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Abstract. There is an ongoing debate regarding the degree to which a forecaster’s ability
to draw correct inferences from market signals is real or illusory. This paper attempts to
shed light on the debate by examining how personal characteristics do or do not affect fore-
caster success. Specifically, we investigate the role of fluid intelligence, manipulativeness,
and theory of mind on forecast accuracy in experimental asset markets. We find that intelli-
gence improves forecaster performance when market mispricing is low, manipulativeness
improves forecaster performance when mispricing is high, and the degree to which theory
of mind skills matter depends on both the level of mispricing and how information is dis-
played. All three of these results are consistent with hypotheses derived from the previous
literature. Additionally, we observe that male forecasters outperform female forecasters af-
ter controlling for intelligence, manipulativeness, and theory of mind skills as well as risk
aversion. Interestingly, we do not find any evidence that forecaster performance improves
with experience across markets or within markets.
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1. Introduction
Although fewer and fewer jobs involve direct trading
of securities, many tasks in the financial industry re-
quire understanding the economic implications of
market prices. Forecasting is an essential part of finan-
cial analysts’ and fund managers’ jobs and is key for
many professional economists (Elliott and Timmer-
mann 2008). Yet, this practical role of analysts is in
contradiction to the idea that markets are information-
ally efficient (Fama 1965, 1970, 1991; Samuelson 1965).
If financial markets are informationally efficient, then
no skill beyond basic understanding would be needed
to infer the economy’s current state from market pri-
ces. As a result, any success at forecasting market out-
comes would simply be because of luck (Batchelor
1990, Hartzmark 1991, Barber and Odean 2000,
Malkiel 2003, Qu et al. 2019), which Kahneman (2011)
refers to as an illusion of skill.

However, there is strong evidence that actual mar-
kets are not perfectly efficient as was shown in both ar-
chival (e.g., De Bondt and Thaler 1985, 1987; Lo and
MacKinlay 1988; Bernard and Thomas 1990; Cutler
et al. 1991; Chopra et al. 1992; Jegadeesh and Titman
1993, 1995; Shleifer 2000; Lo 2019) and experimental

studies (e.g., Smith et al. 1988; Biais et al. 2005, Hanson
et al. 2006; Veiga and Vorsatz 2010; Page and Siemroth
2017, 2021; Corgnet et al. 2018b, 2020a). In the presence
of mispricing, market prices become noisy signals, cre-
ating a situation in which accurate forecasting might
require genuine skills. However, what skills would ana-
lysts need to possess to identify market fundamentals
accurately in that context? Surprisingly, little is known
about the individual characteristics driving forecasting
performance. This lack of knowledge could, of course,
be because of the illusion of skill (Kahneman 2011).
However, the seminal work of Bruguier et al. (2010)
(BQB henceforth) finds that social intelligence is an es-
sential skill for predicting directional changes in mar-
ket prices. More specifically, BQB show that one’s ca-
pacities to understand others’ emotions (as quantitated
by Baron-Cohen et al. 1997) and ascribe intentions to
apparently random patterns (as quantitated by Heider
and Simmel 1944) are key predictors of forecasting
performance in an experimental asset market. Collec-
tively, these skills have been referred to as theory of
mind (Frith and Frith 1999) because they relate to one’s
inclination to build a mental model of others’ behavior.
The neurological study of BQB detected an activation
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in the paracingulate cortex, which is known to activate
when inferring others’ intentions, for those forecasters
who successfully predicted the direction of price
changes. BQB also collected some behavioral data
showing a positive correlation between theory of mind
skills and forecasting performance.

We aim to provide a more comprehensive assessment
of the individual drivers of forecasting performance by
extending the work of BQB, who only studied 43 partic-
ipants in their behavioral experiment connecting theory
of mind and reasoning test scores with performance in
forecasting price changes. Using a larger sample, we as-
sess the relative importance of theory of mind and two
other individual characteristics that BQB did not study
but have been found to explain financial behavior in ar-
chival or experimental studies. These include standard
cognitive skills or fluid intelligence (Raven 1936) and
the personality trait of manipulativeness (Ashton et al.
2014). To the best of our knowledge, ours is the first
study jointly assessing the predictive power of these in-
dividual characteristics on forecasting performance.

To accomplish our goal, we showed participants
data from previously conducted experimental mar-
kets. In those markets, traders bought and sold assets
whose fundamental value depended on which of
three possible states was randomly selected. Follow-
ing Plott and Sunder (1982, 1988), traders were en-
dowed with private information, which in aggregate,
was sufficient to reveal the true state. Participants in
our study were asked to forecast the randomly select-
ed state based upon the observed market activity.
This enables participants’ individual characteristics to
be linked to their forecasting performance in a situa-
tion where fundamental value and thus, forecast accu-
racy are verifiable ex post. Our approach differs from
BQB as we asked participants to predict the funda-
mental value of the asset rather than the direction of
price changes. Thus, success in our task exclusively re-
lied on extracting reliable private information from as-
set prices and market orders, whereas the task in BQB
also required the prediction of price movements that
might be unrelated to the fundamental value of the as-
set. It follows that, beyond the study of forecasting in
financial markets, our task mimics the situation of cor-
porate decision makers who attempt to extract private
information from stock prices to guide their decisions
regarding investments, takeovers, and Chief Execu-
tive Officer appointments (e.g., Chen et al. 2007, Bakke
andWhited 2010, Bond et al. 2010).

Our main findings support the hypothesis that the-
ory of mind skills play a fundamental role in account-
ing for a person’s forecasting success. We extend pre-
vious works by putting forth that these skills are
relevant when mispricing is high and the graphical
display of information is extensive, thus confirming
an informal conjecture stated in BQB. Our second

main result shows that fluid intelligence (or Intelli-
gence Quotient (IQ)) also contributes to explaining
forecasting performance. This finding is in line with
the archival study of high-performing forecasters,
so-called “superforecasters” (Tetlock and Gardner
2016), who were found to possess high IQ levels. In
addition, we also find that the manipulative personali-
ty trait (henceforth, manipulativeness) helps explain
forecasting performance. This result is consistent with
previous research showing a positive link between
self-monitoring scores (Snyder and Gangestad 1986),
which are closely linked to manipulativeness (Furn-
ham 1989, Osborn et al. 1998), and traders’ earnings in
double auctions (see Biais et al. 2005).

Our findings that theory of mind skills, as well as
standard cognitive skills and manipulativeness, ex-
plain forecasting performance support the broader hy-
pothesis that forecasting skills are real and not illusory.

2. Hypotheses
In this section, we put forth our hypotheses regarding
the effects of theory of mind skill, cognitive ability, and
manipulativeness on people’s ability to make financial
forecasts. Our hypotheses contribute to the current litera-
ture by establishing distinct mechanisms by which these
individual drivers of financial behavior might operate.

2.1. Theory of Mind
Predicting asset prices accurately requires specific
skills related to theory of mind, as shown by BQB. In
the behavioral setup of BQB, forecasters had to predict
the direction of price changes in markets that might or
might not be populated by insiders. In BQB, partici-
pants’ ability to accurately assess the direction of price
changes thus crucially hinges upon their capacity to
attend and extract traders’ private information. In re-
lated papers, Corgnet et al. (2018a) and Hefti et al.
(2018) have reported a positive effect of theory of
mind skills on traders’ performance in experimental
asset markets. These authors stress that traders with
high theory of mind skills perceive market activity as
resulting from traders’ intentional actions. High theo-
ry of mind traders are thus especially attentive to mar-
ket orders and hence, are more likely to extract valu-
able insights from observed market activity.

Because the effect of theory of mind skills crucially
hinges upon extracting private information from ob-
served market data, these skills will be especially ben-
eficial when mispricing in the market is low. By con-
trast, in markets with high mispricing, forecasters will
not be able to learn much from market data. In the
case of asset market bubbles where mispricing is par-
ticularly high, De Martino et al. (2013) show that theo-
ry of mind skills can be detrimental. Forecasters pos-
sessing high theory of mind skills tend to actively use
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market data and mistakenly infer information about
an asset’s value from meaningless trends instead of
recognizing that the market is being driven by
noise. This negative effect of theory of mind is also
highlighted by Hefti et al. (2018), who refer to mar-
ket participants engaging in such behavior as being
“semiotic.”

As argued by BQB, theory of mind skills closely re-
late to pattern recognition. Indeed, the measurement
tool of Heider and Simmel (1944) involves interpreting
the movement of shapes in an animation. Thus, high
theory of mind traders tend to be influenced by market
movements attributing motivations to what they ob-
serve. This tendency may be heightened by the fact that
market information is often presented graphically. Bru-
guier et al. (2010, p. 1722) point to the crucial role of the
display of market orders in understanding the impact
of theory of mind skills on forecasting performance:
“One may wonder whether this success should be at-
tributed to our using a purely graphical interface, where
order and trade flows are translated into movement of
circles of various sizes and colors.” Other researchers
have also argued that the display of market activity can
prompt pattern recognition (Lo et al. 2000, Lo and Ha-
sanhodzic 2011, De Martino et al. 2013). It follows that
the effect of theory of mind skills should depend on the
graphical display of the information. When the display
of market information is more conducive to recognizing
patterns, theory of mind skills will have a greater im-
pact on forecasting performance, although the direction
of the impact depends on the noisiness of the market in-
formation. Although theory of mind skills are multifac-
eted (BQB), the crucial feature that underlies our hy-
potheses relies on a trader’s inclination to recognize
patterns by attributing intentions to a series of market
movements. Thus, pattern recognition skills as mea-
sured by the Heider–Simmel (HS; Heider and Simmel
1944) test will be our primary measure of the predictive
power of theory of mind skills. More specifically, this
measure captures the cognitive dimension of social in-
telligence, which is distinguished from its affective di-
mension in standard measures of social intelligence in
clinical psychology (e.g., McDonald et al. 2003). The
cognitive dimension assesses a person’s ability to con-
duct social inference and attribute intentions to others,
whereas the emotional dimension assesses one’s ability
to recognize emotions.1 This distinction is also motivat-
ed by evidence in neuroscience showing that cognitive
and affective dimensions of theory of mind activate dis-
tinct brain regions (see, e.g., Singer et al. 2004). This
leads to Hypothesis 1.

Hypothesis 1 (Theory of Mind and Forecasting

Performance).
a. Theory of mind skills (as measured with pattern recog-

nition) will enhance forecasting performance when

mispricing is low and information is presented in a manner
conducive to pattern recognition.

b. Theory of mind skills (as measured with pattern recog-
nition) will hurt forecasting performance when mispricing is
high and information is presented in a manner conducive to
pattern recognition.

2.2. Cognitive Ability
We focus on fluid intelligence (or IQ) as the relevant
measure of cognitive ability because it consistently
has been found to explain financial performance. IQ,
which measures one’s capacity to perform abstract
mental calculations (Mackintosh and Mackintosh
2011), has been shown to relate to stock market partic-
ipation and successful investment decisions (Kezdi
andWillis 2003, Cole and Shastry 2009, Christelis et al.
2010, Grinblatt et al. 2011, Benjamin et al. 2013). Using
a unique database of adult Finnish men, Grinblatt et al.
(2012) found that high-IQ people exhibited better mar-
ket timing than their low-IQ counterparts, thus being
more likely to buy winning stocks and sell losing
stocks. In experimental asset markets with private in-
formation similar to those used in the current study,
Corgnet et al. (2018a) show that high-IQ traders
earned significantly more than low-IQ traders.2 High-
er IQ test scores have also been correlated with
fewer Bayesian updating errors (Charness et al. 2018,
Corgnet et al. 2018a) and higher strategic levels of rea-
soning (Civelli and Deck 2018).3 We thus predict that
greater fluid intelligence should help forecasters infer
the true asset value. Because standard cognitive skills’
positive impact on forecasting performance hinges
upon extracting information from market data, the
benefit of stronger cognitive skills is greater when
mispricing is low. By contrast, when mispricing is
high, the benefit of stronger cognitive skills is minimal
because the market information is noisy.

At first, the prediction that cognitive skills matter
might seem at odds with the finding of BQB that par-
ticipants’ scores on a reasoning task did not signifi-
cantly explain forecasting performance. However, our
forecasting task differs from BQB as they asked partic-
ipants to predict the direction of price changes in the
market. Instead, we ask participants to identify the
fundamental asset value based on market data. Fur-
thermore, the reasoning task used in BQB is a measure
not of IQ but rather, of cognitive reflection (or inhibi-
tory control; Diamond 2013).4 The null result of BQB
might be because of the fact that cognitive reflection is
an imperfect proxy of cognitive ability with correla-
tion coefficients around 0.30 (see, e.g., Toplak et al.
2011, Corgnet et al. 2018a). Our primary measure of
cognitive ability is thus fluid intelligence.

In contrast to theory of mind, we do not have an a
priori reason to expect that the way information is dis-
played will influence the effect of standard cognitive
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skills on forecasting performance. This leads to
Hypothesis 2.

Hypothesis 2 (Cognitive Ability and Forecasting

Performance).
Cognitive ability will enhance forecasting performance

when mispricing is low but will not affect forecasting per-
formance when mispricing is high.

2.3. Manipulativeness
The finance literature has generally ignored personali-
ty traits despite recent work showing their relevance
in explaining individual economic success (see Bor-
ghans et al. 2008; Barrick and Mount 2009; Almlund
et al. 2011; Heckman and Kautz 2012; Corgnet et al.
2015, 2020b). The experimental economics literature
has also shown correlations between personality traits
and strategic sophistication. For example, Gill and
Prowse (2016) show that agreeable and emotionally
stable people tend to be more strategically sophisticat-
ed in beauty contest games and play strategies closer
to the Nash equilibrium.

Only a few papers have studied the impact of per-
sonality traits on traders’ earnings and strategies in
experimental markets. One such study, Biais et al.
(2005), shows that self-monitoring explains traders’
performance.5 More specifically, Biais et al. (2005, p.
298) claim that people who score high on self-
monitoring “may assume that other market partici-
pants are also behaving strategically and trying to ma-
nipulate the market as they do. Accordingly, high
self-monitors should be less likely to take market pri-
ces at face value and will reason about the signals and
strategies that generated them.” Even when traders
are not explicitly incentivized to manipulate prices (as
in Hanson et al. 2006, Deck et al. 2013), they can place
orders that contradict their private information so as
to distort prices and thus, trade advantageously (Biais
et al. 2005). Self-monitoring skills should be especially
critical in markets in which mispricing is high and at-
tempts to distort prices are likely to be successful. By
definition, markets with low mispricing have not ex-
perienced successful manipulation attempts, and as
such, self-monitoring is unlikely to help forecasters.
By contrast with theory of mind and standard cogni-
tive skills, self-monitoring will lead traders to down-
play the role of prices as valuable signals of the true
asset value. Traders who are high in self-monitoring
will thus be more manipulative and more likely to
perceive other traders as trying to manipulate market
prices (Biais et al. 2005). Following the original work
of Snyder and Gangestad (1986), self-monitoring has
been explicitly integrated in personality theory thanks
to the development of the HEXACO scale (Lee and
Ashton 2004), which includes honesty as the sixth fun-
damental trait of personality in addition to the big

five (see, e.g., John et al. 1991). Also, the honesty trait
includes a facet of personality that assesses whether a
person is manipulative or not. Manipulativeness is
measured with items, such as “I would pretend to like
someone just to get that person to do favors for me,”
which are very closely related to the self-monitoring
items, such as “I may deceive people by being friendly
when I really dislike them.” These two scales are both
conceptually similar and empirically correlated
(Tseëlon 1992, Grieve 2011). Because the self-
monitoring scale was not developed within a theory
of personality, it is not orthogonal to the five funda-
mental traits of personality. In particular, self-
monitoring scores correlate with extraversion (see
Furnham 1989, Osborn et al. 1998). Because of these
psychometric concerns, we measure manipulativeness
and extraversion separately using the HEXACO scale
instead of the self-monitoring scale.

Finally, like cognitive skills, we have no a priori rea-
son to believe that the manner in which information is
presented will interact with manipulativeness.

Hypothesis 3 (Manipulativeness and Forecasting

Performance).
Manipulativeness will enhance forecasting performance

when mispricing is high but will not affect forecasting per-
formance when mispricing is low.

3. Experimental Design
We test the mechanisms identified in the previous sec-
tion in a laboratory setting in which we can manipu-
late mispricing levels in markets and the graphical
display of information available to forecasters. The ex-
periment was conducted in three phases: instructions,
forecasting task, and questionnaire.

3.1. Instruction Phase
The full set of instructions is available in the supple-
mentary material. The participants were recruited
from a pool of individuals who had previously traded
in the same type of experimental asset markets used
in the forecasting task. These previous markets fol-
lowed the design of Plott and Sunder (1982, 1988).6 In
phase 1, the participants were reminded that they had
previously participated in a market experiment in
which a single asset was traded for five minutes. This
asset paid a liquidating dividend of either 50, 240, or
490 at the end of the market period with probabilities
commonly known among the 12 traders in the market
(these parameters are originally from Plott and Sun-
der 1988). Private signals of the form “Not 50,” “Not
240,” and “Not 490” were available to the traders in
these markets. In Plott and Sunder (1982)-style mar-
kets, some traders were fully informed, meaning they
were given two of these signals at the beginning of the
period so that they knew the true asset value with
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certainty. The other traders were uninformed in that
they did not receive private signals. In Plott and
Sunder (1988)-style markets, all traders were partially in-
formed, meaning that each received exactly one private
signal; however, half received one signal, and the other
half received the other possible signal. Thus, in aggre-
gate, the participants had complete information.

Participants were given a reminder of how the
double-auction trading market worked as well as the
basic private signal and asset value structures. They
completed two unpaid practice markets lasting five
minutes. In the first practice market, participants were
informed that all traders would be partially informed.
In the second practice market, they were informed
that one-half of the traders would be fully informed. As
in the historic markets, these markets were conducted
with groups of 12 participants. At the conclusion of
the second practice market, participants were in-
formed that they would be shown past experimental
sessions and be asked to make inferences about what
they observed. An incentivized three-question com-
prehension quiz was then administered ($0.50 per cor-
rect answer). Upon completion of the quiz, a monitor
read the solutions to the participants and publicly an-
swered any questions.

3.2. Forecasting Task
In phase 2, participants were placed in the role of a
forecaster observing data from a previous financial
market experiment (market data taken from Corgnet
et al. 2018a, 2020a).7 The forecasters’ main task was to
predict the true value of the asset being traded in the
observed markets.

Of the available data from Corgnet et al. (2018a,
2020a), 12 sessions were randomly selected: 4 (of 10)
of the sessions in which there were 12 partially in-
formed traders, 4 (of 10) of the sessions in which there
were 6 fully informed traders, and 4 (of 5) of the ses-
sions in which there were only 2 fully informed trad-
ers.8 Five market periods were then randomly drawn
from each of these sessions. These five market periods
from a single historic session were grouped together
and treated as a single “block.” The ordering of the
blocks (five periods from a historic session) and the
ordering of the markets within a block were random-
ized for each participant. That is, each participant ob-
served a (different) random sequence of the 12 historic
sessions listed. Moreover, each participant observed a
(different) random sequence of the five markets with-
in each historic session. That said, all participants ob-
served data from the same 60 market periods. This
randomization enables us to identify if forecasting
performance improves with the forecaster's overall ex-
perience, the forecaster’s experience with a given set
of traders, or the experience of the traders in the mar-
ket being observed.

Participants forecast the true asset value for each
market they observed by assigning a probability,
Probv, to each of the three possible asset values:
v ∈ V :� 50, 240, 490{ }.9 Upon conclusion of a block,
participants were asked to forecast two additional
characteristics of the original session from which the
five (just observed) markets were drawn. First, partici-
pants assigned probabilities to each of the three possi-
ble information structures: 12 partially informed, 6 fully
informed, and 2 fully informed. Second, participants as-
signed probabilities to the number of participants in
the original session who had high cognitive reflection
test (CRT) scores (Frederick 2005).10 In addition to al-
lowing us to examine forecasters’ beliefs about the
cognitive sophistication of the group of traders they
just observed, this served to reinforce to the forecaster
that each block of five markets was from a distinct
group of traders.

A quadratic scoring rule was used for each elicited
belief (60 forecasts of true asset value, 12 forecasts of
information structure, and 12 forecasts of CRT level).
The payment per question was determined via the fol-
lowing equation:

1

2
1 + 2 × Probcorrect −

∑

v∈V

Prob2v

[ ]

,

where Probcorrect is the probability the forecaster as-
signed to the true asset value. Thus, the payment per
question could range between $0.00 for a guess that
placed all probability on an incorrect value and $1.00
for a guess that placed all probability on the correct
value, whereas placing equal weight on all values
would result in a payoff of $0.67.11 Participants were
informed of the correct answer after submitting a fore-
cast. Thus, they received immediate feedback regard-
ing the accuracy of their forecast.

3.3. Questionnaire
In phase 3, participants completed a series of six sur-
veys: (1) Heider–Simmel test, (2) cognitive ability test,
(3) bomb risk elicitation task (BRET), (4) eye-gaze test,
(5) HEXACO personality test, and (6) demographic
questions.

The HS test is commonly used to assess theory of
mind skills related to pattern recognition (Bossaerts
et al. 2019). It was operationalized in a manner similar
to BQB. Participants watched a video in five-second
intervals of three geometric objects: a circle and two
triangles. After each interval, the video was paused
for 10 seconds, and participants were asked to forecast
whether, after the next 5-second interval, the large tri-
angle was going to be closer to, farther from, or at the
same distance from the small triangle. Participants
were paid $1 for each correct answer and incurred a
$0.25 penalty for not responding within the 10 seconds.
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Participants made a maximum of 14 guesses in this
task. Our measure of theory of mind skill (HS score) is
the number of correct responses the participant makes
on this task.

The cognitive ability test was adapted from Civelli
and Deck (2018). In this test, participants were shown
a three-by-three table of images, with the image in the
lower right corner missing. Participants were asked to
select the image (from a given set of images) that logi-
cally completes the sequence similarly to the Raven
(1936) test.12 Participants were given six minutes to
answer 12 such questions. Each correct answer was
worth $0.50. Our measure of cognitive ability is the
number of correct responses the participant makes on
this task.

The BRET is adapted from Crosetto and Filippin
(2013).13 In this test, participants were shown a seven-
by-seven square grid of boxes. A bomb was randomly
placed behind 1 of the 49 boxes. Participants were
instructed to select a number between 1 and 49, indi-
cating the number of boxes they wished to collect (col-
lection occurred left to right and then top to bottom).
If the bomb was behind one of the collected boxes,
then the participant earned $0.00 for this task. If the
bomb was not behind one of the collected boxes, then
the participant earned $0.10 for each collected box.
Participants were given two minutes to complete this
task. Even though we do not have a specific hypothe-
sis regarding the effect of risk attitudes on forecasting
performance, we included it as a control. Risk atti-
tudes have been shown to relate to financial behavior
in experimental markets, accounting for lower bids on
risky assets (e.g., Fellner and Maciejovsky 2007, Brea-
ban and Noussair 2015). Our measure of risk attitudes
is based on the number of boxes selected by the partic-
ipant. Rather than using the raw number, we rely on
the implied level of relative risk aversion because this
is a more standard measure and a nonlinear transfor-
mation of the number of boxes selected.14

The eye-gaze test is adapted from Baron-Cohen et al.
(1997) and is another task commonly used to assess the-
ory of mind skills. Participants were shown sets of eyes
and instructed to select the word (from a list of four)
that best described what the person in the image was
thinking or feeling. Participants were given six minutes
to complete this task, which was not incentivized.15 We
collected this additional theory of mind skills measure
following BQB. However, as it is not a measure of pat-
tern recognition, we do not expect that this aspect of the-
ory of mind would affect forecasting performance, al-
though BQB do report that it has some influence.
Because this is not our main measure of theory of mind
skills, we only collected the short version of the test that
uses 10 instead of 36 questions (Olderbak et al. 2015).
The eye-gaze test analysis is exploratory and relegated
to the appendix (see Section A.4 in the appendix).

The HEXACO personality test asks participants to
decide on a scale of one (strongly disagree) to five
(strongly agree) how much they agreed with each of
several statements.16 This survey assesses six major
dimensions of personality (honesty-humility, emo-
tionality, extraversion, agreeableness, conscientious-
ness, and openness to experience). Participants were
given 10 minutes to complete the 60 questions. Al-
though the literature does not suggest any hypotheses
regarding the predictive power for personality traits
beyond the manipulativeness facet, we decided to
measure all traits. This is motivated by the methodo-
logical concern of conducting the HEXACO test in its
standard form rather than isolating a subset of
questions.

Demographic questions consisted of the following
three items. (1) What is your gender? (2) Do you regu-
larly look at stock prices? (3) In what school are you
enrolled?

3.4. Treatments
The design exogenously manipulates the level of mis-
pricing by altering the structure of information, which
we analyze within subject. It also varies the graphical
display of information presented to forecasters, which
we analyze between subject. With either 31 or 32 fore-
casters per graphical display each making 20 forecasts
for each of three information structures, we observe a
total of 7,500 forecasts for an average of 625 forecasts
per combination of graphical display and information
structure.

3.4.1. Mispricing. To assess mispricing in a market,
we calculate the mean absolute deviation (MAD) of
market prices and the true asset value. Mispricing
was exogenously manipulated in each experimental
session by having participants make forecasts under
three possible information structures: 12 partially in-
formed, 6 fully informed, and 2 fully informed. Corgnet
et al. (2020a) show that prices typically track funda-
mentals in markets where insiders are one-half of the
traders (six fully informed). In contrast, mispricing is of-
ten high in the 12 partially informed and 2 fully informed
markets.17 Using markets with different information
structures assures considerable heterogeneity of MAD
across all markets. In the subsequent analysis, we con-
duct a median split of the randomly selected markets
based on MAD to identify low- and high-mispricing
markets. The average MAD in the low-mispricing
markets is 47.89, whereas the average MAD in the
high-mispricing markets is 211.85. At a conceptual
level, we are distinguishing between low and high
levels of mispricing as reflecting cases in which pri-
vate information is either successfully incorporated
into prices or not. Thus, markets with low MAD
are ones in which the rational expectations model

Corgnet et al.: Forecasting Skills in Experimental Markets: Illusion or Reality?
6 Management Science, Articles in Advance, pp. 1–17, © 2021 INFORMS



forecasts prices relatively well, whereas markets with
high MAD are ones in which the rational expectations
model does not forecast prices well.

3.4.2. Graphical Display. The second design dimen-
sion corresponds to the nature of the graphical display
shown to the forecasters. Although forecasters were
always shown a time series of market prices in a chart,
there were four variations based upon combinations
of two distinct features (see Figures S1–S4 in the sup-
plementary material). The order book, which contains
bids and asks (see Offers to Sell and Offers to Buy on
the right side of Figure S1 in the supplementary mate-
rial), was either visible or not visible. Further, the
market charts were displayed either statically or dy-
namically. When the display was dynamic, the partici-
pants observed a time-compressed 30-second video
replay of the market that originally lasted for five mi-
nutes. In these videos, transactions appeared sequen-
tially over the 30-second window. When the display
was static, for 30 seconds the participants were shown
the final image from the market replay video. Al-
though forecasters could assign probabilities for each
possible true asset value at any point during the
30-second observation window, they could not submit
the probabilities until the 30 seconds had elapsed.

In total, we had four different graphical displays.
We refer to the case where the image was static and
the order book was not displayed as the Basic Graphi-
cal Display. This was the treatment in which the least
amount of information was displayed. Extensive
Graphical Display was dynamic and displayed an up-
dated order book throughout the replay, and thus, it
was the treatment in which the most information was
graphically displayed. We refer to the case where the
image was dynamic and the order book was not dis-
played and the case in which the image was static and
the closing order book was displayed jointly as the In-
termediate Graphical Display. These two cases provided
more graphical information than the Basic Graphical
Display and less than the Extensive Graphical Display. A
priori, we cannot hypothesize whether the graphical
information about the book or the dynamic display of
transaction prices would matter the most in explain-
ing the impact of theory of mind skills on forecasting
performance. Yet, we conducted two treatments at the
Intermediate Graphical Display in order to implement a
full two-by-two factorial design. In addition, this al-
lowed us to test, a posteriori, whether these two inter-
mediate levels differ in explaining the effect of theory
of mind skills on forecasting performance.18

3.5. Procedures
A total of 125 participants completed this study in six
sessions. The average earnings of the participants
were $49.85.19 This includes average payments of

$0.66 for the comprehension quiz in phase 1, $33.95
for phase 2 (forecasting task), and $8.24 for phase 3
(questionnaire).20 In addition, participants were given
a $7 participation payment for the two-hour study.

Each experimental session was conducted with ei-
ther 12 or 24 participants, and each participant was
randomly assigned to one of the four graphical dis-
play formats.21 This ensures that the observations are
balanced across treatments, and it reduces any impact
of session effects on treatment effects.

4. Results
We start by providing Table 1, which provides a cor-
relation matrix for our main predictors of forecasting
performance: theory of mind skills (as measured with
HS), cognitive ability, and manipulativeness.

To the best of our knowledge, correlations between
these variables have not been previously reported in
the literature. We find it interesting that there is no
substantial correlation between these factors. Further,
we do not observe significant correlation between
gender and any of the characteristics listed in Table 1
(i.e., no p-values < 0.10). Our measure of risk aversion
is marginally correlated with cognitive ability (corre-
lation coefficient � −0.160 with p-value � 0.074), al-
though it is not significantly correlated with manipu-
lativeness, HS, or gender. As a result, these variables
can be used simultaneously in our analysis without
introducing collinearity issues.22 We also note that the
mean score for each of the three characteristics listed
in Table 1 did not differ across graphical display lev-
els, which is the only dimension of the experimental
design that was administered between subjects.23

To examine the effects of individual characteristics,
we define the Price Forecasting Error as the difference
(in absolute terms) between the predicted expected
value of the asset based on the probabilities reported
by the forecaster and the true asset value. We test our
three hypotheses by regressing price forecasting error
against our three predictors: HS, Cognitive Ability, and
Manipulativeness. We use linear panel regressions with
robust standard errors. We control for gender (Male
dummy variable takes the value of one for males and
zero otherwise), the true asset value in the observed
market (True Asset Value is either 50, 240, or 490), and
Risk Aversion. We also include two additional varia-
bles, Original Round and Times Observed. The former
corresponds to the observed market’s round number

Table 1. Correlations (p-Values) Between Individual
Characteristics

HS Cognitive ability

Cognitive ability −0.039 (0.663)
Manipulativeness −0.034 (0.707) 0.159 (0.077)
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(1–17) within the original session and thus, is a mea-
sure of the experience of the traders in the market that
is being observed. The latter indicates how many
times the forecaster has observed that specific group
of traders (one through five). These variables are in-
cluded because forecasters might perform better
when using market data generated by groups of trad-
ers who have been together longer and forecasters’
predictions might improve after they have familiar-
ized themselves with a specific group of traders. We
also utilize session and time fixed effects. The former
are included to account for any effect that might be
session specific such as the time of day or the check-in
process, whereas the latter are included to control for
learning as forecasters’ predictions might improve
over time. We also include random effects for
participants.24

Our hypotheses suggest that each of the three main
characteristics interacts with the level of mispricing in
the market. So, we interact each variable with the High
Mispricing dummy variable, which takes the value of
one if the MAD value of the observed market is great-
er than the median MAD value across all 60 historical
markets and takes the value of zero otherwise. Hy-
pothesis 1 further suggests that the effect of theory of
mind skills depends on the manner in which informa-
tion is presented graphically. Thus, we also include in-
teractions of the HS and High Mispricing with dummy
variables for Intermediate Graphical Display and Exten-
sive Graphical Display. Results from this regression are
presented in Table 2. Because the dependent variable
is an error, negative coefficients indicate marginal im-
provements in forecasting performance.

Before assessing our hypotheses, we note that, if the
regression reported in Table 2 is repeated without any
interaction terms, the coefficient on HS is negative
and significant (p-value � 0.032) indicating that, in ag-
gregate, theory of mind skills enhance forecasting per-
formance. Further, the coefficient on Cognitive Ability
is found to be negative and marginally significant (p-
value � 0.0996), whereas the coefficient on Manipula-
tiveness is found to be insignificant (p-value � 0.470).
These results are available in Table A.1 in the appen-
dix.25 However, our hypotheses suggest that such an
approach to evaluating the importance of these char-
acteristics is incomplete. Thus, we test our three hy-
potheses and present the findings in a series of results.

In line with Hypothesis 1, we show that theory of
mind has explanatory power for forecasting perfor-
mance that interacts with mispricing levels and the
graphical display. In addition, cognitive ability and
manipulativeness also explain forecasting perfor-
mance as predicted in Hypotheses 2 and 3.

Result 1(a). In line with Hypothesis 1(a), we show
that theory of mind skills (as measured with pattern

recognition) enhance forecasting performance when
mispricing is low and the graphical display of infor-
mation is extensive.

Support. From the statistical tests reported in Table 2,
when mispricing is low, the coefficient for HS score is
not significant (which is the relevant test for Basic
Graphical Display; p-value � 0.129). For Extensive
Graphical Display, the relevant test is HS + HS × Exten-
sive Graphical Display � 0, which is negative and stati-
cally significant (p-value � 0.042). Interestingly, for
Intermediate Graphical Display, the effect of HS when
mispricing is low is HS + HS × Intermediate Graphical
Display, which is negative and significantly different
from zero (p-value � 0.022). Our findings confirm Hy-
pothesis 1(a) and suggest that the graphical display
does not have to be extensive for theory of mind skills
to play a critical role. w

Result 1(b). In line with Hypothesis 1(b), we show
that theory of mind skills (as measured with pattern
recognition) reduce forecasting performance when
mispricing is high and the graphical display is
extensive.

Support. From the statistical tests reported in Table 2,
at the Basic Graphical Display when mispricing is high,
the relevant test for the HS score is HS + HS × High
Mispricing, which is not significant (p-value � 0.172).
However, for Extensive Graphical Display, the test is HS
+ HS × High Mispricing + HS × Extensive Graphical
Display + HS × High Mispricing × Extensive Graphical
Display, which is positive and marginally significant
(p-value � 0.064). For Intermediate Graphical Display,
the effect of HS when mispricing is high is HS + HS ×

High Mispricing + HS × Intermediate Graphical Display
+ HS × High Mispricing × Intermediate Graphical Dis-
play. This test is not significant (p-value � 0.628). Our
findings are consistent with Hypothesis 1(b), suggest-
ing that the graphical display needs to be sufficiently
conducive to recognizing patterns for theory of mind
skills to be detrimental when mispricing is high. w

Result 2. In line with Hypothesis 2, cognitive ability
enhances forecasting performance when mispricing is
low.

Support. Table 2 indicates that the coefficient for
Cognitive Ability is negative and statistically significant
(p-value � 0.038), which is the relevant test when mis-
pricing is low. When mispricing is high, the effect of
cognitive ability is captured by Cognitive Ability + Cog-
nitive Ability × High Mispricing, which is found to not
be statistically different from zero (p-value �

0.815). w

Result 3. Manipulativeness enhances forecasting per-
formance when mispricing is high.
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Support. In line with Hypothesis 3, when mispricing
is high, the effect of manipulativeness is captured by
Manipulativeness + Manipulativeness × High Mispricing,
which is found to be negative and statistically differ-
ent from zero (p-value � 0.011). Table 2 may also indi-
cate that manipulativeness reduces forecasting perfor-
mance when mispricing is low because the coefficient
for Manipulativeness is positive and marginally statisti-
cally significant (p-value � 0.094), which is the rele-
vant test when mispricing is low. w

Although we conduct multiple tests in support of
Results 1–3, each of these tests is based on a priori in-
dependent hypotheses. Because we expect each of
these tests to be significant, we are not in a case in
which we expect an unspecified number of tests with-
in a large subset to be significant. Still, one can apply a
Holm–Bonferroni correction (Holm 1979) to our four
main statistical tests: HS + HS × Extensive Graphical
Display � 0; HS + HS × High Mispricing + HS × Exten-
sive Graphical Display + HS × High Mispricing ×

Extensive Graphical Display � 0; Cognitive Ability � 0;
and Manipulativeness + Manipulativeness × High Mis-
pricing � 0. Before applying such a correction, we note
that the relationships specified in our hypotheses are
all one sided, whereas the p-values reported in Table 2
and discussed are two sided in keeping with conven-
tion. Thus, we apply the correction to the one-sided p-
values. Although only the test of Manipulativeness +

Manipulativeness × High Mispricing � 0 remains signifi-
cant when applying the Holm–Bonferroni correction
using α � 0.05, all four tests remain significant when
using α � 0.06. We further note that the probability of
all four tests yielding the predicted patterns by chance
if none of the relationships are real is only 6.25 × 10−6.

The regression results in Table 2 also suggest sever-
al other interesting findings. However, we do not re-
port these as formal results because they are not based
on a priori hypotheses and thus, should be viewed as
exploratory. First, males make significantly better
forecasts than females after controlling for the other

Table 2. Analysis of Price Forecasting Error

Price forecasting error

HS −3.557 (2.343)
HS × High Mispricing 0.019 (2.795)
HS × Intermediate Graphical Display −0.910 (3.015)
HS × High Mispricing × Intermediate Graphical Display 3.103 (4.527)
HS × Extensive Graphical Display −2.065 (3.605)
HS × High Mispricing × Extensive Graphical Display 12.134*** (4.693)
Manipulativeness 2.912* (1.739)
Manipulativeness × High Mispricing −8.060*** (2.847)
Cognitive Ability −3.250** (1.566)
Cognitive Ability × High Mispricing 2.891 (2.095)
High Mispricing 138.335*** (2.107)
Male −5.599** (2.496)
Risk Aversion 0.009 (1.462)
Original Round −0.006 (0.189)
Times Observed 1.471 (2.382)
True Asset Value −0.010 (0.007)
Constant 56.334*** (8.685)
Observations 7,494
Significance of Wald Tests on coefficientsa

HS + HS × Extensive Graphical Display� 0 0.042
HS + HS × Intermediate Graphical Display � 0 0.022
HS + HS × High Mispricing � 0 0.172
HS + HS × High Mispricing + HS × Extensive Graphical Display +

HS × High Mispricing × Extensive Graphical Display � 0
0.064

HS + HS × High Mispricing + HS × Intermediate Graphical Display
+ HS × High Mispricing × Intermediate Graphical Display � 0

0.628

Cognitive Ability + Cognitive Ability × High Mispricing � 0 0.815
Manipulativeness + Manipulativeness × High Mispricing � 0 0.011

Notes. Robust standard errors in parentheses with session and time fixed effects are included as well as random
effects for each participant. The Heider–Simmel (HS), Manipulativeness, and Cognitive Ability variables correspond
to participants’ standardized scores on each of these tests. The number of observations is equal to the number of
forecasters (125) multiplied by the number of forecasts (60) made by each individual. Six observations were lost
because of a computer error. For space considerations, we do not report the time and session fixed effect estimates.

aTo assess the impact and significance of the interaction terms, we present results from Wald tests of
coefficient equality. p-values are reported.

*Significance at the 0.1 level using the two-tailed test; **Significance at the 0.05 level using the two-tailed test;
***significance at the 0.01 level using the two-tailed test.
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characteristics considered. Second, risk attitudes do
not appear to affect forecasting performance. Finally,
experience does not appear to improve performance.
This is true for the trader’s experience (coefficient on
Original Round is not statistically different from zero),
the experience of the forecaster with the traders (coeffi-
cient on Times Observed is not statically different from
zero), and the overall experience of the forecaster.26

Although we do not have any hypotheses regarding
the interaction of the graphical display with either
cognitive ability or manipulativeness, for complete-
ness we also consider a specification with those
interaction terms included and allowed to vary with
mispricing. The results of that specification are pre-
sented in Table A.1 in the appendix. In the full specifi-
cation, the coefficients are qualitatively similar to
those shown in Table 2. Further, the p-value for the F
test that all interaction terms involving cognitive abili-
ty or manipulativeness and the graphical display in
the full specification are jointly zero is 0.384.

5. Discussion
This paper reports the results of an experiment in
which participants observe asset markets from prior
experiments and forecast the underlying fundamental
value of the asset being traded. In addition to the fore-
casting task, we use standard tests to measure the
forecasters’ theory of mind skills, cognitive ability,
and personality traits.

Our behavioral results identify that certain character-
istics enhance forecasting ability and thus, that forecast-
ing success is not simply luck. Our research design lays
out and tests precise mechanisms, relating to the level
of mispricing in the market and the graphical display of
information, through which each set of skills operates.
This allows us to shed light on previous literature re-
sults, such as the apparent contradictory effect of theory
of mind skills in different market contexts.

In particular, we have shown that manipulativeness
enhances forecasting performance when markets exhibit
higher levels of mispricing, whereas cognitive ability
does not. However, when mispricing in the market is
low, the opposite pattern emerges as cognitive ability is
beneficial and manipulativeness is not. These findings
suggest that manipulative traders might perform relative-
ly well in markets with high levels of mispricing in com-
parison with those who are not manipulative. If this was
the case, then markets with high levels of mispricing may
be more likely to be populated by manipulative traders
and covered by manipulative analysts, thus reducing fur-
ther the informational efficiency of these markets. By con-
trast, because those with high cognitive ability perform
relatively better than those with low cognitive ability
when mispricing is low, these markets may be more like-
ly to be populated by high-cognitive ability traders and

covered by similar analysts, which would enhance the in-
formational efficiency of these markets.

We have also shown the effect of theory of mind
skills to be more nuanced than those of manipulative-
ness and cognitive ability. That is, theory of mind skills
hinder forecasting performance when mispricing is
high and the graphical display of market activity is ex-
tensive. However, when market mispricing is low and
the graphical display of market activity is extensive,
theory of minds skills enhance forecasting performance.
These findings help to reconcile previous results in the
literature showing that theory of mind skills can be
both beneficial and detrimental (Bruguier et al. 2010,
Martino et al. 2013, Corgnet et al. 2018a, Hefti et al.
2018). Our findings corroborate the informal conjecture
in BQB that the graphical display of market information
is critical in understanding the impact of theory of
mind skills on forecasting performance. Specifically, we
identify an interaction effect between the level of mis-
pricing and the graphical display of market informa-
tion. Even though our results indicate that forecasting
skill is not illusory, more research is needed in this area
to identify other skills that provide a real benefit for
forecasters. Further, more research as to how the fea-
tures of the environment impact the relevance of indi-
vidual skills for forecasting success is warranted. We
hope that this paper helps to spark that effort.
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Appendix. Additional Analyses
This appendix provides additional analysis. Section A.1
augments the analysis in the main text by examining the
interactions of graphical display with cognitive ability and
manipulativeness. Section A.2 reconducts the analyses in
the main text using closing prices to compute MAD. Sec-
tion A.3 evaluates how well participants forecast other as-
pects of the markets they have been observing. Section
A.4 contrasts the eye-gaze test for theory of mind with the
Heider–Simmel test for theory of mind.

A.1. Interaction of Graphical Display with Cognitive

Ability and Manipulativeness
Table A.1 reports two sets of regression results similar to
Table 2. Specification (1) identifies the main effect of each
of the three characteristics of interest. Specification (2) in-
cludes all interaction terms between Graphical Display and
Cognitive Ability as well as between Graphical Display and
Manipulativeness. The Wald test that every term included
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in specification (2) of Table A.2 but not Table 2 is jointly
zero has a p-value of 0.384. This suggests that either the
effects of intelligence and manipulativeness do not de-
pend upon how the information is presented or those ef-
fects are too small for us to identify given our sample
size.

A.2. Analysis Based upon Closing Prices and
Not-240 Instead of High Mispricing

Table A.2 replicates the analysis in Table 2 with MAD
based upon the last three transactions in a market period.
Additionally, the second and third columns of Table A.2
report the results of a similar analysis restricted to mar-
kets where the true asset value is 240 and to markets
where the true asset value is 50 or 490, respectively, as
mispricing tends to be lower in markets where the true
asset value is 240. When the true asset value is 240 (not
240), 95.83% (77.78%) of the markets are classified as low-
mispricing (high-mispricing) markets. Table A.3 replicates
the analysis in Table 2 with the High Mispricing dummy

variable replaced by the Not-240 dummy variable, which
takes the value of one if the true asset value in a market
is not 240.

A.3. Predictions of CRT Composition of Markets

and Distribution of Private Information
After observing a block of five markets and making

forecasts of each market’s true asset value, forecasters
were then asked two questions regarding the block of
markets. These questions were intended to give partici-
pants a break during the experiment and to make it clear
they were transitioning from one block of past markets to
the next. Forecasters were asked to predict the number of
traders who correctly answered at least four of seven CRT
questions correctly. Forecasters assigned weights to the
following categories: 0–3 people answered at least four
questions correctly, 4–8 people answered at least four
questions correctly, and 9–12 people answered at least
four questions correctly. Forecasters were also asked to
guess the correct structure of private information in the

Table A.1. Analysis of Price Forecasting Error with Additional Interaction Terms

Price forecasting error

(1) (2)

HS −2.482** (1.156) −3.514 (2.228)
HS × High Mispricing 0.263 (2.542)
HS × Intermediate Graphical Display −1.002 (2.945)
HS × High Mispricing × Intermediate Graphical Display 2.817 (4.255)
HS × Extensive Graphical Display −1.849 (3.390)
HS × High Mispricing × Extensive Graphical Display 11.764*** (4.199)
Manipulativeness −0.886 (1.227) 2.997 (3.784)
Manipulativeness × High Mispricing −5.656 (5.538)
Manipulativeness × Intermediate Graphical Display 1.418 (4.304)
Manipulativeness × High Mispricing × Intermediate Graphical Display −4.805 (6.972)
Manipulativeness × Extensive Graphical Display −3.363 (4.911)
Manipulativeness × High Mispricing × Extensive Graphical Display 0.197 (6.741)
Cognitive Ability −1.853* (1.125) −1.295 (3.992)
Cognitive Ability × High Mispricing 0.487 (4.379)
Cognitive Ability × Intermediate Graphical Display −3.010 (4.497)
Cognitive Ability × High Mispricing × Intermediate Graphical Display 0.776 (5.406)
Cognitive Ability × Extensive Graphical Display −1.604 (4.817)
Cognitive Ability × High Mispricing × Extensive Graphical Display 7.097 (5.306)
High Mispricing 138.003*** (2.248) 138.000*** (2.070)
Male −5.332** (2.546) −5.671** (2.481)
Risk Aversion −0.051 (1.441) −0.064 (1.416)
Original Round −0.007 (0.189) −0.005 (0.190)
Times Observed 1.331 (2.395) 1.544 (2.393)
True Asset Value −0.010 (0.007) −0.0104 (0.007)
Constant 56.63*** (8.737) 56.562*** (8.670)
Observations 7,494 7,494
Significance of joint test that certain coefficients equal zeroa 0.384

Notes. Robust standard errors are in parentheses with session and time fixed effects included as well as random effects for each participant. The
Heider–Simmel (HS),Manipulativeness, and Cognitive Ability variables correspond to participants’ standardized scores on each of these tests. The
number of observations is equal to the number of forecasters (125) multiplied by the number of forecasts (60) made by each individual. Six
observations were lost because of a computer error. For space considerations, we do not report the time and session fixed effect estimates.

aWe use a Wald test to jointly test that the following variables equal zero: Cognitive Ability × Intermediate Graphical Display, Cognitive Ability ×
Extensive Graphical Display, Cognitive Ability × High Mispricing × Intermediate Graphical Display, Cognitive Ability × High Mispricing × Extensive
Graphical Display, Manipulativeness × Intermediate Graphical Display, Manipulativeness × Extensive Graphical Display, Manipulativeness × High
Mispricing × Intermediate Graphical Display, andManipulativeness ×High Mispricing × Extensive Graphical Display. p-values are reported.

**Significance at the 0.1 level using the two-tailed test; **significance at the 0.05 level using the two-tailed test; ***significance at the 0.01 level
using the two-tailed test.
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five markets' observed block by assigning weights to 12
partially informed, 2 fully informed, and 6 fully informed. In
total, forecasters made 12 guesses for each of these ques-
tions. Because these predictions are for categorical varia-
bles, we cannot rely on forecasting error as we did for
asset value. Therefore, for each forecaster we calculate the
average of the weights assigned to the correct number of
high-CRT participants and the private information struc-
ture, respectively. We use ordinary least squares (OLS) re-
gressions where these variables, Average Weight on Correct

Information Structure and Average Weight on Correct CRT
Category, are regressed against our primary measures of
interest: Heider–Simmel (HS), Cognitive Ability, and Manip-
ulativeness. We also control for the graphical display, gen-
der, and level of risk aversion (via an estimated CRRA
parameter).
The regression analysis presented in Table A.4 indicates

that theory of mind as measured by the Heider–Simmel
test helps forecasters identify the information structure of
the market being observed. None of the considered

Table A.2. Analysis of Price Forecasting Error Based on Closing Prices

Price forecasting error: All
Price forecasting error:

True value � 240
Price forecasting error:
True value � 50 or 490

HS −4.831* (2.585) −3.176 (2.605) −9.178* (5.053)
HS × High Mispricing 2.688 (2.627) −3.490 (9.336) 6.715* (3.675)
HS × Intermediate Graphical Display 0.494 (3.169) 1.680 (4.098) 0.182 (7.716)
HS × High Mispricing × Intermediate

Graphical Display
0.166 (3.843) 2.971 (10.37) 0.374 (5.939)

HS × Extensive Graphical Display −0.148 (4.248) −2.825 (4.198) 8.194 (10.28)
HS × High Mispricing × Extensive

Graphical Display
8.109* (4.712) 4.687 (11.03) 0.860 (8.878)

Manipulativeness 1.522 (1.808) 3.488 (2.195) −2.020 (3.506)
Manipulativeness × High Mispricing −5.160* (2.653) 4.300 (3.894) −3.326 (3.373)
Cognitive Ability −3.907** (1.694) −2.930 (2.024) −5.267 (4.499)
Cognitive Ability × High Mispricing 4.209** (2.092) 0.920 (3.769) 5.950 (4.047)
High Mispricing 134.4*** (1.894) 15.30*** (3.734) 143.4*** (3.296)
Male −5.571** (2.500) −0.872 (4.163) −8.293* (4.372)
Risk Aversion 0.0367 (1.466) 0.998 (3.494) −0.429 (2.857)
Original Round 0.957*** (0.189) −1.144*** (0.287) −1.781*** (0.238)
Times Observed 1.089 (2.470) 9.677*** (2.912) −3.277 (3.065)
True Asset Valuea 0.0222*** (0.00740) — 0.0265*** (0.00732)
Constant 39.73*** (9.273) 18.192* (9.715) 93.15*** (12.00)
Observations 7,494 2,996 4,498
Significance of Wald Tests on

coefficientsb

HS + HS × Extensive Graphical
Display� 0

0.138 0.082 0.913

HS + HS × Intermediate Graphical
Display � 0

0.019 0.631 0.116

HS + HS × High Mispricing � 0 0.336 0.457 0.397
HS + HS × High Mispricing + HS ×

Extensive Graphical Display + HS ×

High Mispricing × Extensive
Graphical Display � 0

0.049 0.422 0.065

HS + HS × High Mispricing + HS ×

Intermediate Graphical Display + HS
× High Mispricing × Intermediate
Graphical Display � 0

0.535 0.745 0.503

Cognitive Ability + Cognitive Ability ×

High Mispricing � 0
0.828 0.628 0.700

Manipulativeness + Manipulativeness ×
High Mispricing � 0

0.046 0.063 0.010

Notes. Robust standard errors are in parentheses with session and time fixed effects included as well as random effects for each participant. The
Heider–Simmel (HS),Manipulativeness, and Cognitive Ability variables correspond to participants’ standardized scores on each of these tests. The
number of observations is equal to the number of forecasters (125) multiplied by the number of forecasts (60) made by each individual. Six
observations were lost because of a computer error. For space considerations, we do not report the time and session fixed effect estimates. If a
market period had fewer than three transactions, then all of the transactions are used in the calculation of theMAD.

aBecause the second specification only includes data from a single true asset value (240), the True Asset Value term is omitted.
bTo assess the impact and significance of the interaction terms, we present results fromWald tests of coefficient equality. p-values are reported.
*Significance at the 0.1 level using the two-tailed test; **significance at the 0.05 level using the two-tailed test; ***significance at the 0.01 level

using the two-tailed test.

Corgnet et al.: Forecasting Skills in Experimental Markets: Illusion or Reality?
12 Management Science, Articles in Advance, pp. 1–17, © 2021 INFORMS



characteristics help forecasters predict the number of par-
ticipants in the market who had high CRT scores.

A.4. Comparisons of Eye Gaze and HS
Theory of mind is a broad concept referring to one’s ability

to understand what others are thinking. As such, there are
multiple ways that it can be measured that may be relevant
to forecasting performance. The HS test involves recognizing

intention behind relative movement and as such, should mat-
ter when interpreting market trends (see, for example, BQB).
By contrast, the eye-gaze test (Baron-Cohen et al. 1997) in-
volves identifying emotions from pictures of people’s eyes,
and as such, it is less clear why that skill would be beneficial
for interpreting market data. However, as both are identified
as measures of theory of mind, we examine the relationship
between these two measures for our participants. Olderbak

Table A.3. Analysis of Price Forecasting Using Not-240 Instead of High Mispricing (the Not-240 Dummy Variable Takes the
Value of One if the True Asset Value in a Market Is Not 240)

Price forecasting error

HS −3.263 (2.681)
HS × Not-240 −0.458 (4.329)
HS × Intermediate Graphical Display 0.926 (4.064)
HS × Not-240 × Intermediate Graphical Display −0.597 (7.119)
HS × Extensive Graphical Display −3.425 (4.248)
HS × Not-240 × Extensive Graphical Display 12.040* (7.296)
Manipulativeness 3.655* (2.210)
Manipulativeness × Not-240 −7.728** (3.514)
Cognitive Ability −3.354* (1.938)
Cognitive Ability × Not-240 2.512 (3.339)
Not-240 113.450*** (3.119)
Male −5.611** (2.498)
Risk Aversion 0.042 (1.467)
Original Round −1.627*** (0.174)
Times Observed 0.098 (2.874)
Constant 66.730*** (10.380)
Observations 7,494
Significance of Wald Tests on coefficientsa

HS + HS × Extensive Graphical Display � 0 0.045
HS + HS × Intermediate Graphical Display � 0 0.454
HS + HS × Not-240 � 0 0.229
HS + HS × Not-240 + HS × Extensive Graphical Display + HS × Not-240 × Extensive Graphical Display � 0 0.242
HS + HS × Not-240 + HS × Intermediate Graphical Display + HS × Not-240 × Intermediate Graphical Display � 0 0.292
Cognitive Ability + Cognitive Ability × Not-240 � 0 0.679
Manipulativeness + Manipulativeness × Not-240 � 0 0.048

Notes. Robust standard errors are in parentheses with session and time fixed effects included as well as random effects for each participant. The
Heider–Simmel (HS),Manipulativeness, and Cognitive Ability variables correspond to participants’ standardized scores on each of these tests. The
number of observations is equal to the number of forecasters (125) multiplied by the number of forecasts (60) made by each individual. Six
observations were lost because of a computer error. For space considerations, we do not report the time and session fixed effect estimates.

aTo assess the impact and significance of the interaction terms, we present results fromWald tests of coefficient equality. p-values are reported.
*Significance at the 0.1 level using the two-tailed test; **significance at the 0.05 level using the two-tailed test; ***significance at the 0.01 level

using the two-tailed test.

Table A.4. Average Weight Placed on the Correct Information Structure and Number of High-CRT Traders

Average weight on correct information structure Average weight on correct CRT category
(1) (2)

HS 2.127** (0.995) 0.0927 (0.568)
Cognitive Ability −1.211 (1.021) 0.959 (0.583)
Manipulativeness −1.902* (1.003) −0.585 (0.573)
Intermediate Graphical Display 2.309 (2.451) 0.855 (1.399)
Extensive Graphical Display 5.618** (2.829) −2.156 (1.615)
Male 1.442 (2.055) 1.002 (1.173)
Risk Aversion 1.661 (1.442) −0.234 (0.824)
Constant 35.85*** (2.179) 40.22*** (1.244)
Observations 125 125
Adjusted R2 0.076 0.014

Note. Standard errors are in parentheses.
*Significance at the 0.1 level using the two-tailed test; **significance at the 0.05 level using the two-tailed test; ***significance at the 0.01 level

using the two-tailed test.
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et al. (2015) have argued that a 10-question version of the
eye-gaze test is as valid as the 36-question version of Baron-
Cohen et al. (1997). As all of our participants had previously
participated in a study in which the 36-question test had
been applied, we also compare scores on the 10-question test
with prior scores on the 36-question test in order to verify
the robustness of the results of Olderbak et al. (2015). Table
A.5 indicates that the 10- and 36-question versions of the
eye-gaze test provide positively and significantly correlated
information about a respondent’s ability to perceive emo-
tions, although the magnitude of the correlation coefficient is
moderate. Interestingly, respondents’ scores from these eye-
gaze tests are not significantly correlated with their HS
scores. We replicated Table 2, substituting eye-gaze test
scores for Heider–Simmel scores. Let Eye Gaze 10 (Eye Gaze
36) represent the participant’s standardized score (i.e., the
number of correct responses) on the 10-question (36-question)
version of the eye gaze test. Only 1 (Eye Gaze 10 × High Mis-
pricing × Intermediate Graphical Display) of the 12 coefficients
(Eye Gaze Z, Eye Gaze Z × High Mispricing, Eye Gaze Z × In-
termediate Graphical Display, Eye Gaze Z × High Mispricing ×

Intermediate Graphical Display, Eye Gaze Z × Extensive Graphical
Display, and Eye Gaze Z × High Mispricing × Extensive Graphi-
cal Display for Z � 10 or 36) for this alternative measure of
theory mind was significantly different from zero, whereas
the other results remain qualitatively unchanged. That 1 of
12 coefficients turns out to be significant is unsurprising giv-
en the number of exploratory tests. We thus conclude that
Hypothesis 1 does not hold when replacing Heider–Simmel
scores with eye-gaze scores.

Endnotes
1 Because previous research (e.g., Bruguier et al. 2010, Corgnet et al.
2018a, Hefti et al. 2018) has also elicited the emotional dimension of
social intelligence using the eye-gaze test (Baron-Cohen et al. 1997)
as a predictor of forecasting and trading performance in experimen-
tal markets, we also collected this measure.
2 Similar results are found by Hefti et al. (2018) using the canonical de-
sign of Smith et al. (1988) for exploring price bubbles in asset markets.
3 High-IQ people have also been shown to induce greater truthful
revelation in second price auctions (Lee et al. 2020).
4 Although cognitive reflection scores correlate positively with IQ
scores, both constructs are distinct because they relate to different

executive functions. IQ can be seen as a measure of working memo-
ry, whereas cognitive reflection relates to inhibitory control (Stano-
vich 2011, 2016).
5 Snyder and Gangestad (1986) refer to self-monitoring as a stable
personality trait, which is defined as one’s inclination to attend so-
cial cues.
6 We recruited participants who were experienced in trading to en-
sure they would understand the financial environment in which
they had to make forecasts.

7 Because of a recruitment error, 6 of the 125 participants in the cur-

rent study actually participated in those markets. Similar results are
obtained if we drop these participants from the analysis.
8 The parentheses report the number of historic markets of the giv-

en type that were conducted by Corgnet et al. (2018a, 2020a). In

each of these markets, there were a total of 12 traders.
9 In addition to the market activity, forecasters were given the same

commonly known probabilities (35%, 45%, and 20%) as the traders

about the asset being worth 50, 240, or 490.
10 Corgnet et al. (2018a, 2020a) administered a seven-question CRT

survey to participants in the original sessions. Our forecasters were

asked to predict how many of the original traders answered at least

four of the seven CRT questions correctly: 0–4, 5–8, and 9–12. Our

forecasters were provided with the CRT questions prior to making
this prediction. Similar to IQ, CRT is a measure of cognitive sophis-

tication (Oechssler et al. 2009; Hoppe and Kusterer 2011; Toplak

et al. 2011; Corgnet et al. 2018a, 2021), and many experimental pa-

pers have shown the predictive power of CRT scores on traders’

performance (see Breaban and Noussair 2015; Corgnet et al. 2015,

2020a; Noussair et al. 2016; Hanaki et al. 2017; Duchenne et al. 2019;
Schneider and Porter 2020).
11 Although one might expect that more risk-averse forecasters

would place more equal weight on each outcome than less risk-

averse forecasters, we do not observe a significant correlation be-
tween the average maximum weight placed on an outcome and our

measure of risk attitudes, as described. Specifically, the observed

correlation is 0.006 (p-value � 0.949). Analyses of forecasts of infor-

mation structure and CRT level are provided in Section A.3 in the

appendix.
12 Although our measure of cognitive ability taken from Civelli and

Deck (2018) and our measure of theory of mind taken from Heider

and Simmel (1944) both rely on the search for patterns, the former

examines the ability to find objective logical relationships and re-

lates to fluid intelligence (Mackintosh and Mackintosh 2011),

whereas the latter examines the ability to infer intentions from dy-
namic relationships and relates to theory of mind (Frith and Frith

1999).
13 We opted for this risk elicitation tool because it provides a granu-

lar partition of risk attitudes while only requiring a single decision.
Tasks that involve more questions can yield data inconsistent with

standard models of risk or impose structure on the decision maker.
14 Formally, we assume that each participant’s risk preferences are

captured by the constant relative risk aversion model and then, take
the midpoint of the range of parameter values that would be consis-

tent with the observed choice. A few participants selected only one

box, which is a level of risk aversion described by Holt and Laury

(2002) as “stay in bed.” For these participants, we assume the risk

parameter is one, which is consistent with the choice of one box.
15 Although it is standard not to incentivize this test (Baron-Cohen

et al. 1997, Corgnet et al. 2018a), BQB paid for performance.
16 See http://hexaco.org/hexaco-inventory for more details regard-
ing the HEXACO personality test.
17 In related experiments, Bossaerts et al. (2014) show that mispric-

ing decreases as the number of fully informed traders in the market

increases.
18 Ultimately, our analysis does not reveal substantial differences

between the two cases that comprise Intermediate Graphical Display.

Specifically, the specification reported in Table 2 can be modified to

include separate variables for the two intermediate graphical dis-
play treatments: Intermediate Graphical Display A and Intermediate

Graphical Display B. The p-value when testing HS × Intermediate

Graphical Display A equals HS × Intermediate Graphical Display B is

0.762, and the p-value when testing HS × High Mispricing ×

Table A.5. Correlations (p-Values) Between Measures of
Theory of Mind

HS Eye-gaze 10

Eye-gaze 10 −0.021 (0.815)
Eye-gaze 36 −0.094 (0.297) 0.260 (0.004)
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Intermediate Graphical Display A equals HS × High Mispricing × Inter-

mediate Graphical Display B is 0.506.
19 The exchange rate was one experimental dollar equals U.S. $1 in

sessions 1 and 2 (12 and 24 participants). It was one experimental dol-
lar equals U.S. $0.50 in sessions 3–6 (24 participants in sessions 3–5
and 18 in session 6). This exchange rate adjustment was made to keep
average earnings in the range dictated by laboratory policy. In our

analyses, we include session fixed effects, which control for differences
in exchange rates as well as other idiosyncratic session-specific shocks.
20 On average, participants answered 2.04 of 3 comprehension quiz
questions correctly.
21 When possible, the number of participants assigned to each
graphic level was balanced. However, one session was run with 18
participants, in which case the assignment was not fully balanced.

For the practice market periods, the participants in this session
were divided into two groups of nine. Also, in session 5, 1 of the 24
participants exited halfway through phase 2 of the experiment, so
we had to drop this observation from the analyses.
22 Using an OLS regression with the specification considered in Ta-
ble 2, we report a mean variance inflation factor of 2.15 across all
variables, which is substantially lower than the standard cutoff val-
ues used for spotting multicollinearity concerns (see, e.g., Gordon

2015, Hair et al. 2018).
23 Specifically, regression analysis yields p-values of 0.715, 0.451,
and 0.905 when testing that mean scores are the same across graphi-

cal display treatments for HS, cognitive ability, and manipulative-
ness, respectively.
24 A Hausman test fails to reject the adequacy of random effects (p-

value > 0.500).
25 Section A.2 in the appendix provides analysis similar to that in
Table 2 but with MAD based on the last three trades in a market
(see Table A.2). We also provide an analysis in which we replace

the High Mispricing dummy variable with the Not-240 dummy vari-
able, which takes the value of one if the true asset value in a market
is not 240 (see Table A.3). The results are generally consistent with
those in Table 2.
26 Only four of the estimated time fixed effects in Table 2 are signifi-
cantly different from zero (p-value < 0.05), which is similar to the
three that one would expect to show significance by chance given

the number of effects estimated. The significant effects occurred in
periods 16, 36, 44, and 57.
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