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Abstract
We compare how well agents aggregate information in two repeated social
learning environments. In the ﬁrst setting agents have access to a public data
set. In the second they have access to the same data, and also to the past actions
of others. Despite the fact that actions contain no additional payoﬀ relevant
information, and despite potential herd behavior, free riding and information
overload issues, observing and imitating the actions of others leads agents to
take the optimal action more often in the second setting. We also investigate
the eﬀect of group size, as well as a setting in which agents observe private
data and others’ actions.
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Introduction

A large literature in economics and ﬁnance has shown that imitation in social learning
leads to ineﬃciencies: agents who imitate do not reveal their private information,
giving rise to information cascades and herd behavior. This point has been made
both theoretically and experimentally in a variety of settings, including those with
rational agents (Banerjee, 1992; Bikhchandani et al., 1992; Anderson and Holt, 1997;
Çelen and Kariv, 2004; Harel et al., 2021) and those that consider behavioral biases
and heuristics (Enke and Zimmermann, 2019; Eyster et al., 2018).
We study a social learning setting in which all information is public, and ask
whether agents perform better or worse when given the opportunity to imitate the
actions of others. Although these actions do not contain additional payoﬀ relevant
information beyond the public raw data, and despite their potential to create herd
behavior, free riding, and information overload, we ﬁnd that agents perform better
when allowed to observe others’ actions.
In our experiment, participants play the following game: An urn is chosen to be
either majority green or majority red, each with probability one half. In the former
case the urn contains six green balls and four red balls, whereas in the latter case the
numbers are reversed. A signal is a random draw (with replacement) of a ball from
the urn. A game consists of twenty periods. In each period, each member of a group
of eight participants observes some information and then has to guess the majority
color of the urn. Participants are rewarded for guessing correctly.
In each period, each participant observes a signal. Furthermore, depending on
the treatment, participants observe some additional information. In the signals
treatment, participants observe others’ signals. In the all treatment, they likewise
observe all the others’ signals, and also all the others’ past actions. Thus, in both
treatments all signals are public, but actions are public only in the latter.
The comparison between the signals and all treatments sheds light on the
usefulness of observing other people’s decisions, in addition to the raw public data.
Rational agents are expected to perform identically in these two treatments, since
both oﬀer agents exactly the same information about the state; in both cases all
agents can see all the signals available to society. Some behavioral heuristics suggest
that agents should do better when observing only signals, as observing the actions
of others can—through information overload and correlation neglect—lead to wrong
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conclusions, potentially through herd behavior and groupthink. Information overload
has been known to interfere with information processing and may lead to sub optimal
decisions (Caplin et al., 2011; Scheibehenne and Greifeneder, 2010). Since the all
treatment features twice as many pieces of information as the signals treatment,
these phenomena suggest that performance in the all treatment should be worse.
Furthermore, the literature has documented a tendency of people to neglect correlation among dependent pieces of information (Enke and Zimmermann, 2019). In
the signals treatment, correlation neglect plays no role because the signals of other
group members are independent conditional on the state of nature. However, in the
all treatment, correlation neglect might be detrimental since others’ actions are not
independent and regarding them as independent will hinder learning. Finally, pure
imitation by all agents is clearly ineﬃcient, as it leaves no room for the signals to
inform the actions.
Nevertheless, we ﬁnd that agents perform better in the all treatment than in
the signals treatment: they are better oﬀ when they are privy to others’ actions, in
addition to the information that those actions are based on. A possible explanation
for this ﬁnding is that observing the actions of others allows subjects to beneﬁt from
the aggregation of information done by other subjects. We observe that subjects rely
on the actions of others more heavily when signals are “weak”, by which we mean
relatively uninformative (i.e., roughly the same number of red and green balls have
been drawn) and it is thus harder to determine which color was drawn more.
We observe substantial heterogeneity in how well subjects aggregate raw data.
This allows worse-performing subjects to beneﬁt from the aggregation labor done by
the better performing ones. In particular, subjects with higher IQ perform better
in both treatments, in line with the intuition that aggregating information is a cognitively demanding task.1 Nevertheless, both high IQ and low IQ subjects rely on
others to a similar extent, and do so almost exclusively when signals are weak. Finally, both groups beneﬁt from this practice: within each group, subjects who imitate
others perform better than those who do not.
Having documented the beneﬁts of imitation in repeated social learning setting
with public information, we complement our ﬁndings by studying a similar setting
1

We note here that while it might be hard for a subject to understand how they should aggregate
the information available to them we have deliberately chosen a setting where the aggregation is
computationally easy as it only requires determining the color of the majority of signals.

3

with private information. We focus on the eﬀects of information structures and group
size and conduct two additional treatments. In the no info treatment each participant observes her own signals only, and does not see others’ signals or actions. In
the actions treatment, subjects again observe their own signals and not the signals
of others, but do observe the past actions of others.
The comparison between the no info and actions treatments reveals to what
extent people are capable of extracting the information contained in their peers’ private signals by observing their actions, in a repeated setting. Theory predicts that
such inference is diﬃcult and has limited beneﬁts (Harel et al., 2021), which leads to
the natural question of how well people perform in practice in such settings.
We ﬁnd that participants perform signiﬁcantly better in the actions treatment
as compared with the no info treatment, despite the complexity of the information
extraction problem. In addition, participants rely on the actions of others more
heavily when their private signals are relatively uninformative. This is reminiscent of
the pattern observed with public signals.
Finally, we compare how changing the group size aﬀect results, by repeating these
experiments with groups of only four agents. While in the all treatment larger groups
perform better, in the actions treatment performance is identical across group sizes.
This result qualitatively matches a theoretical result due to Harel et al. (2021), who
show that myopic Bayesian agents, in the long-run, do not perform signiﬁcantly better
in larger groups.
We proceed as follows. Related literature is surveyed in Section 2. Section 3
contains the detailed description of our experiment and Section 4 outlines theoretical
predictions for each of the treatments. Section 5 reports the experimental results: Section 5.1 focuses on setting with public information (all versus signals treatments)
and Section 5.2 considers settings with private information (the actions treatment)
and documents group size eﬀects. Finally, we oﬀer some discussion of implications of
our experimental ﬁndings in Section 6.

2

Related Literature

Our paper contributes to a large literature on social learning. Most of the theoretical
literature focuses on sequential settings, in which exogenously ordered agents act once
after observing some statistics about their predecessors’ actions and their own private
4

signal (see for example Banerjee, 1992; Bikhchandani et al., 1992; Smith and Sørensen,
2000, or a recent survey by Bikhchandani et al., 2021).
The experimental literature on sequential social learning is vast, and a complete
survey is beyond the scope of this paper. The ﬁrst experimental paper that documents
informational cascades is Anderson and Holt (1997). Since then, a fruitful literature
in experimental economics has studied the determinants and the limitations of herding behavior in sequential settings. Hung and Plott (2001) report the robustness
of informational cascades under diﬀerent rewards systems. Çelen and Kariv (2004)
elicit subjects’ beliefs in order to identify the source of imitation behavior. Kubler
and Weiszacker (2004) allow subjects to purchase a private signal for a small fee.
Angrisani et al. (2005) embed this game in a ﬁnancial market setting. Goeree, Palfrey, Rogers, and McKelvey (2007) look at longer horizons games. Ziegelmeyer et al.
(2010) study the fragility of information cascades patterns using groups of diﬀerently
informed agents. Weizsacker (2010) conducts a meta-study of sequential social learning experiments and ﬁnds that subjects follow their own private information more
frequently than is empirically optimal.2 Duﬀy, Hopkins, Kornienko, and Ma (2019)
allow subjects to choose between private and public information prior to guessing the
state, while Duﬀy, Hopkins, and Kornienko (2020) in addition vary the persistence of
the state across periods.
In comparison to this work, the repeated social learning game we study is quite
diﬀerent from the sequential move games surveyed above as, in our case, the same
group of agents interacts repeatedly. This setting allows us to study how the information and the actions of others impact the beliefs and actions in an arguably more
realistic setting. Accordingly, our paper is related to a new and exciting experimental
literature that compares social learning outcomes under diﬀerent network structures
(Mueller-Frank and Neri, 2015; Grimm and Mengel, 2020; Chandrasekhar, Larreguy,
and Xandri, 2020; Dasaratha and He, 2021; Choi, Gale, and Kariv, 2012). These
papers vary the connections between agents in a group, i.e., who can observe whose
actions, and ask how well subjects aggregate dispersed private information through
2

Ziegelmeyer, March, and Krugel (2013) enlarge the data and use a modiﬁed methodology compared with Weizsacker (2010). They ﬁnd that subjects tend to over-weigh their private signals but do
so to a lesser degree than previously found. De Filippis et al. (2022) identify that such over-weighting
occurs only when private signals are in conﬂict with social information. See also Angrisani et al.
(2021) who study social learning in a continuous action space experiment and disentangle diﬀerent
theories that deliver over-weighting of private information.
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repeated observations of neighbors’ actions. Contrary to this literature, we ﬁx the
network structure to be complete, and vary the type of information our agents observe.3
Two recent laboratory games deserve special attention. The ﬁrst one is Eyster,
Rabin, and Weizsacker (2018) which compares social learning outcomes in a standard
sequential move game and a cleverly constructed four-at-a-time move game. The sequential move game features participants who move one at a time after observing their
predecessors’ actions. The four-at-a-time game has four participants move in each
period after observing predecessors from previous periods. Theoretically, Bayesian
inference prescribes subjects to anti-imitate their predecessors in the latter but not
the former game. The experimental data shows that subjects rarely anti-imitate in
both games, which is at odds with the rational model. The four-at-a-time move game
is interesting as it is one of the ﬁrst environments in which, due to the incorrect
processing of social information by participants, social learning is harmful on average,
i.e., participants would do much better if they just ignored their predecessors actions
and focused on their own private information instead.
The second paper is Evdokimov and Garfagnini (2020) who focus on groups with
two players and vary whether both players, only one, or no one observes others’
actions in a repeated social learning game. Similarly to our game, each agent gets
a conditionally independent private signal in each period and reports her best guess
about the state. However, contrary to our main results, the authors ﬁnd no signiﬁcant
diﬀerences in the average quality of guesses across informational treatments. This
diﬀerence between our papers indicates that group size plays an important role when
aggregating social information.
From a theory perspective, our no info, signals and all treatments are trivial
to analyze, as they are equivalent to a single agent problem for a Bayesian decision
maker. In contrast, the actions treatment is diﬃcult to analyze within a rational
framework, because higher order beliefs play a signiﬁcant role. We elaborate on this
in Section 4. Vives (1993) studies the speed of learning in a similar setting, but with
a continuum of agents and continuous signals. Harel et al. (2021) study a setting
that is identical to ours, under the assumption that agents are Bayesian and myopic.
They focus on the long-term rate of learning, and show that even if many more agents
3

Moreover, in our game, participants get private signals in each game round, while in the papers
above private signals are distributed only once at the very beginning of the game.
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are added to the group, the speed of learning remains bounded. Huang et al. (2021)
extend this result to a network setting and to forward-looking agents.

3

Experimental Design

Subjects are presented with the following scenario. There are two possible urns: a
“red” urn and a “green” urn. The red urn contains six red and four green balls, and
the green urn contains six green and four red balls. The color of the urn represents the
state of nature (the superior policy, the best candidate for a job, the tastier croissant,
etc.), which subjects are trying to learn by interacting repeatedly throughout the
game. The structure and a sample of instructions are presented in sections ?? and
?? of the Online Appendix, respectively.
In all experiments, subjects play 10 games. At the start of each game, subjects are
randomized into a group of eight subjects and one of the urns is chosen by a toss of a
fair coin. This urn then remains unchanged for the duration of the game, and is used
by all the participants of the game. Each game consists of 20 rounds. In each round, a
subject guesses the color of the urn. We refer to these guesses as her actions. She then
receives an independent draw (with replacement) from the chosen urn. The color of
the drawn ball matches the color of the urn with probability 60%, which is therefore
the precision of one’s private signal; we purposefully chose an environment with low
precision signals because in this environment the signals and actions of others are
particularly valuable.
Depending on the treatment, subjects may observe additional information at the
end of each round, which may help them choose their actions for the follow-up rounds.
At the end of a session, a random round of a random game is selected uniformly.
Subjects are rewarded for guessing correctly in that round: the correct action earns
$20, while the incorrect one earns $5.
Our main variation between treatments is the information available to subjects
at the time they choose their actions (in addition to their own signals). We consider
four information structures:
(1) The no info treatment, in which subjects observe only their private signals in
every round of a game.
(2) The actions treatment, in which in addition to observing their own private
7

signals, subjects also get to see the actions chosen by their group members in
all previous rounds of the game.
(3) The signals treatment, in which subjects observe both their own private signals
and the private signals of their group members in all previous rounds of the
game.
(4) The all treatment, in which subjects observe their own private signals, their
group members’ private signals and the actions chosen by their group members
in all previous rounds of the game.
We conduct two additional treatments with the same information structure as
the actions and the all treatments, but with smaller groups of four members each.
We call these treatments actions4 and all4. These treatments allow us to explore
how fast small and large groups learn depending on the information available to their
members. Note that when subjects take their ﬁrst action in round 1, they have no
additional information about the state except for the prior. This sequencing of events
within a round allows for a clean comparison between information treatments as we
describe below, where all the information is delivered at the end of the round before
the next round actions are taken.
Throughout the game, subjects have access to a table that keeps track of all
signals and actions they observed in the past rounds of the game. This table presents
information in an intuitive and visual way. This feature of the design ensures that
our results are not aﬀected by the memory subjects may have about the events that
transpired during the game (see section ?? in the Online Appendix for screenshots).
At the end of the experiment, we elicit subjects’ strategies with a series of openended questions as well as their beliefs about the fraction of correct actions of the
other participants in the last round of the game in various treatments. Subjects are
paid for the accuracy of their prediction in one randomly selected belief question.
Subjects also report their gender and major, and complete a series of control tasks
including risk attitudes elicitation using two investment tasks (Gneezy and Potters,
1997), IQ questions (ICAR, Condon and Revelle, 2014), and overconﬁdence.4 In the
analysis of experimental data, we classify subjects into low-IQ and high-IQ based on
their answers to six IQ questions. We use their self-described strategies and beliefs
4

See sections ??, ?? and ?? in the Online Appendix for details on the strategies, beliefs and other
controls, respectively.
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to measure how useful low-IQ and high-IQ subjects think observing diﬀerent types of
information is, and whether it relates to their behavior in the experiment.
Table 1: Experimental Design
Group
size
Treatment
no info
actions
signals
all
actions4
all4
Total

1
8
8
8
4
4

Information
signals
actions
own others own others
yes
no
yes
no
yes
no
yes
yes
yes
yes
yes
no
yes
yes
yes
yes
yes
no
yes
yes
yes
yes
yes
yes

# of sessions
4 sessions
8 sessions
3 sessions
8 sessions
4 sessions
4 sessions
31 sessions

# of subjects
80 subjects
136 subjects
82 subjects
152 subjects
76 subjects
80 subjects
606 subjects

Table 1 summarizes the experimental design and number of participants. Experimental sessions were conducted at two locations: University of California in San Diego
(UCSD) and the Ohio State University (OSU).5 The experiment was programmed and
conducted with the oTree software (Chen et al., 2016) and was pre-registered in the
AEA RCT registry (AEARCTR-0003315). Overall, 606 subjects participated in 31
sessions, and no subject participated in more than one session. The experiment lasted
about 90 minutes. Subjects earned on average $25.7, including a $7 participation fee.

4

Theoretical Preliminaries

We model each game played by subjects in the experiment as follows. Denote by
ω ∈ {R, G} the state of nature, which is chosen uniformly at random and stays ﬁxed
throughout each game. Denote by N the set of players. At the beginning of each
round t ∈ {1, . . . , 20}, each player i chooses an action ai,t ∈ {R, G}. She then observes
a random signal si,t ∈ {R, G} such that conditioned on the state ω, the probability
that the signal equals the state (i.e., si,t = ω) is 60%. Conditional on the state, the
signals are independent, both between time periods and players. Depending on the
5

Because of closure of physical labs due to COVID-19, our data collection process at UCSD was
interrupted and we had to ﬁnish collecting the data online at OSU using the same subject pool of
students who normally participate in laboratory experiments. no info, actions, and 4 sessions
of all treatments were conducted in the experimental laboratory at UCSD, while the remaining 4
session of all treatment and signals treatment were conducted online at OSU. In section ?? of the
Online appendix, we compare data collected at the physical lab at UCSD and in the online lab at OSU
for the all treatment. We ﬁnd that aggregate outcomes and individual level behavior of subjects
in these two types of sessions are very similar to each other and statistically indistinguishable.
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treatment, the players observe additional information; we denote by Ii,t all that player
i has observed before choosing her action ai,t at the beginning of round t. We use the
terms action and guess interchangeably throughout the text.
Each player plays some number of games. At the conclusion of player i’s session
one of these games is chosen uniformly at random, and in that game a round t is
chosen uniformly at random. Player i receives a payoﬀ equal to $20 if she chose the
correct action ai,t = ω, and to $5 otherwise. We assume that players are Bayesian
and that they have a strictly increasing utility for money. Under this assumption,
behavior depends on the information players observe, but not on their preferences
over risks.6
The no info and signals Treatments. In these treatments the information Ii,t
available to player i in round t consists of a collection of signals that she observed
up until this round. Speciﬁcally, in the no info treatment this collection consists of
her own signals only, Ii,t = (si,τ )τ <t , while in the signals treatment this collection
contains signals of all group members, Ii,t = (sj,τ )j∈N,τ <t . A standard calculation
shows that the action ai,t is optimal if it is equal to any color that appears in Ii,t at
least as often as the other. In other words, the optimal action ai,t is equal to the
majority color observed in the past signals, and can be both in case of a tie. Note the
distinction between the correct action, i.e., the one that matches the state, and the
optimal action, which is the one that matches the majority of the observed signals.
Given that subjects observe eight times more signals in the signals treatment
than in the no info treatment, theory predicts that subjects should be better at
guessing the state in the former case in every round of the game (except the ﬁrst,
where they have no information). In particular, given our parameters, in the second
round of the game, subjects should guess the state correctly 60% of the time in the
no info treatment and 71% of the time in the signals treatment. In the last round
of the game, subjects are expected to guess the state 81% of the time in the no info
treatment and 99% of the time in the signals treatment. In Table 2 we provide the
predicted probability of choosing correctly in each round.
6

As there are only two outcomes, the possible payoﬀ distributions are ranked in ﬁrst order
stochastic dominance. Therefore, the player will choose the same strategy under any preference
that is monotone in ﬁrst order stochastic dominance (e.g., cumulative prospect theory, etc.), as long
as she forms beliefs using Bayes rule.
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Table 2: Probabilities of Correct Actions
t
1
2
3
4
5
6
8
10
12
14
16
18
20

no info
0.50
0.60
0.60
0.65
0.65
0.68
0.71
0.73
0.75
0.77
0.79
0.80
0.81

actions
0.50
0.60
0.73
0.77
0.78
0.80
0.83
0.84
0.86
0.87
0.88
0.89
0.90

signals/all
0.50
0.71
0.79
0.84
0.87
0.90
0.93
0.96
0.97
0.98
0.99
>0.99
>0.99

actions4
0.50
0.60
0.68
0.71
0.73
0.75
0.77
0.79
0.81
0.83
0.84
0.85
0.86

all4
0.50
0.65
0.71
0.75
0.79
0.81
0.86
0.89
0.91
0.93
0.94
0.95
0.96

Notes: Predicted probability of correct actions for parameters used in the experiment. In the actions
treatments we assume common knowledge of rationality and that players act myopically.

The all Treatment. In the all treatment, subject i in round t observes all the signals and actions of her group members up until round t, so that Ii,t = (sj,τ , aj,τ )j∈N,τ <t .
Since the past actions (aj,τ ) can contain no further information than the signals (sj,τ ),
in this case too optimal behaviour implies that ai,t is equal to any color that appears
in (sj,τ )j∈N,τ <t at least as often as the other. In other words, for Bayesian subjects
we expect identical results in the all and signals treatments, since subjects should
ignore others’ actions and base their decisions on the observed signals.
The actions Treatment. The situation is more complicated in the actions
treatment. Here, the information available to subject i in round t consists of her
private signals and of the actions of the other subjects in all previous rounds, i.e.,
Ii,t = (si,τ , aj,τ )j∈N,τ <t . To the best of our knowledge, this case is analytically intractable. Nevertheless, a simulation of equilibrium behaviour is possible under the
assumption that players act myopically, i.e. do not change their action to manipulate
the future behaviour of others.7 Formally, in this simulation we assume that in each
period each player maximizes the probability of making a correct choice, i.e.

ai,t =




R

if pi,t > 0.5



G

if pi,t < 0.5

7

(1)

This assumption is commonly made in the literature, see e.g., Parikh and Krasucki (1990); Gale
and Kariv (2003); Mossel et al. (2014); Harel et al. (2021) and seems plausible given the complexity
of the environment.

11

where pi,t denotes the probability player i assigns to state R at the beginning of period t. When pi,t = 0.5, the player is indiﬀerent and we assume that she randomizes
uniformly over the two actions. Each player computes this probability using Bayes
rule taking into account the actions of others. We assume common knowledge of
rationality, so each player knows that the others are making their decisions according
to (1). We thus assume that each player does not only know the signal generating process, but also the strategies of all other players, which is arguably a strong rationality
requirement. In Table 2 we report the probabilities of correct actions under these
assumptions. We give these simulation results as a benchmark for what Bayesian
agents can hope to achieve in this setting. Our results do not hinge on a comparison
of the subjects’ behavior to this benchmark.

5

Results

We present results from our experiments in the following order. First, we focus on
the public data setting, and compare the signals and all treatments (Section 5.1).
Second, we study the private data setting (the actions treatment) and investigate
group size eﬀects (Section 5.2). As we go through the analysis, we summarize the
main empirical ﬁndings as observations.
Data Analysis Approach. Our main analysis considers all ten games in all sessions.8 We investigate the eﬀect of the treatment on the fraction of correct actions
and on the consensus rates using regression analysis. To compare performance across
treatments, we estimate a linear regression of the indicator of a correct action by a
given participant in a round of a game on a round-speciﬁc treatment eﬀect. To compare consensus rates across treatments, we regress the relative size of the majority by
round on a round-speciﬁc treatment eﬀect.9
Throughout our analysis, we classify the collection of agents’ signals according to
their strength, as given by the diﬀerence in the number of signals of one color relative
to the other. We deﬁne ﬁve categories of signal strength: Very Strong Green, Strong
8

We see moderate learning across games within a session. Section ?? in the Online Appendix
shows aggregate results subsetting our data for early (ﬁrst 5) and late (last 5) games.
9
Appendix A reports the average treatment eﬀects across rounds as well as treatment eﬀects
in early (rounds 2 to 10) and late rounds (rounds 11 to 20). All standard errors are clustered at
the session level to account for the inter-dependencies of observations that come from re-matching
subjects within a session.
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Green, Weak, Strong Red, and Very Strong Red. These correspond, respectively, to
the diﬀerence between the number of red and green signals being less than −26, in
[−26, −15], in [−14, 14], in [15, 26], and above 26. The boundaries between these
categories correspond to the 10th , 25th , 75th and 90th percentile of the distribution at
the end of the game. For the small group treatments we adjust the intervals to match
the same percentiles.10
In some discussions, we only distinguish between “weak” and “strong” signals by
pooling together the Strong and Very Strong categories for each color. An alternative
approach of deﬁning the signal strength based on the fraction of signals instead of
the diﬀerence in the number of signals of each color yields similar results. We discuss
these two approaches in detail in Section 5.1.
5.1

The Public Data Setting and the Eﬀect of Redundant Information

In this section we compare the all and signals treatments. Panel (a) in Figure 1
presents our main outcome of interest: how often subjects guess the state correctly
in each round of the game, in comparison to the Bayesian benchmark.
In both treatments, the ﬁrst action that subjects make is a coin toss. This is
expected since the this action is made before any signals are observed, so the probability of guessing correctly is one half. As the game progresses and more information
arrives, we observe an upward trend in the likelihood of choosing the correct action.
The main ﬁnding of this paper is that subjects perform better in the all treatment,
as compared to the signals treatment. This happens despite the aforementioned
fact that the only diﬀerence between the two treatments is the observability of other
players’ actions, which are informationally redundant. Across rounds, the percentage
of correct actions is on average 5% larger in the all treatment, as compared to
the signals treatment.11 In the next section, we explore in depth why this is the
case. We note that both treatments signiﬁcantly under-perform relative to optimal
behavior, which means that in both treatments at least some subjects deviate from
the Bayesian benchmark.
Panel (b) of Figure 1 measures the polarization of opinions, presenting the evolution of consensus rates. The consensus rate is deﬁned as the relative size of the
10

In section ?? of the Online Appendix we show that the qualitative results reported in this section
are robust to changing the cutoﬀs of these categories.
11
See panel (a) of Figure A.1 in Appendix A and columns (1) and (2) in Table A.1 for point
estimates and standard errors.
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Panel (a): Correct Actions, by round

Panel (b): Consensus, by round
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Figure 1: Aggregate statistics in the all and signals treatments
Notes Pane (a) presents the average frequency of correct act ons n each round averaged across
games Pane (b) dep cts the evo ut on of consensus n each round e the re at ve s ze of the
major ty averaged across games For pane (b) we exc ude cases w th an equa number of green and
red s gna s Shaded reg ons represent 95% conﬁdence nterva s from 50% (darkest) to 95% (fa ntest)
probab ty eve s Conﬁdence nterva s are constructed w th a var ance-covar ance matr x c ustered
by sess on

majority subgroup in a given round, based on members’ actions. This rate varies
between one half and one, where a consensus rate of one half indicates a maximally
polarized group with half of the members choosing each of the two actions, while a
consensus rate of one indicates the case where all members choose the same action in
a particular round.
Overall, the consensus rates are increasing in both treatments as the game progresses, showing that group members’ opinions tend to align the longer they interact
with each other. This is to be expected, since actions become more correlated with
the state, and hence with each other, as subjects gather more information. Nevertheless, consensus rates are signiﬁcantly less than one, which would be the theoretical
prediction for Bayesian agents.12 More interestingly, the consensus rates are signif12

Note that Pane (b) exc udes cases n wh ch the number of red and green s gna s s the same
for wh ch theory does not prov de a un que pred ct on on the s ze of the major ty
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icantly higher in the all treatment than in the signals treatment: subjects agree
more when they see others’ actions and raw data, than when they only see raw data.
On average, consensus rates are 10% higher in the all treatment than in the signals treatment.13 This is consistent with subjects being inﬂuenced by the actions of
others.
Finally, focusing on cases with strict majorities, we note that the probability that
the majority is correct is extremely high and exceeds 90% on average in both the
all and signals treatments. Furthermore, it is 4% higher in the all treatment, as
compared to the signals treatment.14
Observation 1: People learn faster and develop more uniﬁed opinions when they
observe each others’ signals and actions, compared to observing signals only.

What Drives These Aggregate Results? To what extent do subjects’ actions
follow the information contained in the signals they observe? We start with the
simplest statistic, i.e., the second round behavior, which, when performed optimally,
entails reporting the color of the majority of the eight signals observed in the ﬁrst
round of the game. In both treatments, a large fraction of around 84% of our subjects
choose optimally in the second round.
As more and more signals are observed, a Bayesian subject would keep a tally of
the signals and report the majority color. Panel (a) in Figure 2 shows the frequency
with which subjects chose the color red as a function of the observed diﬀerence between
the total number of red and green signals. Panel (b) shows the estimated probability
of an optimal action, i.e., reporting the color of the majority of signals, as a function
of signal strength.
This ﬁgure suggests several insights. First, while panel (a) would look like a step
function for a Bayesian (the green line), in the data we see a gradual increase in
the frequency of choosing red. Thus, subjects respond to signals, and do so in the
correct direction, but not perfectly. Second, the mistakes are much more frequent
when signals are weak, i.e., when the majority signal color has occurred only slightly
more than the other color. Because the expected utility is a function of the diﬀerence
between the number of red and green signals, this is consistent with a Luce model of
13
Additional evidence is presented in panel (b) of Figure A.1 and average point estimates and
standard errors are in columns (3) and (4) in Table A.1 in Appendix A.
14
The evidence is presented in Figure A.2 and columns (5) and (6) of Table A.1 in Appendix A.
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Figure 2: Learning from signals in the signals and all treatments
Notes Pane (a) dep cts the fract on of red act ons as a funct on of the d ﬀerence between the
number of red and green s gna s The s ze of the dot corresponds to the number of observat ons n
each b n Pane (b) shows the est mated probab ty of an opt ma act on ( e report ng the co or of
the major ty of s gna s) as a funct on of s gna strength We est mate a Bayes an og st c regress on of
a red act on on our measure of s gna strength and sess on random eﬀects We present the est mated
poster or med an and 95% conﬁdence nterva s The categor es n Pane (b) for s gna strength are
as deﬁned n Sect on 5

behavior, in which choice probabilities are related to the diﬀerence in expected payoﬀs
(Luce, 1958). It is also consistent with standard models of perception where close-by
states are harder to distinguish. Third, subjects systematically perform better in the
all treatment across diﬀerent signal strengths. Particularly, when signals are weak
subjects are 6% more likely to choose correctly in the all treatment compared to the
signals treatment (73% for the signals versus 79% for the all treatment).15
Figure 3 provides a closer look at the behavior in the all treatment. To show the
usefulness of observing other people’s actions, in addition to the raw data, we estimate
15

For the recovered probab t es on pane (b) of F gure 2 we est mate a Bayes an og st c regress on
of an nd cator of a red act on on the s gna strength and sess on random eﬀects As robustness
Tab e ?? n the On ne Append x shows s m ar est mates under d ﬀerent near probab ty mode s
and c ustered standard errors by sess on We obta n s m ar resu ts when we account for game round
and part c pant eﬀects
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Figure 3: Learning from others’ actions in the all treatment
Notes: This ﬁgure depicts the probability of choosing red as a function of the share of red actions
of other group members. The estimates are obtained from a Bayesian logistic regression of subjects’
actions on the share of others’ actions in the previous round conditional on signal strength and
session random eﬀects. Shaded regions represent 95% conﬁdence intervals from 50% (darkest) to
95% (faintest) probability levels.

a Bayesian logistic regression of a subject’s action on the share of others’ actions (in
the previous round), conditional on the diﬀerent categories of signal strength, as
previously deﬁned. To account for interdependencies of subjects within a session, we
control for session random eﬀects. We ﬁnd that when signals are strong or very strong,
a subject’s actions are barely inﬂuenced by those of others: regardless of what others
do, subjects tend to follow the majority of signals. This can be seen by mostly ﬂat
lines in the bottom and top of Figure 3. In contrast, when the number of signals of
each color is comparable, subjects rely heavily on the actions of others, as is indicated
by the steep middle line, which shows a strong responsiveness of subjects to others’
actions.
An alternative approach, in which one classiﬁes signal strength by the fraction of
signals instead of the diﬀerence in the number of signals of each color yields similar
results. This alternative approach is inspired by prior experiments, which found that
17

some people rely on sample proportion over sample size in probability judgement
tasks (see, e.g., Benjamin, 2019).16
Observation 2: In both the signals and all treatments, subjects use signals to
choose their actions, but do so less well than in the Bayesian optimum. In particular,
subjects tend to make more mistakes when the tally of signals is close, i.e, when
signals are not very informative. In the all treatment, subjects partially correct for
these mistakes by relying on others’ actions when signals are weak, which accelerates
learning as compared to the signals treatment.
Why Does Relying on Others Improve Performance? Individual Level
Analysis. Our results so far show that conditioning on the social signal, i.e., on the
actions of others, improves performance in the all treatment, as compared to the
signals treatment. The question is why? To investigate this question, we calculate
a number of statistics describing a subject’s behavior in our game and explore its
joint distribution in the population. We analyze subjects’ behavior by their level of
IQ, given our auxiliary IQ measure.
We classify subjects into low-IQ and high-IQ based on their answers to six IQ
questions: three matrix reasoning questions, which are similar to Raven’s Progressive
Matrices, and three 3-D rotation questions (Chapman et al., 2019).17 The low-IQ
subjects are those who answered at most half of the IQ questions correctly and the
high-IQ subjects are the remaining group.18
We ﬁnd that our IQ measure, despite its obvious coarseness, correlates with subjects’ performance in the main game: high-IQ subjects are approximately 9% more
16

One could ask which of the two models ﬁts our data best, i.e., do people behave as if they
condition their actions on the fraction or on the number of signals of each color? Our data slightly
favors the former model, but the diﬀerence is truly small: The average fraction of correctly predicted
guesses is 72% vs 71%. Figure ?? in the Online Appendix re-does Figure 3 using the fractions of
signals to compute signal strength and presents the in-sample ﬁt in terms of fraction of correctly
predicted guesses from the two alternative approaches.
17
The questions are drawn from the International Cognitive Ability Resource, a public domain
intelligence measure (ICAR; Condon and Revelle (2014)). In each of the ﬁrst three questions, participants are asked to determine which of the options completes a graphic pattern. In the remaining
questions, participants are asked to identify which of the presented drawings of a cube were compatible with another drawing of a cube. In general, these questions have been shown to capture a
variation of ﬂuid intelligence in the general population and is becoming one of the popular measures
of IQ on par with CRT tests and general knowledge tests.
18
The average number of correct answers is 3.7 in the all treatment and 3.4 in the signals treatment. This classiﬁcation delivers roughly similar proportions of low-IQ subjects across treatments:
47% in the all treatment and 40% in the signals treatment.
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likely to guess the state correctly than the low-IQ ones in both the all and the signals treatments (p < 0.01).19 Figure 4 presents the raw fractions of optimal actions
by IQ type and signal strength. It shows that (a) high-IQ subjects are more likely to
take the optimal action compared with low-IQ subjects irrespective of signal strength
and (b) conditional on the IQ type, all participants take the optimal action more
often when signals are strong than when they are weak.
Next, we investigate whether there are systematic diﬀerences in how low-IQ and
high-IQ subjects process the information available to them. We start with the signals treatment and calculate two statistics for each subject: (i) responsiveness to
weak signals: the probability that they choose optimally (i.e., with the majority of
signals, as a Bayesian would) when signals are weak and (ii) responsiveness to strong
signals: the probability that they choose optimally when signals are strong. This
probability is computed via a Bayesian logistic regression of the subject’s action on
our measure of signal strength. To compute responsiveness at the individual level,
we exploit the variation across rounds and games for a given subject, which allows
us to recover measures of responsiveness at the individual level via individual-speciﬁc
random eﬀects.20 Panel (a) in Figure 5 presents a scatter plot with each dot corresponding to one participant depicting responsiveness to strong and weak signals.
Panel (c) underneath summarizes the same information as the kernel distributions
of individual estimates. The estimates of individual responsiveness are given by the
posterior median of the probability of an optimal action by the participant.
We perform the same estimation for subjects playing the all treatment, but
interacted with the social signal measured by the actions of other group members in
19

Tables ?? and ?? in the Online Appendix show the estimates and clustered standard errors of
a linear probability model of correct actions on the 6-question IQ measure and the low-IQ/high-IQ
indicator, respectively. The relationship between accuracy and IQ is robust to controlling for game
and round eﬀects as well as for other subject characteristics.
20
Speciﬁcally, the regression takes the form
)
(
∑
g
P r(vit
)=f

αi +

βji strengthj + γsession

, αi ∼ N (0, σα ), βji ∼ N (0, σβ ) and γsession ∼ N (0, σγ )

(2)

j

g
equals one if participant i guessed optimally in round t of game g and zero otherwhere vit
wise. strengthj takes the value of one whenever the signal strength lies within category j ∈
{W eak, Strong}. γsession is a random eﬀect per session. As we are estimating a logistic regression, f (·) = logit−1 (·). For a fully Bayesian participant i we expect to see 100% responsiveness for
both weak and strong signals.
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Figure 4: Optimal Actions by Signal Strength and IQ, individual level data
Notes: Each bar represents the fraction of observed optimal actions (i.e., consistent with the majority
of signals) across subjects and over rounds by IQ type and signal strength. We exclude cases with
an equal number of green and red signals.

the previous round.21 To isolate the responsiveness to raw signals, we set the number
of others who take each action to be equally split between red and green. These
results are presented as a scatter plot in Panel (b) and as kernel distributions in
Panel (d) of Figure 5.
Two patterns are apparent from Figure 5. First, in both treatments, the high-IQ
participants are on average much more responsive to raw signals than the low-IQ ones,
both when signals are weak and when they are strong. In fact, high-IQ subjects are
very close to the Bayesian benchmark when it comes to strong signals, but some of
them make a signiﬁcant number of mistakes with weak signals. These mistakes are,
however, less frequent than the mistakes of the low-IQ subjects, which explains why
low-IQ subjects perform worse than the high-IQ ones in the signals treatment.
Second, there is substantial heterogeneity in individual responsiveness to raw signals among participants in both treatments. For instance, about a quarter of high-IQ
subjects in the all treatment have estimated responsiveness of above 90% for both
weak and strong signals, compared to only 7% of low-IQ subjects with similar estimates. This means that the social signal, measured by the average action of all group
21

Speciﬁcally, the Logit regression takes the form
)
(
∑ ′
′
′

g
P r(vit
)=f

βji strengthj × actionst−1 + γsession

αi +

′

′

′

, αi ∼ N (0, σα′ ), βji ∼ N (0, σβ ′ ) and γsession ∼ N (0, σγ )

j

(3)

where actionst−1 denote the share of others’ red actions in the previous round t − 1.
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Figure 5: Responsiveness to signals, individual level data
Notes: Panels (a) and (b) are scatter plots of participants’ responsiveness to signals, with horizontal
axes depicting responsiveness to strong signals and vertical axes the responsiveness to weak signals.
In these scatter plots, each dot represents one participant. Kernel distributions of participants’
responsiveness to signals are presented in Panels (c) and (d). These kernels depict weak signals and
strong signals separately for each group of participants. The vertical lines and the numbers next to
them are median responsiveness for each group. Responsiveness to signals is calculated based on
regressions (2) and (3) for the signals and all treatments, respectively. Responsiveness is given by
the probability that a participant’s action is optimal. For the all treatment, we also set the actions
of others group members in the previous round to be uninformative, i.e., split equally between green
and red.
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Figure 6: Responsiveness to actions, individual level data
Notes: Kernel distributions of participants’ responsiveness to others’ actions are presented separately for weak and strong signals. The vertical lines and the numbers next to them depict median
responsiveness for each group. Responsiveness to others’ actions is measured by the change in the
probability of choosing the action of the majority of signals when all versus none of the other group
members choose the majority of signals in the last round.

members in the all treatment, is informative since it contains a sizable fraction of
correct actions.
Who uses this social signal, and does it aﬀect one’s performance? Figure 6 sheds
light on this question. For both low-IQ and high-IQ participants, we compute individual responsiveness to social signals as the diﬀerence in the probability of choosing
optimally when all others agree with the majority of signals minus this probability
when all others disagree with the majority of signals.22 As can be seen in the ﬁgure, both groups of participants rarely condition on others’ actions when signals are
strong, but they do so to a substantial degree when signals are weak. On average,
22

E.g., if a subject chooses optimally with probability 69% when all the last round actions that
she observes agree with the majority of signals, and chooses optimally with probability 42% when
all these actions disagree, then her responsiveness to social signals would be 27%.
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the high-IQ subjects condition on others to a larger extent than the low-IQ ones
(p = 0.004). Most importantly, given that the social signal is informative as we have
argued above, conditioning on it is beneﬁcial for all participants, not just the low-IQ
ones. Those low-IQ participants whose responsiveness to others’ actions for weak
signals is above the median in their group, guesses the state correctly 86% of the
time, which is signiﬁcantly higher than the 70% performance those below the median
(p < 0.001). The same applies to high-IQ participants, with 91% vs 81% chance of
guessing correctly for those above and below the median, respectively (p = 0.001). In
other words, suﬃciently many participants aggregate information well, making the
social signal informative and worth conditioning on.
We also study the relationship between participants IQ types and their strategies,
as elicited in the series of open-ended questions at the end of the experiment. We estimate a probabilistic topic model known as Structural Topic Model (STM) (Roberts
et al., 2013), which is an unsupervised machine learning algorithm for probabilistic
text classiﬁcation. In essence, STM represents each participants response by a distribution of latent word clusters or topics. We recover the proportion of both low-IQ
and high-IQ subjects’ responses spent covering each estimated topic. Appendix B
shows a strong consistency between subjects’ actions in the experiment and the way
they describe their strategies. First, high-IQ participants described using strategies
based on own and others’ signals to a larger extent than low-IQ players. Second,
both low-IQ and high-IQ subjects described using others’ actions when making their
own choices in similar proportions. Third, the subjects who found the information on
others’ actions redundant come disproportionately from the group of high-IQ players.
Similarly, we ﬁnd consistency between subjects’ actions in the experiment and
their beliefs. In Appendix C we show the results of regressing a subject’s beliefs
accuracy, given by the mean squared error across belief questions, on our IQ measure,
while controlling for treatment eﬀects and subject characteristics. Overall, we ﬁnd
that high-IQ subjects are signiﬁcantly more accurate than low-IQ ones in forming
their beliefs across treatments.
Observation 3: The high-IQ subjects process the raw signals and perform well,
regardless of whether social information is available. The low-IQ subjects do not
process well the information contained in the signals, and hence perform badly when
social information is not available. When social information is available, it is used
by subjects in both groups and boosts the performance of those who use it.
23

5.2

The Private Data Setting and the Eﬀect of Group Size

We now turn our attention to the actions treatment, in which people observe each
others’ actions but not others’ signals. We ask whether they can parse useful information from these choices. This task is complex since actions of group members are
inherently correlated and making such inferences requires forming beliefs about how
others act. Even under heroic assumptions about common knowledge of rationality
among group members, theory is only able to characterize long run outcomes such
as the speed of learning, but not how individuals should act in the short term (Harel
et al., 2021). Our experimental data is particularly useful in these circumstances as
it provides the ﬁrst step at documenting how people actually behave in this complex
situation.
Panel (a) in Figure 7 compares the performance in the actions treatment with
two benchmarks: the no info and the signals treatments. The former benchmark
is the lower bound of learning rates, which is what one expects to happen in the
actions treatment if subjects ignore entirely each others’ actions and base their
decisions only on the sequence of private signals they receive. The latter benchmark
is the upper bound, in which the signals of all members are public; this is what would
happen if subjects could perfectly infer the signals of others from their actions.
Panel (a) shows that, despite the complexity of the inference problem in the
actions treatment, people are able to extract useful information from others’ actions
and learn faster than they would without this information, as the comparison to the
no info treatment shows. For instance, notice that subjects chose the correct action
with a higher probability in period 13 of the actions treatment than in period 20
of the no info treatment. Thus, the beneﬁt of observing others’ actions eventually
exceeds the beneﬁt of the additional 7 signals which are potentially revealed by the
agents’ second period actions. The same holds more generally if we compare period
t of the actions treatment with period t + 7 of the no info treatment. However, if
people observe each others’ raw signals instead of actions then they learn even faster,
as the comparison between actions and signals shows.23 Both of these patterns
are qualitatively consistent with theoretical predictions.
23

Table A.2 and panel (a) of Figure A.3 in Appendix A conﬁrm that the diﬀerence in performance
of actions vs no info treatment is signiﬁcantly higher in later rounds (9.6%) compared with early
ones (5.3%) with p < 0.1. Table A.2 in Appendix A compares performance of no info vs actions
treatments as well as actions vs signals treatments separately for rounds 2 - 20 and rounds 11 20. In all pairwise comparisons we obtain signiﬁcant diﬀerence between all treatments.
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Figure 7: Frequency of correct actions, by information structure and group size
Panel (a): Information Structures

Panel (b): Group Size
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Notes: Both panels present the average frequency of correct actions in each treatment per each round,
averaged across games. Shaded regions represent conﬁdence intervals from 50% (darkest) to 95%
(faintest) probability levels. Conﬁdence intervals are constructed with a variance-covariance matrix
clustered by session.

Panel (b) of Figure 7 explores the eﬀect of group size on learning rates in the
two information structures: one with private signals, the actions treatments, and
another with public signals, the all treatments. Interestingly, larger groups learn
faster only when both signals and the actions of others are public (all4 versus all
treatments), but not when group members observe each others’ actions only (actions4 versus actions treatments).24 The lack of a group size eﬀect on learning
in the actions treatment is reminiscent of the theoretical result described in Harel
et al. (2021), according to which the speed of learning does not change with the group
size. This is, however, a quite loose interpretation of the theoretical result, given that
the theory refers to the long-run eﬀects at the limit as time tends to inﬁnity. With
regards to the level of consensus across group sizes, we ﬁnd smaller groups to be more
aligned than larger groups, especially in early rounds of the game.25
24

Table A.3 and panel (b) of Figure A.3 in Appendix A conﬁrm these results. Speciﬁcally, the
probability of a correct action is 10% higher in the all compared with all4 (p < 0.01), whereas
this diﬀerence is not statistically diﬀerent from zero when comparing actions4 vs actions.
25
See Figure ?? and Table ?? in the Online Appendix for details.
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Observation 4: Larger groups learn faster than small groups when people have
access to both others’ actions and others’ signals. However, when people can only rely
on others’ actions, the group size does not aﬀect the speed of learning.
What drives these aggregate patterns? In this section, we explore the mechanism behind Observation 4. We ﬁrst study the actions treatments, in which subjects
observe the actions, but not the signals of others. Figure 8 shows how responsive our
subjects are to others’ actions separately for the actions4 and actions treatments.26
Panel (a): Small Groups (actions4)
Strong Green
Very Strong Red

Panel (b): Large Groups (actions)

Weak

Very Strong Green
Strong Red

1.00

1.00

0.75

0.75

0.50

0.50

0.25

0.25

0.00

Strong Green
Very Strong Red

Panel (c): Large - Small Groups

Weak

Weak

Change in Probability of Red Actions (Large − Small)

Very Strong Green
Strong Red

0.1

0.0

−0.1

0.00
0.00

0.25

0.50

0.75

Share of Red Actions (Last Round)

1.00

0.00

0.25

0.50

0.75

Share of Red Actions (Last Round)

1.00

0.00

0.25

0.50

Figure 8: Learning from others’ actions in actions treatments
Notes: Panel (a) depicts the probability of choosing red as a function of the share of red actions of
other group members in the actions4 treatment, obtained from a Bayesian logistic regression of the
subject’s action on the share of others’ actions in the previous round conditional on the diﬀerence
between red and green signals. Shaded regions represent 95% conﬁdence intervals from 50% (darkest)
to 95% (faintest) probability levels. Panel (b) presents the same exercise for the actions treatment.
Panel (c) shows the diﬀerence in the probability of a red guess between the actions and actions4
treatments for weak signals.

Irrespective of group size, subjects condition on others when signals are weak,
as can be seen by the steepness of the Weak lines in panels (a) and (b), and by
the diﬀerence in probability between large and small groups in panel (c). This is
qualitatively similar to the behavior of subjects in the all treatments.27 But even
26
27

This is the same exercise as we have done for the all treatment reported in Figure 3.
See Figure ?? in the Online Appendix for a comparison between all4 and all treatments.
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when signals are strong, subjects pay considerable attention to others’ actions.28 This
behavior shows that participants understand the value of others’ actions, since those
encode to some extent others’ private signals, which are hidden in this treatment.
There are some magnitude diﬀerences in how much people rely on others in the
small and large groups in the actions treatment: subjects condition more on others
in the larger groups, as can be seen in panel (c) of Figure 8. In the regression
analysis that follows we explore whether these diﬀerences have a meaningful eﬀect on
performance in the two treatments.
Table 3 details the results of four regressions that study the extent to which
subjects are inﬂuenced by others, as well as the eﬀect that this inﬂuence has on
performance. In column (1), we study the actions4 and actions treatments, and
regress the indicator of the event that a subject chooses red on the fraction of others
who chose red in the previous round, controlling for our discrete measure of signal
strength as well as for game, round and participant ﬁxed eﬀects. We estimate this
eﬀect separately for large and small groups. For both group sizes, the eﬀect is substantial: when the rest shift from choosing green to red, a subject’s probability of
choosing red increases by 26% in small groups, and by 40% in large groups. This
diﬀerence is signiﬁcant, which is consistent with Figure 8.
In column (3), we show the estimates from regressing the indicator of matching
the state with the fraction of others that match the state, in the actions4 and
actions treatments, separately. This speaks to the extent that relying on others
contributes to a subject’s performance. The table shows that there is a small but
insigniﬁcant diﬀerence between the two group sizes: even though (as column (1)
shows) subjects rely signiﬁcantly more on others in larger groups, this reliance does
not produce a signiﬁcant improvement in performance. These results correspond to
the classic tension of social learning, namely that relying on the social signal reduces
28

For instance, in both the actions and actions4 treatments, players whose own signals are
almost all green (i.e., lie within the Very Strong Green category), respond to observing others’
changing from a green to a red action by more than doubling their own probability of choosing
red (i.e., from 9% to 21%). Individual results corroborate these aggregate results. Figure ?? in
the Online Appendix shows individual responsiveness to signals and others’ actions of low-IQ and
high-IQ participants in the actions treatment, using the same classiﬁcation method as we have
done in the all and signals treatments. We ﬁnd that both low-IQ and high-IQ subjects rely on
actions of others both when signals are weak and when they are strong, but more so when signals
are weak. Furthermore, when signals are weak, high-IQ subjects on average rely more on the others’
actions as compared with low-IQ subjects, which is consistent with their higher ability to learn from
others’ actions.
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Table 3: Magnitude of Rely-on-Others Eﬀect and its Contribution to Performance
Dependent variable: Action = Red
(1)
actions treatment

(2)
all treatment

0.263∗∗∗
(0.023)
0.398∗∗∗
(0.045)

0.459∗∗∗
(0.015)
0.700∗∗∗
(0.031)

Yes
Yes
Yes
Yes
12,773 (76)/22,916 (136)
0.375/0.324

Yes
Yes
Yes
Yes
13,860 (80)/ 27,752 (152)
0.469/0.453

Small group: Others’ Red Actions (frac.)
Large group: Others’ Red Actions (frac.)
Signal Strength Fixed Eﬀects
Game Fixed Eﬀects
Game Round Fixed Eﬀects
Participant Fixed Eﬀects
Obs (Subjects), Small/Large
Adjusted R2 , Small/Large

Dependent variable: Action = State
(3)
actions treatment

(4)
all treatment

0.190∗∗∗
(0.025)
0.245∗∗∗
(0.043)

0.282∗∗∗
(0.039)
0.193∗∗∗
(0.050)

Yes
Yes
Yes
Yes
12,773 (76)/22,916 (136)
0.305/0.307

Yes
Yes
Yes
Yes
13,860 (80)/ 27,752 (152)
0.346/0.225

Small group: Others’ Correct Actions (frac.)
Large group: Others’ Correct Actions (frac.)
Signal Strength Fixed Eﬀects
Game Fixed Eﬀects
Game Round Fixed Eﬀects
Participant Fixed Eﬀects
Obs (Subjects), Small/Large
Adjusted R2 , Small/Large
Notes: ∗ p<0.1;

∗∗

p<0.05;

∗∗∗

p<0.01. Clustered standard errors by session in parentheses.
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the amount of information revealed by actions, which then in turn degrades the quality
of the social signal. Ultimately, in our setting, the result is that larger groups do not
perform signiﬁcantly better than small ones in the actions treatments.
In columns (2) and (4) we repeat these exercises for the all4 and all treatments,
and draw similar conclusions: subjects rely more on the actions of others in the larger
groups, but this reliance does not lead to better performance. In fact, others’ actions
are more beneﬁcial in smaller groups rather than large ones. Since performance is
overall higher in larger groups (see panel (b) of Figure 7), we can conclude that this
improvement is not due to reliance on social signals, but simply to the availability of
more raw data.
Observation 5: Subjects respond more to the actions of others in larger groups
than they do in smaller groups. But, as individual actions become less informative,
this does not result in improved performance in larger groups.

6

Discussion

The imitation of the actions, opinions and values of others is a natural human tendency. It is an integral part of how infants and adults learn, and of how information
is disseminated through society. It can also lead to ineﬃcient outcomes, as has been
highlighted by the social learning literature over the past few decades. In our setting,
which features repeated interaction between participants and gradual accumulation
of public raw data as well as others’ opinions, we show that participants imitate each
other, and that imitation improves their performance.
This result was not a-priori obvious. Optimal Bayesian behavior does not feature
imitation, and behavioral economics does not oﬀer a clear-cut prediction that imitation should improve eﬃciency, or indeed suggests the opposite. Clearly, it is highly
ineﬃcient for all agents to ignore the raw data and mimic each other, and so too
much imitation is harmful. Hence the usefulness of imitation lies in heterogeneity:
some agents need to base their decisions on the raw data even if others do rely on
their peers.
Participants naturally reverted to imitation when signals were “weak” to correct
for mistakes, which are common in this case. Grouping participants by IQ results
reveals that while high-IQ participants perform better than low-IQ ones irrespective
of the information structure and signal strength, both groups rely on the opinions of
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others when signals are “weak” and both groups beneﬁt from imitation. Imitation
and its beneﬁcial eﬀect was robustly observed across information structures and group
sizes.
A fruitful avenue for future research is the development of a theoretical approach
that explains our ﬁndings. The theory of Bayesian agents predicts that actions will
be based on the raw public data, and so observing the actions of others should not
improve outcomes. Thus a departure from the Bayesian framework is needed to explain our results. A theory whose predictions match our observations will necessarily
need to incorporate heterogeneity, as well as some measure of trust in others’ actions.
To study imitation we constructed a social learning environment with repeated
actions. The experimental literature on such settings is small, and we believe that
there is much room for further research. In particular, it would be interesting to understand the robustness of imitation to various interventions, such as the inclusion of
a well-informed central information source, or of ideological agents whose actions are
independent of the data, or a more general structure of heterogeneity in information
quality of diﬀerent agents. These questions are important in an age in which the
dissemination of uncertain but critical information to the public is a major societal
challenge.
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A

Additional Aggregate Results
Panel (a): Correct Actions, by round

Panel (b): Consensus rates, by round

0.2

0.2

0.1

0.1

0.0

0.0

−0.1

−0.1
1

3

5

7

9

11

13

15

17

19

3

Game Round

5

7

9

11

13

15

17

19

Game Round

Figure A.1: Diﬀerences between the all and signals treatments
Notes: Panel (a) presents the average diﬀerence in the frequency of correct actions in each treatment
in each round, averaged across games. Panel (b) depicts the diﬀerence in consensus rates in each
round. For panel (b) we exclude cases with equal number of green and red signals. Shaded regions
represent conﬁdence intervals from 50% (darkest) to 95% (faintest) probability levels. Conﬁdence
intervals are constructed with a variance-covariance matrix clustered by session.
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Panel (a): Majority Correct Actions, by round

Panel (b): Diﬀerence between all and signals, by round
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Figure A.2: How often is the majority correct? all versus signals treatments
Notes: Panel (a) presents the frequency of correct actions by the majority in each treatment per
round, averaged across games. Panel (b) presents the average diﬀerence in the frequency of correct
actions by the majority between the two treatments. We exclude cases with an equal number of
green and red signals. Shaded regions represent conﬁdence intervals from 50% (darkest) to 95%
(faintest) probability levels. Conﬁdence intervals are constructed with a variance-covariance matrix
clustered by session.

Table A.1: Treatment Eﬀects for signals and all treatments
Dependent variable:
Correct Actions

Consensus Rate

Majority is Correct

(1)

(2)

(3)

(4)

(5)

(6)

all (Baseline)

0.702∗∗∗
(0.012)

0.701∗∗∗
(0.013)

0.812∗∗∗
(0.009)

0.809∗∗∗
(0.011)

0.803∗∗∗
(0.013)

0.808∗∗∗
(0.014)

signals (Eﬀect)

−0.051∗
(0.028)

−0.047∗
(0.028)

−0.095∗∗∗
(0.028)

−0.089∗∗∗
(0.029)

−0.038∗∗
(0.016)

−0.051∗∗∗
(0.016)

signals (Eﬀect) × Late Rounds

Game Round Fixed Eﬀects
Observations
Adjusted R2

Notes:

∗∗

p<0.05;

∗∗∗

−0.007
(0.017)
Yes
44,460
0.021

Yes
44,460
0.021

0.026∗
(0.015)

−0.011
(0.012)
Yes
5,499
0.135

Yes
5,499
0.135

Yes
5,499
0.062

Yes
5,499
0.062

p<0.01. Clustered standard errors by session in parentheses. Late rounds are
11 through 20.
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Table A.2: Treatment Eﬀects for no info, actions, and signals
Dependent variable:
Correct Actions
actions (Baseline)

no info (Eﬀect)

(1)

(2)

0.583∗∗∗
(0.017)

0.572∗∗∗
(0.015)

−0.076∗∗∗
(0.019)

−0.053∗∗∗
(0.016)
−0.043∗
(0.026)

no info (Eﬀect) × Late Rounds
0.078∗∗∗
(0.029)

signals (Treatment)

−0.034∗∗
(0.013)

signals (Treatment) × Late Rounds

Game Round Fixed Eﬀects
Observations
Adjusted R2

Notes:

∗∗

p<0.05;

∗∗∗

0.096∗∗∗
(0.028)

Yes
56,430
0.028

Yes
56,430
0.028

p<0.01. Clustered standard errors by session in parentheses. Late rounds are
11 through 20.

Table A.3: Treatment Eﬀects for Group Size
Dependent variable:
(1)
all4 (Baseline)

Correct Actions
(2)
(3)

0.614∗∗∗

0.603∗∗∗

(0.017)

(0.016)

0.065∗∗∗
(0.023)

0.082∗∗∗
(0.022)

actions4 (Baseline)

all (Eﬀect)
all (Eﬀect) × Late Rounds

0.546∗∗∗
(0.016)

0.539∗∗∗
(0.012)

0.008
(0.022)

0.019
(0.020)

−0.033
(0.031)

actions (Eﬀect)
actions (Eﬀect) × Late Rounds

Game Round Fixed Eﬀects
Observations
Adjusted R2

Notes:

∗∗

p<0.05;

∗∗∗

(4)

−0.021
(0.024)
Yes
44,080
0.029

Yes
44,080
0.029

Yes
40,090
0.020

Yes
40,090
0.020

p<0.01. Clustered standard errors by session in parentheses. Late rounds are
11 through 20.
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Figure A.3: Frequency of correct actions, by information structure and group size
Panel (a): Information Structures

Panel (b): Group Size
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Notes: Both panels present the average frequency of correct actions in each treatment per each round,
averaged across games. Shaded regions represent conﬁdence intervals from 50% (darkest) to 95%
(faintest) probability levels. Conﬁdence intervals are constructed with a variance-covariance matrix
clustered by session.

B

Open-ended Questions

We quantify the answers to the open-ended questions designed to elicit participants’
strategies throughout the game and analyze their relationship with participants’ characteristics, speciﬁcally players’ IQ.
For each participant in the all4 and all treatments, we examine the three openended survey questions asked after all rounds have been played:
(i). What strategy did you use in the game (if any)? Please elaborate.
(ii). Did you look at the balls drawn for other players in your group? Did you ﬁnd
them useful/not useful? Please elaborate.
(iii). Did you look at the bets made by other players in your group? Did you ﬁnd
them useful/not useful? Please elaborate.
We implement a machine learning algorithm for a probabilistic topic model known
as the structural topic model (STM) (Roberts et al., 2013). Under this framework, a
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topic is deﬁned as a probability distribution over words and a participant’s response
in our data is modeled as a distribution over topics. Thus, each participant’s response
in the data can belong to multiple topics with a probability distribution estimated
from the data. We are interested in the proportion of an answer spent covering each
estimated topic.
Each participant’s response to question q ∈ {(i), (ii), (iii)}, rq , has its own distribution over topics, θrq . We label this parameter topic prevalence and interpret it as
the proportion of each topic k = 1, . . . , K in response rq . We can think of each topic
k as drawn from a multinomial distribution with parameter θrq . Conditional on the
topic selected, word wrq ,n included in response rq is drawn from a multinomial distribution over the vocabulary n = 1, . . . , N with parameter βk,n . This is a probability
vector over the N words in the vocabulary.
In probabilistic topic models such as the STM, the number of topics K needs to be
selected a priori. In doing so, there is a trade-oﬀ between interpretability (consistent
with a lower K) and goodness-of-ﬁt (consistent with a higher K). We favor the former
and choose the low value of K = 4 for the three open-ended questions. We ﬁnd that
K = 4 gives us topics that are very straightforward to interpret and with a higher
semantic coherence (i.e., the most probable words in a given topic co-occur together)
than models with more topics.
The structural topic model allows for the inclusion of participants’ characteristics
to inform the topic prevalence. Speciﬁcally, θrq ∼ LogisticNormal(Xrq γ, Σ), where
Xd is a vector of participant characteristics. In addition to our binary measure of IQ,
we include several participant characteristics: female, which is an indicator variable
that takes the value of one if the participant identiﬁes as female. stem, which is
an indicator variable that takes the value of one if the participant’s major is STEM.
overconfidence measures the extent of a participant’s over-estimation of her IQ,
which is given by the diﬀerence between the number of questions a participant believes
she solved correctly and the actual number of correct answers. risk is measured by
the number of points invested in a risky asset as speciﬁed in a risky investment task
solved at the end of the game.
The topic model for each open-ended question is estimated using a variational
Expectation-Maximization (EM) algorithm, as implemented in the stm package in R
(Roberts et al., 2013). Prior to estimation, we pre-processed the raw responses using
standard conventions: we stem words (i.e., reduce words to their root form), drop
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punctuation, as well as common stop-words, and remove words that were used less
than 0.5% over all responses.
Figure B.1 shows the labels of three estimated topics for the strategy question
along with the actual responses that are estimated to be highly associated with each
topic. The topics we labeled Other Strategies encompass participants who either
choose actions at random, ignoring signals and actions of others, or used heuristics
that deviate from Bayesian updating. The topic we labeled Signals + Actions of
Others encompasses answers where participants emphasized using both signals and
others’ actions to make their choices. The topic labeled Signals describes answers
where participants said making their choices based on the aggregate number of green
and red balls drawn throughout a game. Figures B.3 and B.5 show the labels and
response examples for questions (ii) and (iii), respectively. For these questions, the
estimated topics capture the range from negative to positive reliance on signals and
others’ actions, respectively.
Figure B.2 shows for each estimated topic in the strategy question (i), the relationship between our measure of IQ and the estimates of topic prevalence, θrq . We
capture each topic with a word cloud of the top words associated with it. Figures B.4
and B.6 present these estimates for questions (ii) and (iii), respectively.
We ﬁnd that participants’ description of their strategies is consistent with their
actual behavior in the game according to their IQ type. In particular, high-IQ participants, who appear closer to Bayesian behavior in the game (see Figure 5), described
using strategies based on signals to a larger extent than low-IQ ones (14% larger
with p < 0.001, see panel (a) in Figure B.2) who, in turn, relied signiﬁcantly more
on heuristics which, in many cases, disregarded raw signals as well as actions of others (see panel (b) in Figure B.2). Moreover, when directly asked “Did you look at
the balls drawn for other players in your group? Did you ﬁnd them useful/not useful?”, low-IQ participants were more skeptic about the information provided by other
players’ signals, compared to high-IQ players (5% more with p < 0.001)
In terms of explicitly looking at the actions of others, the topic prevalence from
question (i), which we labeled “Signals + Actions of Others” shows that high-IQ
participants describe other players’ actions as useful in a similar proportion to low-IQ
ones (37% for high-IQ participants versus 42% for low-IQ ones (p = 0.055), see panel
(c) in Figure B.2). Moreover, the analysis of the answers to “‘Did you look at the bets
made by other players in your group? Did you ﬁnd them useful/not useful?” shows
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that high-IQ participants describe other players’ actions as useful similarly to low-IQ
ones (36% vs 29% with p = 0.07, see panel (a) of Figure B.6), while low-IQ players
described the social signal as sometimes/somewhat useful to a larger extent than
high-IQ ones (4% and 30% more (p < 0.05) for topics “Sometimes/Somewhat Useful”,
respectively). Overall, these answers are consistent with a similar responsiveness to
others’ actions by IQ types found in the game data (see Figure 6). At the same
time, more than two thirds of those participants who ﬁnd the information in others’
actions redundant come from the group of high-IQ players (see panel (b) in Figure
B.6), which is consistent with the behavior of a subset of high-IQ participants who
take decisions consistent with Bayesian updating.
Other strategies

Signals + Actions of Others

Signals

I looked at the set of balls drawn and the generally
picked bets and see if theirs matched up against my own I kept track of the number of green and red balls
balls and bets.
I based my decision off of the amount of drawn colored
throughout each game and after Round 19 but before
balls. I would wait six turns to see which balls were
Round 20, I divided each total by 152 (8*19). As this
being drawn the most and then selecting the urn with
was a decently large sample size of 160, I used these
the highest amount. I would continue with the same
percentages to figure out which urn it was as they
urn for the remainder of the game unless there was an
tended to go toward either the 60% or 40% mark.
obvious discrepancy.

I tried to pick one color first, and try to see the
probability of color of draw URN, if more 3 same color
out of 4 balls then I bet that color

I kept track of the ratio of red to green across the
game and guessed whichever was higher.

No strategy. I randomly chose base on patterns I
selected in my head

I counted the total number of red balls throughout each
game. If the number I have got till the current round
I was actively trying to come up with a strategy but
When betting on the colored balls I would compare the is larger than #of round*4/2, I will pick Red Urn in
since each urn had a 50/50 chance of being chosen
likeliness of the color popping up on each of the other the next round. Otherwise, I will pick Green Urn. If
no matter what balls were pulled, I didn't think a
the numbers are equal, I will continue my old guessing.
players picks.
strategy would make any difference.

Figure B.1: Example Responses to “What strategy did you use in the game (if any)?”
by topic (all4 and all treatments)
Notes: Each panel presents the three most highly associated open-ended responses with each of the
four estimated topics for the question “What strategy did you used in the game (if any)?”
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Panel (b): Topic “No Strategy”
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Figure B.2: Responses to “What strategy did you use in the game (if any)?” of
low-IQ and high-IQ Participants (all4 and all treatments)
Notes: The upper row of each panel presents the word cloud of the top 100 words with the highest
likelihood of being drawn from each topic, with the size of the word representing the magnitude
of this likelihood. The lower row of each panel presents the estimated topic prevalence for the
subgroups of low-IQ and high-IQ participants with 95% conﬁdence intervals.
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0.40

Topic Prevalence

0.45

0.50

Sometimes/Somewhat Useful

Yes, useful

Yes, more information

I looked, but I didn't find it useful, since we diddn't
draw the same balls.

Yes, it's useful to find the trend

Yes, because the larger the sample size, the closer the
average mean will be to the population mean.

Yes, I found them useful since I assumed more of one
color of balls correlates to the urn

Yes I used this to figure out the majority of what
color ball was chosen in each round

Yes, I thought these were extremely useful as instead
of just a sample size of 19 balls (if you only saw
those drawn for you), you now had a sample size of 152
balls (8*19).

It was useful in looking at the probability of which
urn is being used. The different balls other players
got sometimes had an unlucky round that threw me off
but most of the time it helped determine the right
ball.

Yeah, I think they are helpful.

Yes because it expanded the size of my reference data
set, gave me more information to make decisions based
on.

Figure B.3: Example Responses to “Did you look at the balls drawn for other players
in your group?” by topic (all4 and all treatments)
Notes: Each panel presents the three most highly associated open-ended responses with each of the
four estimated topics for the question “Did you look at the balls drawn for other players in your
group? Did you ﬁnd them useful/not useful? Please elaborate.”
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Panel (a): Topic “Sometimes/Somewhat Useful”
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Figure B.4: Responses to “Did you look at the balls drawn for other players in your
group?” of low-IQ and high-IQ Participants (all4 and all treatments)
Notes: The upper row of each panel presents the word cloud of the top 100 words with the highest
likelihood of being drawn from each topic, with the size of the word representing the magnitude
of this likelihood. The lower row of each panel presents the estimated topic prevalence for the
subgroups of low-IQ and high-IQ participants with 95% conﬁdence intervals.
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Sometimes/Somewhat Useful

Yes, useful

No, no extra information

no, i didn't look at them because they don't know the
Sometimes when I found myself not really sure and yes. to count how many red urns and green urns in each
actual answer either
rushed I automatically looked at the other guesses
run. Probably useful?
and would pick the same or check to make sure we were
following the same pattern. Usually I stuck to my own
pattern and guesses though.

Yes, at times. I did find them useful and most of the
time, most people also went with the majority color of
I didn't really look at. I don't think it will be
draws so I felt like I was also guessing right. But my
Yes, I found them sort of useful, because it would tell helpful, because computer selected didn't balls for
bet wasn't dependent on others' bets.
me whether or not they were firm with their decision or every one. There isn't really points to look at other
players
if they had uncertainty as to which urn was picked.

I did not look at the bets from other players. They
were guessing based on the same information I was and I
like to have confidence in myself so changing my guess
based on them would have made it too complicated.
yes. useful in me feeling confident.

I didn't. I only looked at the balls.

Figure B.5: Example Responses to “‘Did you look at the bets made by other players
in your group?” by topic (all4 and all treatments)
Notes: Each panel presents the three most highly associated open-ended responses with each of the
four estimated topics for the question “Did you look at the bets made by other players in your group?
Did you ﬁnd them useful/not useful? Please elaborate.”
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Panel (a): Topic “Yes, useful”
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Figure B.6: Responses to “Did you look at the bets made by other players in your
group?” of low-IQ and high-IQ Participants (all4 and all treatments)
Notes: The upper row of each panel presents the word cloud of the top 100 words with the highest
likelihood of being drawn from each topic, with the size of the word representing the magnitude
of this likelihood. The lower row of each panel presents the estimated topic prevalence for the
subgroups of low-IQ and high-IQ participants with 95% conﬁdence intervals.
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C

Participants’ Beliefs

We analyze the precision of subjects’ incentivized beliefs, as elicited at the end of
the experiment (see section ?? for details). For the analysis, we pool all participants’ answers across treatments.29 In the beliefs section, each participant provides
an estimate of the fraction of correct actions (in the last round of the game) in
both her own treatment and other treatments. We combine these answers and deﬁne
participant i’s precision as her mean squared error across all treatments: M SEi =
∑
2
treat (ytreat − ŷi,treat ) , where ytreat denotes the actual fraction of correct actions
in treatment treat ∈ {none,actions4,actions,signals,all4,all} and ŷi,treat denotes participant i’s estimate about the fraction of correct actions in treatment treat.
Both actual values and beliefs are discretized in 10 equally spaced bins from 0% to
100%, consistent with subjects’ answers.
To assess the diﬀerence between low-IQ and high-IQ subjects on their beliefs’
precision, we estimate a regression of the form:
′

M SEi = δtreat,i + β1 · low-IQ + Xi γ + ϵi ,
where low-IQ is a dummy variable that takes a value of one if a subject is low-IQ
according to our IQ auxiliary measure and 0 if she is high-IQ. δtreat,i is a ﬁxed eﬀect
of the treatment assigned to subject i. Xi is a vector of participant i’s characteristics
as deﬁned in Appendix B including: female, stem, overconfidence and risk. ϵi
denotes the error term with a variance-covariance matrix clustered by session.
The results of estimating the diﬀerence between low-IQ and high-IQ subjects on
their beliefs’ precision is presented in Table C.1 and visually in Figure C.1. Across
all speciﬁcations, we ﬁnd that low-IQ subjects are signiﬁcantly less precise than their
high-IQ counterparts. In particular, controlling for both treatment eﬀects and participant characteristics (column (3) of Table C.1), these eﬀect translates into low-IQ
participants miscalculating the actual fraction of correct actions by more than 10%
√
(i.e., 1.58 = 1.26 bins of 10% increments each).
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We do not have data for subjects in the ﬁrst session of each treatment, because it was used to
collect data and calibrate subjects payments in subsequent sessions.
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Table C.1: Precision of Beliefs (MSE) by IQ Type (all treatments)
Dependent variable:
MSE
(1)
∗∗∗

Intercept
low-IQ

Treatment Fixed Eﬀects
Participant Covariates
Observations
Adjusted R2
Notes: ∗ p<0.1;

∗∗

p<0.05;

∗∗∗

(2)
∗∗∗

(3)

5.281
(0.414)
1.097∗∗
(0.537)

3.428
(0.283)
1.088∗∗
(0.545)

3.770∗∗∗
(0.818)
1.580∗∗∗
(0.602)

No
No
476
0.005

Yes
No
476
0.012

Yes
Yes
476
0.013

p<0.01. Clustered standard errors by session in parentheses

IQ Type

high−IQ

low−IQ

high−IQ−low−IQ

−5

0

5

10

MSE (Beliefs)

Figure C.1: Beliefs’ Accuracy and IQ Types
Notes: The ﬁgure shows predicted mean squared errors for the beliefs of low-IQ and high-IQ participants along with 95% conﬁdence intervals. For these estimated eﬀects we use the estimated
coeﬃcients from column (3) in Table C.1. We include as controls: female, stem, overconfidence
and risk and set them to their median values in the data.
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