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It is generally believed that individuals imitate others to gain status, minimise
regret or simply ameliorate their performance. Psychology provides a complementary explanation: imitation becomes appealing when agents have little faith
in their abilities. We investigate the extent to which self-efficacy beliefs affect
agents’ propensities to imitate others. We propose an experimental task, which
is a modified version of the two-armed bandit. We measure participants’ selfassessed self-efficacy, then study individual learning. Subsequently, we measure
how individuals use the information they gather observing a randomly selected
group leader. We find that, in stable environments, a 1% increase in individual
self-efficacy reduces the propensity to imitate others by 3%.
Keywords: Learning, imitation, laboratory experiment, self-efficacy beliefs
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When undertaking novel tasks, people can arrive at adaptive solutions by
means of either individual learning or observational learning. The former involves
consideration of one’s own successes and failures; the latter considers those of others [54]. Amongst the most common forms of observational learning is imitation,
which consists in copying the actions of others.1 Imitation is widespread in the
natural world: an animal can, for instance, avoid the costs related to sampling
different feeding locations simply by imitating the actions of its conspecifics [60].
Humans also use imitation in a wide variety of circumstances [43].
Imitation can be motivated by preferences for conformism. When individual
preferences bend towards or depend on those of others, motivational conformism
might induce agents to behave like their peers [39]. Considerable evidence shows
that peer effects can explain imitative behaviour regarding educational attainment [75], financial decisions [20, 23], criminal activities [16]. However, most theoretical and experimental work in economics tend to depict imitation as a simple
“economizing behavior” [66, 3]. By copying the action of another decision-maker,
the imitator minimises “the effort required to think through a choice problem”
[66, p. 193] and maximises his or her chances of finding an optimal choice [65].
Thus, one of the standard arguments in economics is that imitative behaviour
occurs due to payoff-enhancement motives: the decision maker wants to simultaneously enhance his or her performance and to reduce the decision costs associated
with comparing alternative solutions.
The psychology literature provides a complementary explanation: imitation
becomes appealing when individuals have little confidence in their own abilities
to reach a designated goal, that is they have low self-efficacy beliefs [11]. The
importance of strong self-confidence is widely acknowledged in the economics literature. Many studies have shown that very confident individuals are more likely
to have a superior ability to collect information [41], to engage in entrepreneurial
activities [50, 27] and undertake excessive asset trading [15]. Much less attention
has been devoted to the case in which individuals have little faith in their own
capacities, i.e. low self-efficacy beliefs. And, more specifically, no study has yet
tested whether and to what extent, when making economic decisions, individ1

Concepts like imitation, emulation and mimicry are highly debated in several disciplines
which include neuroscience, psychology, anthropology, sociology and animal behaviour. Hurley
and Chater [46, pp. 1-52] provide a detailed review of the literature on the topic. Despite
subtle differences, these concepts all represent forms of observational learning and mostly have
to do with the act of copying another’s action or performance. In this paper, we will focus
on imitation as defined in the economics literature. We consider imitation as a choice method
in which the agent makes a choice after having observed the actions and the outcomes of one
other decision maker, thus having the chance to match or mimic such behaviour [65, 66].
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ual self-efficacy beliefs complement payoff motives and affect the propensity to
imitate others.
This paper addresses this gap and examines how individual variation in social
learning dynamics is affected by introspective beliefs. We use a modified version of the common two-armed bandit game as the experimental setting. After
gathering information on individuals’ self-efficacy beliefs, agents make a series of
choices from which they derive real payoffs. In a control treatment, we study
individual learning patterns. In the following observational treatment, we analyse how individuals learn when observing the actions and rewards obtained by a
randomly selected group “leader” who plays before everybody else. This specific
frame transforms the leader into a pioneer. Our goal is to understand how people
process the information acquired by observing the leader’s experience and the extent to which introspective beliefs about one’s self-efficacy affect the propensity
to imitate others. Our hypothesis is that, holding payoff motivations constant,
individuals with low self-efficacy beliefs are more inclined to imitate the leader’s
actions.
Our analysis runs along the following lines. We (i) posit that subjects employ
one of a set of individual learning strategies, (ii) for each strategy we derive
the conditional probability of behaviour, given the available information, (iii)
use these probabilities to generate likelihoods of the laboratory data, and (iv)
select the strategy that best fits the data. Having studied individual learning we
(v) study, following the same approach, how individuals learn observing others.
Lastly, (vi) we investigate whether individuals’ propensity to imitate correlates
with their self-efficacy beliefs, i.e. self-perceptions of incompetence. This is where
our contribution lies.
We find significant evidence to support our hypothesis: particularly in stable
environmental conditions, higher self-efficacy beliefs reduce the propensity to
imitate others. Results are inconclusive for more volatile environments.
The remainder of the paper is organised as follows. Section 2 briefly reviews
the literature on learning and imitation, making connections to the social psychology perspective. Section 3 presents the general design of our experiment. Section
4 presents our estimation strategy. We test our main hypothesis in section 5.
Lastly, section 6 concludes and discusses the limitations of this study.
2. Related literature
Individual learning has been at the centre of numerous scholarly investigations. Many have examined reinforcement learning models [24, 25, 44, 49, 30, 7, 8]
including modifications to account for recency and experimentation [67, 37, 38],
and exploitation and inertia [35, 59, 36, 58].
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These models, independently from their complexity and number of parameters, focus on the direct effects that personally obtained payoffs have on choice
behaviours. These are among the most important drivers of human behavioural
adjustments. Yet, as with most other animals, humans change their behavioural
repertoire not only through personal experience but also by observing the actions
of others [6]. Specifically, when it is possible to observe the actions and payoff
obtained by someone else who is playing the same game as oneself, then following
his or her behaviour becomes appealing.
The literature identifies several sources of imitative behaviour. Peer effects
have been found to affect, for instance, people’s decision to purchase financial
assets, engage in risky [48, 42] or entrepreneurial activities [57]. This can happen simply because people want to gain social approval and/or status [1]. An
individual might also decide to behave similarly to his or her peers due to social
regret [48, 42], that is when disutility experienced from not taking an action is
less intense if others have chosen the same. Alternatively, imitative behaviour
might be undertaken to purposely extract information about the state of the
world from the actions of others [39]. All these instances imply that individual
preferences and utility depend on the actions of others. But there is another
reason for imitation: agents can decide to imitate peers to simply enhance their
performance and choose the strategy that yields the highest payoffs.
Most theoretical work focuses on this motivation [48] to explain imitative behaviour [73, 33, 68, 72]. Specifically, Vega-Redondo [73] and Selten and Ostmann
[72] assume that people imitate the successful action carried out by one other
player in the immediate previous period. More generally, Alós-Ferrer [2] assumes
that people mimic the best performing action carried out in the past that the
agent can recall. As for whom to imitate, people are often thought to follow the
actions of the best performing competitor [73, 72], or of those that are just like
them but playing against different opponents [68] or, if the players have some
preference for conformity, they follow the average choice of all other players [17].
The experimental economic literature has provided evidence that when given
the opportunity to do so, individuals tend to imitate others. Eckel and Wilson
[31] show that social status affects social learning processes. They found that, in
a coordination game, commonly observing an agent with high social status leads
subjects to converge faster on the payoff-dominant equilibrium. Cooper and Rege
[29] instead documented that imitative behaviour in lottery choice tasks might be
related to some form of regret. As for the relative payoff assumption, Huck et al.
[45] and Offerman et al. [61] provide support for the Vega-Redondo [73] model
and both show that, in a Cournot game, when information on players’ actions and
payoffs is available, players tend to copy best performers and the environment becomes competitive. Offerman and Sonnemans [63] show that subjects match the
forecasts of successful players. Apesteguia et al. [5] show that agents’ propensity
4
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to imitate the actions of more successful individuals is increasing in the difference
between the highest payoff observed and own score. Merlo and Schotter [53] show
that, in a Cournot game, observers learn better than subjects directly engaged
in the task. Anderson and Holt [4], relying on the models of Banerjee [14] and
Bikhchandani et al. [18], show that when people are able to retrieve information
both personally and through the observation of others, information cascades can
occur. Knowledge stops accumulating, individuals stop using private information
and simply conform to the behaviour of their predecessors.
So summarising, “the assumption of relative payoff concerns is central in
the literature” [48, p.82]. Observational learning is often associated with the
discrepancies between one’s own payoffs and the payoffs of others, i.e. when
someone is performing better than oneself, this can be a strong motivation for
imitation. Players imitate others, or strategically use the information retrieved
from their actions, to enhance their performance.
Social psychology provides a complementary explanation. In general, it is
thought that individuals do not necessarily engage in imitative behaviour as a
result of a mere cost-benefit analysis. Humans might also decide to imitate other’s
decisions and actions because of some specific cognitive needs. Festinger [40]
posits that if individuals care about making the right choice but have no means
to evaluate whether they are correct, they tend to anchor their decisions to those
of others. Additionally, Bandura [11] argues that individuals’ decisions, including
those to imitate someone else, depend on their introspective beliefs about their
own capabilities. The latter are referred to as an agent’s beliefs in his or her
own self-efficacy.2 These beliefs are crucial for the decision to imitate others.
According to Bandura [12, 9], apparently imitative behaviour is the result of
2
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Self-efficacy is concerned with a person’s perceived capabilities to achieve some goal. Selfefficacy differs from other concepts such as self-esteem, locus of control, or outcome expectancies. Self-esteem is a judgment of self-worth and according to Bandura [12, p. 11] “there is
no fixed relationship between beliefs about one’s capabilities and whether one likes or dislikes
oneself”. Even locus of control and self-efficacy are, according to Bandura [12, p. 20], “entirely
different phenomena”. Locus of control is concerned with the beliefs that behavioural outcomes
depend on one’s own actions or on forces beyond personal control and “cannot by any stretch of
imagination be considered the same as beliefs about whether one can produce certain actions
(self-efficacy)” [12, p.20]. Perceived self-efficacy is also different from outcome expectancies.
Self-efficacy has to do with people’s confidence that they can perform a certain action if they
wish or have to. Outcome expectancies instead identify one’s judgments about how performance affects outcomes. See Bandura [12] on this specific point. Outcome expectancies are
closely linked to self-efficacy in tasks in which the effects are dependent on performance. Conversely, in situations where outcomes are only loosely tied to actions, self-efficacy and outcome
expectancies are likely to be separate [10, 69]. This seems to suggest that in situations in which
people think that their performance has no clear impact on the outcome obtained, self-efficacy
matter less.
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both individual and observational learning. While one’s own evaluations remain
part of any decision, copying the behaviour of others does become more likely
when one perceives oneself as unable to figure out how to accomplish a specific
goal. If the agent perceives him/herself as unable to take actions on his or her
own, he or she will be more prone to rely on others’ decisions or actions.3
Although Offerman and Schotter [62, p.461] argue that “those who feel the
need to imitate must, by definition, either not be able to do all the necessary
calculations” or lack the inclination to do so, the role of introspective beliefs
concerning one’s capabilities as possible motives to imitate has not been explored
within the economics literature. This study takes a first step to fill this gap
and test whether players’ own self-evaluations of their capacities represent an
additional motive for imitative behaviour. We hypothesise that if agents have low
self-efficacy beliefs, i.e. they feel unable to understand and control the decisional
environment, they might be more inclined to imitate others, regardless of their
performance.
To test our hypothesis we use as an experimental task a modified version of
the common two-armed bandit problem with finite time horizon, as explained in
detail in the next section.
Only five studies in the literature have used this experimental task to investigate imitative behaviours specifically. Vostroknutov et al. [74] use a two-armed
bandit setting to study how intelligence levels affect observational learning.4 They
find that participants with high intelligence use choices of others strategically to
better understand the decisional environment. Conversely, agents who score low
on the intelligence test rely on simple mindless imitation. This study shares with
ours the interest in uncovering the mechanism motivating imitation, but whereas
Vostroknutov et al. [74] claim that this mechanism can be found in the knowledge of one’s own intelligence and that of the person we are imitating, we posit
that confidence in one’s capacities is key. In the Burke et al. [21] study, students
engaged in a two-armed bandit experiment while being administered an fMRI
scan. Before participants made their own choice, they observed the behaviour of
another player who faced the same options. They found that when participants
are informed both about the option chosen and payoff obtained by a peer, they
choose the higher paying option at a significantly higher rate. They also find that
3

Indeed, the self-efficacy mechanism does not necessarily conflict with the payoff enhancement motive. Low self-efficacy could simply imply that a subject is less confident in his or her
abilities to obtain a high payoff and thus more likely to imitate someone he or she believes to
be more capable. Our goal is to test whether aside from payoff enhancement, status or regret,
low self-evaluations of one’s capacities can represent a possible reason to imitate others.
4
Intelligence, defined as efficient problem solving and abstract reasoning, is measured using
Raven Advanced Progressive Matrices.
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agents tend to mimic a peer with a higher probability when only the choices made
by the peer were observable relative to the case in which both actions and payoffs
were observable. Nicolle et al. [60] use a two-armed bandit to study the relations
between observational learning and optimism. As observers do not directly incur
costs or benefits during the learning process, observational learning is associated
with optimistic over-valuations of low-value options. Our experimental design
is closer to the work of McElreath et al. [52, 51] who used two-armed bandit
experiments to study social transmission of behaviour and culture. We modify
their treatment set-up to assess whether self-efficacy beliefs are a good predictor
of imitative behaviours. The general design of our experiment is explained in the
next section.
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Our experiment consists of three parts as summarised in Table 1. First, in
the pre-game phase, subjects answered 10 questions aiming at measuring their
problem-solving abilities and math skills. We selected these questions from the
standard Graduate Record Examination (GRE) test.5 Subjects were allowed
neither calculators nor pens and paper.
Subsequently, our subjects were presented with a questionnaire to assess their
self-efficacy beliefs.6 This is a standard questionnaire used to rate participants’
confidence to perform certain behaviours in a set of hypothetical situations [71,
70, 47]. It is not task-specific, it is rather meant to assess people’s self-perceived
potential and beliefs that actions are responsible for successful outcomes (e.g.
“I can always manage to solve difficult problems if I try hard enough” or “If I
am in trouble, I can usually think of a solution”) . The questionnaire consists
of 10 questions. Students were asked to rate the extent to which each question
applied to them on a 4-points scale which ranged from “Not at all true” (1) to
“Exactly true” (4). The final score for each participant was obtained summing
up all questions’ scores. We treat this information as static and exogenous. We
5

AC

In order to make sure that these questions were not too hard for undergraduate students,
we ran a simple in-class pilot with 45 students. We administered the test to first year economics
students enrolled in the International Economics course at Maastricht University. We checked
the distribution of correct answers and fine-tuned the level of difficulty to make sure that on
average people were able to answer at least 5 questions.
6
One might be concerned that as a result of filling in a questionnaire about self-efficacy,
subjects might change their own self-efficacy beliefs. Many studies have shown that this does
not happen. Recording one’s efficacy judgments has been shown not to affect subsequent
behaviour. Simply having evaluated one’s own self-efficacy did not change people’s capacity
to cope with threats, regulate motivations, tolerate pain, ameliorate cognitive performance,
recover from coronary surgery, or commit to physical exercise [12, 13].
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do not consider any feedback-loop between learning and self-efficacy beliefs. This
seems reasonable given the short duration of the experiment.
Finally, subjects participated in the experimental game which followed a
within-subject design.7 Our game is divided into 2 treatments whose order was
not randomised and which differ from one another mainly in terms of the information participants received. In the baseline treatment, subjects sequentially
chose between two alternative colours (1 and 2) for three sets of twenty rounds,
thus making 60 binary choices. We will call a set of 20 rounds a sub-setting. The
number of periods and sub-settings played were set to reduce the likelihood of
participants growing bored and to have enough variation in the data to estimate
learning patterns.
Table 1: Summary of the experimental design

None
no calculators/pens

-

PT

Variance payoff
distributions

-

CE

Number of repetitions

10 questions
from GRE
in 12 minutes

Individual choice made and
reward obtained in
previous round

-

ED

Leader

None

Binary choice
(Colour 1 vs Colour 2)

No

Binary choice
(Colour 1 vs Colour 2)

1. Individual choice
made and
reward obtained in previous round
2. Leader’s choice and
reward he obtained in current round
Yes
identity unknown,
randomly selected
and first mover.
Leads a group of 4/5 people.
Uniquely informed about personal
choice made and reward obtained
in previous round.

-

3 values
in randomised order
(High, Medium, Low)

3 values
in randomised order
(High, Medium, Low)

10 questions

3 sub-settings of
20 rounds
(total=60 choices)

3 sub-settings of
20 rounds
(total=60 choices)

Intermezzo Questionnaire every 20 rounds

Information
provided

Tr 2: Observational

Intermezzo Questionnaire every 20 rounds

Math test

M

Task

Tr 1: Baseline

Self-efficacy
questionnaire

AN
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Pre-Game
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To avoid people carrying their priors over sub-settings, which can happen in
within-subjects designs, every 20 rounds we changed the two colours between
7

The reasons for opting for a within-subject design rather than for a between-subject design
are twofold. First, we want to study learning patterns and thus assess how people make repeated
choices. Second, our goal is to investigate how individuals learn on their own as well as how
they learn when they can observe the actions and payoffs obtained by a peer. We are not
necessarily interested in the effects that the group exerts on learning processes. Therefore, this
calls for a task in which subjects serve in more than one treatment.
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which subjects had to choose. Each sub-setting had a “preferred” colour, in the
sense that it yielded a higher expected payoff. The preferred colour was set randomly at the start of the sub-setting, was the same for all subjects, and remained
unchanged during the sub-setting. Participants were informed that there was
a difference in expected payoffs to the two colours, but not what the expected
payoffs were, nor which was higher. They were informed that payoffs ranged
between 1 and 18 units. Subjects played by selecting one colour in each round.
After agents selected their colour they were informed about the score received,
and reminded which colour they had chosen. Only the most recent choice and
payoff were displayed. Before the first round, no information was displayed. The
payoffs of both options were drawn from truncated normal distributions, with
fixed mean and variance, bounded between 1 and 18.8 Thus a sub-setting can be
characterised by a quadruple: (µ1 , µ2 , σ12 , σ22 ).
The mean of the more rewarding colour, for instance colour 1, was fixed and
equal to µ1 = 13 units, while that of the less rewarding one was µ2 = 10 units.
The variance of the payoff distributions changed across the three sub-settings but
was set to be the same for both colours (i.e. σ12 = σ22 ∈ {0.25, 4, 16}). The higher
the variance, the higher the payoff volatility. Each group of subjects played in
all three sub-settings, but the sequence of variance values came in random order
and changed across groups.9
The observational treatment of our experiment differs from the baseline in the
information given to participants. As in the baseline treatment, participants had
to select one of two colours for three consecutive sub-settings of twenty rounds
each. Differently from baseline, subjects were randomly assigned to a group of 4
or 5 people whose identity remained unknown. Each group had a leader who was
randomly selected and faced the same environmental conditions as everybody
else. Leaders played as in the baseline treatment: they did not observe others’
behaviour — only their own choices and payoffs were shown to them, exactly
as in the baseline treatment. Non-leaders had different information. For them
this treatment resembles what Bikhchandani et al. [18] define as an “observable
signals” scenario. Leaders played first. Non-leaders were immediately informed
of their leader’s choice and payoff. This makes our treatment different from the
one analysed by McElreath et al. [52, 51] wherein participants were given the
possibility of clicking a button and observing the most recent decision, but not
yield, of one single unknown member of their group. Starting from round two
8

We checked that the mean and variance in the sample of payoffs were close to those of the
underlying normal distribution.
9
The variance order was randomised at the group level. Had we randomised at the individual
level, patterns of imitation would have been difficult to detect and the learning parameters
would not have been easily compared.
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onwards, non-leaders also observed the outcome of their previous personal choice
as in the baseline condition.
The leader is not necessarily the best performer, the most skilled or informed
but simply the one who explores the decision environment first. Non-leaders were
clearly aware of this (refer to 3 for details on instructions). We opted for this
design because it is not our goal to make claims about leaders’ characteristics
but rather about those of the followers.
As in the baseline treatment, the payoffs were drawn from truncated normal
distributions. The mean of the distribution from the most rewarding colour was
set equal to 13, whilst the one for the worse option to 10. The pairs of colours
between which the individuals had to make a choice changed every twenty rounds,
at the end of each sub-setting. One of the two colours was always on average
better than the other. The best option was randomly decided and changed every
sub-setting, as were the colours. The variance of the payoff distributions, as in
the previous treatment, was set to be either low, medium or high. The order was
randomised across groups.
The experiment was programmed in PHP and administered via computer. It
lasted about one hour. All instructions were displayed on the screen (refer to
Appendix 3). One hundred and seventy five undergraduate students (74 females
and 101 males) participated in all parts of this experiment. Monetary rewards,
proportional to the total score each subject achieved, were given at the end of
the session. Theoretical gains, which included a flat-rate show-up fee of 5 euros,
ranged from a minimum of 15.1 to maximum 19.4 euros. The lowest realised
payoff was 17.2 while the highest one was 19.1 euros. On average, students
received 18.2 euros. The experiment was run at the BEELab at Maastricht
University.
4. Theoretical models and estimation strategy

AC

CE

In order to test our hypothesis and study imitative behaviour, we have first
to study individual learning patterns. We observed the choices made and payoffs
obtained in each round by each agent in the baseline treatment. We select three
plausible individual learning models. For each of the three prior-posterior updating rules, we estimate the individual learning parameter (β) and select the best
fitting model. Subsequently, we move to the analysis of the observational treatment, the goal of which is to understand how people filter available information
concerning the behaviour of others. We select two imitation models and estimate
the related parameters (α or θ).
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4.1. Choice model
In all the analysis that follows we use a standard logistic discrete choice model.
The model assumes that each of the two possible strategies has a numerical evaluation, generally defined in the literature as “attraction score”, which is updated
in response to experience [26]. We denote the attraction score of the option
i = {1, 2} at time t considering the choices made and payoffs obtained in each
round as Ai,t . Thus the probability of choosing colour i in round t is written as:
eβAi,t
(1)
eβA1,t + eβA2,t
where Θ is the set of free parameters, while A1,t and A2,t represent the attraction
scores (see below for clarification) and more specifically the subjects’ current
estimates of the mean payoff of colour 1 and 2 respectively.
The logit model initially proposed by Luce [49], is widely used in economics.
Generally, it is meant to explain how best responding individuals maximise their
expected payoffs based on the distribution of scores they obtained in previous
periods. The parameter β is usually interpreted as a measure of rationality [19].
The larger is β, the smaller the probability that the individual will deviate from
the best response. When β = 0 the agent chooses randomly between the two
alternatives with probability 0.5. As β goes to infinity, the individual never
deviates from the best response and the choice is, in that sense, optimal.
A different interpretation is possible. In our case, β can be interpreted as the
strength of the belief about the estimated reward for each colour, or differently
the strength of the belief of being correct. If β = 0, the agent has little faith in
his or her own estimation, the difference in the mean of the payoff distributions
is neglected and the choice is made randomly. If β goes to ∞, the agent firmly
holds onto his or her estimates and the colour which is thought to be, on average,
the most rewarding is always chosen.
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4.2. Baseline treatment: Individual learning
We use data from the baseline treatment to detect patterns of individual
learning. This situation can be considered “a black box” [58]. Players take actions
and receive payoffs.10 No information apart from the result of the individual
performance is provided to the players. Consequently, learning is the result of an
asocial process.
In Table 2 we report descriptive statistics concerning self-efficacy, math abilities, payoffs and number of switches between colours. In addition we count,
10

Differently from Nax et al.’s [2016] baseline case, in our case the payoff structure does not
depend on others’ choices.
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backwards in time starting with the last round, the number of consecutive correct
choices made in the baseline treatment. Number of switches can be considered a
measure of exploration, number of consecutive correct choices can be considered
a measure of exploitation.

median
variance
252.00
4.00

5.80
Med
9.40
3.72

5.00
variance
236.00
6.00

5.83
High
11.46
3.87

4.00
variance
232.00
7.00
3.00
5.00
32.00

Payoff
#switches
# last consecutive
correct choices

249.43
4.47

Payoff
#switches
# last consecutive
correct choices

236.59
6.02

Payoff
#switches
# last consecutive
correct choices
Math Score
Self-eff. Score

234.07
6.98

7.07

5.63

4.62
1.96
3.53
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4.16
4.89
31.38
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mean

min

max

n

201.00
0.00

261.00
15.00

175
175

0.00

20.00

175

203.00
0.00

256.00
16.00

175
175

0.00

20.00

175

202.00
0.00

266.00
17.00

175
175

0.00
1.00
19.00

20.00
9.00
38.00

175
175
175
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US

sd
Low
9.68
2.79

M

Table 2: Basic summary statistics
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These measures provide indications of the individual learning dynamics. For
example, it appears that subjects explore more as the variance on payoffs increases, and, as it might be expected, their ability to exploit their learning at
the end of the sequence declines. However, there are several methods individuals
can use to learn in this condition. Following previous literature [52], we fit three
alternative, widely used and minimally parametrised learning rules to the data.
These models are presented in Table 3 as rules for updating attraction scores.
The first model, Running Average, is a standard reinforcement learning model
[26, ch.6]. The second model, Memory Decay, is a weighted average of all past
payoffs. If the ‘recency’ parameter r is equal to 0, information obtained from
earlier rounds is completely ignored, if r = 1 the model reverts to a Running
Average. Lastly, under the third model, individuals estimate the distribution
means in a Bayesian fashion. Subjects sequentially update their attraction scores
by combining their prior and the observed payoff using Bayes’ formula. It is worth
noting that this inference process is influenced by the variance of the estimate
2
of the mean of the payoff distributions (σ̂i,t
) and the real long-run variance (σ 2 )
12
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Table 3: Theoretical models

Updating rule

Running
Average

Ni,t−1 Ai,t−1 +yi,t−1
Ni,t

Ai,t = rAi,t−1 + (1 − r)yi,t−1

Bayesian
Updating

Ai,t =

y
Ai,t−1
+ i,t−1
σ2
σ̂ 2
i,t−1
1
+ 12
σ
σ̂ 2
i,t−1

β

β, r

β

AN
US

Memory
Decay

Ai,t =

Free parameters

CR
IP
T

Model

2
= ( σ̂2 1
σ̂i,t

i,t−1

+

1 −1
)
σ2

CE

PT

ED

M

which is assumed to be known. Low variance in the observed payoffs (i.e. a
low σ̂ 2 ) will lead quickly to a relatively fixed belief of the estimated distribution
mean.
For all models analysed, when colour i is not chosen at round t, its estimated
payoff mean is assumed to stay equal to previously formulated attraction score
(Ai,t = Ai,t−1 ).11
All models share the unknown parameter β which can be estimated with
maximum likelihood techniques. The Memory Decay model has an additional
parameter, r, which needs to be estimated, again using maximum likelihood. Independently from the model analysed, the attraction scores are transformed into
predicted choice probabilities using the standard logit model described above.12

AC

11
We acknowledge that alternative assumptions could be formulated. However, this assumption seems the simplest and the most consistent with common assumptions about rationality.
Additionally, it is the most common in the literature [26, 52].
12
We also examined two other models: the ‘Win-Stay-lose-shift’ model; and a revised version
of the I-SAW model. Neither model outperforms the Memory decay model. Additionally, for
I-SAW, the number of free parameters increases and thus the risk of measurement problems is
likely to bias our analysis. For this reason, we did not pursue these models any further.
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4.2.1. Estimation of the individual learning parameter β
We can fit these models either on an individual basis — obtaining for each
subject estimates for the parameters that maximise the likelihood of observing
the vector of his or her choices — or across individuals pooling the data together,
and obtaining one value of the parameter estimate for the entire population of
subjects.
We begin by fitting the models on pooled data, assuming all participants use
the same updating rule. This produces, for each model analysed, a negative loglikelihood of observing the true data under the assumption that the model is
true: − log L(D|x, Θ) for model x given the set of free parameters Θ and where
D denotes the data, a matrix containing the colours chosen by all participants
over the 20 periods. The likelihood is defined as:
L(D|x, Θ) =

P r(D|At−1 , Θ)t

(2)

t=1

Taking the natural log of all conditional probabilities and summing them, we
obtain:
log P r(D|At−1 , Θ)t

(3)

t=1

M

− log L(D|x, Θ) = −

20
X
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We fit each model in Table 3 to the data to retrieve the values of the parameter
that maximises the joint likelihood of observing the pooled data (Θ). Parameter
estimation is done through a numerical grid search. We use flat homogeneous
priors. We set the initial attraction scores equal to 9.5 for both colours. This
is consistent with the experiment instructions that the possible payoffs ranged
between 1 and 18 and that one of the two options was on average always more
rewarding than the other. For the case of the Bayesian model, the assumption
is that agents also know the long-run variance of the payoff distribution. Therefore, we set, for each sub-setting, σ 2 equal to the real variance of the payoff
distribution.13
We report in Table 4 the fit of each model on the pooled data for the three
variance values. The parameter estimates are shown together with the estimators
of the standard error of our parameters.
Table 4 also displays some goodness of fit measurements (AIC, AICc, w, and
∆) which allow us to compare the models scrutinised [22].
13

As it can be seen from the experimental instructions, participants were not aware of the
real value of σ 2 , but could have have made reasonable estimates if they were keeping track of
their payoffs.
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Table 4: Goodness of fit measures: pooled data

Medium

High

1516.89
0.63
(0.02)
AIC 3035.77
AICc 3033.80
∆
0.37
w
0.03
N
175
Mem. Decay
-LogLik 1512.28
β̂
0.60
(0.02)
AIC 3028.57
AICc 3025.64
∆
0.38
r̂
0.61
(0.05)
w
0.97
N
175
Bayes
-LogLik 1520.69
β̂
0.73
(0.02)
AIC 3043.39
AICc 3041.41
∆
0.37
w
0.00
N
175

1995.33
0.50
(0.02)
3992.67
3990.69
0.18
0.00
175

2140.91
0.49
(0.02)
4283.82
4281.84
0.12
0.00
175
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T

Low
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Variance level
Run. Average
-LogLik.
β̂

1852.81
0.42
(0.02)
3709.61
3706.68
0.24
0.26
(0.03)
1.00
175

1994.63
0.28
(0.01)
3993.27
3990.34
0.18
0.40
(0.02)
1.00
175

2027.56
0.54
(0.02)
4057.11
4055.14
0.16
0.00
175

2237.38
0.51
(0.03)
4476.76
4474.79
0.08
0.00
175

Note: AIC refers to the Akaike Information Criterion;
AICc refers to the Akaike Information Criterion with
a correction for small sample sizes, w are the Akaike
weights; ∆ is the ratio of the negative log-likelihood of
the model analysed, and the log-likelihood of a model
wherein individuals choose randomly. β̂ and r̂ are our estimated parameters. Standard errors are in parenthesis
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By all the goodness of fit measures, Memory Decay is the best model. The
AIC and AICc values for this model are the lowest regardless the higher number
of free parameters. ∆ values are the highest for all variance values. Although
this measure does not account for model complexity, it is able to provide a rough
guide of the variance explained by this model. Moreover, the Akaike weights (w)
show that the probability that people use the Memory Decay rule of updating,
compared to the other available models, is approaching or equal to 1 for all
variance values.
The estimates of β show that, for all models considered, choices become more
random with the increase of the variance in the payoff distributions. This implies
that the extent to which individuals believe in their estimates of the payoff means,
given the scores obtained from the two colours, decreases — as demonstrated by
the declining β — when the variance of the payoff distributions increases. This
first result is in line with what was found by McElreath et al. [52].
As expected, and consistent with declining β values, subjects’ abilities to
determine which colour had the higher mean payoff falls with the variance of
payoffs. This can be seen in Figure 1 which displays the proportion of correct
decisions in each round.

5

10

15

20

Round

Figure 1: Share of correct answers per round in low, medium and high variance in the baseline
treatment

We observe a consistent pattern when asking ex-post subjects to give their best
guess concerning the average reward obtained by choosing each of the colours.
16
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As can be seen from Figure 2, in case of low variance, the distribution of
the answers is nicely peaked around the real means, indicated as a solid vertical
line. Conversely, when the environmental volatility increases, some subjects have
more difficulty in understanding which are the real, correct means of payoffs’
distributions.

10 13 15

0

5

10 13 15

PT

Figure 2: Distribution of posterior beliefs on the means of payoff distributions by variance
value: Baseline
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CE

Table 4 also shows that the estimate of the r parameter — the additional unknown parameter for the Memory Decay model — declines, although not monotonically, with increasing variance. In the high variance case agents pay more
attention to recent events than they do in the low variance case.
In summary, our pooled analysis confirms the results obtained by McElreath
et al. [52].
However, differently, from them we also fit the models on an individual basis,
treating the three models presented in Table 3 as possible alternatives to explain
the choices made by each participant.
In this case, given the vector of choices made by each individual j over 20
rounds (D j ) as well as the set of parameters to be estimated individually Θj , the
log-likelihood function for model x can be written as follows:
17
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log L(D j |x, Θj ) =

20
X
t=1

log P r(D j |Aj,t−1 , Θj )t

(4)
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We estimate the individual learning parameter (β) for each model and each
variance value, thus obtaining nine β̂ per agent. In order to retrieve the values
of the parameter that maximises the joint likelihood of observing each vector
of individual data, we proceed numerically as we did in the pooled estimation
case. We arbitrarily specify the upper bound of the grid within which search is
conducted. It turns out that, in some cases, β̂ takes values equal to the upper
bound of this grid search, regardless of the value of the upper bound. These values
might be divergent. This problem, which emerged particularly for the Memory
Decay case, could be due to the fact that β̂ is computed over only 20 rounds and
thus unreliable estimates are produced. This implies that even if a true value of
β exists, simply because of statistical variation, our estimation strategy would
be unable to estimate it correctly. To test our estimation method, we run 20000
Montecarlo simulations. We set the true β and r equal to the estimates obtained
fitting the Memory Decay model to the pooled data as reported in table 4. We
use the payoff distributions used in our experiment, and create fictitious data.
We then fit the same Memory Decay model to these data. In the case of low
variance in the payoff distribution, in 26% of the cases β̂ takes extreme values,
diverging from the true β. In case of medium variance, the proportion of extreme
values declines to 10%, and is 11% when the payoff volatility is high (see section
1 in the Online Appendix). These proportions are in line with what we observe in
our experimental data. Our estimates are divergent in 37 cases (21%) in the low
variance sub-setting, in 31 cases (18%) for medium variance and in 21 (12%) cases
when the payoff variance is high. This is not a new problem in this literature.
The individual learning literature is well aware that in many cases the estimation
method is unable to recover the true parameter values even when this is among
those considered [51]. Different studies have shown that the estimation of learning
models can be disappointing if the number of possible strategies is small (e.g. 2 or
4) and the number of periods considered by the experiment is not long [26, ch.6].
Given these premises and the results of our simulations, we eliminate subjects
whose estimated β took on extreme values, and perform our individual learning
analysis with a reduced sample. Those excluded from the analysis do not differ
much from those included, either in self-efficacy or in payoffs obtained (refer to
section 2 in the Online Appendix). The main difference between the two groups
concerns the number of times they switch from one colour to the other and thus
the number of rounds taken to fix their choices. Those excluded make many fewer
switches, making it difficult to arrive at a reasonable estimate of β. Additionally,
we checked whether there exists a significant difference between self-efficacy for
18
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excluded and non-excluded individuals for each variance value. On the basis of
a Wilcoxon test, we conclude that the median self-efficacy of those excluded is
not significantly different from the median self-efficacy of those included in our
analysis.
A simple count shows that the Memory Decay represents the most frequently
used updating rule. As shown in Table 5 this applies to over 68% of individuals
in case of low variance, 83% in medium variance and 66% in the high variance
case. Bayesian updaters represent 24% of the sample population in low variance,
3% in medium variance and 20% in volatile environments. This result points to
a wide use of the Memory Decay updating rule.
Table 5: Number of individuals using the different models

Low Var. Med. Var.
9
20
95
120
34
4
138
144

High Var.
20
102
32
154

AN
US

Running avg.
Mem. Decay
Bayesian Updating
Total
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As a robustness check, in Table 6 we show the correlations of individual estimates of β across models, excluding individuals whose β estimates took on
extreme values.
The correlations are high for all variance values. More precisely, the individual
estimates of β obtained fitting the Memory Decay model are highly correlated
with the estimates obtained fitting the other two candidate models. In both
the low and medium variance cases the correlation coefficients are significantly
around 70%. In the high variance case, the correlation coefficients decline but
remain above 50%.14
Given the simple count reported in Table 5 as well as the high correlation
coefficients across estimated β, the Memory Decay model seems to have a clear
advantage in predicting individual choices. Consequently we consider the individual β̂ obtained by fitting this model to the baseline data to carry the rest of
our analysis.15
We also analysed within model correlation coefficients in other to establish whether the learning patterns change depending on the level environmental
14

As a robustness check we also repeated this same exercise while considering all individual
β values, including the most extreme ones. The Pearson’s correlation coefficients remain in line
with those presented in Table 6.
15
As a robustness check (not shown) we also carried our analysis with the individual β̂s
obtained by fitting the Running Average model presented in Table 2.1 to the data. We observed
that the general results do not change.
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Table 6: Correlation Individual β across models by variance value - excluding extreme β values

Run.Avg.

Run.Avg.

0.69***

0.70***
0.90***

0.75***
0.93***

Med. Var.
Mem. Dec.

Run.Avg.

High Var.
Mem. Dec.

0.81***

0.69***
0.63***

0.51***

CR
IP
T

Run.Avg.
Mem. Dec.
Bayes

Low Var.
Mem. Dec.

volatility. In Table 7 we report the results obtained after the extreme β values have been excluded. It can be seen that the individual learning parameter
β varies with the variance of the payoff distributions. Thus, we continue our
analysis for the three levels of environmental volatility.16

Low Var.
Low Var.
Med. Var.
High Var.
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Table 7: Correlation Individual β within models by variance value - excluding extreme β values

Run. Avg.
Med. Var.

Low Var.

0.24***

-0.06
0.21**

0.10
0.07

Mem. Dec.
Med. Var.

0.28***

Bayes
Low Var. Med. Var.
0.22***
0.14*

0.17**
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4.3. Observational Treatment: Imitation
The goal of the observational treatment is to understand whether and how
people use newly available information concerning the choices and results obtained by a randomly-chosen group leader. As for the baseline treatment we
investigate which of the candidate models of imitation best predicts the decision
behaviours of our subjects.
This treatment can be seen as an “observable signals scenario” [18]. A leader
plays before everybody else, and his or her actions and payoffs are observed by
his or her group members from round one onwards. Agents take action after
the leader, and from round two on they are also presented their own choice and
outcome from the previous round.17
As shown in Table 8, we restrict our analysis to two models of social learning.
Both models are very simple and share two characteristics. Each player acts after
the leader has made his or her choice. This means that each group member, after
his or her choices, has two observations from the same process with which to
16

Indeed, as a robustness check, we calculated within model correlation coefficients also
when the entire sample is considered. Even in this case we find that individual β are scarcely
correlated within models.
17
The leader sees only his or her own actions and payoffs.
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revise the means of the payoff distributions. Moreover both models assume that
individuals weight the signals gained observing the leader and possibly use them
to validate or invalidate private information.18
Table 8: Theoretical models

Updating rule

Parameters

Nested
model

P r(i|At−1 , Θ)t ∝ (1 − α)Li,t + αXi,t

Additive
model

z
Ai = (1 − θ)Aji,t−1 + θyi,t

0

α

θ

AN
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0
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T

Model

P r(i|A, Θ)t =

eβAi
Z

0

j
Ai,t = rAi + (1 − r)yi,t

M

First, in line with McElreath et al. [52] this situation can be modelled using
a nested probability model. Specifically, the probability of choosing colour 1 at
time t is given by

ED

P r(1|At−1 , Θ)t ∝ (1 − α)L1,t + αX1,t

(5)

CE

PT

where X1,t is an indicator variable taking the value 1 if the leader chose colour 1
at time t, and is 0 otherwise. L1,t is the probability that the subject would choose
colour 1 at t were he playing alone, as defined in Equation 1. This probability is
calculated in a conservative manner. We rely on our previous estimates from the
baseline treatment, using the individual estimates of β and r obtained by fitting
the Memory Decay model to the data from the baseline treatment.19 The relevant
unknown parameter to be estimated in Equation 5 is α. This parameter measures

AC

18

The most common deterministic imitation rules in the literature assume that individuals,
in a observational learning context, need understand neither why the observed person has
made a certain choice nor why the choice made has generated the observed outcome. However,
individuals, even when given the opportunity to observe another player, maintain their capacity
to privately learn and thus revise the attractions scores associated with the two colours [9]. For
this reason we depart from simpler imitation rules.
19
As a robustness check (not shown), we also carried out our analysis using the best fitting
individual learning model for each individual. The results are very similar. Therefore, we retain
the ‘single-model’ analysis for simplicity.
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the individual propensity to imitate. If α is zero, the model reduces to the
simple individual learning process. The agent fully relies on individual learning
and any information provided by the leader’s action is dismissed. If α is 1, the
individual mindlessly mimics the behaviour of the target subject. Intermediate
values of α can be interpreted in two ways. α can represent the propensity of a
subject to mimic the leader, which is equivalent to ignoring his or her own private
information. Alternatively, equation 5 can represent a reduced form observational
learning model, in which α captures the importance the subject puts on social
observation. In either case, we hypothesise that the value of α will be related to
a subject’s self-efficacy beliefs.
Second, imitation is modelled as an additive process in which individuals add
the information retrieved from the leader’s action to their private information.
The principle here is that the quality of the information gathered from the observation of the leader is exactly the same as that of any other agent. The leader’s
signal is not a priori any better than anyone else’s. Thus, at the end of round one,
group members hold two pieces of information from the same payoff distribution.
The relevant unknown parameter to be estimated is, in this case, θ which measures again the individual propensity to imitate. More precisely, θ captures how
much individuals value the experience of the leader. In this case, for estimating
the parameters, the sequence we assume is the following. At the start of each
round the subject has, for each colour, 1 and 2, a prior belief of the mean payoffs
(A1 , A2 ). The leader (identified as subject z) plays and the non-leader (subject
j) observes the leader’s choice. Suppose that the leader has chosen colour 1, and
z
has obtained a corresponding payoff y1,t
. According to the updating rule of Table
0
8, subject j updates his estimate of mean payoff for colour 1 to A1 . Based on
0
the pair (A1 , A2 ) the subject makes his or her choice following the standard logit
0
model presented in Equation 1 and reported in Table 8 where Z = eβA1 + eβA2 .
We use the previously estimated individual β to calculate this probability. Supj
pose j chooses colour 1. He observes the payoff he obtained (y1,t
) and updates
his or her estimate of the mean payoffs to a new pair (A1,t , A2,t ) following the
Memory Decay rule (see Table 3). As discussed in the previous Section, statistically, the Memory Decay model works best for updating based on individual
information. Thus, in this step we use that rule, applying for each subject the
value of Memory Decay, r, fitted from the baseline, individual play, treatment.
We assume that in period t = 0 our agents start off with flat priors (uniform on
[1, 18]), on the unknown mean of the payoff distributions.
We fit the two models to the individual data from the observational treatment
and estimate the two imitation parameters for each variance value.
First, we report simple information concerning the choices made by our subjects in the observational treatment.
22
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When comparing the vector of “correct” answers that all individuals provided
in the baseline treatment, (individual play), with those of the observational treatment, (play with a leader), it can be seen that on average performance increases
(see Figure 3). The share of correct answers per round in the observational treatment is generally higher than that observed in the baseline treatment both in
case of low and medium variance.20
In the high variance case, the effect of playing with a leader is unclear. Signals
are mixed, and while the payoff distributions had the same moments both with
and without the leader, there is no temporal pattern. This is almost certainly
driven by the fact that in the high variance case, subjects were simply unable
to detect which colour was superior, due to the large noise in the signals they
receive. Information could not be extracted either from their own signals or from
the signals given by the leader’s play.

20

AC

One might wonder whether the increase in performance is simply be due to learning the
experimental setup, as the task in the observational treatment is very similar to that in the
baseline treatment. Were this the case, though, we would observe a marked increase in performance also for the leader, for whom the task is identical in the treatment conditions. We do
not observe this though, as seen in Figure 4 below. It could also be that leaders might behave
differently simply because they knew they were being observed. However, in our context the
leaders’ payoffs do not depend on the actions of the observers and no incentive is provided to
them for performing differently. Moreover, we ran two Wilcoxon tests to compare the time
leaders spent to complete the 2 parts of the experiment and the cumulative payoffs they obtained. In both instances, we conclude that the median time leaders spent in part one and
the total payoff obtained is not significantly different from the median time spent and payoffs
gained in part 2. Thus, we can reject these conjectures.
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Figure 3: Comparison correct answers per round by variance: baseline and observational treatment
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Figure 4: Comparison correct answers per round for leaders and observers in both baseline and the observational treatment
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To look further at whether the performance increase observed in Figure 3 is
really due to social learning, in Figure 4 we separate leaders from non-leaders
(i.e. observers) and we compare the share of correct answers for the two groups
in both treatments. The figure clearly shows that whereas the performance of
observers in the observational treatment increases visibly — especially in the low
and medium variance cases — the leaders’ performance in this second treatment
of the experiment follows the same trend observed in baseline.21 Thus, we believe
that this shows that observers have clearly improved their performance due to
observational learning. 22
A nice question concerns the relationship between self-efficacy and payoffs.23
If it is true that self-efficacious people “march to their own drummer” then it is
possible that they will ignore the information available from observing another
person, in this case the leader. If so, this could harm their performance in the
observational treatment. When excluding the leaders and considering the low
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21
Additionally, as a robustness check, we conducted the following placebo exercise. We
created groups of four or five observers, and randomly selected a leader per each group. Of
course, the observers have no means to learn from the leaders in this case. As a consequence
when comparing the observers’ performance in the second treatment to the performance of the
leaders in the same treatment, we should observe no effect. This is exactly what we find.
22
Following the interesting suggestion of an anonymous reviewer, we also compared the baseline treatment and the observational treatment controlling for the total number of signals
available. More specifically, we compared the share of correct answers in the two treatments
as a function of number of information signals participants hold. The share of correct answers
follows the same pattern across the two treatments, however in the second treatment subjects
seem to make more correct choices especially in the low and medium variance case. This may
be because in the observational treatment the 20th observation is closer in time (it occurs after
10 rounds) than it is in the individual treatment (where it takes 20 rounds and so more time).
This might imply that it is easier for individuals to recall past choices, and so make better
inferences about which colour is superior, in the observational treatment. In the high variance
context a less clear pattern emerges. In this case, holding both individual and socially retrieved
signals does not guarantee improved performance. This is, as mentioned, most probably due to
the noisiness of the signals participants receive but also possibly related to their tolerance for
ambiguity. While specifically investigating the relation between self-efficacy, performance and
task complexity, a previous study has found that the accuracy of self-efficacy beliefs in predicting performance is significantly lower in complex environments when tolerance for ambiguity is
low [34]. This seems to suggest that, in line with rational inattention argument, the complexity
of the task trumps the effect that self-efficacy exerts on the social learning process.
23
We gratefully acknowledge an anonymous referee who posed this question to us. The
Pearson’s correlation coefficient between self-efficacy and the weight given to the leader’s action
stands at -0.158 (p-value=0.064) or -0.124 (p-value=0.147) depending on whether respectively
θ or α are considered. The correlation coefficient between θ or α and the total score obtained
in the observational treatment is 0.21 (p-value=0.009) or 0.11 (p-value=0.173) respectively.
Conversely, when correlating self-efficacy and payoffs we obtain a coefficient equal to 0.13 (pvalue=0.112).
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variance setting, we do find a (weak) negative correlation between self-efficacy
and the weight given to observation of others; and a (weak) positive correlation
between the weight given to others and the payoffs obtained in the second treatment. This suggests that more self-efficacious people, by being confident in their
own knowledge and abilities, under-value the experience of others as sources of
information, and so tend to receive lower payoffs. However, while the two steps of
the casual chain independently give corroborating correlations, the overall suggested relation, between higher self-efficacy and lower payoffs, was not strong
enough to overcome other factors that must be at play (giving a non-significant
correlation of positive sign).
As in baseline, after 20 rounds, participants were asked to give their best guess
of the average rewards given by the 2 colours they had to choose from. The same
pattern emerges here: as in the baseline condition, in more volatile environments
fewer individuals correctly guess the real means of the payoff distributions.
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The last step of our analysis uncovers the relation between the propensity to
imitate and self-efficacy beliefs. As mentioned above, drawing on the economics
and psychology literature, once the payoff-enhancement motive is accounted for,
we expect a negative relation between propensity to imitate and self-efficacy
beliefs.
In Table 9, we report the results of our preferred OLS regressions. Our dependent variable, i.e. the logarithm of θ or α, captures individuals’ propensity
to imitate, or the weight subjects give to leaders’ actions in making their own
choices. The logarithm of the results of the self-efficacy questionnaires represent
our main regressor. We include two controls. The first is math ability. If a
problem-solving environment is difficult for a subject, we might expect a higher
reliance on a leader for information and learning. This would be in line with the
work of Vostroknutov et al. [74] according to which imitation depends on individuals’ intelligence. Therefore, to control for subjects’ ability to solve the problems
implicit in the experimental environment, we used the scores they achieved on the
math test we administered. Second, in line with standard payoff-enhancement
argument within the economic literature, we control for the score obtained by
the group leader. Last, we include a dummy variable for gender.24
In this regression analysis we excluded the 38 leaders (since they are playing
individually and have no leader to follow or not) and those whose β estimates
24

We also controlled for risk-attitudes using the answers collected in our final questionnaire.
Nonetheless, we found that risk does not significantly affect people’s propensities to imitate
others notwithstanding the volatility of the environment.
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Table 9: The relation between imitation and self-efficacy beliefs
log(θ)
9.22 (4.48)*
-3.24 (1.36)**
0.12 (0.38)

0.04
109

0.04
109

Const
log(self-eff.)
log(math)
log(scoreleader)
gender (male=1)
R2
obs.

2.91 (5.64)
-1.43 (1.64)

4.01 (5.83)
-1.96 (1.72)
0.47 (0.38)

0.00
113

0.03
113

Const
log(self-eff.)
log(math)
log(scoreleader)
gender (male=1)
R2
obs.

-3.65 (4.11)
0.58 (1.2)

-2.84 (4.12)
0.15 (1.22)
0.45 (0.32)

0
122

0.02
122
***

log(α)
6.19 (4.25)
-2.57 (1.23)*

p < 0.01,

**

log(α)
6.66 (4.29)
-2.78 (1.27)*
0.16 (0.34)

log(α)
-203.4 (56.48)***
-3.12 (1.24)**
0.14 (0.33)
38.23 (10.19)***
-0.66 (0.32)**
0.16
109

0.03
109

0.03
109

-1.89 (4.84)
-0.27 (1.40)

-0.77 (4.9)
-0.80 (1.45)
0.48 (0.33)

0.00
113

0.02
113

-4.67 (3.94)
0.62 (1.14)

-4.41 (3.88)
0.48 (1.14)
0.14 (0.30)

0.00
122

0.00
122

-97.45 (27.06)***
-1.20 (1.36)
0.40 (0.32)
17.95 (4.90)***
-0.35 (0.33)
0.04
113
-42.11 (18.35)**
0.54 (1.15)
0.02 (0.32)
6.68 (3.32)**
-0.06 (0.31)
0.04
122

p < 0.05, * p < 0.1

M

Robust standard errors in parenthesis

Low Variance
log(θ)
-230.71 (64.29)***
-3.51 (1.36)**
0.14 (0.37)
43.54 (11.70)***
-0.37 (0.36)
0.15
109
Medium Variance
-2.69 (32.36)
-2.15 (1.71)
0.41 (0.37)
1.43 (5.84)
-0.55 (0.34)
0.05
113
High Variance
-57.27 (18.32)***
0.18 (1.20)
0.24 (0.30)
10.00 (3.27)***
-0.32 (0.30)
0.09
122
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log(θ)
8.86 (4.33)*
-3.08 (1.27)**
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dep. var.
Const
log(self-eff.)
log(math)
log(scoreleader)
gender (male=1)
R2
obs.
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were at the extreme values, as discussed in Section 4.2.1.25 Thus, the sample size
reduces to 109, 113 or 122 people depending on the variance value.
The results of the log-log regressions can be easily interpreted as elasticities.26
As can be seen in the upper part of Table 9, a 1% increase in self-efficacy beliefs
corresponds to about a 3% decrease in the weight people give to the leader’s
action and thus in their propensity to imitate.27 This result is stable regardless
of the social learning model used.28 Its significance and magnitude is not affected
25

AC

In some cases, the individuals whose β values took on extreme values in the baseline
treatment are also leaders in the observational treatment.
26
The results of linear, log-linear and linear-log specifications are available upon request.
27
This result could be biased if self-efficacy were correlated with the Memory Decay parameters (β̂ and r̂). However, essentially no correlation exists between these parameters and
self-efficacy scores.
28
As a slightly more direct estimation procedure, we tested whether a joint estimation of
both individual learning and imitation parameters would change our main results. Using the
data from the low variance observational learning treatment we optimised the three parameters
(β, r and α or θ) jointly, and then ran the final regression. Our results remain quite stable —
their magnitude and sign do not change. Controlling for gender, math abilities and score of the
leader, a 1% increase in self-efficacy reduces the propensity to imitate by 2.5 or 3.4 percent,
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when controlling for math abilities or the leader’s score. We observe that math
skills seem to have no effect, suggesting that subjects were able to cope with the
logic implicit in the task. Subjects were also observant enough to identify when
leaders were doing well, and gave more weight to observations of leaders whose
payoffs were high. Specifically, a 1% percent increase in the leader’s score induces
roughly a 40% increase in the weight individuals give to the information gained
by observing the leader. While this elasticity looks very large, when translated
into behaviour change it is much smaller. When using the nested model presented
in Table 8, the probability that the agent makes the same choice as the leader,
following a 1% increase in his leader’s score, increases by 6.3%.29 This confirms
the general claim that agents tend to imitate well-performing individuals and,
comparing the elasticities estimated in Table 9, that payoff concerns exert a
larger effect than self-efficacy on the weight people give to the actions taken by
others. However, introspective beliefs of inability represent a reason for imitation
which clearly complements the standard economic argument. In the case of low
volatility, holding the leader’s score constant, weakly self-efficacious individuals
are more apt to follow the leader’s action.
In the medium and high variance cases instead, we cannot reject the null
hypothesis. Several factors can contribute to this result. First, higher variance
implies that there can be a strong conflict in the signals about the value of an
action. Even if the variance is small, results for one action will differ from time to
time and player to player. But, observationally, the strength of the divergence of
the signals will be small. When variances are high, the payoffs to a single action
vary widely, and so subjects will perceive that the experience of the leader can
be quite different from their own. Thus the perceived usefulness of the signal of
the leader’s experience is reduced. This factor is likely to be more relevant when
estimating α, where the subjects are assumed to use their observations on the
leaders experience as information equivalent to those of their own experiences.
Additionally, given the noise in the signals received, subjects might conclude that
the leader is as ill-equipped to understand the decisional environment as they are
and thus imitation might not be perceived as valuable. This is confirmed by the
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depending on whether imitation is measured by α or θ respectively.
29
This rate of change of the the probability that an agent chooses colour 1 if the leader does
has been calculated using the nested model as follows. Suppose that a subject’s propensity to
imitate (α) is equal to 0.2, and that the probability that he would have chosen colour 1 if alone
(L), is equal to 0.5. In this case, the probability that the agent chooses colour 1 if his leader did
is: (0.8∗0.5+0.2∗1)/(0.8∗0.5+0.2∗1+0.8∗0.5+0.2∗0) = 0.6. Suppose that the leader’s score, is
1% higher. This change in the leader’s score will increase α by roughly 38%, (as estimated in the
regression) i.e. by 0.076. As a consequence in this case the probability that agent chooses colour
1, following the leader is: (0.724∗0.5+0.276∗1)/(0.724∗0.5+0.276∗1+0.724∗0.5+0.276∗0) =
0.63.
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fact that, at times, even the leader’s score loses its significance in our regression
analysis.
Moreover, as mentioned above, in tasks wherein outcomes are only loosely
tied to actions, self-efficacy and outcome expectancies become separable [10] and
possibly offset each other. Self-efficacy governs the effect that outcome expectancies, i.e. the judgements that actions will produce the expected outcome, have on
the performance of a behaviour [12]. Therefore, even if self-efficacy is high, the
performance of a behaviour might be unlikely if outcome expectancies are very
low. In a nutshell, the effect of self-efficacy can be neutralised by low outcome
expectancies, and any relationship between self-efficacy and behaviour weakens
possibly fading away [28]. Thus, self-efficacy only has power when agents have
strong outcome expectancies. When outcome expectancies are very weak, efficacious or not, subjects do not feel they can control the outcome of their actions,
and so whether or not they feel efficacious will explain much less of any observed
patterns.
6. Conclusions

AC

CE

PT

ED

M

Individuals can imitate others to gain status or to minimise regret. Additionally, imitation can be driven by simple instrumental reasons. Agents might feel
compelled to imitate co-players if they think this will help them obtain higher
payoffs. The goal of this study was to go beyond these explanations and test
whether agents might engage in imitative behaviours because of their low selfefficacy beliefs.
In the laboratory our subjects played a modified version of the two-armed
bandit problem. Our results point to a negative relation between self-efficacy
beliefs and imitative behaviours. Regardless of the imitation model used, more
self-efficacious agents are less likely to follow their group leader. This establishes
a nexus between individuals’ introspective beliefs and the way in which agents
learn when given the possibility to observe a peer’s actions and outcomes. These
effects are strongest in low volatility environments, effectively disappearing when
volatility of the payoff distribution gets too high. Nonetheless, taking into account
human cognitive capacities seems to reveal another additional micro-mechanism
able to explain why people imitate others. Imitation occurs not only because of
the payoff enhancement that players envision, their quest for status or regret, but
also because of low self-evaluations of their capacities.
We should mention two caveats to these results. The first is that we have
taken self-efficacy beliefs as fixed over the course of the experiment. Beliefs were
assessed at the start of the experiment by a questionnaire, and assumed not to
change. But in fact we know that self-efficacy beliefs can change in light of positive
or negative experiences. Bandura himself claims that whilst self-efficacy affects
30
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behaviour and learning, learning processes feedback into self-efficacy beliefs. We
have assumed that the experiment was short enough that this feedback had little
effect. Second we restricted our analysis to a case in which people observe a peer
and possibly imitate his or her action. We did not consider the effect of social
interactions in the form of communication for example. We also did not allow
for subjects to select the co-player to be imitated. Doing so would demand a
different, and probably more complex, experimental design, but taking this into
account would represent an interesting next step in formulating a model of how
people decide to imitate others.
Imitation is sometimes referred to as “the poor man’s rationality” [62, p.461].
Offerman and Schotter [62] argue that in case a decision maker were fully rational
and capable of effortlessly carrying out all necessary calculations, he would not
feel any need to imitate anyone. Our finding strengthens this statement as we
find that, after controlling for their abilities to process simple information and the
leader’s payoffs, self-efficacious people are less apt to follow the leader’s action.
This result clearly uncovers the importance of individual introspective beliefs
in the context of imitation and thus contributes to the experimental and theoretical economics literature. Additionally, we contribute to the literature on
experts’ behaviour whose main concern has been to explain how confidence triggers rent-seeking and risk-taking behaviour while disregarding that low confidence
and self-efficacy beliefs might trigger imitation. This paper also contributes to
the cultural evolution literature whose goal, lately, has been to detect individual
variation in social learning dynamics and the related consequences in behavioural
transmission [55, 56, 32]. We believe that our finding suggests that in communities characterised by low volatility and where the general population has low
self-efficacy beliefs, people are more inclined to follow the behaviour of prominent individuals regardless of the goodness of their actions. As a consequence low
self-efficacious people will tend to follow the behavioural path set by somebody
else, thus conforming to the past, promoting vertical institutional reproduction
[64] and perpetuating possibly inefficient behaviours.

31

ACCEPTED MANUSCRIPT

References
[1] Akerlof, G. A. and R. E. Kranton (2000). Economics and identity. The
Quarterly Journal of Economics 115 (3), 715–753.

CR
IP
T

[2] Alós-Ferrer, C. (2004). Cournot versus walras in dynamic oligopolies with
memory. International Journal of Industrial Organization 22 (2), 193–217.
[3] Alós-Ferrer, C. and K. H. Schlag (2009). Imitation and learning. In P. Anand,
P. K. Pattanaik, and C. Puppe (Eds.), The handbook of rational and social
choice : an overview of new foundations and applications, pp. 13–43. Oxford:
Oxford University Press.

AN
US

[4] Anderson, L. R. and C. A. Holt (1997). Information cascades in the laboratory.
The American Economic Review 87 (5), 847–862.
[5] Apesteguia, J., S. Huck, and J. Oechssler (2007). Imitation–theory and experimental evidence. Journal of Economic Theory 136 (1), 217 – 235.
[6] Aragones, E., I. Gilboa, A. Postlewaite, and D. Schmeidler (2005). Fact-free
learning. The American Economic Review 95 (5), 1355–1368.

M

[7] Arthur, W. B. (1991). Designing economic agents that act like human agents:
A behavioral approach to bounded rationality. The American Economic Review 81 (2), 353–359.

ED

[8] Arthur, W. B. (1993). On designing economic agents that behave like human
agents. Journal of Evolutionary Economics 3 (1), 1–22.

PT

[9] Bandura, A. (1977). Self-efficacy: toward a unifying theory of behavioral
change. Psychological Review 84 (2), 191.

CE

[10] Bandura, A. (1982). Self-efficacy mechanism in human agency. American
Psychologist 37 (2), 122.

AC

[11] Bandura, A. (1989). Human agency in social cognitive theory. American
Psychologist 44 (9), 1175–1184.
[12] Bandura, A. (1997). Self-efficacy: The exercise of control. New York : W.H.
Freeman.
[13] Bandura, A. (2006). Guide for constructing self-efficacy scales. In T. Urdan
and F. Pajares (Eds.), Self-efficacy beliefs of adolescents, pp. 307–337. IAP.
[14] Banerjee, A. V. (1992). A simple model of herd behavior. The Quarterly
Journal of Economics 107 (3), 797–817.
32

ACCEPTED MANUSCRIPT

[15] Barber, B. and T. Odean (1999). Do investors trade too much? The American Economic Review 89 (5), 1279–1298.

CR
IP
T

[16] Bayer, P., R. Hjalmarsson, and D. Pozen (2009). Building criminal capital
behind bars: Peer effects in juvenile corrections. The Quarterly Journal of
Economics 124 (1), 105–147.
[17] Bernheim, B. D. (1994). A theory of conformity. Journal of Political Economy 102 (5), 841–877.
[18] Bikhchandani, S., D. Hirshleifer, and I. Welch (1992). A theory of fads,
fashion, custom, and cultural change as informational cascades. Journal of
Political Economy 100 (5), 992–1026.

AN
US

[19] Blume, L. E. (1995). The statistical mechanics of best-response strategy
revision. Games and Economic Behavior 11 (2), 111–145.
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