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Abstract
We propose an optimal sequential sampling approach to analyse the
accumulation of costly information in a risky environment. The nature of the
decision marker’s problem is twofold: what is the optimal stopping time, and
what decision to take. Using sequential analysis tools commonly employed
by cognitive scientists, we derive the optimal behaviour of a risk neutral
Bayesian agent, depending on the sampling cost, the potential loss or gain
incurred, and the sampling horizon. We propose a laboratory experiment to
test the theoretical predictions of our model. Specifically, participants can
pay a unit cost to receive binary signals about the nature of a risky prospect.
Our design conveniently allows the cost of information and the nature of the
prospect (gain or loss) to vary. We find that subjects substantially deviate
from the optimal strategy in a systematic manner: when information is
relatively expensive, participants oversampled information, leading to lower
payoffs. We find also that participants tend to learn with time and improve
their sampling behaviour, without converging to the optimal strategy.
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Introduction

The axiom of completeness, introduced in early courses on the theory of consumer
choice, is often seen as benign and rarely the object of much discussion. Faced
with two goods A and B, the consumer is assumed to be able to choose between
the two. The axiom does not allow for the consumers not to know if they prefer A
or B. Research in psychology and marketing has raised serious questions about this
“benign” axiom being an accurate or useful representation of consumer behaviour.
In many situations, consumers can be seen as “constructing” their preferences
on the fly as choices situations appear in front of them (Lichtenstein and Slovic,
2006). Intuitively, the axiom of completeness conflicts with a lot of situations
in our everyday life experience. Who has never been undecided when having to
choose whether to buy a given good (car, holiday, house), or to choose between
two of such goods (two cars, two different holidays, two houses)?
Our own experience, as well as research in psychology, conflict with a naive
application of the axiom of completeness. Recent theoretical research in decision
making at the cross-road of cognitive psychology and economics provide a way to
solve this problem and extend the economic framework to situation where customers discover over time which option they prefer. It now considers situations
where consumers are uncertain about their preferred option because they are not
sure which one is most likely to bring them the most satisfaction. Faced with such
situations, consumers often have the possibility to acquire additional information
on the likely satisfaction they will get from each option. They can stop acquiring
information whenever they have enough confidence in the superiority of one option
relative to the other. Such situations generate an “optimal sequential sampling”
problem: the sampling of information is sequential and the consumer would want
to stop sampling when he has just the right amount of information.
In the present study we experimentally investigate how such models can help us
understand how people make every day life decisions. We design a situation where
individuals have to choose between two options. They are not aware of the payoffs
associated with each option. They can choose one of the options at any time or
alternatively wait for additional (costly) pieces of information which help them get
a better idea of the likely payoffs of each option. The design of the experiment
allows us to predict the optimal sequential sampling strategy and to assess whether
participants are able to approximate it. Overall, we find that participants deviate
significantly from the optimal strategy. When given enough time participants
tend in several cases to learn and get closer from the optimal strategy, though
we do not observe convergence to the optimal strategy within the time frame of
the experiment. We observe a tendency to oversample the information when it is
relatively costly: compared to the optimal strategy, participants tend to acquire
too many signals. They do make less mistake as a consequence but the gains
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involved do not compensate for the costs accumulated from sampling information.
As early as 1945 Wald developed a formal framework to find the solution to the
question “when should the decision maker stop looking for additional information
and make a decision”. Recent research in cognitive science suggests that the brain
seems to approximate the optimaly strategy generated by Wald’s theory when
solving simple choice tasks in a fraction of a second (Bogacz, Brown, Moehlis,
Holmes, and Cohen, 2006). In somewhat of a twist, such models suggest that
preferences over different options may actually be constructed in real time and in
an optimal way given the information available and the cost of acquiring more of
it. Beyond brain processes and split seconds decision, one may naturally wonder
how much such a framework can explain decision making for choices which take
place over some tangible durations, from several seconds to several days.
By investigating this question, the present study contributes to two strands
of literature. First it contributes to the growing interest in understanding how
economic decision are made over time. For many years, decision time was ignored
by economist as an irrelevant variable. Recently, economist have turned their
attention to the time dimension of the decision making process. In experimental
economics, Rubinstein (2007) investigated how decision time (or rather response
time) is associated with cognitive reasoning in game situations. In the context of
risky choices, Moffatt (2005) found that longer decision time seems to signal greater
cognitive cost expanded to depart options which are close in expected utility. Over
the recent years, drift diffusion models have been imported from cognitive science
to model economic decisions (Webb, 2013; Fehr and Rangel, 2011; Krajbich, Oud,
and Fehr, 2014; Caplin and Martin, 2015). They give a structure to the time
dimension of the decision process. Noticeably, Ryan Webb, has shown how these
models of optimal sampling naturally give rise to random utility type models
very similar to those use by microeconomists (Webb, 2013). The randomness
of choices was introduced in random utility models for its ability to explain the
patterns of observed choices Rieskamp, Busemeyer, and Mellers (2006). The origin
of this randomness was assumed to come from unobserved utility or cognitive
errors. Models of optimal sampling are able to give a rigorous foundation to
this randomness element. They suggest it comes from the intrinsic nature of the
information received in the sequential sampling process. By doing so they open the
door to the large research on random choice models to consider the time dimension
whereby the choice process takes place and how this dimension can influence the
nature of the choice randomness. The present study contributes to this strand by
looking at sequential sampling situations in economic decisions. In such situations,
the cognitive processes used may be substantially different than those engaged in
the short choice task from cognitive science studies. The present study investigates
how much the sequential sampling framework and its optimal solution can be used
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to model real economic decisions.
Second, this paper contributes to the literature comparing the predictions of
dynamic models of decision making with actual human behaviour. A large part
of this literature has risen to test search models which have emerged in labour
economics. Job search has been described as an optimal stopping problem where
an agent sequentially screens wages offers (Stigler, 1962; McCall, 1970). A large
number of studies have investigated human behaviour in search situations where
options appears sequentially. Rapoport and Tversky (1966, 1970) proposed the
first search experiments. Subjects sequentially receive offers and have to choose
whether to accept one of them or receive a new one at a fixed cost. They find
that most subjects behave according to the theoretical predictions. Cox and Oaxaca (1989) propose an explicit experimental test of the job search literature, and
observe behaviour remarkably fitting that of risk neutral and averse agents. More
recently, experimental studies have investigated stopping behaviour in continuous time experiments. Oprea, Friedman, and Anderson (2009) study an optimal
stopping problem in a financial setting. They analyze the behaviour of an agent
that can incur a fixed cost to seize an irreversible investment opportunity. Their
main result is that despite poor performance at the start of the experiment, the
subjects learn “intuitive heuristics” to approximate the optimal behaviour. In a
follow-up experiment, Viefers and Strack (2014) find that subjects are actually not
always consistent and adopt a behaviour suggesting they anticipate regret. This
paper extend this type of research by investigating behaviour in an important and
though under studied setting: sequential sampling.
The remainder of the paper is as follows: Section 2 presents the conceptual
framework of the optimal sequential sampling problem. Section 3 presents the
experimental design, Section 4 presents the results and Section 5 concludes.
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2.1

Conceptual framework
Optimal Sequential Sampling: the General Case

The problem of information accumulation can be described as a sequential choice
among several possibilities. At each stage of the problem, the decision maker (DM)
has the option to take an action in a finite set or acquire more information. Taking
the wrong action and getting information are both costly. As described by Arrow,
Blackwell, and Girshick (1949), using the early work from Wald (1945), the DM is
in the shoes of a statistician that has to test two hypothesis and can discriminate
between them by accumulating information.
Let’s assume that a DM wants to test whether a state of the world (θ) is A or
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B. He wants to test the two hypothesis: H0 : θ = A or H1 : θ = B 1 . To do so he
can gather signals (Xi ) at a unit cost c. The signals are discrete random variables,
with different distributions under each state of the world, which we will write as
fθ (Xi ). The wealth of the DM depends on the choice he makes at time n, un , on
the nature of the state of the world.
After the accumulation of n signals, we observe a sequence X1n = (X1 , ..., Xn ).
Let P (θ = B) = π, be the probability of the state of the world being B. We
choose to present the problem in a case where the action of the DM leads to a
potential loss. The case of a gain leads to a symmetrical example and yields the
same results. If he makes the wrong decision the DM can incur a potential loss:

 0 if i = j = A, B
L0 if i = A; j = B
L(θ = i; un = j) =

L1 if i = B; j = A
The total loss from stopping at time n is : Ln (θ; un ; X1n ) = L(θ = i; un = j) + cn.
Where cn is the total amount spent on signal gathering. Using Bayes’ rule and
the law of total probability, we can write πn , the probability of the state of the
world being B conditional on the observed sequence:
πn =P (θ = B|X1n )
P (X1n |θ = B)P (θ = B)
=
P (X1n )
P (X1n |θ = B)P (θ = B)
=
P (X1n |θ = B)P (θ = B) + P (X1n |θ = A)P (θ = A)
As signals are i.i.d. and fB (Xi ) = P (Xi |θ = B), we get2 : P (X1n |θ = B) =

n
Q

fB (Xk ). Hence:

k=1

π

n
Q

πn =
π

n
Q

fB (Xk ) + (1 − π)

k=1
1

fB (Xk )

k=1
n
Q

(1)
fA (Xk )

k=1

The notations are borrowed from Tartakovsky, Nikiforov, and Basseville (2014)
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P (X1n |θ = B) =P (Xn ∩ Xn−1 ∩ ... ∩ X1 |θ = B)
=P (Xn |θ = B) × P (Xn−1 |θ = B) × ... × P (X1 |θ = B)
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Let Gst (πn ) = min{L1 πn ; L0 (1 − πn ) } be the expected payoff from stopping
the information and E[GN
n+1 (πn+1 |πn )] the expected payoff from sampling. The
sampling decision at every period is made by comparing these two quantities.
Therefore we can write the DM’s objective at every period as a maximization
problem:


st
N
GN
n = min{G ; E[Gn+1 (πn+1 |πn )] + c} if n ≤ N
N
st
GN = G (πn )
if n = N

Note that in practice, computing the sampling expected payoff is often not
possible analytically and requires the us of numerical methods3 . Figure 1 plots a
typical behavior of expected payoffs.
st
There exist two solutions to the equation E[GN
n+1 (πn+1 |πn )] + c = G (πn ), that
is that make DM indifferent between sampling and stopping.
An is the solution of the equation πn ≤ 1/2, below which the decision maker
chooses the state of the world A, and Bn is the solution of the equation if πn ≥ 1/2,
above which he chooses B. These thresholds determine the sampling region for
the decision maker.
A standard way to model accumulation of information is to use a log-likelihood
ratio, Zk = log(fB (Xk )/fA (Xk )), so that the accumulated information at time n is
n
P
modeled by a sequential probability ratio test λn =
Zk . The use of this log-odd
k=1

ratio allows to summarize information using a simple additive form. Indeed, each
piece of information has the same weight in this space, as the products from the
conditional probabilities are linearized.
Now that we derived the solutions for the cross section, we can describe the
evolution of the process throughout the draws. Note that4 :


πn
χeλn
πn =
⇔ λn = log
)
(2)
1 + χeλn
(1 − πn )χ
So that we can rewrite the decision the log-likelihood space:

if a1 (n, N ) ≥ λn ≥ a0 (n, N )
 Gather more information:
Choose State of the World A: if λn ≤ a0 (n, N )

Choose State of the World B: if λn ≥ a1 (n, N )
3
For instance, in the case of a binary signal, for a given X1n , there are 2 possible sequences
n+1
X1 , one of which overlaps with another X1n . That means that there are n possible sequences
n
P
for X1n+1 . This leads to
n possible sequences at after n signals. If n = 100, that the expected
k=1

payoff has to be computed for 5050 cases.
4
A proof is provided in appendix
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Where:




B

n

 a1 (n, N ) = log
 (1 − Bn )χ 
An


 a0 (n, N ) = log
(1 − An )χ
A typical plot of these boundaries is plot on Figure 2. It is worth noting that
when N < ∞, the boundaries are decreasing.

Figure 1: Typical plot of expected losses. The blue lines represent the stopping expected loss depending on the level of prior
(πn ). The expected loss peaks when uncertainty is the highest,
and is the lowest when the DM is the most certain about of the
state of the world. The parabola represent the expected payoff
from sampling. Both are equal in two points, An and Bb , which
st
are the solutions to E[GN
n+1 (πn+1 |πn )] + c = G (πn ).
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Figure 2: This plots the typical plot of the decision boundaries
in the log odds space. The upper boundary is the limit after
which the DM will choose state of the world B, and the lower
boundary makes the DM choose A. The blue line depicts the
typical behaviour of a log-likelihood ratio.

2.2

Optimal Sequential Sampling: The Special Case of Binary Signals

To study behaviour in a sequential sampling, we design an experiment with two
states of nature (urns with different proportion of white and black balls) and where
decision makers receive binary signals (draw of a ball). We describe here the
optimal behaviour in such a special case of the precedent model. For illustration,
we use the parameters used in the experimental design.
Let’s assume that both states of the world are as likely (π = 0.5), and that
the signal is binary (Xi ∈ {0, 1}), so that Xi follows a Bernouili distribution.
Under state of the world A, Xi ∼ Bern (0.4), and under state of the world B,
Xi ∼ Bern (0.6). Thus fB (Xk ) = 0.6Xi × 0.41−Xi .
n
P
Let Y =
Xi , be the number of times a “1” signal is received. We can write
k=1
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n
Q

fB (Xk ) = (0.6Y × 0.4n−Y ) and

k=1

n
Q

fA (Xk ) = (0.4Y × 0.6n−Y ). Which yields:

k=1

πn =

(0.6Y × 0.4n−Y )
(0.6Y × 0.4n−Y ) + (0.4Y × 0.6n−Y )

In order to compute the expected payoffs we need to derive all the possible combinations of signals. Let’s assume that n = 100. For ease of representation, we
assign a value of +1 to a if Xi = 1 and -1 if Xi = 0. This is represented in Figure
3.
For each dot on Figure 3, we are able to assign the probability of the sequence of
draws using the formula we derived for πn . This is displayed in Figure 4.
In our experiment we chose L0 = L1 = $20, and various cost of sampling (c =
$0.1, $0.5, $1). Using the priors we computed we are able to derive the expected
loss from stopping (Gst (πn )).
Noting that at time n = N the only possible choice is to stop, we can compute
st
the expected loss from sampling at n = N − 1: E[GN
N −1 (πN |πN −1 )] = G (πN ).
Using backward induction from n = N − 1, we can derive the expected payoff from
sampling at any period.
Hence, we are able to find the boundaries, An and Bn , that make the DM indifferent between sampling or not by solving the equation Gst (πn ) = E[Gn+1
n (πn+1 |πn )]+
c. We plot these boundaries in the signal and prior spaces (Figures 3 and 4).
We are able to translate the equivalent of all these variables in the log-likelihood
ratio space. This is depicted in Figure 5. This allows us to conveniently represent
the accumulation of information by a DM. The additive form of information in a
log-odd space can be seen in Figure 5 as the distance between each dot appears
constant.
Figure 6 shows the evolution of a typical information accumulation in the log
likelihood ratio space. In this example, the optimal behaviour is to stop after 5
draws as λn crosses the frontier.
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Set of all Possible Signals Combinations

Figure 3: The blue triangle depicts all the possible combination of binary signals
that can be accumulated when n = 100. The red part represents the combination of signals for which the DM should continue to sample information, given the
parameters corresponding to each panel.
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Probability of each State of the World for Signal Sequence.

Figure 4: This depicts the probability of the state of the world being B, given all
the accumulated signals (πn ). The orange dots represent the values that make the
DM indifferent between sampling or not (An &Bn ). The red dots represent the level
of beliefs that are too uncertain to reach a decision.
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Log-odds of each Signal Sequence.

Figure 5: This depicts the log-odds, that is the relative likelihood of each state of
the world for a given sequence depicted in Figure 3. an and bn represent the log-odds
that make the decision make indifferent between sampling or not. The read area
represent the log odds that are too uncertain to reach a decision.
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Figure 6: This plots the typical behaviour of a DM following
the optimal stopping rule we derived. Given the signals that
have been accumulated, the optimal strategy is to stop after 5
signals.

3
3.1

Experimental Design
Testable Hypotheses

This section summarizes the features and predictions of the model that can be
tested using a laboratory experiment.
Hypothesis 1. Optimality. A risk neutral agent should follow the principles of
optimal sequential sampling.
When facing the parameters from section 2.2, a risk neutral agent should stop
acquiring information when the log likelihood ratio of the sequence crosses the
frontier that we derived above. As such, we are able to provide a normative
analysis of the behaviour observed in our experiment.
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Hypothesis 2. Comparative Statics. Individuals react in the right direction
when the cost of information changes.
The prediction of our model regarding this change in incentives is unambiguous
and intuitive. Because of the high cost of information, the trade-off between
making better decisions and getting higher expected loss more stringent. Hence,
the higher the sampling cost, the lower the optimal number of draws
Hypothesis 3. Neutrality to Framing. Framing the decisions should have no
effect on the search process.
The assumption we made to get our predictions is that the agent is risk neutral.
Hence, presenting the search problem as a way to avoid a loss or to make a gain
should have no impact on the stopping time.
Hypothesis 4. Learning. If the participants do not behave optimally, giving
them some feedback on their performance should allow them to learn how to approximate the equilibrium.
If Hypothesis 1 is violated, we can expect the participant to improve throughout the experiment. Studies have shown that participants are able to learn to
approximate optimal behaviour in mathematically demanding problems, such as
equilibrium bidding in a double auction market (Friedman and Rust, 1993) or approximating the optimal timing of investment (Oprea, Friedman, and Anderson,
2009). An interesting feature of our model shown in section 2.2, is that it provides
intuitive heuristics that can be learned after some practice: for a low cost of sampling, individuals should accumulate at least 5 signals and wait to have 4/5 more
in a direction, for a medium cost, they should get at least 3 signals and wait to
have 2/3 more in one direction and when the cost is high, they should only acquire
2 signals.
Hypothesis 5. Irrelevant Information. When a DM has to start a new
search, and a new state of the world is determined by nature, the current decision should not be correlated with past decisions.
A standard finding about series of decision, is the so called Gambler’s fallacy
(Tversky and Kahneman, 1971; Rabin and Vayanos, 2010). In sequential decision
making, individuals tend to overestimate the alternation rate between alternatives.
For instance, in a coin flipping experiment, the sequence “HTHT” seems more
likely than the “HHHT” one, even though they are equally probable. Hence, after
observing a state of the world A, in the next choice he will have to make and given
all the information accumulated, the DM should not choose B more often.
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3.2

Design and Treatments

We propose a search experiment where the participant has to decide in what state
of the world he is, which will determine his payoff. At the start of the experiment,
one of two urns is randomly selected by a computer with a probability π = 0.5.
One of these two urns contains 4 black balls and 6 white balls and the other one
contains 6 black balls and 4 white balls. Both are depicted on Figure 7.
The participant has to guess what urn has been selected. He can pay a unit
cost to see a ball which goes back, into the urn. The balls are drawn automatically
(every 2s) and the participant has to stop the process. If he makes a correct guess,
the participant receives $20. The subjects had to take 80 decisions in every session.
For each of the decision a new urn is selected, but the share of black and white
balls remains the same.
At most we allowed them to draw 100 balls from the urn. To make sure that
the participants did not get a negative payoff at the end of the experiment, we
give them a $10 endowment.

Urn A

Urn B

Figure 7: Sketch of Urn A and B.

We propose a design with three levels of cost and two frames to test our hypotheses. By using three different costs (low -$0.10-, medium -$0.50- and high
-$1-), we can test Hypothesis 2 and analyze how participants react to standard
economic incentives.
We frame the decision in two ways to test Hypothesis 3. In the loss frame we
inform the participants that they were all given $20 just by sitting in the room,
and that correctly guessing the nature of the urn will allow them to keep this
money. On the other hand, in the gain frame we tell them that if they make the
right guess, they will get $20. In theory, this should not affect their behaviour.
Using an incentivized risk elicitation procedure (Holt and Laury, 2002) to determine the risk profiles of the participants, we will be able to check Hypothesis
1.
By repeating the task multiple times we will be able test Hypothesis 4&5.
A new urn will be randomly picked by the computer before each round. Studying
14

the evolution of distance to the optimal behaviour will tell us whether agents learn
with experience. Finally, as each round will be independent, there should be no
correlation between the decisions made by the agents.

Figure 8: Sample Screen of the search experiment

3.3

Experimental Procedure.

The experimental sessions were conducted at the Queensland Behavioural Economics lab. The participants were students from various faculties at the Queensland University of Technology, and were recruited through ORSEE (Greiner, 2015).
In total, 183 students took part in the experiment (mean age 23.5, 60% males).
Each session was approximately two hours long.
After the 80 rounds were completed, the participants entered an incentivized
risk preferences elicitation task (Holt and Laury, 2002). At the end, the subjects
were asked a few demographic questions and had to complete a cognitive reflection
test.
The average payoff is $28.6 per round (including a $5 show up fee). One of the
round was randomly selected by the computer, and the subjects were given the
corresponding payoff.
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4

Results.

First we want to investigate whether agents behave optimally in our experiment.
Figure 9 displays the share of optimal sampling and deviations from it. Overall, the
figure is quite low (8.19%). We derived our model predictions using a risk neutral
agent. If we focus on individuals have such risk preferences5 , we observe they have
an optimality rate of 7% (N = 23), whereas risk averse and risk loving participants
respectivly have a rate of 8.39% and 8.45% (N = 125 and N = 34). An analysis of
variance reveals there is no significant difference in behaviour between these three
groups (p = 0.89). It is worth noting that despite the poor performance with
regards to optimality, the success rate in finding the right urn is much higher than
it would be if chosen randomly6 . A visually striking feature of our results appears
in Figure 9. The share of undersampling is high when the cost of information is
low (76%) whereas oversampling is high for the two other treatments (67% for
c = $0.5 and 96% for c = $1).
A similar pattern appears for risk neutral agents: undersampling is high in the
low cost treatment and high in the other two treatments, while the rate of optimal
behaviour is low. This is depicted in Figure 10.
Result 1. We find that individuals deviate from optimality, contrary to Hypothesis 1.
Result 1.1 The rate of optimal behaviour is low among risk neutral individuals.
Result 1.2 We observe oversampling when information is expensive, and undersampling when it is cheap.
Second, we want to analyze the response to incentives changes. Figure 11 represents the CDF of stopping times for each level of sampling cost. Visually, the
CDFs are ordered according to the sampling cost: the leftmost curve represents
the stopping time for the high cost treatment, the middle curve is the distribution
in the medium cost treatment, and the rightmost one is the low cost treatment.
It appears that each distribution first order stochastically dominates the one corresponding to a cheaper cost. This suggests that participants have reacted to the
change in the cost of information as expected. Table 1 summarizes the stopping
behaviour for each treatment. We do observe that, when the cost of sampling
increases, the average number of balls drawn from the urn decreases. This figure
ranges from approximately 5 balls in the high cost treatment, to around 7 balls in
the medium cost treatment, and up to 10 in the low cost.
Result 2. We find support for Hypothesis 2. When the cost of sampling increases, the average stopping time decreases.
5
6

Defined as such by our risk elicitation procedure.
72% in the low cost treatment, 65% in the medium cost treatment and 61% in the high cost

one
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Figure 9: This plots the share optimal behaviour in the whole
sample. Undersampling is defined as taking less balls that what
is expected at the optimal stopping time, conversly oversampling
means that too much information is acquired.
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Figure 10: This plots the share optimal behaviour only for
the risk neutral agents, according to the Holt and Laury procedure. No participant was categorized as risk neutral in the gain
treatment with a high cost.
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Figure 11: This plots the CDF for each level of sampling cost
in our experiment.

Looking at the framing effects, no consistent pattern appears regarding its
impact on the stopping times. It appears that it is weakly significantly smaller
in the gain frame when the cost of sampling is low (p = 0.096). In the medium
cost treatment the stopping time is significantly higher in the gain treatment (p <
0.001). In the high cost treatment the difference is not different from zero (p =
0.66). Overall behavioural biases do not seem to play a role in search problems.
Result 3. In accordance with Hypothesis 3, the framing does not impact the
sampling behaviour in our experiment.
Do individuals learn from their past mistake? One of the main finding in
Oprea, Friedman, and Anderson (2009) is that after a learning phase, participants
are able to approximate the optimal behaviour in the stopping problem. In our
case, we are able to locate how far the subject is from the optimal boundary in
the log-odd space. Figure 12 depicts the evolution of the distance at the stopping
time, throughout the 80 rounds of the experiment. It appears that, on average,
the subjects tend to improve their performance and get closer to the optimal behaviour for the medium and high cost treatments. The oversampling and learning
results in the medium and high cost treatments might suggest that the the higher
cost makes the information search problem more salient to the participants.
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Table 1: Summary Stats of Stopping Time

10 cts

50 cts

100 cts

N
Mean
se
N
Mean
se
N
Mean
se

Gain

Loss

2800
9.88
7.35
2560
7.50
4.96
2720
5.22
2.70

2160
10.29
9.90
2240
6.82
4.68
2559
5.19
2.63

Theory
10.24
8.15
4.37
2.22
2.06
0.40

Figure 12: Distance to the optimal frontier.
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Result 4. Hypothesis 4 is partially verified. After some practice, participants in
the medium and high cost treatments tend to learn and get closer from the optimal
strategy.
Finally, we use a specification similar to Chen, Moskowitz, and Shue (2014) to
test for the Gambler’s fallacy:
Yi,t = β0 + β1 Yi,t−1 + Controls + it
Where Yit is the decision that has been taken by individual i in round t about
the state of the world. β1 measures the autocorrelation between the decisions that
have been take by the agent, that is what share of the current choice is explained
by the past decision. As the urns are randomly selected before each round, we
should expect β1 = 0. β1 < 0 would suggest that participants start a round with a
prior that they should alternate their decisions. We can control for the quality of
past decisions, as we, and they, know whether they were right or wrong. We can
also control for the intensity of the signal they had when making their mind (Xn1 ).
Table 2 and Table 3 plot the result of an OLS estimation of this specification,
splitting the sample by level of cost and framing. We observe the gambler’s fallacy
in each of our six specifications. The coefficient is negative and highly significant in
all cases. We observe that the intensity of the effect (|β1 |) is greater when the cost
of sampling increases (from 2% to 7%, p < 0.05 in all cases), which is consistent
as a higher cost leaves more room for randomness. The behaviour in the gain
and loss frames is strikingly similar as we observe a 4% negative autocorrelation
(p < 0.001). Note that this effect is strictly speaking between a Gambler’s fallacy
as the autocorrelation is between the decisions that have been taken, regardless
of the actual state of the world. Interestingly, the actual state of the world in
the past round influences the current decision only when the cost of sampling is
the highest and in the loss frame. This effect is of similar magnitude in both
treatments (β = −0.02, p < 0.05).
Result 5. Hypothesis 5 is violated. We find robust evidence of negative autocorrelation in the decision making of our participants.
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Table 2: Testing for the Gambler’s fallacy (1)

0.1$
Lag Choice
Lag Right
Value of signals
Observations
R2

0.5$

1$

-0.02∗ -0.03∗∗ -0.07∗∗∗
(0.010) (0.010) (0.011)
-0.01
-0.01
-0.02∗
(0.011) (0.011) (0.011)
0.11∗∗∗ 0.13∗∗∗ 0.13∗∗∗
(0.001) (0.002) (0.002)
4503
0.581

4740
0.505

5213
0.383

Standard error in parentheses
∗
p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table 3: Testing for the Gambler’s fallacy (2)

Lag Choice
Lag Right
Value of signals

Gain

Loss

-0.04∗∗∗
(0.009)
-0.00
(0.009)
0.12∗∗∗
(0.002)

-0.04∗∗∗
(0.008)
-0.02∗
(0.009)
0.12∗∗∗
(0.001)

6872
0.468

7584
0.491

Observations
R2

Standard error in parentheses
∗
p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

5

Conclusion

This study has investigated to what extent economic choices between options/goods
with uncertain values can be appropriately represented by an optimal sequential sampling process. To do so we have designed an experiment where participants have an imperfect information about the payoffs associated with two possible
choices A and B. These choices can be thought as representing goods to purchase
or more generally economic option (eg. investments). Participant can choose to
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wait and collect more information or to stop (at any moment) and select one of
the options. As we know exactly the participant’s information and the options’
payoffs, we are able to determine the optimal behaviour in this situation: the optimal sequential sampling strategy. We are then able to measure whether and how
participants deviate from optimality.
Our results are twofold. First, we find that, unlike studies in cognitive studies,
participants deviate substantially from the optimal strategy. When sampling is
relatively expensive, participants oversampled, leading to lower expected payoffs.
Second, we find that participants tend to learn with time to improve their sampling
strategy. However, in spite a running for a high number of periods (N=80) we do
not observe convergence to the optimal strategy. The oversampling of information
decreases but persists till the end of the experiment.
Given the widespread nature of such economic decision, this result opens new
questions for investigation: First, is this pattern characteristic of typical sequential
sampling situations? It is worth noting that such an oversampling of information
has also been observed in a study of traders decision to invest in information
before trading on an experimental market Page and Siemroth (2015). Second, if
such a pattern does characterize a wide range of situations, it will be relevant to
investigate whether a behavioural bias explains it and whether people can learn
the optimal strategy when they get enough experience (eg. experts).
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Appendix
Proof of Equation 2
π

n
Q

fB (Xk )

k=1

πn =
π

n
Q
k=1

πn =

⇔
⇔

1
=
πn

n
Q

fB (Xk ) + (1 − π)

fA (Xk )

k=1

1
n f (X )
(1 − π) Q
A
k
1+
π
k=1 fB (Xk )
n
(1 − π) Y fA (Xk )
1+
π
fB (Xk )
k=1

n
1
1 − π Y fA (Xk )
−1=
πn
π k=1 fB (Xk )

n
1 − π Y fA (Xk )
π k=1 fB (Xk )

⇔

πn − 1
=
πn

⇔

πn − 1
π
×
=
πn
1−π
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Y
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k=1
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Y

fB (Xk )

fB (Xk )
πn
1−π
×
=
πn − 1
π
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Y
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1−π
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×
⇔ log
= log
πn − 1
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}
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