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Abstract
This paper studies experimentally whether confirmation bias arises when
individuals are exposed to information overload, or equivalently have limited
ability to perfectly update their belief with all available information. In our
experiment, subjects have to form beliefs as they navigate a sequence of signals within a limited period of time. We compare belief formation under two
settings, where the treatment setting imposes a larger information/cognitive
load than the control setting. We find that subjects in the treatment setting
exhibit a stronger confirmation bias than those in the control setting. Upon
receiving a belief-challenging signal, subjects in the treatment group update
their belief less than those in the control group. In contrast, upon receiving a
belief-confirming signal, subjects update similarly in both settings. As a result, subjects in the treatment setting are also less likely to switch sides: once
they believe that one state is more probable than another, they are less likely
to switch even if they receive enough belief-challenging signals. Not only do
these results show that the limited ability of information processing plays a
role in the formation of confirmation bias, they also improve our understanding on the impact of information overload, for example on polarization.
Keywords: memory, belief formation, limited attention, information overload, confirmation bias
JEL codes: D83, D91
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Introduction

Everyday we receive copious amounts of information that can easily cause the problem of information overload. We have to make many decisions on whether or not
to spend our limited time and attention to process pieces of information, which in
turn determines how we react to and form beliefs with this information. Thus, the
processing decisions have important impacts on numerous societal issues, including polarization of political ideologies, disclosure decisions and competition between
firms, the formation of financial bubbles, etc. This paper aims to shed light on the
problem as we investigate experimentally how people form beliefs with information.
In particular, we analyze the effects of limited ability/information overload on belief
formation, as well as how working memory ability plays a role in the process.
In economics literature, Bayes’ theorem has been extensively used to model belief formation. It implicitly assumes that individuals understand the underlying
distribution of the information and update their belief in a statistically optimal way
without any costs. However, in reality, belief formation is more complicated and
costly for many reasons. Individuals have to exert effort to understand the meaning
and arguments of a piece of information; Bayes’ formula could be very complicated;
moreover, the state of mind (or existing belief) of an individual is sticky and hard
to be changed as shown in the many experiments discussed in Langer (1989).
Given the effort required, as well as the limitation in our attention and cognitive
resources, belief-updating is not just a process but also a strategic decision1 . Individuals have to decide whether to spend their attention and cognitive resources to
process a signal, or ignore it and save the effort for other signals. To the best of our
knowledge, this inter-temporal trade-off has been overlooked in the experimental
literature as most of the experimental literature provides subjects enough time to
update their belief with one signal at a time (e.g., Eil and Rao (2011)). In contrast,
this paper aims to improve our understanding of belief-formation by analyzing how
subjects’ beliefs change with information when they have limited time to process
multiple signals.
More specifically, we conduct an experiment which imposes a time limit for
subjects to form beliefs with several pieces of information. In the first part of the
experiment, each subject receives a sequence of numbers. The numbers are either
drawn from a “low” or a “high” distribution, which is unknown to the subjects.
The “low” distribution is more likely to generate small numbers while the “high”
distribution is more likely to generate large numbers. Subjects can therefore infer
from the numbers about the underlying distribution. However with the time limit,
it is impossible for them to update their beliefs precisely with all signals. They have
1

There is a fast-growing theoretical literature which analyzes the decisions of information processing or acquisition under settings of limited attention or ability. See for instance, Sims (2003),
Wilson (2014) and Leung (2018).
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to (consciously or unconsciously) allocate limited time and cognitive resources to the
sequence of numbers. In the treatment setting, the subjects navigate the sequence by
clicking a “next” button and they see only one signal at a time; while in the control
setting, the previous numbers do not disappear and they see multiple numbers of
the sequence at the same time. The treatment setting is designed to impose a
larger information/cognitive load2 on subjects than the control. By comparing belief
formation in the two settings, the experiment sheds light on how the magnitude
of information overload affects belief updating behavior, for example whether it
strengthens confirmation bias.
We draw our hypotheses based on the theoretical study by Leung (2018), in
which the author shows that information overload could drive confirmation bias.
More specifically, Leung (2018) assumes that there are two possible states of the
world and the decision maker (DM) aims to take one of the two actions that matches
the state3 . Before taking the action, the DM sequentially receives N available signals
which are imperfect information about the unknown state. However, he can process
and update his belief with only N̄ of all N available signals. Upon receiving a signal,
he decides based on its realization whether to process and update his belief with it
or ignore it. After exhausting his updating capacity N̄ , or receiving all N signals,
he takes an action and the payoff is realized.
Leung (2018) shows that under such a setting where the DM has limited ability
to update his belief, the processing strategy of the DM is asymmetric. In general, the DM adopts different processing strategies with regards to equally strong
belief-confirming and belief-challenging signals. Moreover, under a simpler setting
where N̄ = 1, the DM exhibits a confirmation bias if he is confident enough about
the state4 . That is, he processes a belief-confirming signal if he processes an equally
strong belief-challenging signal, but the reverse is not true. The intuition is as
follows: when the DM receives a belief-confirming signal, he becomes even more
confident about the state of the world. Thus, there is a small probability that he
will receive strong enough belief-challenging signals such that he should switch his
action. In the view of his current self, if he ignores the belief-confirming signal and
ends up switching his action, he is most likely making a mistake as his future selfs
do not take into account the confirming signal. To prevent his future selfs from
2

We define information overload as the easiness for subjects to update their beliefs in a Bayesian
way. In the treatment setting, because there is only one number at each time step, subjects have
to remember the previous numbers, or calculate the Bayesian belief before they click “Next”. In
contrast, in the control setting, subjects do not have to remember the previous numbers. Moreover,
as they see multiple numbers at the same time, it is easier to develop an idea about the aggregate
information conveyed by the numbers.
3
In our experimental setup, subjects have to guess whether the “high” or “low” distribution
generated the numbers they have seen.
4
When the DM is unsure about the state of the world, whether his processing strategy exhibits
confirmation bias depends on the exact details of the information structure. For example, as will
be shown in section 2.1, with a binary asymmetric information structure, the DM’s processing
strategy always exhibits a confirmation bias no matter how confident he is.
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making mistakes, he processes the belief-confirming signal. In contrast, when the
DM is confident about the state, the DM will process a belief-challenging signal only
if it is very strong as otherwise it does not convince him to switch his action. The
result suggests that information overload could drive confirmation bias, even when
the DM has no intrinsic preference on belief-confirming information.
Building on the theoretical result, we define confirmation bias as an asymmetric
belief updating behavior. A more severe information overload drives a stronger
confirmation bias if subjects update more with belief-confirming information and
less with belief-challenging information in the treatment setting than in the control
setting. Indeed, we find that upon receiving a belief-challenging signal, subjects in
the treatment setting update less compared to the subjects in the control setting.
On the other hand, upon receiving a belief-confirming signal, the belief updating
does not differ significantly across the two settings. With a stronger confirmation
bias, subjects in the treatment setting are also less likely to switch between guessing
“high” and “low” than in the control setting, even when they receive strong beliefchallenging signals.
Our findings in this first part of the experiment have several important implications. First, the results show that information overload can strengthen confirmation
bias, and thus suggest that the Internet could promote political polarization. It explains the seemingly contradictory results shown in Flaxman et al. (2016), i.e., the
Internet exposes individuals with belief-challenging information and at the same
time polarize their beliefs. Second, our results document limited ability or information overload as a driving force of confirmation bias, in contrast to the widely
accepted view that the bias is driven by anticipatory belief or intrinsic preferences
for belief-confirming information. Hence, when economists or policy makers analyze
the impact of an information policy, it is vital to take into account its indirect effects
on the magnitude of information overload and individuals’ confirmation bias.
In the second part of the experiment, we measure subjects’ working memory ability using the Dual-N-Back task and investigate its relationship with belief formation.
First, we find that subjects with better working memory ability make smaller mistakes in belief updating, i.e., their beliefs are closer to the Bayesian benchmark.
Second, subjects with better working memory ability have stronger confirmation
bias, i.e., they under-react more to belief-challenging information, while their updating behavior with belief-confirming information does not significantly correlate
to working memory ability. These results explain the heterogeneity of biases across
different individuals, and shed light on the cognitive process of belief formation.
This paper is organized as follows. In the next section, we present a simple
theoretical model to motivate our hypotheses, and discuss the connection of this
paper and the literature. In section 3, we outline the experimental design. In
section 4, we present descriptive statistics of the data, the analysis strategy and
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hypotheses. In section 5, we present the results. The instructions of the experiment
are shown in the appendix.

2

Model and related literature

In this section, we first present a simple theoretical model to illustrate why information overload could cause confirmation bias, and proceed to review related literature.

2.1

Model and Intuition

To give an intuition of why information overload could cause confirmation bias,
we present a toy model example of Leung (2018). While the example does not
serve the purpose of perfectly matching our experimental design, it illustrates the
theoretical foundation of our hypotheses. Consider a subject who has to guess
whether the “high” distribution or the “low” distribution was randomly chosen in a
round to generate the numbers he sees as signals. If he makes the correct guess, he
gets 1 util; otherwise, he gets 0. His prior belief is denoted as (pH , 1 − pH ) where pH
is the probability he assigns to the “high” distribution, i.e. he believes that the
“high” distribution was drawn with probability pH . Without loss of generality, we
assume pH > 0.5.
Before he makes a guess, he receives two signals, denoted by s1 , s2 . The signals
are either a high number or a low number, denoted as H̃, L̃ respectively. The “high”
distribution is more likely to generate a high number while the “low” distribution is
more likely to generate a low number. Formally, si = H̃ with probability f when the
“high” distribution is true and with probability 1 − f when the “low” distribution
is true, where5 f > pH > 0.5.
We first analyze the “Bayesian” benchmark where there is no information overload and the subject can update his belief perfectly with both s1 and s2 . His posterior
belief, denoted by p̃B
H , is given by the following Bayesian formula:

pH f 2





p f 2 + (1 − pH )(1 − f )2

 H
pH f (1 − f )
p̃B
H =

pH f (1 − f ) + (1 − pH )f (1 − f )



pH (1 − f )2



pH (1 − f )2 + (1 − pH )f 2
5

if s1 = s2 = H̃
if s1 6= s2

(1)

if s1 = s2 = L̃.

f > pH ensures that the subject switches to guessing “low” after he updates his belief with a
low number.
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It could also be rearranged to the following “odds ratio” form:

p̃B
H
1 − p̃B
H


pH
f2


×


pH
(1 − f )2

1 −
pH
×1
=

1 − pH



p
(1 − f )2

 H ×
1 − pH
f2

if s1 = s2 = H̃
if s1 6= s2

(2)

if s1 = s2 = L̃.

That is, the posterior relative likelihood of the “high” instead of the “low” distribution being chosen equals the prior relative likelihood times the relative probability
of receiving the two signals with the “high” instead of the “low” distribution.
Now we turn to a setting with information overload, where the subject has
limited ability to process and memorize all two numbers. More specifically, we
assume that the subject can process and perfectly memorize6 only one of the two
numbers. After seeing the first number s1 , he decides whether to process or to
ignore the number. If he chooses to process it, he perfectly remembers s1 , at the
cost of forgoing s2 . If he chooses to ignore s1 , he does not remember s1 but is
able to process and perfectly remember s2 . He updates his belief with his memory
of information and makes an optimal guess given this information, depending on
7
whether his posterior belief p̃IO
H ≷ 0.5. For simplicity, we assume that he “naively”
neglects the information conveyed by his processing decision, thus p̃IO
H follows as:
p̃IO
H
1 − p̃IO
H

 p
f
H

×

(1 − f )
= 1 − pH
p

 H × (1 − f )
1 − pH
f

if he processes H̃
(3)
if he processes L̃.

Propostion 1. With information overload, the subject processes s1 if it is beliefconfirming information but ignores it if it is belief-challenging.
Proof. Note that if the subject is Bayesian, he will guess “low” if and only if s1 =
s2 = L̃. In all other cases, he will guess “high”. In the following, we refer to
the Bayesian choice as the optimal choice as it maximizes the expected utility
given s1 and s2 . On the other hand, in this setting with information overload,
he will guess “high” if he processes H̃ and will guess “low” if he processes L̃.
If the subject sees s1 = H̃, he knows that his optimal guess is to guess “high” no
matter what the second number is. However, if he ignores the first high number and
sees s2 = L̃, he knows that his future self will guess “low” which is suboptimal (given
his “high” prior). Hence, he processes the high number, which is belief-confirming,
in order to prevent himself from switching sub-optimally.
6

The assumption that individuals form beliefs using memory of information could be found
in Bénabou and Tirole (2002), Baliga and Ely (2011) and Leung (2018).
7
The result holds when we extend this assumption so that the DM rationally infer information
from his processing decision.
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On the other hand, if the subject sees s1 = L̃, he knows that his future self
will guess “low” if he processes it. However, if he ignores it, he will guess “high”
if s2 = H̃ and guess “low” if s2 = L̃, which is the same as the optimal choice. Thus
he ignores L̃, which is belief-challenging.
Note that this result also holds in more general settings, for example when
the belief-challenging information is (slightly) more convincing than the beliefconfirming information, or with a more general information structure. When the
subject sees a high number which confirms his belief, he becomes more confident
that the “high” distribution is drawn. If he ignores it, there is a chance that he
sub-optimally switches to guessing “low” because he does not take into account the
first high number he saw. To prevent himself from making that mistake, he commits
himself to guessing “high” by processing the high number.
On the other hand, if he processes a low number, he will be more inclined to
guess “low”. However, he is not as confident about his guess as when he processes a
high number. Thus, he is willing to ignore the low number and to delay his decision
(i.e., to ignore the first signal and to wait if the second signal is also low), such that
he chooses to guess “low” only if he is very confident about the guess. Therefore,
information overload can drive a selective processing behavior.

2.2

Related Literature

This paper is closely related to the literature of information avoidance, which documents empirically and experimentally the behavior of selective information processing (see Golman et al. (2017) for an extensive review). For example, Karlsson et al.
(2009) and Sicherman et al. (2016) find that investors avoid checking their financial
portfolios when the market is down. Sullivan et al. (2004) find that people who had
been tested for HIV often failed to return to the test center to obtain the results.
Iyengar and Hahn (2009) find that individuals tend to process news articles that
support their political ideology. All of the above show empirically or experimentally
that individuals are “biased” in their processing decisions: they tend to process confirmatory information and information that suggests favorable outcomes but ignore
the others.
On the other hand, in a laboratory experiment conducted by Eil and Rao (2011),
they show that subjects are “biased” in their processing decisions only if the information is self-relevant, e.g., related to their IQ or beauty. They do not find any
evidence of confirmation bias when the information is objective and self-irrelevant.
However, different from the empirical studies, their experiment is conducted in a
simple setting where the subjects are asked to update their belief with one signal at
a time, thus without any inter-temporal trade-off. In contrast, this paper shows that
limited attention and information overload induce confirmation bias, even when the
signal is objective and self-irrelevant.
7

This paper is closely related to its theoretical counterpart Leung (2018), which
belongs to a small, but growing set of literature that analyzes how limited ability can
explain a number of behavioral “biases”. Compte and Postlewaite (2012), Wilson
(2014) and Jehiel and Steiner (2018) all show that when individuals are not able to
update their beliefs with all available information, they tend to ignore weak signals
and react more to belief-confirming information than to belief-challenging information. This paper aims to contribute to this new research avenue by understanding
in an experimental setting how “biases” result as optimal strategies in the presence
of limited cognitive ability.
Lastly, this paper contributes to the cognitive psychological literature of belief
formation. By studying the link between the cognitive ability of working memory
and belief formation, this paper provides a strong evidence that memory of information plays an instrumental role in belief formation. This link has been proposed in
psychological theories (see Conway (2005) and Wyer and Albarracı́n (2005)), and receives support from experimental studies, e.g., Tversky and Kahneman (1973) and
Chew et al. (2018). This paper, alongside with the ones mentioned above, sheds
light on the cognitive mechanism of belief formation. Not only does it help us to
understand how beliefs are formed, it also suggests a clear way to model (strategic)
belief formation in economics theories.

3

Experimental Design

In the following section, we will present our experimental design. The experiment
consists of two parts: a guessing task and a Dual-N-Back task. Subjects first play 12
rounds of the guessing task and one test round of the Dual-N-Back task followed by
20 real rounds of the Dual-N-Back task. The guessing task is the main part of the
experiment which involves belief updating while the latter measures the subjects’
ability of working memory. The details are presented below.

3.1
3.1.1

The parts of the experiment
The Guessing Task

The first part of the experiment is the guessing task, which is designed to investigate
how subjects update their belief in a dynamic setting with limited time. During
each round of the guessing task, subjects receive two sequences of numbers which
are drawn independently either from a “high” distribution or a “low” distribution.
The numbers are integers from 1 to 8. The probability distribution of a number
given a “high” or “low distribution is shown in table 1 and figure 1. The reasoning
behind the two distributions is explained in Appendix A.1.
As shown in figure 1, the “high” distribution is more likely to generate larger
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1

2

3

4

5

6

7

8

Total

HIGH Distribution

8%

9%

10%

12%

13%

14%

16%

18%

100%

LOW Distribution

18%

16%

14%

13%

12%

10%

9%

8%

100%

Table 1: The high and the low distribution.
prob

prob

1 2 3 4 5 6 7 8

1 2 3 4 5 6 7 8

(a) The “high” distribution.

(b) The “low” distribution.

Figure 1: The two distributions shown in bar charts.
numbers, while the “low” distribution is more likely to generate smaller numbers.
Therefore, subjects can infer which distribution has been drawn and is generating
the numbers in the current round from the numbers they have seen. To make the
task more accessible to subjects, we call the distributions that generate the numbers
“computers” where the “high” computer generates high numbers more likely and
the “low” computer generates low numbers more likely.
3.1.2

The procedure of the guessing task

All subjects play 12 rounds of the guessing task and are assigned to treatment
and control settings alternately. In the beginning of each round, two subjects are
matched randomly to form a pair, where one subject is assigned to the treatment
group and the other subject is assigned to the control group for the respective round.
In each pair, one of the two distributions, “high” or “low”, is randomly selected
with equal probability. Throughout the whole round, the numbers a subject sees
are drawn according to the selected distribution. Note that the distribution and
numbers drawn are the same for the two matched subjects in a pair. The sequence
of a round of the guessing task is illustrated in figure 2.
Initial belief elicitation and belief elicitation mechanism. Before the subjects have seen any numbers, we conduct the first belief elicitation at the beginning of
a round: For the belief elicitation, we use a variant of the Becker-DeGroot-Marschak
method Becker et al. (1964): subjects are asked to guess which distribution, “high”
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High

50%

Guess at the
beginning

Phase 1:
5 numbers

Guess after
phase 1

Phase 2:
more numbers

Guess after
Phase 2

Computer
is randomly
selected

Next round
50%
Computer
is randomly
selected

50%
Low

Guess at the
beginning

Phase 1:
5 numbers

Guess after
phase 1

Phase 2:
more numbers

Guess after
phase 2

Figure 2: Sequence of a round.
or “low”, had been chosen. Their precise belief is also elicited using the table shown
in figure 3. Subjects have to indicate in a first step whether they believe that the
”high” or ”low” distribution is more likely. In a second step, they could choose
from two options: earn 8 e if their chosen distribution is right, or earn 8 e with
probability x%, where x starts at 50% and increases in 5% steps per row. For example, when a subject believes the “high” distribution has been chosen with 66%, he
should choose “high” in the first step and in the second step switch from option 1
to option 2 when x = 70 as shown in the figure.
This first belief elicitation is used to ensure that subjects hold the 50-50 belief before
seeing any numbers (and that they understand they are at the beginning of a new
round). There is a soft8 time limit of 30 seconds for the belief elicitation.
Afterwards, subjects see the sequences of numbers in two phases, with a second
belief elicitation in between and a third belief elicitation after the second phase.
Phase 1. In the first phase, all subjects see 5 numbers displayed on the screen for
30 seconds, as shown in figure 4. The two matched subjects from treatment and
control group see the same 5 numbers.
Belief elicitation after phase 1. After 30 seconds, subjects are redirected to
the page of the second belief elicitation, the belief elicitation after phase 1. The
first phase allows us to obtain heterogeneous beliefs across all the subjects, and thus
allows us to study how information processing or belief updating is affected by the
existing belief.
Phase 2 - Treatment versus Control group. In the second phase, subjects can
see up to 7 numbers with a strict time limit of 30 seconds. One of the two subjects
in each pair is assigned to the treatment setting, while the other is assigned to the
control setting. Subjects are assigned to treatment and control settings alternately
across the 12 rounds of the guessing task.
8

If a subject has spent more than 30 seconds, he is shown a warning message which reminds
him that time is up. However, subjects are not automatically redirected to the next page.
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50%

Figure 3: The belief elicitation screen.

Figure 4: A screen shot of Phase 1.
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The treatment group. The flow of the treatment setting is illustrated in
figure 5. The subjects see one number at a time. They can decide when to advance
the sequence by clicking the “Next” button. If they click “Next”, they reveal the
next number but the previous number disappears. Moreover, there is no going back
to a previous number. The “treatment” subjects have a trade-off between spending
more time on the current number or saving time for the next numbers and face a
more severe information overload than the control group.

clicked “Next”

Figure 5: A screen shot of phase 2 in the treatment setting.

The control group. In contrast, the subjects in the control setting cannot
influence when the next number appears, but the previous numbers do not disappear
when additional numbers are displayed, as illustrated in figure 6. They start with
one number on their screen and as they advance in the sequence, they see two, three,
four (etc.) numbers on the screen at the same time. To ensure the information they
receive is the same as their match in the “treatment” group, the “control” subjects
advance in the sequence at the same time as their corresponding “treatment” subject
in the same pair click “Next”. The subjects, however, do not know that they
can control the other’s advancement in the sequence, nor do they know that their
advancement is controlled by others.

Figure 6: A screen shot of phase 2 in the control setting.

Belief elicitation after phase 2. After 30 seconds of the second phase, subjects
are redirected to the page of the third belief elicitation. Their choices of the second
belief elicitation are shown as default.
New round. After the belief elicitation after phase 2, a new round starts and a
new distribution is randomly selected. Subjects are redirected to a screen which
tells them that a new round has started.

12

3.1.3

Dual-N-Back Task

In the second part of the experiment, subjects have to play 20 rounds of a Dual-NBack task (plus one test round).
The Dual-N-Back task works as follows for each subject: in each round, the
subject receives a sequence of “dual” signals. The signals are called “dual” because
the subjects simultaneously get an audio signal and a visual signal. The audio signal
is the sound of an alphabet letter while the visual signal is a diamond shape in one
of the cells of a 3x3 grid. Figure 7 shows examples of visual signals.

Figure 7: Examples of visual signals.
The task of the subjects in each round is to indicate if there is a match of the
signals they receive now to signals N steps before, hence the name “N-Back”. More
specifically, subjects have to press “L” on the keyboard if they find that the audio
signal matches with the audio signal N steps before; they have to press “A” if they
find that the visual signal matches with the visual signal N steps before. If they
find that both, audio and visual signal, match with the signals N steps before, they
have to press both keys; if they find no match, they have to press no key.
N corresponds to the level the subjects are in and thus, to the difficulty of the
task. All subjects start in level 2. After each round, a subject is promoted to a
higher level if he made less than 4 mistakes. A subject is relegated to a lower level
if he made 6 or more mistakes. Subjects who make 4 or 5 mistakes remain in the
same level. The lowest possible level is 2, the highest possible level is 4. That is, if a
subject in level 4 makes less than 4 mistakes, he will stay in level 4 because it is the
highest possible level. If a subject in level 2 makes 6 or more mistakes, he cannot be
relegated to a lower level because level 2 is the minimum level, so he stays in level
2.

3.2

Procedural Details

We conducted the experiment in the BonnEconLab at the University of Bonn, which
consisted of 12 regular sessions. 260 subjects participated, who were university
students and were recruited through the online recruitment system h-root by Bock et
al. (2014). The experiment has been coded and run in o-Tree Chen et al. (2016). The
sessions took about 2h 15min each and average earnings were 25.12e per subject.
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4

Analysis

In this section, we start by presenting and commenting the descriptive statistics of
the data, then we introduce and construct the main variables of interest. Lastly, we
explain our analysis strategy and our hypotheses.

4.1

Data

Across all 12 sessions, 260 subjects played 12 rounds of the guessing task and 20
rounds of the Dual-N-Back-task (plus one test round). The average age of the
subjects was 23, while the maximum age was 30. 109 subjects were male and 151
subjects were female. The average earning per subject was 25.12e. 50% of the
subjects stated that they have taken economics or statistics courses while the other
50% stated that they have not taken any economics or statistics courses.9
4.1.1

Observations

One subject in one round gives us one observation for the guessing task. Each of
the 260 subjects played 12 rounds of the guessing task, which contributed 3120
observations in total. In the first four sessions, unfortunately there was a problem
with the computer system recording how many numbers a subject has seen in phase
2. More specifically, with some small probability, the recorded number was one fewer
than it should be, e.g., the computer system may have recorded 6 while the subject
has seen 7 numbers in phase 2. Thus, we dropped the observations in the first four
sessions if the recorded numbers of signals seen in phase 2 were less than 710 , which
amounts to 264 of 1008 observations. The problem was fixed in later sessions. After
dropping the observations as mentioned above, we have 2856 observations in total.
Furthermore, in the analysis, we only use the observations where subjects’ elicited
belief is 50% in the initial guess of the respective round. This is to ensure that
subjects understood that they were at the beginning of a new round and a new
distribution has been drawn with equal probability. In 615 of the 2856 observations
(i.e., 21.53%), subjects failed to pick 50% as the initial guess11 .
For example, in 84 observations, subjects’ elicited beliefs in the initial guess are
95%. This might be due to misunderstanding of the belief elicitation table. However,
in most cases subjects realized in later rounds that they were filling out the belief
elicitation table incorrectly and would not make the same mistake over all 12 rounds.
In fact, only 6 subjects chose 95% in the initial guess in more than 6 rounds. After
9

The composition is not 50-50 in all sessions, but is 50-50 in aggregate.
As shown in table 2 in almost all (97%) of the observations, subjects have seen all 7 numbers
in phase 2.
11
26.70% of the subjects who have never taken any statistics or economics courses did not choose
50% as the initial guess, while the proportion is 16.27% for the subjects which have taken statistics
or economics courses.
10

14

All sessions,
with only observations where
elicited initial belief equals 50%

Sessions 5 - 13,
with only observations where
elicited initial belief equals 50%

Percentage

Frequency

Percentage

Frequency

Percentage

0.07%
0.42%
1.72%
97.79%

2
9
34
2196

0.09%
0.40%
1.52%
97.99%

2
9
34
1691

0.12%
0.55%
2.07%
97.27%

All Sessions
Number of signals
Frequency
seen in phase 2
4
5
6
7

2
12
49
2793

Table 2: Frequencies and proportion of observations where 4, 5, 6 and 7 numbers
have been seen in phase 2. Note that we have dropped all observations in sessions
1 to 4 where the number of signals seen in phase 2 is less than 7.
excluding observations which do not have 50% as elicited initial belief, we have 2241
final observations. If not specified otherwise, all the analyses are based on these
final observations where subjects’ elicited initial belief is 50%.
4.1.2

Numbers of Signals Seen in Phase 2

Table 2 shows the descriptive statistics of the number of signals subjects have seen
in phase 2. We can see that only a small fraction of subjects have seen less than
7 numbers in phase 2. For instance, in sessions 5 to 12, where the data recording
problem mentioned in previous section was fixed, less than 3% of the subjects saw
less than 7 numbers, i.e., almost all subjects manage to reveal all 7 numbers in
the 30 seconds time limit. Thus, we are confident that the results presented in this
paper is not artificially created by the fact that we have dropped the observations
in the first four sessions where the number of signals seen is less than 7.
4.1.3

High and Low States

Table 3 shows the descriptive statistics of the chosen distribution in each observation,
along with the three guesses made by the subjects. From the first row, we can see
that the high and the low distribution are chosen in almost the same proportion of
observations. In 48.77% of the observations, the high distribution was drawn while
the low distribution was drawn in 52.23% of the observations.
The second row shows that 67.92% of the subjects guessed ”high” and 32.08%
guessed ”low” in the initial belief elicitation. It suggests that without any information, subjects have a preference for the high distribution. However, after phase
1, the guesses are almost evenly distributed between high and low. In 54.40% of
the observations, subject guessed high while 45.60% of them guessed low. A similar
pattern can be seen in the belief elicitation after phase 2, i.e., in 54.17% of observations the high distribution is chosen, while in 45.83% of the observations, subject
guessed low.
Note that the observations above suggest that status-quo bias (see e.g. Samuel15

High

Low

Distribution drawn 1093 (48.77%) 1148 (51.23%)
Initial Guess
1522 (67.92%) 719 (32.08%)
Guess after phase 1 1219 (54.40%) 1022 (45.60%)
Guess after phase 2 1214 (54.17%) 1027 (45.83%)
Table 3: The frequencies and proportion of the distribution drawn and the three
guesses in all final observations.
son and Zeckhauser (1988)) does not play a significant role in subjects’ guess. Even
though the guess from the initial belief elicitation is shown as default in the belief
elicitation after phase 1, subjects do adjust their guesses after they have seen the
numbers. In particular, they do not seem to obstinately stick to the default.
4.1.4

Treatment and Control Group

Each subject was assigned to the treatment and control group alternately in the 12
rounds of the guessing task. Among the final 2241 observations, 1124 observations
are from the control group and 1117 observations are from the treatment group.

4.2
4.2.1

Variables of Interest
Elicited Beliefs

The elicited initial belief is denoted as p0 , while the elicited belief after phase 1 and
phase 2 are denoted as p1 and p2 respectively. All elicited beliefs are normalized
as the (subjective) probability that the “high” distribution has been chosen. Note
that p0 = 0.5 in all observations we use in the analysis, as we exclude those whose
elicited initial belief does not equal 0.5. In the analysis, the elicited belief after phase
1, p1 , is treated as the prior belief of the subjects, as we investigate how subjects
update their beliefs with the signals in phase 2 in the control and treatment group.
4.2.2

Bayesian Beliefs

The Bayesian Belief for the initial belief elicited is denoted as pB
0 while the Bayesian
B
belief after phase 1 and phase 2 are denoted as pB
1 and p2 respectively.
The initial Bayesian belief pB
0 is always 50% as the distribution is drawn with
equal probability. The Bayesian belief after phase 1, pB
1 , is constructed using the
elicited initial belief p0 .
Y fH (si )
p0
pB
1
=
×
,
B
f
1
−
p
1 − p1
L (si )
0
s ∈S
i

1
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where S1 denotes the set of the 5 numbers in phase 1, and fH (si ) is the probability
that the “high” distribution generates si , while fL (si ) is the probability that the
number is drawn from the “low” distribution. Since we only include those observations where p0 = 50%, this equals to
Y fH (si )
0.5
pB
1
=
×
.
B
f
1
−
0.5
1 − p1
L (si )
si ∈S1
| {z }
=1

Similarly, the Bayesian belief after phase 2, pB
2 , is constructed using the elicited
belief after phase 1, p1 :
Y fH (si )
pB
p1
2
×
,
=
B
f
1
−
p
1 − p2
L (si )
1
s ∈S
i

2

where S2 is the set of numbers seen in phase 2. Thus, pB
2 equals to the belief of
a Bayesian individual if he takes his prior belief p1 as it is and updates his belief
with S2 in a statistically optimal way.
4.2.3

Treatment and Control Group

The difference between the treatment and control setting lies in the magnitude of the
information overload in phase 2. The treatment group faces an inter-temporal tradeoff between signals as subjects have to allocate limited time and cognitive resources
between numbers as they advance in the sequence. Compared to the control group,
they are exposed to a stronger information. Subjects in the treatment setting have
to remember the previous signals or compute the Bayesian belief as they advance
in the sequence. In contrast, subjects in the control group see multiple signals at
the same time. It is therefore easier to infer the aggregate information conveyed by
the multiple signals12 . Our main aim in this paper is to compare the treatment and
control group to analyze the effect of information overload on belief formation.
The treatment group is denoted by the dummy variable 1i,treatment , for each
observation i. 1i,treatment = 1 if the observation i is contributed by a subject in the
treatment group in the respective round and 1i,treatment = 0 if the observation is
from a subject assigned to the control group in the respective round.
4.2.4

N-Back Measures

To analyze how the ability of working memory plays a role in belief formation, we
construct two measures of working memory ability using the subjects’ performance
in the Dual-N-Back task.
12

For instance, when subjects in the control group see a number 1 and a number 8, they know
that they “cancel out each other” because of the symmetric information structure.
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Round
Round
Round
Round
Round
Round
Round
Round
Round
Round
Round
Round
Round
Round
Round
Round
Round
Round
Round
Round

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20

N-Back measure
N-Back Top 10 measure

Mean

S.D.

Min

Max

2.372
2.593
2.613
2.638
2.709
2.837
2.772
2.771
2.874
2.839
2.796
2.668
2.740
2.813
2.824
2.851
2.757
2.763
2.853
2.791

0.296
0.397
0.402
0.386
0.426
0.439
0.517
0.480
0.525
0.503
0.539
0.539
0.479
0.487
0.515
0.607
0.622
0.514
0.524
0.504

1.500
1.417
1.667
1.250
0.333
1.500
0.417
0.750
0.917
1.333
1.500
0.417
0.583
1.583
0.333
0.667
1.167
0.833
0.500
1.250

3.000
3.667
3.750
4.333
3.583
3.917
4.583
4.167
4.167
4.417
4.667
4.667
4.500
3.833
4.667
4.500
4.583
4.500
4.250
4.417

2.744
3.014

0.352 1.475 3.567
0.399 1.758 4.017

Table 4: Descriptive statistics for the measures of the 20 rounds of the N-Back
task as well as full N-Back measure and N-Back Top 10 measure: mean, standard
deviation, minimum and maximum.
To construct the two measure of working memory, in the first step, for every
round x = 1, · · · , 20 of the Dual-N-Back task, we construct a performance measure
with the following equation:
measure(x) = level(x)+

right matches − right matches when doing nothing
. (4)
max. number of right matches − right matches when doing nothing

Note that in level 2, the subject will have 32 right matches if he does not press
any key and the maximum number of right matches is 44. Therefore, if the subject
does not press any key during a round in level 2, he will get 12 mistakes and the
performance measure is 2 + 0 = 2. In level 3, the subject will have 34 right matches
when not pressing any keys and the maximum number of right matches is 46. In
level 4, the subject will have 36 right matches when not pressing any key and the
maximum number of right matches is 48.
For the first measure of working memory ability, which is called the “N-Back
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measure”, we take the average of the performance measures calculated by equation 4
of all 20 rounds played by the subject. On the other hand, for the second measure,
which is called the “N-Back Top 10 measure”, we take the average of the top 10
performance measures of the subject. This is intended to take into account the
possibility that subjects might get tired over time and might not concentrate in all
20 rounds. Table 4 shows the descriptive statistics of the performance measures for
each round, as well as the two measures of working memory ability.
Note that in the regression analysis, we use the standardized “N-Back measure”
and “N-Back Top 10 measure” for better interpretation.

4.3

Strategy and Hypothesis

To analyze empirically how information overload plays a role in confirmation bias,
we analyze two indicators of confirmation bias, which will be discussed below.
4.3.1

Switching Behavior

The first indicator we analyze is related to the switching decisions of the subjects.
A switch is defined as the scenario where a subject guessed “high” after phase 1
but guessed “low” after phase 2, or vice versa. Moreover, we say that a subject has
made a switching mistake when his switching decision is different than the switching
decision from the theoretical Bayesian individual. We analyze two different switching
mistakes. The first mistake is the case where the subjects should switch if they were
Bayesian but they ended up not switching; the second mistake is the case where the
subjects should not switch if they were Bayesian but they ended up switching.
If the treatment setting induces a stronger confirmation bias, subjects in the
treatment group should update (weakly) more to belief-confirming information but
update (weakly) less to belief-challenging information than their match in the control group. Thus, they should be less likely to switch, which gives the following
hypotheses:
Hypothesis 1. Subjects in the treatment setting are weakly less likely to switch
when they should, than subjects in the control setting.
Hypothesis 2. Subjects in the treatment setting are weakly less likely to switch
when they should not, than subjects in the control setting.
The strong form of hypotheses 1 and 2 are as follows:
Hypothesis 1S. Subjects in the treatment setting are strictly less likely to switch
when they should, than subjects in the control setting.
Hypothesis 2S. Subjects in the treatment setting are strictly less likely to switch
when they should not, than subjects in the control setting.
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Note that a subject should switch when the belief-challenging signals he receives
are strong enough, while he should not switch when he receives belief-confirming
signals or weak belief-challenging signals. Thus hypothesis 1/1S targets subjects’
information processing behavior with strong belief-challenging signals; and hypothesis 2/2S target the subjects’ information processing behavior with belief-confirming
or weak belief-challenging signals.
In the following, we present the regression equations for the analysis. Our notations are as follows: i denotes the observation while m(i) denotes the match/pair
observation i belongs to. As mentioned before, 1i,treatment indicates whether observation i is from the treatment or the control group. αm(i) is the fixed effect for pair
m(i) to which observation i belongs. It is introduced to account for the numbers
seen by each pair in phases 1 and 2. Furthermore, as we have multiple observations
per subject since they plays 12 rounds of the guessing task, we cluster standard
errors on subject-level. For hypothesis 1/1S, we run the following regression for all
observations i:
1i,didn’t switch = β0 + β1 1i,treatment + αm(i) + i .
(5)
β1 measures the treatment effect on switching mistakes, and hypothesis 1 (1S) translates to β1 ≥ (>)0. Similarly, for hypothesis 2/2S, we run the follow regression for
all observations i:
1i,did switch = β0 + β1 1i,treatment + αm(i) + i ,

(6)

and similarly hypothesis 2 (2S) translates to β1 ≥ (>)0.
4.3.2

Quantifying Bias

For the second indicator, we quantify subjects’ bias in belief formation. More specifically, we draw an analogy between the formation of the elicited belief to the Bayesian
formula and compare the subject in the treatment setting to his matched subject in
the control setting.
Consider a subject whose elicited belief after phase 1 is equal to p1 . After he has
seen n numbers in phase 2, in which the set is denoted as S2 , his Bayesian belief
after phase 2, pB
2 , is given by:
Y fH (si )
p1
pB
2
=
×
,
B
fL (si ) 1 − p1
1 − p2
s ∈S
i

(7)

2

where fH (si ) and fL (si ) are the probabilities of seeing number si when the “high”
Q
(si )
and “low” distribution is true respectively. The product of the odd ratios ni=1 ffHL (s
i)
measures the relative likelihood of seeing the numbers {si }ni=1 with the “high” distribution over that with the “low” distribution. For the simplicity of notation, we
Q
(si )
denote si ∈S2 ffHL (s
by yobj , or as the “objective odds ratio”. Note that the objective
i)
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odds ratio is a sufficient statistic for a Bayesian individual to update his belief.
We now use the elicited beliefs after phase 1 (p1 ) and the elicited beliefs after
phase 2 (p2 ) to characterize the subjective equivalent of the objective odds ratio,
which is denoted as ysub :
p2
p1
= ysub ×
1 − p2
1 − p1
1 − p2
p1
×
.
ysub =
1 − p1
p2

(8)

ysub measures the subject’s perceived relative likelihood of seeing the numbers S2
with the “high” distribution over that with the “low” distribution. When ysub > yobj ,
the perception of the subject is biased towards the “high” distribution; when ysub <
yobj , the perception of the subject is biased towards the “low” distribution.
As mentioned before, if the treatment setting induces a stronger confirmation
bias, subjects in the treatment setting should update (weakly) more to beliefconfirming information but update (weakly) less to belief-challenging information
than subjects in the control setting. We denote the subjective odds ratio of the
T
C
subjects in the treatment and control setting by ysub
and ysub
respectively, such that
C
T
ysub > ysub implies that subjects are more biased towards the “high” distribution in
the treatment setting than in the control setting. We have the following hypotheses:
Hypothesis 3. Suppose the numbers seen by the subjects in phase 2 are in aggregate
belief-challenging, i.e., (p1 −0.5)(yobj −1) < 0. The subjective odds ratio of the subject
in the treatment setting is weakly more biased towards his prior belief than that of
T
C
his matched subject in the control setting, i.e., (p1 − 0.5)(ysub
− ysub
) ≥ 0.
Hypothesis 4. Suppose the numbers seen by the subjects in phase 2 are in aggregate
belief-confirming, i.e., (p1 −0.5)(yobj −1) > 0. The subjective odds ratio of the subject
in the treatment setting is weakly more biased towards his prior belief than that of
T
C
his matched subject in the control setting, i.e., (p1 − 0.5)(ysub
− ysub
) ≥ 0.
The strong form of the hypotheses 3 and 4 are as follows:
Hypothesis 3S. Suppose the numbers seen by the subjects in phase 2 are in aggregate belief-challenging, i.e., (p1 − 0.5)(yobj − 1) < 0. The subjective odds ratio of the
subject in the treatment setting is strictly more biased towards his prior belief than
T
C
that of his matched subject in the control setting, i.e., (p1 − 0.5)(ysub
− ysub
) > 0.
Hypothesis 4S. Suppose the numbers seen by the subjects in phase 2 are in aggregate belief-confirming, i.e., (p1 − 0.5)(yobj − 1) > 0. The subjective odds ratio of the
subject in the treatment setting is strictly more biased towards his prior belief than
T
C
that of his matched subject in the control setting, i.e., (p1 − 0.5)(ysub
− ysub
) > 0.
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For the analysis, we assume a multiplicative relationship13 between ysub and
yobj such that their logarithmic forms follow an additive relationship14 . We then
estimate the following regression for all observations. Our notation is the same as
in the analysis for switching behavior: i denotes the observation and m(i) denotes
the pair that observation i belongs to. yi,sub and yi,obj denote the subjective and
objective odds ratio of observation i respectively. Again, we include pairwise fixed
effects αm(i) and cluster standard errors on subject-level.
log(yi,sub ) − log(yi,obj ) = β0 + β1 1i,treatment + αm(i) + i .

(9)

We also run the following regression to analyze how working memory ability affects
the bias, where WM is either the full N-Back measure or the N-Back Top 10 measure:
log(yi,sub )−log(yi,obj ) = β0 +β1 1i,treatment +WM+WM×1i,treatment +αm(i) +i . (10)
2

Note that for a variable x ∼ N (µ, σ), E(exp(x)) = exp(µ + σ2 ). Thus, the treatment
effect β1 is interpreted as follows: given all other variables and errors fixed, the
subject’s subjective odds ratio in the treatment setting is exp(β1 ) times that of his
T
C
matched subject in the control setting, i.e., ysub
= exp(β1 ) × ysub
. When β1 > 0,
exp(β1 ) > 1 and the subject’s subjective odds ratio is larger for the subject in the
treatment setting than for the subject in the control setting, and biased towards
T
C
the “high” distribution. In other words, (p1 − 0.5)(ysub
− ysub
) ≥ 0 if and only if
β1 (p1 − 0.5) ≥ 0, and the analysis of the hypotheses collapses to testing the sign
of β1 .

5
5.1

Results
Preliminaries

Before we present the main results about our two indicators of confirmation bias,
we start by analyzing the relationship between elicited belief and Bayesian belief.
While it is not the main focus of this paper, the results in this subsection give us
a rough idea of how “Bayesian” the subjects are, and perhaps more importantly,
whether subjects understand the experiment well and whether our belief-elicitation
mechanism works well in eliciting “normal” behavior of belief updating.
Figure 8a and figure 8b show the histograms of the absolute difference between
elicited and Bayesian belief (the updating mistakes) after phase 1 in the treatment
and control setting respectively, while figure 8c and 8d show the corresponding
13

Note that with a multiplicative instead of an additive model, we can interpret the multiplicative
constant as an attention weight on the objective odds ratio. Moreover, the estimated ysub is always
larger than 0.
14
ysub = λyobj implies that log(yi,sub ) = log λ + log(yi,obj ).
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Figure 8: Distribution of the absolute Difference between elicited and Bayesian
belief.
histograms for beliefs after phase 2. All four histograms show that most of the
mistakes (40% − 60%) are less than 10%. Moreover, the frequencies of the mistakes
decrease with the magnitude. For example, for belief formation in phase 1 in both
treatment and control setting, almost 60% of the elicited beliefs are within 10%
difference of the Bayesian beliefs, while only around 10% of the mistakes are as big
as 20%. On the other hand, by comparing figures 8a and 8c, and figures 8b and 8d,
we can see that the mistakes in belief formation in phase 2 are in general bigger
than the mistakes in phase 1, because of the more severe information overload, i.e.,
there are more numbers in the same period of time. For similar reasons, when
comparing figures 8c and 8d, the mistakes in the belief formation in phase 2 in
the treatment setting are in general bigger than in the control setting. Lastly, by
comparing figures 8a and 8b, being in the treatment or control group has no effects
on the mistakes made in phase 1, as there are no differences in the settings in
phase 1. This is also confirmed by table 5, which shows that there is no treatment
effect on the relationship between elicited and Bayesian belief in phase 1 and thus,
no inherent difference between treatment and control group.
It is also interesting to note that subjects with better working memory ability
make smaller mistakes in belief formation, as shown in table 6. For example, in phase
2, if a subject’s N-Back measure is one standard deviation higher than the mean, the
updating mistake he makes is on average 1% smaller compared to a subject with
average N-Back measure (p < 0.01). The effect of working memory on updating
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Bayesian Belief after phase 1

(1)
after Phase 1
0.765∗∗∗
(0.017)

Treatment

(2)
after Phase 1
0.765∗∗∗
(0.017)
-0.00190
(0.006)

0.146∗∗∗
(0.008)
0.714
2241
235

Constant

R-squared
Observations
Subjects
Standard errors in parentheses
∗
p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

0.147∗∗∗
(0.009)
0.714
2241
235

Table 5: (Bayesian) updating after Phase 1 with individual fixed effects.
errors is significant after phase 1 as well as after phase 2 but the size of the effect
is larger after phase 2 than after phase 1. This is because subjects receive more
information in phase 2.

std N-Back measure

(1)
Phase 1
-0.00725∗∗
(0.003)

std N-Back Top10
0.105∗∗∗
(0.003)
R-squared
0.00518
Observations
2241
Subjects
235
Standard errors in parentheses
∗
p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Constant

(2)
Phase 1

(3)
Phase 2
-0.0104∗∗∗
(0.004)

-0.00758∗∗∗
(0.003)
0.105∗∗∗
(0.003)
0.00562
2241
235

(4)
Phase 2

-0.0116∗∗∗
(0.004)
0.133∗∗∗
(0.004)
0.00744
2241
235

0.133∗∗∗
(0.004)
0.00905
2241
235

Table 6: OLS of absolute difference between Bayesian and elicited belief after Phase
1 & 2 against working memory measure, with clustered standard errors on subjectlevel.
Figures 9a and 9b show the scatter plots and simple regression lines of elicited
beliefs against Bayesian beliefs, after phase 1 and phase 2 respectively. From both
figures, we can see that there is a significant and positive correlation between elicited
and Bayesian belief, which means that subjects understand the essence of the information structure, i.e., higher numbers serve as stronger evidence that the “high”
distribution was chosen in the respective round. On the other hand, the slope of
the regression line is smaller than 1. Both findings combined imply that on average
subjects believe more in the “high” distribution when they receive higher numbers,
however, they tend to under-react to signals compared to the Bayesian benchmark.
This result coheres with the findings presented in Eil and Rao (2011).
In the next step, to get a first grasp of the confirmation bias, we present two
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Figure 9: Scatter plot and regression line with Bayesian belief on x-axis and Elicited
belief on y-axis.
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Figure 10: Piecewise linear regression for elicited and Bayesian Beliefs after Phase
2.
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scatter plots with elicited against Bayesian belief in phase 2, but separately for
subjects who have guessed “high” and “low” in phase 1. In both cases, shown
in figures 10a and 10b respectively, we run a piecewise regression of elicited belief
against Bayesian belief, distinguishing the cases where the Bayesian belief is bigger
or smaller than 0.5. For example, the two regression lines in figure 10a allow us
to compare how subjects with “high” prior form beliefs when they should stay
guessing “high” after phase 2 and when they have received enough low numbers and
should switch to guessing “low”. We can see that for subjects with “high” prior,
the slope of the regression line is steeper for “high” (> 0.5) Bayesian beliefs than
for “low” (< 0.5) Bayesian beliefs, while the opposite holds true for subjects with
“low” prior as shown in figure 10b. This suggests a pattern of confirmation bias:
while subjects under-react to signals compared to the Bayesian benchmark15 , they
under-react more when they have seen belief-challenging signals than when they have
seen belief-confirming signals. This result is in contrast with Eil and Rao (2011) as
they conclude that confirmation bias exists only if the information is self-relevant,
e.g., in their case information about beauty or IQ. Differently from this paper, in
their setting, subjects’ beliefs are elicited after they receive each signal and thus the
problem of information overload does not exist. In the next two subsections, we
proceed to analyze how information overload plays a role in confirmation bias by
analyzing the treatment effect.

5.2

Switching Behavior

In this subsection, we analyze the switching behavior of subjects. Table 7 shows the
proportion of observations in which the subject has made a switching mistake, in
treatment and control setting. The results are also illustrated in figure 11.
Should switch Should NOT switch
but DID NOT
but did
Treatment
Control

118/310
≈ 38.1%
91/282
≈ 32.6%

46/807
≈ 5.7%
52/842
≈ 6.1%

Table 7: Proportion of observations in which subjects have made a switching mistake.
The first column of the table shows the case where the subjects should switch
if they were Bayesian but they ended up not switching. We can see that around
38.1% of subjects in the treatment setting did not switch even if they should, while
only 32.6% of subjects made such a mistake in the control setting. On the other
15

All four regressions lines in figures 10a and 10b have a slope smaller than 1.
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Should switch
but DID NOT

Should NOT switch
but did

If the two matched subjects make the same switching decision
Treatment
Control

49/139
≈ 35.3%
24/117
≈ 28.5%

38/124
≈ 31.2%
41/144
≈ 28.5%

If the two matched subjects make different switching decisions
Treatment
Control

69/171
≈ 40.4%
67/165
≈ 40.6%

8/683
≈ 1.2%
11/698
≈ 1.6%

Table 8: The proportion of observations in which subjects have made a switching
mistake, split by whether both subjects in a pair switch in the same direction or
not.
hand, the second column shows the case where the subjects should not switch but
ended up switching. In the treatment setting, subjects are (marginally) less likely
to switch when they should not, than in the control setting. However, the difference
is much smaller compared to the first column, i.e., it is only 0.4%, instead of 5.5%.
In both cases, subjects are less likely to switch when exposed to a more severe
information overload.
Table 8 shows the proportion of mistakes in the treatment and control group
separated by whether both subjects in a pair made the same switching decision or
not, i.e., whether they both switched and if so, whether they switched in the same
direction. We can see that when both subjects in a pair do not make the same
switching decision, the mistake is more often made by the subject in the treatment
than in the control group. 35.5% of subjects in the treatment group do not switch
when they should (while the subject in the control group decides to switch) and
28.5% of subjects in the control group do not switch when they should switch while
the subject in the treatment group switches. 31.2% of subjects in the treatment
group make a switching mistake by switching when they should not when their
match does not switch and 28.5% of subjects in the control group make this mistake
by switching while their matched subject in the treatment group decides correctly
not to switch. When both subjects do make the same switching decision, we see
from the lower part of table 8 that the mistake of not switching when they should
switch happens much more often than the mistake of switching even though they
should not: around 40% of subjects in both, treatment and control group, do not
switch when they should when both subjects in a pair make the same decision while
only around 1% mistakenly switch when they should not when both subjects make
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6.1%
5.7%

38.1%
32.6%

Treatment Control

Treatment Control

(a) Proportion of subjects
who did not switch given that
they should.

(b) Proportion of subjects
who switched given that they
should not.

Figure 11: Switching Behavior.
the same decision. This is also illustrated in figure 12.
Table 9 shows the regression analysis. As shown in the first column of table 9,
the treatment effect is positive and highly significant (p < 0.01) in the scenario
where the subject should switch but did not, which confirms hypothesis 1S. When
there are strong enough belief-challenging information so that the subjects should
switch, subjects in the treatment setting are 9.21% less likely to do so than subjects
in the control setting.
On the other hand, in the scenario where the subject should not switch but ended
up switching, the treatment effect is not significant, which confirms hypothesis 2. In
the case where there are no strong enough belief-challenging information such that
subjects should stick to their prior belief, the magnitude of information overload
has no effect on switching behavior. Combining these two findings, we could see
the information overload has an asymmetric effect on individuals’ belief formation
with different types of information. More specifically, subjects react less to beliefchallenging information when they are exposed to more severe information overload,
while their reactions to belief-confirming information is unaffected. This provide
support for the theoretical results presented in Leung (2018).

5.3

Quantifying Bias

We now present the regression analysis of the quantified bias. The quantified bias
equals log(yi,sub ) − log(yi,obj ) as shown in equation 9. We first look into the scenario
where the numbers seen in phase 2 are in aggregate belief-challenging, i.e., (p1 −
0.5)(ysub − 1) < 0. The result is shown in table 10. The first and second column
shows the case where subjects guessed “high” and “low” after phase 1 respectively.
In the third column, we pool the two cases together by taking advantage of the
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35.3%
31.2%
28.5%

28.5%

Treatment Control

Treatment Control

(a) Proportion of subjects
who did not switch given that
they should, where both subjects in a pair adopt different
switching decisions.

(b) Proportion of subjects
who switched given that they
should not, where both subjects in a pair adopt different
switching decisions.

40.6%
40.4%

1.6%
1.2%

Treatment Control

Treatment Control

(d) Proportion of subjects
who switched given that they
should not, where both subjects in a pair adopt the same
switching decision.

(c) Proportion of subjects
who switched given that they
should not, where both subjects in a pair adopt the same
switching decision.

Figure 12: Switching Behavior, split by whether both subjects in a pair adopt the
same switching decision.

Treatment
Constant
R-squared
Observations
Subjects

(1)
should switch but didn’t
0.0921∗∗∗
(0.033)

(2)
shouldn’t switch but did
-0.00364
(0.008)

0.305∗∗∗
(0.019)
0.0280
592
207

0.0612∗∗∗
(0.005)
0.000152
1649
233

Standard errors in parentheses
∗
p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 9: OLS of Switching Decisions after Phase 2, with clustered standard errors
on subject level and pairwise fixed effects.
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symmetric nature of the guessing task16 . The pooling allows us to increase the
sample size of the regression analysis.
We can see that the treatment effect is significant in all three cases when subjects
receive in aggregate belief-challenging information in phase 2. For example in the
first column, we can see that β1 = 0.17 > 0 (p < 0.05), which implies that subjects
with high priors are significantly biased towards the “high” state. The subjective
odds ratio is exp(0.17) = 1.19 times bigger in the treatment setting than in the
control setting. This implies that a subject with a “high” prior under-reacts more
to belief-challenging information when facing a more severe information overload.
Similar conclusions can be drawn from the second and third column. Thus, we
conclude that the results confirm hypothesis 3S.
The results for the second scenario, where numbers seen in phase 2 are in aggregate belief-confirming, are shown in table 11. Differently to the results for beliefchallenging information, we can see that the treatment effects are not significant
in all three cases. Even when we pool the subjects with “high” and “low” priors
and take advantage of the larger sample size, there is not a significant treatment
effect and it confirms hypothesis 4. Combining the results in both tables, we conclude that the more severe information overload in the treatment setting induces
a stronger confirmation bias which is similar to the analysis of switching behavior:
subjects under-react more to belief-challenging information in the treatment setting than in the control setting, while the updating behavior with belief-confirming
information is not affected by the magnitude of information overload.

Treatment

(1)
high prior,
should update downwards
0.170∗∗
(0.068)

0.378∗∗∗
(0.041)
R-squared
0.0174
Observations
516
Subjects
205
Standard errors in parentheses
∗
p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Constant

(2)
low prior,
should update upwards
-0.155∗∗
(0.073)

(3)
pooled,
challenging info
0.164∗∗∗
(0.050)

-0.211∗∗∗
(0.045)
0.0161
398
188

0.305∗∗∗
(0.032)
0.0169
914
225

Table 10: OLS on quantified bias when numbers seen in phase 2 are in aggregate
belief-challenging, with clustered standard errors on subject-level and pairwise fixed
effects.
Lastly, we look into how working memory ability plays a role in confirmation
bias and whether our findings on information overload and confirmation bias are
16

We pool the two cases as follows: in the case where subject guessed “low” after phase 1, we
normalize the belief as the probability that the “low” distribution is drawn. Odds ratios are also
normalized accordingly. Thus a larger belief implies that the subject is more confident about his
guess, while a larger odds ratio implies that the signals are “more” belief-confirming.
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Treatment

(1)
high prior,
should update upwards
-0.0278
(0.057)

-0.774∗∗∗
(0.035)
R-squared
0.000518
Observations
703
Subjects
214
Standard errors in parentheses
∗
p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
Constant

(2)
low prior,
should update downwards
0.0552
(0.052)

(3)
pooled,
confirming info
-0.0411
(0.037)

0.863∗∗∗
(0.032)
0.00246
624
211

-0.816∗∗∗
(0.024)
0.00123
1327
230

Table 11: OLS on quantified bias when numbers seen in phase 2 are in aggregate
belief-confirming, with clustered standard errors on subject-level and pairwise fixed
effects.
robust to including measures on working memory. For this purpose, we only present
the case where subjects with “high” and “low” prior are pooled. Table 12 presents
the scenario where the numbers seen in phase 2 are in aggregate belief-challenging
while table 13 presents the analysis with belief-confirming information.
We can see from table 13 that in the case of belief-confirming information, working memory ability has no effects on the bias. This implies that subjects with different working memory ability share the same belief updating behavior when they
receive belief-confirming information. In contrast, from the second and third column
of table 12, we can see that working memory ability has a significant positive effect
on the bias in the case of belief-challenging information. Similar to the treatment
effect, a subject with better working memory ability exhibits a stronger bias towards
his prior belief when he receives belief-challenging information. This implies that
subjects with better working memory ability under-react to belief-challenging information more and exhibit stronger confirmation bias. As shown above in table 6,
the absolute different between elicited and Bayesian belief is small for subjects with
better working memory ability. Combined with the result that subjects with better working memory ability has a larger bias when they receive belief-challenging
information, it must imply that they make more updating mistakes with beliefchallenging information but less updating mistakes with belief-confirming information. As there is a larger probability that they will receive belief-confirming information, they perform better overall in belief formation. Put differently, subjects
with better working memory ability perform better in belief updating by diverting
attention from belief-challenging information to belief-confirming information.
Columns (4) and (5) of both tables 12 and 13 show that the treatment effect
is robust to the introduction of working memory as control variable. Columns
(6) and (7) show that these findings holds when including additional interaction
effects between treatment and working memory. When subjects receive belief-
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Treatment

(1)
TC
0.164∗∗∗
(0.050)

(2)
N-Back Full

(3)
N-Back Top10

0.103∗∗
(0.040)

std N-Back measure

(4)
(5)
N-Back Full N-Back Top10
0.154∗∗∗
0.155∗∗∗
(0.050)
(0.050)

(6)
N-Back Full
0.163∗∗∗
(0.050)

0.0931∗∗
(0.039)

0.128∗∗
(0.057)

0.0946∗∗
(0.039)

std N-Back Top10

0.0839∗∗
(0.039)

std. N-Back x Treatment

0.121∗∗
(0.057)
-0.0710
(0.083)

std. N-Back Top10 x Treatment
Constant
R-squared
Observations
Subjects

(7)
N-Back Top10
0.163∗∗∗
(0.050)

-0.0778
(0.081)
0.305∗∗∗
(0.032)
0.0169
914
225

0.377∗∗∗
(0.019)
0.0103
914
225

0.378∗∗∗
(0.019)
0.00877
914
225

0.300∗∗∗
(0.032)
0.0253
914
225

0.301∗∗∗
(0.032)
0.0237
914
225

0.297∗∗∗
(0.032)
0.0265
914
225

0.298∗∗∗
(0.032)
0.0253
914
225

Standard errors in parentheses
∗
p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 12: OLS of quantified bias on N-Back measures when the numbers seen in phase 2 are in aggregate belief-challenging, with clustered
standard errors on subject-level and pairwise fixed effects.

Treatment

(1)
TC
-0.0411
(0.037)

std N-Back measure

(2)
N-Back Full

(3)
N-Back Top10

0.0249
(0.035)

std N-Back Top10

(4)
(5)
N-Back Full N-Back Top10
-0.0391
-0.0393
(0.037)
(0.037)

(6)
N-Back Full
-0.0435
(0.039)

0.0233
(0.035)

0.00233
(0.043)

0.0244
(0.036)

0.0228
(0.036)

std. N-Back x Treatment

0.00542
(0.044)
0.0396
(0.055)

std. N-Back Top10 x Treatment
Constant
R-squared
Observations
Subjects

(7)
N-Back Top10
-0.0432
(0.039)

0.0333
(0.055)
-0.816∗∗∗
(0.024)
0.00123
1327
230

-0.838∗∗∗
(0.017)
0.000927
1327
230

-0.838∗∗∗
(0.017)
0.000863
1327
230

-0.819∗∗∗
(0.025)
0.00204
1327
230

-0.819∗∗∗
(0.025)
0.00199
1327
230

-0.816∗∗∗
(0.025)
0.00257
1327
230

-0.816∗∗∗
(0.026)
0.00236
1327
230

Standard errors in parentheses
∗
p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 13: OLS of quantified bias on N-Back measures when the numbers seen in phase 2 are in aggregate belief-confirming, with clustered
standard errors on subject-level and pairwise fixed effects.

challenging information, the subjective odds ratio in the treatment group are on
average exp(0.163) = 1.177 times higher than that in the control group. This effect
is highly significant (p < 0.01). For belief-confirming information, the treatment
effect is not significant. These findings hold true when we use either the full N-Back
measures and N-Back Top 10 measures.

6

Conclusion

In this experimental study, we investigate how limited ability and information overload plays a role in belief formation, with a specific interest in confirmation bias.
We show that when subjects are exposed to more severe information overload, their
belief updating behavior exhibits a stronger confirmation bias. This also holds when
working memory ability is taken into account. In contrast with the popular view
that confirmation bias is driven by intrinsic preferences for belief-confirming information, the results in this paper clearly demonstrate that the bias changes with the
characteristics of the information structure. In particular, this provides support to
the growing theoretical literature that analyzes how limited attention and ability
affects decision making.
The results of this paper have several implications. First, it sheds light on the
debate of whether or not the Internet strengthens biased behavior and promotes
ideological polarization. The results in this paper suggest that information overload
could be a big problem as it drives individuals to ignore belief-challenging information. On the other hand, when researchers introduce “biases” in theoretical models,
they have to be aware that these “biases” could change with other parameters in the
model, e.g., information structure, individual characteristics, policy intervention,
etc. However, this is largely overlooked by the existing literature, which usually
introduces “biases” exogenously. For example, asking firms to provide more information to consumers may seem welfare-improving. However, information overload
can strengthen confirmation bias which reduces competition. Ignoring this indirect
effect on the biases might yield dramatically different results. The same applies to
policy makers when they evaluate the impact of different policy interventions.
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A.1

The distribution in the Guessing Task

In this appendix, we present the reasoning behind the parameters of the distribution.
More specifically, they are chosen to satisfy the following criteria:
1. the logarithmic odds ratios are monotonic and approximately linear, as shown
in figure A1. That is, higher numbers are stronger evidence that the “high”
distribution is true and the differences in the strengths of adjacent signals are
approximately constant;
2. after seeing the first sequence of numbers, there are enough subjects with
confident belief, i.e., believe that the state is high (low) with probability 75%
or above. Table A.2 shows that more than 40% of the subjects are “confident”
after seeing 5 signals. This is to ensure that there exists a significant amount
of confident individuals such that confirmation bias could kick-in;
3. after seeing the first sequence of numbers, there should not be many subjects
with too confident belief, i.e., believe that the state is high(low) with probability 95% or above. Table A.3 shows that less than 2% of the subjects are
extremely confident after seeing 5 signals. This is because the belief elicitation
is restricted to be increments in 5%. When a subject believes that with 95%
the state is high, even if he receives several “number 8”s, the change in his
belief is bounded by +5% and is not measurable.
ln(Odds ratio)

0

1 2 3 4 5 6 7 8

Figure A1: Logarithmic Odds ratios of the numbers 1-8

min

mean

max

18.5%

24.2%

29.5%

Table A.1: Proportion of subjects switching from believing High in the 2nd guess
to believing Low in the 3rd guess, or from believing Low to believing High
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Belief
= 0.5

> 0.6 or < 0.4 > 0.65 or < 0.35 > 0.7 or < 0.3

> 0.75 or < 0.25

5 draws

Average proportion of subjects

0

76.1%

64.7%

52.5%

41.7%

12 draws

Average proportion of subjects

0%

94.4%

88.8%

76.0%

68.9%

Table A.2: Distribution of Bayesian beliefs given 5 and 12 draws, with 1000 simulations.

Belief
> 0.8 or < 0.2 > 0.85 or < 0.15 > 0.9 or < 0.1

> 0.95 or < 0.05

5 draws

Average proportion of subjects

32.2%

19.2%

10.1%

1.65%

12 draws

Average proportion of subjects

60.9%

51.35%

40.05%

24.35%

Table A.3: Distribution of Bayesian beliefs given 5 and 12 draws, with 1000 simulations.

Instructions for the first part of the experiment1
In this part of the experiment you will go through 12 rounds of a task which will be
explained to you in the following. Each round will take about 2 - 3 minutes. In this
part of the experiment you can win up to 24 e.

1

What is the experiment about?

This part of the experiment consists of 12 rounds of a task which will be described
in the following. There are two computers, a ”high” computer and a ”low” computer: One of these computers, the ”high” computer, generates high numbers more
frequently, while the ”low” computer generates low numbers more frequently. At
the beginning of each round, one of the two computers (high or low) is randomly
selected, but you do not know which one. The probability for each computer is
equal, i.e. 50% for each computer. In each round, you will see numbers which have
been generated by the selected computer. We will ask you to indicate your guess
which one of the two computers has been selected in this round using the numbers
you have seen as indicators for the selected computer.
As you can see in figure 5, we will ask you three times per round to indicate your
guess.
 The first time, we will ask you at the beginning of a round, before you have
seen any numbers, without any additional information.
 The second time, after you have seen 5 numbers in phase 1, which have been
generated by the selected computer of this round.
 The third time, after you have seen additional numbers in phase 2, which have
been generated by the selected computer of this round.

High

50%

Guess in the
beginning

Phase 1:
5 numbers

Guess after
phase 1

Phase 2:
more numbers

Guess after
Phase 2

Computer
is randomly
selected

Next round
50%
Computer
is randomly
selected

50%
Low

Guess at the
beginning

Phase 1:
5 numbers

Guess after
phase 1

Phase 2:
more numbers

Guess after
phase 2

Figure 1: Sequence of a round
1

These instructens were originally in German and have been translated to English. The original
German version is available o request.

1

50%

2

How to make a guess?

In the following, we explain how you can use numbers as indicators for the computer
which has been selected at the beginning of a round and how we will retrieve your
guess on the monitor.

2.1

The high and the low Computer

Both computer can only generate numbers between 1 and 8. Table 1 shows the
probabilities with which the computers produce the numbers 1 to 8. For example, the
probability that the “high” computer generates the number 8 is 18%, this means that
it happens in 18 out of 100 cases on average. The “high” computer generates smaller
numbers less likely. For example, the probability that the computer generates the
number 1 is only 8%, in other words, in 8 out of 100 cases.
The “low” computer generates numbers with the probabilities shown in table 2 and
can be seen as a mirror image of the “high” computer. For example, the probability
with which the “low” computer generates the number 8 is only 8%, on other words,
in 8 out of 100 cases. A number 1 is generated by the “low” computer with a
probability of 18%, in other words, in 18 out of 100 cases.
generated number
probability of the number

1

2

3

4

5

6

7

8

8%

9%

10%

12%

13%

14%

16%

18%

Table 1: The “High” Computer

generated number
probability of the number

1

2

3

4

5

6

7

8

18%

16%

14%

13%

12%

10%

9%

8%

Table 2: The “Low” Computer
As described in the beginning, it is your task to guess whether the “high” or the
“low” computer is generating the numbers of the current round.
At the beginning of each round, one of the two computers is selected with equal
probability. Each one of the computers has the probability 50%. The computers
are selected independently over the rounds, this means that the probability that the
“high” or the “low” computer is selected in a round, is always 50%. The selection of
the computers is independent from which computer has been selected in the previous
round.

2.2

Shown numbers as indicators of the computer

You can use the shown numbers as indicator of which computer has been selected
in the respective round. For example, the number 1 is an indicator that the “low‘”
computer has been selected in this round and is generating the numbers - however,
this is not certain. As shown in table 1 and table 2, the probability that the “low”
2

Prob’

Prob’

1

2

3

4

5

6

7

8

1

(a) The “High” Computer

2

3

4

5

6

7

8

(b) The “Low” Computer

Figure 2: Graphical illustration of the probabilities with which the “high” and the
“low” computer generate the numbers 1 to 8.
computer generates a number 1 is 18%, while the probability that the “high” computer generates a number 1 is only 8%.
On the contrary, when you see a number 8, it is an indicator that the “high” computer has been selected in this round and is generating the numbers. The probability
that the “high” computer generates a number 8 is 18%, while the probability that
the “low” computer generates a number 8 is only 8%.
In general, high numbers are an indicator that the “high” computer has been
selected while low numbers are an indicator of the “low” computer having been
selected. For example, the number 5 is an indicator that the “high” computer has
been selected. Higher numbers, for example 6 or 7, are a stronger indicator that the
“high” computer has been selected. Likewise, a number 4 is an indicator that the
“low” computer has been selected, but a less strong indicator than a lower number
as for example a 3 or a 2.

2.3

How we measure your guess

We will ask you for your guess which computer is generating all the numbers you
see in a round. To make your guess as specific as possible, you should consider all
numbers you see in a round; those of the first phase and those of the second phase.
Each of your guesses will have the form below:
1. Which computer is more likely?
In the first step you will be asked, which computer is generating the numbers in
the current round in your opinion. This is shown in figures 3a and 3b. To answer
this first question, you can click on one of the two pictured buttons and state,
3

which computer has been selected with a higher probability in your opinion in the
respective round.
2. Your exact assessment:
In the second step, we want to know your precise assessment, i.e. how certain you
feel about your guess in the first step. The tables shown in figures 3a and 3b provide
some assistance. In each row you can decide between two options:
 Win 8 e if you have guessed the right computer
 Win 8 e with some probability which starts at 50% in the first row and
increases by 5% per row.

One of the rows will be randomly selected for your payment. However, your choice
in a row CANNOT influence, which one of the rows will be selected. Therefore,
think about your choice between option 1 and option 2 very carefully in each row
since every row could be selected for your payment.
An example
Assume you make the following assessment: You believe that the high computer has
been selected and is generating the numbers in the respective round with a probability of 66%.
So, in the first step, for the question ”Which of the two computers is more likely?”
you click on the button “high”.
Now, in the second step, for the question ”Please specify your exact assessment”,
you have two options to choose from to specify your assessment:
 In the first row, you have the options “Win 8 e if “high” is right” and “Win 8 e
with probability 50%”. Since you believe that “high” is right with probability
66%, you should choose option 1 since this way, you win 8 e with probability
66% (instead of 50% as it would be the case with option 2).
 In the second row you have the options “Win 8 e if “high” is right” and
“Win 8 e with probability 55%”. Since you believe that “high” is right with
probability 66%, you should choose option 1, since this way, you win 8 e with
probability 66% (instead of 55% as it would be the case with option 2).
 Accordingly, you should choose option 2 in the rows where the probability of
winning 8 e is 70% or higher, it is, equal or higher to the probability with
which you believe that the computer you think has been choosen is right.

4

5
(a) The monitor after you clicked “High”

(b) The monitor after you clicked “Low”

Figure 3: The assessment monitor of the first guess in the beginning of a round, after you have clicked “high” or “low”

Figure 4: The guessing screen from the example with a guessed probability of 66%
for the “high” computer. The button for “High” and the button of option 2 with
winning probability 70% has been clicked.

So, as soon as the probability of winning in option 2 is higher than your certainty
of your guess (whether the high/low computer has been selected), you should choose
option 2. This is illustrated in figure 4.
Please notice the fill-in assistance: The fill-in assistance will automatically choose
option 2 in all the following choices under option 2 with a higher winning probability
than the one you have choosen (it is, all the rows under the row where you have
choosen option 2 for the first time), since the winning probabilites are increasing by
5% per row.
After you have chosen option 2 with a winning probability of 70%, all following
rows with a higher probability than 70% in option 2 will be automatically chosen
for you.
On the other hand, when you think that it is more likely that the numbers in the re6

spective round are generated by the “low” computer, you click on the button “low”
in the first step. For the second step, you proceed as described above and compare
for each row, whether you prefer option 1 or option 2. You can indicate your exact
assessment as described above. The only difference lies in option 1, as illustrated in
figure 3b: You win 8 e if the “low” computer has been selected.

Reminder:
 In the first step you indicate which computer you think is more likely
 In the second step, you make a more exact assessment:

– Therefore, you should read the table row by row and compare option 1 to
option 2 in each row to decide which option you prefer in the respective
row.
– This is very important, since every one of your decisions is relevant for
your payment and determines, how much you will earn in this experiment.
Therefore, please think about your choices very carefully.
 As soon as the winning probability in the second step under option 2 is higher
then your certainty of your guess (whether the high or low computer has been
selected), you should choose option 2
 The fill-in assistance will automatically choose option 2 for you in all the
following choices with a higher winning probability in option 2 then the one
where you have chosen option 2 for the first time.

3

The sequence of each round

In the following we explain the procedure of the experiment to you by guiding you
through the sequence of a round. In this part of the experiments, 12 rounds will
be played. Each round consists of a number of guesses and phases. In the phases
of a round, you see numbers which you can use as indication for which computer
has been selected in the respective round. The sequence of a round is illustrated in
figure 5.

3.1

A computer is randomly selected

At the beginning of each round, one of the two computers (it is, the “high” or the
“low” computer) is randomly selected. Each of the computers (high or low) has the
same chance to be selected. Thus, the probability for the “high” or the “low” computer is 50% in each case at the beginning of a round. You will see a screen which
points out that a new round has started and once again one of the two computers
(“high” or “low”) has been randomly selected.
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High

50%

Guess in the
beginning

Phase 1:
5 numbers

guess after
phase 1

Phase 2*:
more numbers

guess after
phase 2

New computer
is randomly
selected

Next round
50%
Next round

50%

50%
Low

Guess in the
beginning

Phase 1:
5 numbers

Guess after
phase 1

Phase 2*:
more numbers

Guess after
phase 2

Figure 5: Sequence of a round
(* Phase 2 can occur in 2 versions)

3.2

Guess at the beginning of a round

In each round, at the beginning of the round, the “high” or the “low” computer will
be randomly selected with a probability of 50% each. This happens randomly at
the beginning or each round.
At the beginning of a round, before you see any numbers, we will ask you for your
guess which computer has been randomly selected. We do this to make sure that
you know you are at the beginning of a round. You have 30 seconds to make your
guess.
Reminder: If you do not feel confident how to fill out the assessment screen or do
not know when to choose option 1 or option 2 in a row, please read section 2.3 “How
we measure your guess” again.

3.3

Phase 1

In phase 1 you will see 5 numbers, as illustrated in figure 6. Those numbers are
generated by the computer which has been randomly selected at the beginning of
the current round; for example “5 7 3 2 2” or “7 7 6 4 2”. You have 30 seconds time
to look at the numbers and to form your assessment. After 30 seconds, the numbers
will disappear and you will be directed to the next screen. On the next screen, you
will be asked to indicate your guess as described above.

Figure 6: Screenshot of Phase 1
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3.4

Guess after phase 1

After phase 1, we will ask you again to make a guess which computer has been
selected at the beginning of the round and is now generating the numbers. You
can use the numbers from phase 1 as indication of the randomly selected computer.
Again, you will indicate your guess in the table from figures 3a and 3b, at this, you
will see your assessment from the first guess as default setting. However, you can
change this assessment as you like. You have 30 seconds time to make indicate your
guess and to make it more precise.
Reminder: If you do not feel confident how to fill out the assessment screen or do
not know when to choose option 1 or option 2 in a row, please read section 2.3 “How
we measure your guess” again.

3.5

Phase 2

In phase 2, you will see up to 7 additional numbers. These numbers are generated
by the computer which has been randomly selected at the beginning of the current
round. There are two versions of phase 2 which can switch randomly from round to
round.

Phase 2, Version 1
In version 1 of phase 2, you can reveal up to 7 additional numbers. Again, those
numbers are generated by the computer which has been randomly selected at the
beginning of the current round and has already generated the 5 numbers from phase 1
of the current round. You can only see one number at a time: When you uncover the
next number, the number shown until then will disappear. You have no possibility
to go back to this number.
The first number appears as soon as phase 2 starts. When you want to see the next
number in this version of phase, you can click “Next”. You will be redirected to a
screen as in figure 7.

Next“
”

Figure 7: Screen of phase 2, version 1
Please notice: As soon as you click “next”, the currently displayed number will
disappear. You have no possibility to go back to the previous screen to see this
number again.
After 30 seconds in phase 2 and no matter whether you have seen all 7 numbers, you
will be redirected to the screen for the guess after phase 2. You will have 30 seconds
in phase 2 in total and cannot proceed earlier. Thus, consider carefully how you
want to allocate your time between the 7 numbers that you can uncover in total.
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Phase 2, Version 2
In version 2 of phase 2 you will be shown up to 7 additional numbers. Again, those
numbers are generated by the computer which has been randomly selected at the
beginning of the current round and has already generated the 5 numbers from phase
1 of the current round.
The additional numbers appear one after another on your monitor. In this version of
phase 2, you cannot control the display of the next numbers. Instead, the numbers
will be shown automatically. Differently to version 1, the shown numbers will not
disappear again: The previous numbers will be still visible. An example is shown
in figure 8.

Figure 8: Screen of phase 2, version 2
After 30 seconds have passed, you will be redirected to the next screen to make
your guess after phase 2. Note that you have 30 seconds time but it can happen
that you see less than 7 numbers in these 30 seconds.

3.6

Guess after phase 2

After phase 2, we will ask you again to make a guess which computer has been
selected at the beginning of the round. You can use the numbers from phase 1 and
phase 2 as indication of the randomly selected computer. Again, you will indicate
your guess in the table from figures 3a and 3b, at this, you will see your assessment
from the first guess as default setting. However, you can change this assessment
as you like. You have 30 seconds time to indicate your guess and to make it more
precise.
Reminder: If you do not feel confident how to fill out the assessment screen or do
not know when to choose option 1 or option 2 in a row, please read section 2.3 “How
we measure your guess” again.

3.7

Next round

After your guess after phase 2, a new round will start and a new computer (the
“high” or the “low” one) will be randomly selected and will be generating the numbers in the new round.

4

How you will get paid

For this part of the experiment, you play 12 rounds with 3 guesses each per round.
From these guesses, we will randomly select 3 of your guesses:
10

One guess at the beginning of a round, one guess after you have seen 5 numbers in
phase 1, and one guess at the end of a round after you have seen up to 7 numbers in
phase 2. Each of these randomly selected guesses will come from a different round.
Subsequently, from each of these guesses, a row will be randomly selected in the
corresponding decision table. Your choice in this row will determine your payment:
1. if you chose option 1, you will win 8 e if you guessed correctly whether it was
a “high” or “low” computer generating the numbers of the round;
2. if you chose option 2, you will win 8 e with the probability specified in the
row we randomly selected.
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5

Control Questions
1. In the first guess of a round (before you have seen the numbers of phase 1),
what is the probability that the “high” computer has been selected?
Answer: The probability is

percent.

2. In the first guess of a round (before you have seen the numbers of phase 1),
what is the probability that the “low” computer has been selected?
percent.

Answer: The probability is

3. Suppose that in the previous round, you have seen the numbers
1, 2, 2, 3, 3, 1, 4, 7.
Now, in the first guess of the next round (before you have seen the numbers
of phase 1), what is the probability that the “high” computer was selected for
this round? Why?
Answer: The probability is

percent.

Please explain:
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4. What do you choose in the table when you believe that the “low” computer
is right with a probability of 72%? Please draw your choice in the table below.
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5. Assume that you think at the beginning of a round, that the probability for
the “high” computer is 50%. Please draw in the table below, how the screen
should look like before you would click “next”.
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6. Take a look at the following example: After you have seen the numbers,
you belive that the “high” computer has been selected with a probability of
85%. What has not been filled in correctly in the following screen?

Answer:
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Instructions for the second part of the experiment1
In this part of the experiment, you will complete 20 rounds of a Dual-N-Back task
which will be introduced in detail. Before the 20 rounds of the ”Dual-N-Back” task,
there will be a testround after which you will have the opportunity to ask questions.
You will earn 7.50e for completing this part of the experiment.

1

Overview

The Dual N-Back task consists of a sequence of signals shown to you one by one. At
each time, there are two types of signals you will receive (that’s why Dual-N-Back
has ”Dual” in its name):
 there are audio signals which are the alphabet letter sounds;
 and visual signals which are the blue diamonds shown in one of the nine boxes
as in figure 1.

(a) visuelles Signal

(b) visuelles Signal

(c) visuelles Signal

(d) visuelles Signal

Figure 1: Beispiele visueller Signale
During the task, your aim is to match signals shown to you now to signals shown
earlier. This is what N-Back means.
For a Dual-2-Back task, you have to match the current signal with the signal shown
two steps back; for the Dual-3-Back, with the signal shown 3 steps back, etc.
1

These instructens were originally in German and have been translated to English. The original
German version is available o request.

1

2

Examples

Let’s consider some simple examples. In the examples we will use only sound signals
for simplicity, but during the testround you will have to match both types.

2.1

Example 1: Dual-2-Back

As described in section 1, in a Dual-2-Back you have to match signals you receive
now to signals received two steps back.
Consider the following sequence of audio signals:
R, S, S, K, S, K, K, K
Matches on this list are marked out in bold. As you can see, the fifth audio
signal, which is S, matches with the audio signal two steps before (the third); the
sixth audio signal K matches with the forth signal while the eighth signal K matches
with the sixth. In these cases (if you spotted an audio match) you have to press the
“L” key on the keyboard.
Similarly, consider the following sequence of visual signals.

Figure 2: An example of sequence of visual signals
The third visual signal matches with the signal two steps before (the first signal).
In this case (if you spotted a visual match) you have to press “A” on the keyboard.
If there is no audio or visual match, do not press any of the keys “A” or “L”. If
both, audio and visual signal, match, please press both keys “A” and “L” at the
same time.

2.2

Example 3: Dual-3-Back

Similarly, in a Dual-3-Back task you have to match signals you receive now to signals
shown three steps back.
Suppose you get the following sequence of audio signals:
P, S, C, K, S, K, K, P
Now, the fifth audio signal matches with the second (three steps back); and the
seventh audio signal matches with the forth. In theses cases, in which there is an
audio match, you have to press the “L” key on the keyboard.
Similarly, consider the following sequence of visual signals.
The fourth visual signal matches with the first signal (three steps before). In
this case (if you spotted a visual match) you have to press “A” on the keyboard.
2

Figure 3: A example of sequence of visual signals

3

The Levels

Obviously, the task becomes more difficult when N increases, as you have to memorize more signals.
In the 20 rounds of this Dual-N-Back task, the level ranges from 2 (Dual-2-Back) to
4 (Dual-4-Back). In the first round, the task starts from level 2.
If you make less than or equal to 3 mistakes in a round, you will be promoted to a
higher level. A mistake is when you press “A” or “L” when there is no match, or
miss to press “A” or “L” when there is a match.
That is, you will be promoted to level 3 if you were in level 2, to level 4 if you were
in level 3. If you were in level 4, you will remain in level 4.
In contrast, if you make more than or equal to 6 mistakes in a round, you will be
relegated to a lower level. That is, you will be relegated to level 3 if you were in
level 4, to level 2 if you were in level 3. If you were in level 2, you will remain in
level 2.
If you make 4 to 5 mistakes, you will remain in the same level.
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