the *50% fully informed” treatment, while being only slightly (but not significantly)
higher than the ‘33% fully informed’ treatment (see Table Al in Appendix A).

As a final consistency check, we confirm a basic prediction of our model according to which
reflective traders systematically earn more than non-reflective traders (see Table A2 in Appendix
A and Appendix B2). These findings are in line with the previous results of Noussair, Tucker and
Xu (2014), Corgnet et al. (2015) and Corgnet, DeSantis and Porter (2018).

6. Conclusion

What elements of the market institution have the ability to enhance its informational efficiency?
We examine one aspect of the question by building on prior experimental designs to develop an
asset market environment in which the distribution of private information is analyzed.

We derived conjectures based on a learning model with heterogenous agents. In our model,
traders differ in their ability to apply Bayes’ rule to infer private information from market orders.
We define traders as being either reflective or non-reflective depending on whether they use
Bayesian updating or not. Our model shows that, for the same level of aggregate information in a
market, informational efficiency is substantially higher when private information is concentrated
in the hands of a few fully informed traders than when private information is widely dispersed. Our
model also allowed us to test a point prediction according to which markets populated by three
fully informed traders would be more informationally efficient than markets populated solely by
partially informed traders. We confirm these conjectures by comparing the informational
efficiency of experimental asset markets in a series of treatments that only differed in the
distribution of private information. Because we collected data on traders’ cognitive reflection
scores, we were also able to show that, in line with our learning model, markets with a higher
proportion of reflective traders achieved a higher level of informational efficiency. Finally, we
largely confirmed our conjecture that trading volumes should be lower in markets in which the
informational efficiency is predicted to be higher.

Our findings help reconcile different views regarding the informational efficiency of markets by
showing that the extent of the transmission of private information to asset prices crucially hinges
on the distribution of information in the market. Our results suggest that markets in which
information is concentrated in the hands of insiders are more likely to achieve strong-form
efficiency than markets in which this is not the case. This implies the level of informational

efficiency might substantially differ across markets and industries. Future research should
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investigate further the inability of markets to aggregate highly fragmented information because, as
Hayek (1945, page 520) puts it, the ultimate economic problem considers the “utilization of

knowledge which is not given to anyone in its totality”.
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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
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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.

36



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:

37



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
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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.
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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 1.13. *50% fully informed” Session 3.
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Appendix O1. Instructions (online appendix)

We display the screenshots for the ‘50% fully informed” treatment.

Authentication

Please enter your login 1D:

Login:

Welcome!

Please enter your name below to get started:
First and Last Name:

Subsnil
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Instructions Part 1

This is an experiment in the economics of market decision making. The instructions are simple, and if you follow them carefully and make good
decisions, you might earn a considerable amount of money which will be paid to youin cash.

ent we are going Lo simulate a market in which you will buy and sell certificates in a segquence of 17 market years,

In this expe:

Al the end of each year, each certificate you hold will be worth either 50, 240, or 490, The specific amount will be determined by the spin of awheel,
The features of this spinning wheel are described helow.

Instructions Part 1

Consider awheel subdivided into 100 equal -sized picces labeled with the numbers 1 through 100, Each year we spin this wheel, and the spinner
{arrowl) is equally likely to land on any of the numbered pieces. If the spinner lands on a number between 1and 35 (including 1 and 35), X-dividend of
50is paid; if the number landed onis between 36 and 80 (inclusive), Y-dividend of 240is paid: and if the number landed onis between 81 and 100
{inclusive). Z-dividend of 490 s paid.

On the following screen you will be asked to predict (one at a time) the outcome of ten spins of the wheel, That is, you will predict whether the X, Y-,

or Z-dividend is paid. If your individual prediction is correct, youwin $0.25; if wrong, you lose $0.10. Once you make your prediction, click the "Spin
ed to make your next prediction and the software will update your earmings.

will be prom)

the Wheel!" button. After the spin has ocourred you

MNote to simplify the appearance of the wheel, the wheel is subdivided into 3wedges representing the range of values for which each dividend (X, Y,

or Z)is paid.

PREVIOUS PAGE
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Your Prediction

Enter your prediction below and click "Spin the Wheel!",

X-Dividend
Y-Dividend
Z-Dividend

Spin Results

Spin the wheel when you are ready!
Cumulative Earnings: (R
Prediction Actual

Spin Earnings

1

2

Your Prediction

You have completed your 10 predictions.

Please click "NMEXT PAGE” to move onto the next instructions,

MNEXT P

Spin Results

Ihe spinner landed on Z, so your ¥ prediction was incorrect.
Cumulative Earnings:

Spin Prediction Actual Earnings
1 h Y 25 cents
2 Y Y 25 cents
3 Y Y 25 cents
4 Y Y 25 cents
5 Y Y 25 cents
i) Y X -10cents
7 X z -10cents
8 z X 10 cents
9 X Y 10 cents
10 Y s -10cents
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Instructions Part 2

The type of currency used in this market is francs. All trading and earnings will be in terms of francs, Each franc is worth $0.001 to you. At the end of
the experiment your francs will be converted to dollars at this rate, and you will be paid in dollars. Notice that the more francs you earn the more
dollars you carn.

Youwill spend the next few minutes learning haw to use your computer ta trade. Talking between participants is not allowed, all communication will
Lake place by using the computer screen in front of you, IT you are found to violate this rule or disturb the experiment by inappropriate remarks or
otherwise, we WILL ask you to leave.

PREVIOUS PAGE

Instructions Part 2 Continued

There are 12 traders in this experiment.

Your profits come from bwo sources - from collecting certificate earnings on all certificates you hold at the end of the year and from buying and
selling certificates. During each year you are free to purchase or sell as many certificates as you wish, provided you follow the rules below.

For each certificate you hold at the end of the year you will be given one of three numbers of francs that will be provided in the Information section of
your screen. An example is provided below. One of these three numbers is selected each year using the spinning wheel described in Part 1of the
instructions.

¥-Dividend = 50 (Spinner lands on number in range 1-35)
Y-Dividend = 240 (Spinner lands on number in range 35-80)

A-Dividend = 490 (Spinner lands on number in range B1-100)

Your total certificate earnings for a period are computed for you (and displayed on your screen) by multiplying the earnings per certificate by the
number of certificates held, That is,

(Number of Certificates Held) x (Earnings per Certificate) - Total Certificate Earnings

Suppose, for example, that you hold 5 certificates at the end of year 1. If for that period your earnings are 240 francs per certificate {i.e.itisthe
¥-Dividend), then your tetal certificate earnings in the year would be 52240 = 1,200 francs.
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Instructions Part 2 Continued

Sales from your certificate holdings increase your francs on hand by the amount of the sale price. Similarly, purchases reduce your francs on hand by
the amount of the purchase price. Thus you gain or lose money on the purchase and resale of certificates,

At the beginning of each year you are provided with an initial holding of certificates that is listed on your computer screen as below. You may sell
these if youwish or you may hold them. For each certificate you hold at the end of the year, you receive the "earnings per certificate”

In addition, at the beginning of each year you are provided with an initial amount of francs on hand, which is also listed on your computer screen as
below. You may keep this if you wish or you may use it to purchase certificates.

Thus at the beginning of each year you are endowed with holdings of certificates and francs on hand. You are free to buy and sell certificates as you
wish according to the rules below. Your francs on hand at the end of a year are determined by your initial amount of francs, carnings on certificates
owned at the end of the year, and by gains and losses from purchases and sales of certificates. T hese are your profits for the year. Your holdings of
cash and shares are not carried over from one year to the next,

Your Holdings

Cash 1200
Certificates (4

Cumulative Profits [0

PREVIOUS PAGE

Information about Dividends

Whether the dividend you receive from the certificates you hold is the X-dividend, the Y-dividend, or the Z-dividend is determined by the
experimenter at the beginning of the year by spinning a wheel with 100 equally-spaced numbers on it. Each number is equally likely to be selected
{i.e., have the spinner land on it). If the number landed on is between 1and 35 (inclusive), X-dividend is paid; if the number landed on is between 36
and 80 (inclusive), Y-dividend is paid; and if the number landed onis between 81 and 100, Z-dividend is paid. For example, if the number 37 is landed
on, then the Y-dividend will be paid. That is, each participant would receive 240 francs for each certificate held at the end of the year. The wheel will
only be spun once at the beginning of each period. You will not be shown the spin of the wheel, but you will be given a hint as toits outcome
{described on next page). Moreover, the outcome of the spin, that is the actual dividend for the year. will be displayed on the computer screen at the

end of the vear.

Your Holdings

Cash 1010
Certificates |4

Cumulatve Profits [ 1970

ificate Value this Year | 19131 Franc Balance
(Framas = Cornificwie value)

240 1970

Information

PREVIOUS PAGE
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Instructions Part 2 Continued

At the beginning of each year, before trading starts, the experimenter will pravide half of you with two clues about whether the outcome is X, Y, or /
ineach period. After the experimenter has spun the wheel and determined the outcome for the period, your clues (if any) will appear on your
computer screen. [t will be one of the following:

Option1 Option2 Option3
The certificate is not worth 50 Francs, The certificate is not worth 50 Francs. The certificate is not worth 240 Francs,
The certificate is not worth 490 Francs. I'he certificate is not worth 240 Francs. I he certificate is nat worth 490 Francs.
(Mot X-Dividend / Not Z-Dividend) (Mot X-Dividend / Not Y-Dividend) (Mot ¥-Dividend / Not Z-Dividend)
Information
Alert:
Vour clue

The certificate is nol worth 240 Francs.
s nol worth 490 Francs.
(Not Y-Dividend / Not Z-Dividend))

Shared Message
Each certificate will be worth 50 (X-Dividend), 240
(Y-Dividend) or 4 (£-Dividend). If the spinner
lands on 1-35, it is X-Dividend; if 36-80, i is
Y-Dividend; if $1-100, it is Z-Dividend.

If your clue is "The certificate is not worth 240 Francs, The certificate is not worth 490 Francs (Mot Y-Dividend / Mot Z-Dividend)" then the outcome
for that period will be the X-dividend. Similarly, the dues "The certificate is not worth 50 Francs, The certificate is not worth 490 Francs” and "The
certificate is not worth 50 Francs. The certificate is not worth 240 Francs” inform you that the outcome for the period will be the Y-dividend orwill
be the Z-dividend, respectively.

Each period, the computer randomly divides the traders into two groups of six each. One group will receive the clues, while the other group will not
receive any clues. For example, when the outcome is the Z-dividend, six traders will receive the clue "The certificate is not worth 50 Francs. The
certificate is not worth 240 Francs.” and six will not receive a clue, Which group receives the clues is determined randomly via the computer, A similar
procedure is followed for each year.

PREVIOUS PAGE

Instructions Part 2 Continued

The market for these certificates is organized as follows, The market will be conducted in a series of years. Each year lasts for 5 minutes, Anyone may
make an offer to buy one certificate at a specified price, and anyone with certificates to sell is free to accept or not accept the offer. Likewise, anyone
wishing tosell a certificate is free to make an offer to sell one certificate at a specified price,

T'he process by which you can make offers ta buy and/or offers to sell is described an the following pages.

PREVIOUS PAGE

71




Offer Book Instructions

During every year, participants can buy or sell certificates from one
o MI:\."\:::': :::'“'1'“‘1 another by making offers to buy or to sell. The existing offers are shown
Time Remaining: 4:33 on the Market Graph to the left. On top of the graph, the current year is

shown. Below that, the Time Remaining for the trading vear is shown.

Each year lasts five minutes. The vertical axis lists the Price far the

340 340 offers.

g0 480 Every time someone makes an offer to buy a certificate, a GREEN dot

420 a0 will appear on the graph to the left. Every time someone makes an offer
- - o to sell, an ORANGE dot will appear on the graph to the left. Once a trade
360 360 ";; is actually made, the trade will be shawn as a BLACK daot in the graph.
300 300 Offers are alsa listed on the Offer Book to the right of the graph.

2400 240 Offers to Buy PREVIOUS PAGE

120 180

120 120

60 60

Making Offers

To accept an existing offer from another Offers

participant, click the Buy or Sell hutton in the A“;f::f':‘f"‘ -
Immediate Offer section below. The Timse Remsaining; 4:35 I e Mty [sea] I
Immediate Offer section shows you the best bmedinte Offre | bey |00 | wet |[M0
prices to buy, or sell, that are currently w0 540
available in the market, ] 450 -
Suppose you wanl to place an offer to buy, it 420 420
must be higher than the current best offer to 360 3 Dlfers bo Sell
buy, which is now 240, Say you want to buy at 120 o0 -
250, You will have to type in 250 and click the J 1l G
Buy button. Please do exactly that on your N Lt .
sereen by typing 250in the Submit New Offer Lo e b
(buy) box and clicking on the Buy button. e 2 Alert
@ 0 Your chue
it New [ . The certificate is not worth 240 Francs.
SRR oy o ’— nu::s":\. i\n¢: m:nmrnm.

Nor ¥-Dividend / Mot 2 Dividend))

Shaed Mesape
Each cortificate will b werth 50 (X Dividend], 250

(¥-Dividend) or 490 (E-Dividend). If the spinner
PAGF lamds on 1-35, it is X-Dividend; if 3680, it iv
PREVIOUS V-Dividend; if 81-100, it is Z-Dividend,

Immediate Offer  buy | 490 sell |[240
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Making Offers

MNaotice your 250 Offer to Buy now appearsin
both the Market Graph and the Offer Bool.

Mext, suppose you want o place an offer Lo
sell. it must be lower than the current best

Curent year: |
Tisme Remaining: 417

Offers

I Submit New Offer | puy | [[sen ]

Imaediste Offer [ buy |50 s |50

offer to sell, which is now 490, Say you wanlt to - i P
sell at 470, You will have to type in 470 and 4y a0 e il s
click the 5ell button, Please do exactly that on 420 420 Ot o 5u [
s e
your screen by typing 4 /0in the Submit New 60 360 [
Offer {sell) box and clicking on the Sell button, o 0 Your Holdings
)
2ol TR
Submit New Offer _puy || sell e 0 s o By Cemficates
180 180
Immediate Offer _buy |[190 sell |[250 . 150 [amaaive Posie]o|
w0 L Information
PREVIOUS PAGE
Alert
Your clue
The certificate i wot worth 249 Frascs.
‘The cerislicaie is ot worth 490 Framc.
ot Y Dividend / Not Z Dividend))
Shared Mesuage
Each cereificate will he warth 30 (X Dividend), 240
[V-Dividend) ar 490 (Z-Dividend). If the spinner
lands om 133, In s X-Dividend; if 3680, n I
¥ Dividend; i 81100, it is Z Dividend.
Making Offers
MNaotice your 40 Offer to Sell now appears in Offers
both the Market Graph and the Offer Boole "':W‘:':::'_"'l""
; % Tinse Remaining: 303 I Submit New Offes | bup [Lned
MNow that you have submitted new offers, click
the NEX 1 PAGE button to practice accepting s
existing offers. 5 i
s, = St
Submmit New Offer  puy || sell 43t 0 Ot 1500 | B
B 0 0 S
Immediste Offer _buy |[470 sell |2250 i i our Holdings
T |
200t 40 Cub __|1200]
= Fev o
. 150 Ofers 0 Buy :
o i | emataiive Prosin 0]
tal e Infarmation
Alext
Your elue

The certificase is wor worth 249 Frames.
The sertificate is oot worth 490 Framo.
(ot Y Dividend / Noa Z Dividead))

Shared Message
Each e warth 240
(V-Dividend) or 490 {Z-Dividend). If the spinwer
landy om 1-35, it is X-Dividend; if 36-80, i is
¥-Dividend; if 81-100, it ks Z-Dividend.
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Accepting Offers

To accept an existing offer from another

participant, click the Buy or Sell buttonin the A new Year has started.

Current year: 1

Immediate Offer section below. This section Time Remaining: 3:37

shows you the best prices to buy, or sell, that

are currently available on the market. 540 540

By clicking on the Sell button, you sell at the 4800 £
Offers to Sell

listed price. The current best offer to buy is 420

260, if you click Sell, you sell a certificate at the 160

price of 260 immediately. Your certificates o

decrease by 1, and your cash increases by 260 2

francs. This is reflected in the "Your Holdings"
box. Click the Sell button below to continue.

Submit New Offer M ﬂ 60 0
Immediate Offer  buy |[450 sell |[260

PREVI PAGE

Offers
Submit New Offer sell
Immediate Offer [ buy | [450 sel | [260

Cancel Offers
click on 2 offer to cancel it

= e

Your Holdings

| Cash. 1200
=

Cumulative Profits

Information
Alert:
Your clue
The certificate is not worth 240 Francs.

The certificate is not worth 490 Franes
(Not Y-Dividend / Not Z Dividend))

Shared Message
Each eertificate will be worth 50 (X-Dividend), 240
(V-Dividend) or 490 (Z Dividend). If the spinner
35, it is X-Dividend; if 36-80, it is
¥-Dividend; if $1-100, it is Z-Dividend.

Accepting Offers

Notice your certificate sale of 260is shown as
ablack dot inthe Market Graph. Also, as noted

Current year: 1

in the "Your Holdings" box, your cash Time Remaining: 3:24

increased by 260 francs and your certificates

decreased by 1. 540 540

Next, by clicking on the Buy button, you buy at 450 2 480

the listed price. The current best offer to sell is 420 uow

450, if you click Buy, you buy a certificate at 360 360 470

the price of 450 immediately. Your certificates 300, 100 MR

willincreaseby 1, ar?d.yourfrancs.ww\l e o SO

decrease by 450. This is reflected in the "Your I a0 |
180 180 Offors to Buy

Holdings" box. Your francs will decrease by
450. Click the Buy button below to continue. 120 120

Submit New Offer M ﬂ
Immediate Offer  buy |[450 sell |[250

Offers

Submit New Offer

Tenmediate Offer buy | 50 sell |[250

‘Cancel Offers
click on 2 offer to cancel it

E

‘Your Holdings

| Cash 1460

Cumulative Profits

Information

Alert:
Your clue
The certificate is not worth 240 Francs.

The certificate is nof worth 490 Franes
(Not ¥-Dividend / Not Z-Dividend))

Shared Message
Each certificate will be worth 50 (X-Dividend), 240
(¥-Dividend) or 490 (Z-Dividend). If the spinner
lands on 135, it is X nd; if 36-80, it is
Y-Dividend; if $1-100, it is Z-Dividend.

74




Accepting Offers

Maotice your certificate purchase of 450 is
shown as a black dot on the Market Graph.
Also, as noted in the "Your Holdings" box, your
cash decreased by 450 francs and your

[
Tisse Ressaining; 314

Submit New Offer | tuy | [sen |

Immedime Cifer [y ([0 [aea B I

certificates increased by 1. 0 (1
. Cancal Offer
MNow that you have accepted immediate offers, o 5 e m e e
click the NEXT PAGE button to continue. 420 A gy bo Sell EEm
160 160 IR
Subnat New Offer | buy sall Law Your Holdiags
=z == 300 300
Immediate Offer buy F?ﬂ sell _'2_50 240 = 240
50 “nﬂmn 10 Buy
Cumulative Prafits| &
PREVIOUS PAGE m m |
@ P Information
Alert
Your clue
The certificate is not worth 240 Framcs.
@l\.ﬂ o k] 8 The creifcase i s worth 490 Framss,
(ot Y-Dividend | ot Z-Dividend))
Shared Messape
Each cortificate will be warth 50 (X-Dividead), 240
1f ehe spinner
36558, it is
Dividend.
Your Holdings
As demonstrated on the previous pages, as P
vou BUY certificates, your holdings of FR— - _
certificates will automatically increase and Tiase Remaining: 3:14 Sk 0 [aea]
your cash will decrease. Asyou SELL Immedine Offes [ bwy [0 [sen BE
certificates, your cash will automatically 0 (1
increase a i ificates wi ) Cancnl Offer
|:'|c.re e1:d \,folurll'll?ldlhcrsf:TT?rr‘t:f‘lcTt_Ef lell 80 i 80 e |
e our holdings of cer II wales anc 0 JPDW“B‘“ T am
shares as well as your Cumulative Profits (sum I
of the profits for each of the market years) are e = 4 Your Holdiags
displayed in the "Your Holdings" box. m“_ L)
 E
PREVIOUS PAGE 1
Cumulative Prafits| &
120 1 !
@ “® Information
Alert.
Your el

§20C.aL0,

The certificate is wot worth 240 Francs.
Tha cortificate is not warth 490 Francs
(ot YoDevidend | Not Z-Dividend])

Shared Mewage
Fach cervificare will he warth 30 (X Dividend), 248
(¥-Dividend) ar 490 (7-Dividead). 1f the spisner
lands on 1-3%, jn is X Dividend: if 36.80, ir bs
V-Dinidead; if 81-100, it kv Z-Dividend.
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Cancelling Offers

Whenever you enter new offers to buy, or sell,

Offers
youwill have those offers appear as Buttons — -
below the affer box. Your outstanding offers to Time Resmaining: 3114 Stk W O |l [[san]
buy cannot exceed your cash holding; your Immediate Offer | bay |70 [ ved |[30
outstanding offers to sell cannot exceed the 540 40
number of certificates you currently own, e 0 e
Therefore, you ma\.fhavetodel_e’feynur o~ 2 Ottee s 2 T
current offers to complete additional . X
transactions. To do this, look for "Cancel 0 T Your Haldings
Orders” and click on the correspanding button =] m_
to take your offer out of the market, By clicking w ! 2o
on these buttons, you can take them out of the 180 120 O 2 Bar
market. e 5 Cumulasve Prois 0|
For example, please remaove your Offer to Buy 60 0 Infarmation
of 250 from the market by clicking the green e
Offer to Buy button labeled "2507 .
Yo che
e Offe SZ0Ca.L0 e
click on &0 ¢fferto cacelt, (ot ¥ Dividend / Not Z Dividend))
Shased Mesage
Each certificate will be worth 5 {(X-Dividend), 240
L ic] {¥-Divisdend) or 490 {Z-Dividead). 1T the spisner
Lands on 135, it is X-Devedond; of 3650, i &
V- Dividend; if §1-100, it is Z-Dividend.
PREVIOUS PAGE
Cancelling Offers
Motice your Offer to Buy of 250is no longer Offers
represented by a green dot in the Market e 1 por——— —
Graph or listed in the Offer Book. Time Remaining: 2-59 LA ey ]
Click NEXT PAGE to continue. s e 0 w8 i
0 0
Cancel Offers a0 450 R
click an an offer ta cancel it ) am
- 360
" Your Holdings
PREVIOUS PAGE m=
30
) - Cumulative Profits| 0
& 60 Information
Alert
Your clue

The certificate is mot worth 240 Francs.
Tha cortificste is not worth 490 Francs,
Not Y- Dividend | Noe Z-Dividend))

Shaed Message
Eah wertificate will be warih 50 (X Dividend]), 200
(¥-Dividend) or 490 (Z-Dividend). If the spimner
lands oo 1-35, it is X-Dividend; if 36-30, it in
¥ Dividemd; if 31 100, it is Z Dividend.
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Instructions Part 3

Please answer the following questions, After all participants have correctly answered them, as part of the instructions there will be a practice
trading year to ensure you understand the software.

Question 1: At the end of each period, each certificate earns a dividend of 7

A

B.50.

C. Either 50, 240 or 490,
D. 490

Question 2: Which of the following statements is correct?

Ao Al dividend values (50, 240 or 490) are equally likely.
E. 50is more likely to occur than the other dividend values,
C. 490 will occur on average 50% of the time.,

D 24015 more likely to occur than the other dividend values,

Question 3: You can put a new offer to buy inthe market by:
A, Clicking on the buy button when submitting a new offer to the market
B. Clicking on the sell button when submitting a new offer to the market

C. Clicking on the sell button to accept an immediate offer available in the market
[). Clicking on the buy button to accept an immediate offer available in the market

Question4: You can accept an existing offer to sell inthe market by:

A, Clicking on the buy button when submitting a new offer to the market
B. Clicking on the sell button when submitting a new offer to the market
C. Clicking on the buy button to accept an immediate offer available in the marlet

[). Clicking on the sell button to accept an immediate offer available in the market
Question 5: The experiment will consist of a total of:

A 12 market years

B. 13market years

15 market years
D 17 market years

Question 6: If | recelve the clue “The certificate is not worth 50 Francs., The certificate s not worth 490 Francs.” at the beginning of agiven year,
this means:

A Each certificate will earn a dividend of 490 at the end of the period.

B. Each certificate will NOT earn a dividend of 240 at the end of the period.

C.Fach certificate will earn a dividend of 50 at the end of the period.

D. Each certificate will earn adividend of 240 at the end of the period.
Question 7: Which of the following statements Is correct?

Ao Al the traders will receive clues.

E. No trader will receive a clue.
C. kach trader will receive a different clue.

D, Half of the traders will receive clues and the other half will not receive a clue.

PREVIOUS PAGE
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Quiz Completed

You have successfully completed the quiz.
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