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Abstract
People tend to underestimate the time it will take them to complete a certain task.
Researchers have been trying to explain this phenomenon, known as the ‘planning
fallacy’, or ‘over-optimism’, through different theories and models. Brunnermeier
et al. (2016) propose a model in which time-inconsistent beliefs explain the
existence over-optimism in the presence of anticipatory benefits. If people benefit
from underestimating the time to perform a certain task, financial incentives may
change their beliefs such that, even when accounting for changes in effort, people
become more or less optimistic in their beliefs—in contrast with standard timeinconsistent preference models in which beliefs are expected to be rational. We
test this through a lab-in-the-field experiment in Bolivia, with microfinance clients
subjected to weekly repayment schedules and hefty financial consequences for
late repayment. We furthermore test the effect of uncertainty on optimistic beliefs,
and analyse the relationship between the subjects’ propensity to plan and the level
of optimism they show in the experiment. We find that 1) a speed incentives
increase effort but also optimism; 2) increasing uncertainty makes people more
pessimistic; 3) subjects with a higher long-run propensity to plan for time show
higher levels of optimism. We propose that models of time-inconsistent
preferences be adjusted to include some form of anticipatory utility, and that the
consequences of incentives on beliefs be taken into consideration when designing
incentive structures for debt repayment.

1. Introduction
Planning is part of daily life for most people. We are continuously planning our lives, from
the time schedules of large projects to to-do lists of our daily tasks. With a life-long
experience in planning, one might expect people to be rather accurate in their time
estimations. Curiously, this is often not the case. Research shows that people are on average
optimistic in their plans and tend to underestimate the time it takes to complete a certain task
(Brunnermeier et al., 2008). It is therefore not too surprising that large projects more often
than not fail to reach their deadline and usually cost much more than planned (Lovallo &
Kahneman, 2003). Kahneman and Tversky (1977) analysed this phenomenon, and named it
the ‘planning fallacy’. The planning fallacy, also known as over-optimism, has been
researched elaborately from various angles and disciplines ever since. The aim of this study is
to gain a better understanding of the cause of over-optimistic plans by experimentally
comparing existing theories that try to explain the phenomenon.
Kahneman and Tversky (1977) attribute over-optimism in plans to cognitive biases, such as
ignoring statistical information on external uncertainty. In their view, even if information
about external uncertainty is available, people tend to ignore it, focusing instead on the ‘bestcase scenario’—that is, the scenario without uncontrollable external setbacks. However, the
direct effect of external uncertainty on optimism has, to the best of our knowledge, never been
tested experimentally. The phenomenon of over-optimism has also been explained through
different economic theories. In this paper we briefly discuss standard utility theory, the model
of time inconsistent preferences, and lastly the model of time-inconsistent beliefs, as recently
constructed by Brunnermeier et al. (2016). As standard utility theory and time inconsistent
preferences do not seem to be able to fully explain over-optimism, Brunnermeier et al. (2016)
construct a model in which time-inconsistent beliefs are put forward as the cause of overoptimism—through so called ‘anticipatory utility’. An important implication of their model is
the effect of financial incentives on optimism. As beliefs are expected to be rational in
standard utility theory and in the model of time-inconsistent preferences, financial incentives
would not be expected to have any effect on optimism. However, in the model of
Brunnermeier et al. (2016), financial incentives are expected to have an effect on optimism as
they change the utility people derive from under- or over-estimating the duration of a task.
We conduct a lab-in-the-field experiment in the municipality of Coroico, in Bolivia, with
microfinance clients subjected to weekly repayment schedules and hefty fines for late
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repayment. Standard late-repayment fines in microfinance aim to discourage overborrowing
and strategic repayment behaviour by increasing the related financial costs. However, if in
response people change their beliefs in the way Brunnemeier et al. (2016) predict, such
‘speed-incentives’ may make people more optimistic about their goals, and paradoxically end
up harming both borrowers and lenders more than otherwise.
Testing this assumption in the lab with people whom may experience the negative financial
consequences of over-optimism so frequently has important implications for the design of
repayment incentives, and it also helps to broaden the external validity of our findings.
Nonetheless, the question we set out to explore is fundamentally a theoretical one, and we
decided therefore to strip the experiment from any form of framing. We construct a game in
which subjects are asked to perform a task and to make an ex ante estimate of their own
completion time. The task considered the sorting of pasta of four different colours into 15
cups. Beforehand, people are asked how much time they expected to need to complete this
task. Subsequently their actual completion time is recorded. The gap between the participant’s
expected time and actual completion times would indicate levels of optimism/pessimism. All
participants were financially compensated under different incentives schemes, with payoff
depending on the treatment participants were in. We use a between-subject design to test
whether these incentives change beliefs such that, even when accounting for changes in effort,
people become more or less optimistic. Moreover we use a within-subject design by letting
participants play two rounds, one of which randomly included a higher degree of
uncertainty—by randomly varying the size of cups to be filled. In addition to the experiment,
we ask participants to answer a questionnaire as constructed by Spiller and Lynch (2009), to
capture people’s perception of their propensity to plan. This score can be matched to subjects’
behaviour in the experiment, to assess whether people who claim to value planning in daily
life are also more accurate in their plans.
The structure of this paper is as follows. Section 2 provides an overview will be given of the
theories on over-optimism relevant to this study. Section 3 we will discuss the context in
which the experiment has been conducted. In section 4 we present the experimental and
empirical strategy. Section 5 discusses the findings of the experiment, and tests the various
hypotheses. The paper ends with a discussion and conclusions.
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2. Literature review
1.1

Traditional utility analysis and time inconsistent preferences

In traditional utility analysis preferences are assumed to be time-consistent. This implies that
the marginal rate of substitution between consumption at time t+1 and consumption at time t
is constant and equal to the discount factor (Caillaud & Jullien, 2000). In the case of planning,
this discount factor would reflect the marginal rate of substitution between having spare time
at time t+1 and at time t. With a time-consistent and known discount factor, as is assumed in
traditional utility analysis, a plan will be constructed which will maximize utility given this
discount factor. Therefore, after the plan has been constructed there would be no reason to
deviate from this, since it maximizes utility given one’s preferences. In other words, planning
is simply a utility maximization problem. Several empirical studies indicate that consistency
in preferences is often violated, and that individuals seem to exhibit time-inconsistent
preferences. Time-inconsistency in preferences means that the marginal rate of substitution
for consumption between two future dates depends on the date the evaluation takes place
(Caillaud & Jullien, 2000). Consider this example; an individual is asked whether he would
prefer to be given €50 now, or €100 in 6 months. He is then asked if he would prefer to be
given €50 in 6 months or €100 in a year, in which the amounts of money are the same as in
the previous question. With time-inconsistent preferences the individual might choose €50 in
the first question, and €100 in the second question. Hence, he has a low long-term discount
rate and a higher short-term discount rate. Paradoxically, if in 6 months the period arrives for
which he chose to wait for €100, he will have a short-term discount rate and prefer the €50
without waiting. Moreover, this individual has a hyperbolic discount function and his
preferences are not time-consistent as would have been assumed by traditional utility analysis
(Laibson, 1997). This implies that a plan constructed today, based on today’s discount factor
with respect to time t+1, will be experienced differently tomorrow since due to the hyperbolic
discount function, the discount factor with respect to t+1 will have changed. Moreover, time
t+1 will be discounted more tomorrow than today, since the short-term discount rate is higher.
Therefore, if the discount factor changes over time and this change is unforeseen, it will cause
people to deviate from their plan and procrastinate, even if their cumulative utility would be
higher if they would not procrastinate (Akerlof, 1991).
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1.2

Planning fallacy

While time-inconsistent preferences may well explain over-optimism for individuals, it is
harder to believe that it may apply to companies or other institutions, which too often make
“plans which are unrealistically close to the best-case scenario and which could be improved
by consulting statistics of similar cases (Kahneman, 2011)”. Lovallo and Kahneman (2003)
state that standard economic theory falls short in explaining high failure rates in big projects.
According to them, failures in completing tasks in time should be attributed to cognitive
biases (Lovallo & Kahneman, 2003).
According to the planning fallacy theory people have the tendency to exaggerate their talents
and their degree of control over outcomes. Credit for positive outcomes is easily taken while
negative outcomes are attributed to external factors, outside of our control. In addition people
tend to discount the role of luck in their outcomes, and thereby ignore external uncertainty.
Altogether this results in the belief that all possible project problems can be avoided, which
leads to the planning fallacy (Lovallo & Kahneman, 2003).1 Kahneman calls this the ‘inside
view’; the phenomenon that people tend to ignore external information and focus only on
their project’s specific circumstances (Kahneman, 2011). Moreover, individuals give too little
weight to ‘distributional’ data; statistical information on outcomes of similar cases. Rather,
they rely on case specific ‘singular’ information, even when this information is unreliable
(Kahneman & Tversky, 1977). So even if relevant base-rate information on comparable
projects is available and presented, people still struggle to let go of their inside view.
The reluctance of individuals to use base-rate information rather than intuition is shown by an
experiment of Nisbett and Borgida (1975). In this experiment one group of students was told
about the actual distribution of the behaviour in a social experiment, whereas the other group
was not given this information. The availability of base-rate information (the distribution of
behaviour) had no influence on the students guesses about their own behaviour or the
behaviour of certain participants.
1.3

Optimistic beliefs

Brunnermeier and Parker (2005) adopt a slightly different view on the planning fallacy.
Where Kahneman (2011) explains the planning fallacy by cognitive biases which result in

1

Furthermore, Kahneman explains that our mind is prone to anchoring. Since proposals for projects have to
convince people, they will be overly optimistic. However, because people anchor on to their old proposal, they
do not adjust their plans enough to make them realistic (Lovallo & Kahneman, 2003, 4).
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adopting an inside view and ignoring distributional information, Brunnermeier and Parker
(2005) construct a theory on optimal expectations to explain over-optimism. In Brunnermeier
et al. (2016), they elaborate on this model by including time-inconsistency in beliefs, i.e. they
allow subjective beliefs to vary from one period to another (Brunnermeier et al., 2016).
Beliefs define one’s own subjective expectation on the outcome of a certain task. This differs
from preferences; beliefs define what people think will happen whereas preferences define
what people would like to happen. Brunnermeier et al. (2016) state that to be optimistic in
your beliefs relating to the outcome of a certain task, optimizes utility. This is due to the
existence of anticipatory benefits; an individual’s expectations of the future influence his
current utility. In other words, you feel better if you believe the task at hand will be easy and
quick rather than long and dreadful. However, optimistic beliefs come at a cost, since the
actions which are chosen based on optimistic beliefs, may be objectively suboptimal
(Brunnermeier et al., 2016). The costs of suboptimal actions might include not reaching a
deadline or inefficient smoothing of work. Therefore, there is a trade-off between the
anticipatory utility of optimistic beliefs and the behavioural costs they induce (Brunnermeier
et al., 2016). Brunnemeier et al. (2016) state that optimal beliefs balance these two aspects, or
in other words, maximize a welfare function. They find that this welfare function is
maximized if beliefs are optimistic and if individuals are overconfident about the outcome of
the task, which leads to the conclusion that it is optimal for individuals to exhibit the planning
fallacy and have optimistic beliefs (Brunnermeier et al., 2016). Furthermore, their model
predicts that the planning fallacy will be greater, the greater the anticipatory utility of
optimistic beliefs and the smaller the costs of suboptimal actions (Brunnermeier et al., 2016).
In addition, Brunnermeier et al. (2016) predict that beliefs are sensitive to different financial
incentives. Consider a speed incentive in the form of a payment at the completion of the task,
which decreases in value over time. Now utility does not only depend on the disutility of
work, but also on the expected payment. In other words, there is even more reason to be
optimistic in your beliefs since you gain anticipatory utility of both the belief that the task will
be easy, and the fact that you will receive a higher payment the faster you finish it (which
gives an incentive to believe you will perform it quickly). Therefore, a speed incentive makes
advantageous to be optimistic (Brunnermeier, 2016). Secondly, consider an incentive for
accuracy of prediction, which is modelled as a payment at the completion of the task,
decreasing in the difference between prediction and actual completion time (i.e. the less
accurate the prediction, the lower the payment). In this case, utility again depends on disutility
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of work and the expected payment. However since the expected payment will be less if the
prediction on completion time is less precise, it now acts as a cost of belief distortion. Apart
from the usual behavioural costs of optimistic beliefs, an extra monetary cost is now added,
which makes it best to be less optimistic and suffer from the planning fallacy less than
without payment (Brunnermeier, 2016). So in contrast to models with a present-bias, in which
beliefs are assumed to be objective, Brunnemeier et al. (2016) find that beliefs are actually
sensitive to incentives. For models with time-inconsistent preferences this would not be the
case since in these models beliefs are assumed to be rational. Therefore, differences in the
impact of financial incentives on the level of optimism support the idea of time-inconsistent
beliefs as a cause of the planning fallacy.
In contrast to the planning fallacy theory of Kahneman and Tversky (1977), the presence of
uncertainty will not influence the level of optimism in the model of Brunnermeier et al.
(2016). In the utility model Brunnermeier et al. (2016) use, the risk parameter drops out, i.e.
subjects are assumed to be risk-neutral, which implies that the presence of uncertainty will not
affect the level of optimism.
1.4

Empirical evidence

Several experiments have been done since the introduction of the concept of planning fallacy,
both in and outside of a laboratory setting. The existence of the planning fallacy has been
confirmed by many experiments for a wide range of tasks (a.o. Beuhler et al., 1994; Roy et
al., 2005; Beuhler & Griffin, 2003; Newby-Clark et al., 2000; Konecni & Ebbesen, 1976).
However, it has proven to be much harder to find the planning fallacy in short laboratory
experiments. Several studies have reported not to find the planning fallacy in their short
laboratory experiments. For example Beuhler et al. (1997) asked subjects for the time they
expected to need for solving an anagram. Without incentives, subjects on average predicted it
would take them 6.3 minutes, while the average completion time was 6.4 minutes. This can be
considered as quite a precise estimation. Also Byram (1997) found that subjects over-estimate
rather than under-estimate the time they need to complete the experimental task, in this case
the folding of origami figures.
Brunnermeier et al. (2008) state that the planning fallacy is caused by anticipatory utility of
underestimating work, and on this basis they offer different possible explanations for the
absence of a planning fallacy in short laboratory experiments. First of all they propose that
anticipatory utility might not apply for short-term tasks. In other words, people do not feel
7

disutility for future work if the completion of this work is only several minutes away.
Secondly it is plausible that people do not get disutility of work when they know the
alternative is sitting and waiting in a lab for new isntructions. If the alternative for working is
not more pleasant than the work itself, the anticipatory utility of underestimating work
disappears. Moreover, subjects might like folding origami figures and solving anagrams. In
sum, Brunnermeier et al. (2008) explain the absence of a planning fallacy in short laboratory
experiments by the lack of anticipatory benefits (Brunnermeier et al., 2008).
Experimental research has not only focussed on the existence of the planning fallacy, but also
on the effect of different incentives on optimism. Several studies report that giving a monetary
speed incentive exacerbates optimism, while the monetary incentives for accuracy have the
opposite effect (Beuhler et al., 1997; Byram, 1997).
1.5

Propensity to plan

As behaviour people show is not necessarily equal to people’s perception of their own
behaviour, it would be interesting to analyse whether individuals who value planning and
claim to plan a lot in daily-life, also show a smaller planning fallacy. Lynch et al. (2010)
developed a generalizable scale for propensity to plan. This scale reflects individual
differences in “(a) frequency of forming planning goals, (b) frequency and depth of thinking
through means of implementing subgoals, (c) use of activities and props to serve as reminders
and to help see the big picture and constraints, and (d) personal preference to plan” (Lynch et
al., 2010: 109). Lynch et al. (2010) make a distinction between planning in the short-term and
in the long-term, and between planning for time and planning for money. They find that for
time, individuals plan more for the short run than for the long run. For money this difference
is much smaller, i.e. people plan more equally for the short and long run (Lynch et al., 2010).
Furthermore Spiller and Lynch (2009) find that people did underestimate the amount of time
they needed to complete their holiday shopping, but not the amount of money. In other words,
people seem to be better in managing their budget than their time. Ironically individuals show
a larger planning fallacy if their propensity to plan is higher (Lynch et al., 2010). Lynch et al.
(2010) state that this could be explained by the fact that planners focus on the path to success
and therefore discard the possible distractions. This explanation is consistent with
Kahneman’s description of the inside view people tend to take.
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3. Context and background
The planning fallacy is said to be culturally independent (Beuhler et al., 1998, cited in
Brunnermeier et al., 2008). This statement is grounded on an experiment showing that both
Canadian and Japanese students exhibit the planning fallacy. While Canada and Japan are
different culturally, both are developed countries. To the best of our knowledge, no research
on the planning fallacy has been done in developing countries or in a context of poverty. It
may be of interest to test whether the general views on the planning fallacy hold in a
developing country in which economic insecurity and the level of risk-aversion is typically
higher and the income is lower (Banerjee & Duflo, 2012). The way individuals think about
planning might be affected by their economic wellbeing and their attitude towards risks.
Bolivia, with a GNI per capita of $2870,- and almost 40% of its inhabitants living below the
poverty line, is one of the poorest countries of South America (Worldbank, 2016). The
subjects of this study live in small communities in the municipality of Coroico, in one of the
greenest and most fertile areas of Bolivia, known as Yungas. The area has a sub-tropical
climate, and the city of Coroico is situated at an altitude of between 1000 and 2,000 meters,
which is relatively low for Bolivian standards. Most people obtain income from agriculture.
Even though the sub-tropical climate allows for the cultivation of many different crops,
including mangos, bananas and coffee, the main agricultural product in the region is coca. The
cultivation of coca is, under certain conditions, permitted in Bolivia. Coca is a relatively
lucrative crop to grow, and especially in Yungas, the cultivation of coca is an important
source of income for most households.2
A household survey had been carried out before by Lensink et al. (2016) in this area, which
contained more information relating to the financial situation of the subjects. To take
advantage of the extra information collected in the household survey, we endeavoured to
include those individuals surveyed in the household survey. The selection of the 12
communities in our sample is therefore based on the community selection of the household
survey. Overall, about 60% of the subjects in our experiment were members of the yet
surveyed households. The other 40% were community members who had not participated in
the household survey.
Since the subjects of this experiment have, unlike most students, never been exposed to
experiments, we can assume that subjects will not show strategic behaviour caused by
2

see appendix C for photos of the area (photo 1, 2 and 3).
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previous experience with experiments. Furthermore, the subjects of this study live in a very
different context from those of students in a developed country. As Bolivians typically face
more risk and have less options to absorb or insure against shocks, any consequences of
exhibiting the planning fallacy might be much more severe than in developed countries.
Consider the case of microfinance. Microfinance loans usually have a very rigid repayment
scheme in order to mitigate the risk for microfinance institutions. When, due to an unexpected
shock or an over-optimistic plan obligations cannot be met, the lives of borrowers might be
put in great jeopardy (Armendariz & Murdoch, 2010). In his study on woman borrowers in el
Alto in Bolivia, Brett (2006) states that not being able to repay loans severely damages social
capital. This induces borrowers to do everything in their power to repay their loans, to the
point of deteriorating their diet. Furthermore, borrowers might take up another (informal) loan
to meet the obligations of their first loan. This could lead to over-indebtedness putting
borrowers in even greater jeopardy (Armandáriz & Murdoch, 2010). In a context of high
vulnerability and few coping strategies, consequences of behaviour could have a much greater
impact on people’s lives. It can therefore not be assumed that the behaviour of people in
developing countries is necessarily the same as the behaviour of students in developed
countries. The subjects of this experiment form a unique and interesting sample, which is well
worth analysing.

4. The Experiment
1.6

Participants

In each of the twelve communities a total of 20 individuals has participated in the experiment.
This comes down to a total of 240 subjects, between the age of 15 and 80, of which
approximately 50% are male and 50% are female. Subjects in our sample have had about
seven years of education on average. About 50% of the subjects only finished the six years of
primary school. The average monthly income of the 135 subjects who had previously
participated in the household survey is 2,725 Bolivianos (about €345). However over 60% of
this sample earns less than 2,000 Bolivianos (about €253) a month. Out of this same sample,
70% of the subjects stated that either themselves or someone else in their household currently
has an outstanding loan or debt with a microfinance institution.
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1.7

Design

The task participants were asked to perform contained the sorting of four colours of pasta.3
Beforehand, participants were asked how long they thought it would take them to sort the
pasta by colour in 15 cups. We then measured the time it took participants to finish the task
(to fill all fifteen cups with pasta of one colour). Colours were allowed to differ between cups
but not within cups. All participants played two rounds, one round with and one round
without uncertainty, in random order. In both rounds participants had to grab a coloured coin
from a bag in order to receive a cup. This procedure was repeated every time one cup was
filled in order to receive another cup to fill. The colour of the coin would indicate the size of
the cup. In the round without uncertainty, all cups participants were asked to fill would be the
same size; 250ml, so there would only be coins of the same colour. Participants knew that all
cups were the same size. They were given the opportunity to do a trial round. The trial round
involved the filling of one cup. The participants were told the time they had used to fill this
cup, enabling them to make a better estimation of the time they would need to complete the
full task.
In the round with uncertainty, every cup could either be 125ml or 500ml. A yellow coin
would indicate a small cup of 125ml, a blue coin would indicate a big cup of 500ml. For
every three coins, one would be blue and two would be yellow. Thus, the chance to pick a
small cup was twice as high, and the average size of a cup was 250ml. Participants were given
this probability distribution. In this round, the trial round was played with the small cup of
125ml. The order in which participants played the two rounds was randomly chosen for each
participant. Initially, participants were also assigned to one of the following four incentivecategories; non-incentivized, speed-incentive, accuracy incentive, speed and accuracy
incentive. This meant that in every community every treatment would be played by a group of
five participants. However, it proved to be practically unachievable to randomly distribute
subjects into these four groups, as in none of the communities did all subjects arrive in time. It
was no exception for subjects to show up more than an hour late. We could only start the
game if the treatment group contained at least five subjects, which meant that the subjects
who showed up in time may had to wait more than an hour before they could start. We
therefore decided to randomly determine the order in which treatment groups would start
(which treatment would be first, which treatment second, etc.) for every community. In this
way, the first treatment would start with the first five participants, the second treatment with
3

The bag of pasta contained pasta in the colours green, yellow, orange and white (see photo 4 in Appendix C)
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participants five to ten, etc., which ensured subjects would never have to wait for a very long
time. All participants received a payment for their participation. However, the exact amount
they would receive depended on their behaviour and on the treatment they were assigned to.
The method of payment (financial incentive) was the only difference between treatments,
apart from this, the base of the experiment is the same across treatments.4
Treatment 1; non-incentivized
Participants assigned to treatment 1 would play the experiment as described above. The whole
group would play both rounds, and it would be randomly assigned with which round the
group would start. All participants were payed 20 Bolivianos (about €2,50) for their
participation, which they would receive after playing both rounds, independent of the time it
would take them to finish.
Treatment 2; speed-incentive
In treatment 2, participants were given a monetary incentive to work faster. Instead of a fixed
payment of 20 Bolivianos, the amount of money people received depended on their speed of
completion. If all 15 cups would be filled within 5 minutes, participants would receive a
payment of 15 Bolivianos (about €1,90). However, for every extra minute, we would discount
1 Boliviano (about €0.13). So if a participant would fill all fifteen cups in 7 minutes, he would
receive 15-2=13 Bolivianos. This method of payment applied to both rounds and was
explained to the participants before the start of the experiment.
Treatment 3; accuracy incentive
In treatment 3 people were given an incentive to be accurate in their prediction. The
participants were given a bonus if they gave an accurate prediction of their completion time.
The speed in which they completed the task did not affect their payments. Participants
received a fixed payment of 8 Bolivianos (about €1,-) per round. However, if they finished at
the exact time they estimated, they received a bonus of 5 Bolivianos (about €0,64).
Treatment 4; Speed+accuracy incentive
Treatment 4 is a combination of treatment 2 and 3. In this treatment both speed and accuracy
were rewarded. As in treatment 2, participants would receive 15 Bolivianos if all fifteen cups
would be filled within 5 minutes. For every minute more than 5 minutes they would need, we
would discount 1 Boliviano. On top of this, participants received a bonus of 5 Bolivianos if
they were accurate in their prediction.
4

Photos of the experiment can be found in Appendix C (photo 4, 5 and 6)
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As well as participation in the ‘game’, participants were asked to answer several questions on
their propensity to plan, for example: “Do you decide beforehand how your time will be
spend the next few days/next couple of months?” (as designed by Lynch et al. (2010)). The
full version of this questionnaire can be found in Appendix B. Participants’ answers to these
questions give a measure of their propensity to plan for both time and money, and enable us to
investigate the relationship between one’s propensity to plan and one’s actual behaviour in a
task related to planning.

5. Empirical Strategy
In order to analyse over-optimism, and the effect of financial incentives and uncertainty on
optimism, we first need to define optimism. We define optimism as:
𝑜𝑝𝑡𝑖𝑚𝑖𝑠𝑚 = 𝑙𝑜𝑔 (𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝐶𝑜𝑚𝑝𝑙𝑒𝑡𝑖𝑜𝑛 𝑇𝑖𝑚𝑒) – 𝑙𝑜𝑔 (𝐴𝑐𝑡𝑢𝑎𝑙 𝐶𝑜𝑚𝑝𝑙𝑒𝑡𝑖𝑜𝑛 𝑇𝑖𝑚𝑒).

An explanation on this definition will be given in the next section. Since we use a level-log
specification, coefficients will be interpreted as percentages. We have used an OLS regression
model to; 1) analyse the effect of financial incentives on the level of optimism; 2) analyse the
effect of uncertainty on optimism; 3) analyse the effect of financial incentives on completion
time; and 4) analyse the relationship between subjects’ self-perceived propensity to plan and
their level of optimism.
To estimate the effect of financial incentives on the level of optimism we will start with a
simple regression of the four incentive-variables. Control variables will be added until we get
the following regression:
(1) Log Relative Optimism =
β1+β2SI+β3AI+β4CI + β5U + β6 (U*SI)+ β7 (U*AI) + β8 (U*CI)+ β9 age + β10 edu + β11 gen + β12R+ β13 X’+ ε

Where SI is a dummy for Speed-Incentive, AI is a dummy for Accuracy-Incentive, CI is a
dummy for Combined-Incentive, R is a dummy for Round and X’ is vector of community
fixed effects. In addition to the treatment (incentive) dummies, we added uncertainty and the
interaction terms of uncertainty with the treatments, to be able to see whether the effect of
uncertainty is dependent on the treatment. Furthermore, we added the standard control
variables: age, education and gender, and a dummy for round, which controls for roundeffects.
In this equation β1 is the constant which represents the effect of the baseline treatment (nonincentivized and without uncertainty) on optimism, i.e., it shows the average
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overestimation/underestimation of the completion time in percentage points. β2 measures the
effect of a speed-incentive with respect to the baseline treatment, in percentage points. Thus,
it shows how much more/less optimistic subjects become if given a speed-incentive compared
to no incentive. This same reasoning as for β2 holds for β3 in case of an accuracy incentive and
β4 in case of the combined incentive. Furthermore, the sum of β1 and β2 or β3 or β4 measures
the average underestimation/overestimation of completion time (level of optimism) for
subjects who were given respectively a speed-incentive, an accuracy-incentive or a combined
incentive, in percentages. Β5 measures the effect of uncertainty with respect to the baseline
treatment, in percentages. In other words, it measures how much more/less optimistic subjects
become, on average, if facing uncertainty compared to not facing uncertainty.
Since every subject played two rounds, one with and one without uncertainty, we cannot
consider these observations as entirely independent. To control for this we cluster standard
errors at the individual level. Furthermore, in every community subjects were divided into
four groups. To control for both group and community based effects, the regression contains a
community dummy, and standard errors are, in addition to the individual level, clustered at
the group level as well.56
In order to structure the analysis of the effect of financial incentives on optimism, we first
established a main hypothesis on the beliefs of subjects in the presence of anticipatory
benefits, based on the model of Brunnermeier et al. (2016). The main hypothesis is
subsequently divided into three sub-hypotheses which specify on the change of beliefs for
every incentive.
Hypothesis 1: In the presence of anticipatory benefits, different financial incentives may
change beliefs on task completion time, causing people to become more or less optimistic,
even when accounting for changes in effort.
Brunnermeier et al. (2016) state that the change in optimism across different financial
incentives can be explained by the existence of anticipatory benefits. If not for anticipatory
benefits, people might change their beliefs but change their effort by the same rate, which
would keep the level of optimism equal. However, Brunnermeier et al. (2016) argue that in
the presence of anticipatory benefits, people get utility from believing they will finish soon.
5

Initially error-terms in regression 3 and 4 are not-normally distributed, however, after dropping one outlier at 2, error-terms are (highly) normally distributed. Removing this outlier does not affect the results of the
regression.
6
Test for heteroscedasticity proofs that regression 1 (with only incentive variables) is heteroskedastic (p=0.0024),
but regression 3 (the complete regression) is not. However, to be conservative we cluster robust standard errors
throughout the full analysis.
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This anticipatory-utility changes with certain financial incentives. In other words, in the
presence of anticipatory-benefits, financial incentives affect beliefs independent from effort,
which causes differences in the level of optimism between treatments.
Hypothesis 1.1: A speed-incentive increases optimism.
We therefore expect the treatment with speed-incentive to show a greater, negative, gap
between expected-time and actual-time.
Hypothesis 1.2: An accuracy incentive reduces optimism.
Since subjects are given a financial incentive to be precise, subjects in the treatment with an
accuracy-incentive are expected to be less optimistic compared to the non-incentivized
treatment.
Hypothesis 1.3: The effect of a combined speed-accuracy incentive is the sum of the separate
effects.
For the analysis of the effect of uncertainty on optimism, we use the above regression (1),
with an additional interaction term between uncertainty and round. As the interaction terms
between round and the incentive variables proofed to be highly insignificant, we decided not
to include those in the final regression.
Based on Kahneman and Tversky’s theory about the role of uncertainty on the planning
fallacy, we have constructed the following hypothesis:
Hypothesis 2: Over-optimism increases with uncertainty
As has been discussed in the literature review, Kahneman and Tversky (1977) state that
people tend to take an inside view, and therefore ignore distributional data on exogenous
uncertainty. They focus on the ‘best case’ scenario, the scenario which would occur if without
any external shocks or unexpected setbacks. Increasing uncertainty means increasing variance
between the ‘good case’ scenario and the ‘bad case’ scenario. As this variance increase, the
‘best case’ scenario people tend to focus on will deviate further from the average, i.e., people
will be more optimistic in their beliefs.
The effect of financial incentives on working speed will be analysed through an OLS
regression on completion time:
(2) Completion time =
β1+β2SI+β3AI+β4CI + β5U + β6 (U*SI)+ β7 (U*AI) + β8 (U*CI)+ β9 age + β10 edu + β11 gen + β13 X’+ ε
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As this regression is similar to the regression (1), except for the dependent variable being
completion time instead of Log Relative Optimism, it allows us to compare the effect of
financial incentives on optimism to the effect of financial incentive on completion time
(which can be considered as a measure for effort). In this equation, the constant β1 measures
the average completion time in seconds for the base treatment (non-incentivized, without
uncertainty), β2 measures the effect of a speed-incentive (in seconds) on completion time with
respect to the baseline, i.e. how much faster/slower subjects on average are, if given a speed
incentive compared to no incentive. The same reasoning as for β2 holds for β3 in case of an
accuracy-incentive and β4 in case of a combined-incentive. Adding β2 or β3 or β4 to β1 will give
us the average completion time for subjects who were given respectively a speed-incentive,
accuracy-incentive or combined-incentive.
Based on the model of Brunnermeier et al. (2016) we have constructed the following
hypotheses:
Hypothesis 3.1: A Speed incentive reduces completion time.
With a speed incentive, people are expected to work faster in order to receive the bonus for
rapid task completion.
Hypothesis 3.2: An accuracy incentive increases completion time.
With an accuracy incentive, people are expected to be reserved in the goal they set and will
therefore work slower in order to complete the task at their estimated completion time.
Lastly, to analyse relationship between propensity to plan and optimism, we used the
following regression:
(3) Log Relative Optimism = β1+β2 PTP + β3 X’ + ε

Where PTP represents propensity to plan for one of the four categories; money short term
(column1 table 6), time short term (column2 table 6), money long term (column3 table 6),
time long term (column4 table 6). X’ is a vector of treatment fixed effects including incentive
type, uncertainty, and round. The constant β1 shows the average level of optimism in
percentage points. Β2 shows the percentage change in optimism for subjects who obtain the
highest possible score in propensity to plan.
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Based on the findings of Spiller and Lynch (2009) we have constructed the following
hypothesis with respect to the effect of propensity to plan:
Hypothesis 4: Subjects with a higher propensity to plan will on average show a higher level of
optimism

6. Results and Analysis
1.8

Group characteristics

As has been explained before, all subjects were asked to play two rounds of the game. One
round with, and the other without, uncertainty. Which round would be played first was
randomly assigned. Therefore, we would expect the amount of subjects who played with
uncertainty in the first round, and the amount of subjects who played with uncertainty in the
second round, to be more or less the same. However, since the game was played in groups of
5 to 8 subjects, the difference of 20 subjects as shown in the table below, indicates a
difference of about 3 groups—statistically insignificant.
Table 1: Uncertainty condition across rounds
Uncertainty
Round
first
No
129
Yes
109
Total
238

Total
second
109
129
238

238
238
476

Furthermore, for interpreting the results it is important to know whether the different groups
are equal with respect to the control variables. We therefore ran a test to check on this. Groups
are not significantly different with respect to any of the control variables, in other words,
groups can be regarded as more or less similar.
Table 2: Individual characteristics across groups
NonSpeed
Accuracy
incentivized
incentive
incentive
Mean
N
Mean
N
Mean
N
Age (in years)
38.78 54 46.08 59
43.92
51
(16.19)
(17.66)
(19.56)
Education
7.21
56
6.33
61
6.38
64
(in years)
(4.79)
(4.50)
(5.84)
Female (fraction
0.63
56
0.48
64
0.48
64
of sample)
(0.49)
(0.50)
(0.50)
Standard errors in parentheses for mean, p-value in parentheses for F-test
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Speed+Accuracy
incentive
Mean
N
40.20
51
(15.38)
6.54
56
(4.36)
0.50
56
(0.50)

F-test

1.93
(0.13)
0.40
(0.75)
1.12
(0.34)

1.9

Statistical definition optimism

Before we can analyse our hypotheses on the planning fallacy, we need a clear and workable
definition of optimism. The four definitions we consider most appropriate will be discussed
briefly before deciding which definition will be used in the further analysis. Firstly, absolute
optimism can be defined as the time people expect to need for a certain task minus the time
they actually need (expected time – actual time). If people are optimistic, the coefficient will
be negative since they expected to be faster than they actually were. Absolute optimism
therefore gives us an absolute value of the level of optimism in seconds. Secondly we could
define optimism in relative terms; (expected time – actual time)/(actual time). Relative
difference, so optimism in relative terms, may be much more informative than absolute
difference; optimism in absolute terms. Consider a case in which a subject expected to need
1200 seconds, but needed 1230 seconds instead, and a case in which a subject expected to
need 60 seconds but actually needed 90 seconds. In absolute terms, the difference is the same.
However, in the first scenario it feels like this subject was rather accurate in his estimation, he
was only 2.5% off. While in the second scenario, the subject was wrong by 50%, which could
be considered as a poor estimation. Both the absolute measure for optimism and the relative
measure for optimism have a right-skewed distribution7.They are not normally distributed,
which could be problematic for further analysis as to much weight is given to the few very
pessimistic people. This skewed distribution can be explained by the fact that subjects have a
clear lower bound of zero for their expected time, whereas there is no upper bound, implying
that people could theoretically state that it will take them infinite time to complete the task.
Moreover, the difference between expected time and actual time is allowed to be much larger
above zero than below zero. In other words, the extent to which subjects can be pessimistic is
much larger than the extent to which subjects can be optimistic. Log transformation reduces
the weight of these outliers, and is therefore a possible solution to get to a normal distribution.
Another advantage of using log-transformation is that it allows for easy interpretation of
results in percentages (Dougherty, 2007). In some data-sets with a right-skewed distribution,
it could be a solution to take the Inverted Hyperbolic Sine distribution. This transformation is
however typically useful for data that contains many zeros, since log-transformation is not
applicable when there are many zeros. Since neither expected time, nor actual time will ever
be zero, we do not have this problem, therefore log-transformation and IHS will give the same
result in our experiment (as is shown in table 3). Furthermore the log-transformed data
7

See Figure 1, Appendix A.1, and Figure 2, Appendix A.2
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approaches

normality
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Log
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Optimism=log(expected_time)-log(actual_time). In any case, since the focus will mainly be
on differences between treatments, results will not be influenced too much by the choice of
definition.8
Table 3: Optimism in baseline per definition

constant
N
R2

(1)
Absolute
Optimism
67.15
(64.14)
41
0

(2)
Relative
Optimism
0.172
(0.114)
41
0

(3)
Log Relative
Optimism
0.0228
(0.0802)
41
0

(4)
IHS Relative
Optimism
0.0228
(0.0802)
41
0

Standard errors in parentheses, * p < 0.10, ** p < 0.05, *** p < 0.01

As shown in Table 3, none of the definitions of optimism is significantly different from zero
(at the 10 percent level) in the reference category; the first round of the non-incentivized
treatment, without uncertainty. In other words, when not incentivized, without uncertainty and
in the first round of the game, subjects did, on average, estimate the time they needed to
complete their task rather precisely. Thus, in our baseline we do not find a planning fallacy.
This is consistent with the findings of Brunnermeier et al. (2008), as mentioned in the
previous section. Brunnermeier et al. (2008) state that the absence of a planning fallacy in
short lab experiments could be caused by the lack of anticipatory benefit for short term tasks
explained by either the lack of disutility (subjects may even enjoy the distraction of daily live)
in executing the task, or the poor alternative (sitting and waiting for the others to finish is
unlikely to give more utility than performing the task itself). However, financial incentives reintroduce anticipatory benefits since the mere expectation of earning more provides utility,
which is why we will now focus on the effect of financial incentives on optimism.

8

Normality tests of all four variables can be found in Appendix A.
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1.10 Financial incentives
As has been explained before, subjects were sub-divided into four treatment-groups; nonincentivized, speed-incentive, accuracy-incentive and a combined speed-accuracy incentive.
Incentives were given in the form of a financial compensation. Brunnermeier et al. (2016)
attribute the phenomenon of over-optimism to time-inconsistent beliefs and the presence of
anticipatory benefit. In the presence of anticipatory benefits, the different incentives are
expected to have different effects on optimism. On the other hand, traditional utility theory
and the theory of time-inconsistent preferences (without anticipatory benefits) would not
predict different expectations across treatments, as incentives should not alter the (rational)
expectations of participants on task completion time. A difference between treatment groups
could therefore be an indication of the existence of anticipatory benefits.
1.10.1 Results
From the first column of table 4 we can conclude that in a simple regression without control
variables, all treatments have a negative coefficient and are significant at the 5 percent level.
This implies that all treatments are significantly more optimistic compared to the nonincentivized treatment. However, after adding the uncertainty variable and interaction terms
of uncertainty with the different treatments, the accuracy coefficient is no longer significant.
From regression 3 it can be concluded that a speed-incentive makes people about 16 percent
more optimistic compared to no incentive. Moreover, a combined speed-accuracy incentive
makes people about 27 percent more optimistic compared to no incentive. Since accuracy is
no longer significant, we cannot reject the null-hypothesis of the treatment with accuracyincentive being different from the base-treatment without incentive. It can therefore be
concluded that in this experiment, an accuracy incentive makes people neither more optimistic
nor more pessimistic compared to no incentive. Additionally, subjects were on average about
16 percent more pessimistic in the second round compared to the first round (significant at the
1 percent level).
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Table 4: Optimism per treatment compared to base-treatment (no-incentive)

speed incentive
accuracy incentive
combined incentive

(1)
Log
Relative
Optimism
-0.192***
(0.0542)
-0.153***
(0.0536)
-0.287***
(0.0553)

uncertainty
uncertainty*
speed incentive
uncertainty*
accuray incentive
uncertainty*
combined incentive
age

(2)
Log Relative
Optimism

(3)
Log Relative
Optimism

(4)
Log Relative
Optimism

-0.197**
(0.0765)
-0.0746
(0.0757)
-0.221***
(0.0782)
0.112
(0.0782)
0.0116
(0.108)
-0.157
(0.107)
-0.133
(0.111)

-0.165*
(0.0980)
-0.0732
(0.0751)
-0.271***
(0.0835)
0.0396
(0.0846)
0.0358
(0.136)
-0.0498
(0.123)
-0.0310
(0.125)
-0.00242
(0.00166)
-0.00532
(0.00573)
0.108**
(0.0498)
0.155***
(0.0465)

-0.134*
(0.0778)
-0.0550
(0.0691)
-0.234***
(0.0724)
-0.0956
(0.0789)

education
gender
round
round*
uncertainty
community f.e.
constant
N
R2

N
0.137***
(0.0391)
474
0.0562

N
0.0813
(0.0553)
474
0.0666

Y
0.0707
(0.170)
430
0.214

-0.00278*
(0.00154)
-0.00530
(0.00574)
0.113**
(0.0483)
0.0383
(0.0699)
0.250**
(0.112)
Y
0.0911
(0.158)
430
0.227

Standard errors in parentheses. Standard errors double clustered at the individual (237) and group (47) level in
column (3) and (4). * p < 0.10, ** p < 0.05, *** p < 0.01

1.10.2 Analysis
From analysing table 2, it becomes apparent that some outcomes comply with our hypotheses,
whereas others do not. First of all, we ran a wald-test to check whether the coefficients of the
four treatments are significantly different from each other. This test confirmed that the effects
of the treatments indeed are significantly different (p=0.0698), which supports our main
hypothesis that financial incentives change beliefs in such a way that even when accounting
for changes in effort, people become more or less optimistic (hypothesis 1). Furthermore the
experiment confirms hypothesis 1.1; a speed-incentive increases optimism, as subjects in the
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treatment with a speed-incentive were on average 17 percent more optimistic compared to
subjects in the non-incentivized treatment. This could indicate the existence of anticipatory
benefit, since without anticipatory benefit, subjects would not have any incentive to change
their expectations more than they would change their working speed. In other words, they
might change their expectations but work faster as well, which without anticipatory benefit,
should keep the difference the same. This finding is therefore in line with the model of
Brunnermeier et al. (2016) in which anticipatory benefit plays a key role. However our
findings on the accuracy-incentive seem, on first sight, different from what we would expect
based on the model of Brunnermeier et al. (2016). In our findings, the treatment with an
accuracy incentive does not significantly differ from the non-incentivized treatment,
hypothesis 1.2 is therefore rejected, whereas Brunnermeier et al. (2016) argue an accuracy
incentive should reduce optimism compared to no-incentive. However, in our experiment,
subjects in the non-incentivized treatment were on average already accurate in their
estimations. If subjects are yet precise without incentive, it is not surprising that nothing
changes if subjects are given an incentive to be precise, since subjects were on average
already as precise as they could be. Initially, we expected the coefficient of the combined
treatment to be in between the coefficient of the speed-incentive treatment and the coefficient
of the accuracy-incentive treatment. However, this was based on the expectation of the
accuracy-incentive treatment to be decrease the level of optimism (hypothesis 1.2). In this
experiment the accuracy-incentive treatment does not have a decreasing effect on the level of
optimism, which explains why we do not see the mitigation effect observed by Brunnemeier
(2005). Nevertheless, hypothesis of the combined incentive being equal to the sum of the two
separate incentives (hypothesis 1.3) could still hold. Statistical tests proof that we cannot
reject the null-hypothesis that the sum of the effects of speed- and accuracy-incentive is equal
to the combined speed-accuracy incentive (p=0.7988). In other words, there is no proof that
the sum of the effects of speed-incentive and accuracy-incentive is not equal to the combinedincentive, so the sum of the two separate incentives could be equal to the combined incentive.
However, neither is there evidence that the coefficient of the combined incentive is
significantly different from the coefficient of the speed-incentive. It is therefore difficult to
draw any strong conclusions on the exact effect of a combined incentive.9

9

Ex-post power calculations show that the test for speed-incentive=combined-incentive is slightly underpowered
(0.71), whereas the test for speed-incentive+accuracy-incentive=combined-incentive has sufficient power (0.86).
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The fact that subjects get more pessimistic after playing the first round may indicate some sort
of learning effect. Subjects apparently become more conservative in their expectations after
playing one round. Moreover, subjects are not ignorant towards experience, but adjust their
expectations. This finding will be explained more elaborately in the next section.
In sum we find evidence in line with hypothesis 1.1; a speed incentive indeed seems to
increase optimism. We do not find evidence which confirms hypothesis 1.2, since an accuracy
incentive did not reduce optimism compared to no-incentive. However, subjects were on
average precise in their estimations if given an accuracy incentive. The evidence for
hypothesis 1.3 is inconclusive and not strong enough to either confirm or reject the hypothesis
that the effect of a combined speed-accuracy incentive is equal to the sum of the separate
effects. Furthermore, the finding that different financial incentives have a different effect on
optimism, supports our main hypothesis; In the presence of anticipatory benefits, financial
incentives may change beliefs in such a way that even when accounting for changes in effort,
people become more or less optimistic.
1.11 Uncertainty
Besides being divided into four treatment groups, all subjects were asked to play two rounds
of the game, one round with and one round without uncertainty. Uncertainty was created by
introducing variance in the size of the cup. Instead of all having the same size, cups could
now be either big or small. The eventual average size for every subject would be decided by
chance, since every cup to fill could either be big or small, depending on luck only. However,
the probability distribution of sizes was designed to have an expected average size equal to
the size of the cups in the condition without uncertainty.
1.11.1 Results
Column 3 of table 4 shows that the effect of uncertainty is not significant in itself, whereas
round has a highly significant effect. However, after adding the interaction term
uncertainty*round, as has been done in column 4, round itself is no longer significant
whereas the interaction term is. Thus, subjects who started with uncertainty in the first round
do not behave differently from those who played the first round without uncertainty, i.e, they
ignored the uncertainty. Furthermore, subjects who played with uncertainty in the first round
ignored the change in uncertainty when it decreased for them in the second round.
Meanwhile, subjects that saw uncertainty increase in the second round, became 25% more
pessimistic in their beliefs instead.
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1.11.2 Analysis
From hypothesis 2, we would expect uncertainty to increase the level of optimism. However,
in this experiment uncertainty has either no significant effect (if in round one) or makes
people significantly more pessimistic (if in round two). To keep things structured these two
findings will be analysed separately.
First of all, uncertainty does not have a significant effect in the first round. This finding does
not seem to match the original theory of the planning fallacy by Kahneman and Tversky
(1977). Kahneman and Tversky state that people tend to focus on the ‘best-case-scenario’,
which implies that in case of a greater variance between the ‘best’ and the ‘worst’ casescenario (so greater uncertainty), people will become over-optimistic. However, results show
that in this experiment, subjects are rather precise in their estimates on finalization time, also
under uncertainty (if in the first round). Moreover, in the first round we do not find increased
optimism as a consequence of uncertainty. This finding matches the model of Brunnermeier et
al. (2016) in which uncertainty should not be of any influence.10
However if subjects experience an increase in uncertainty in the second round compared to
the first round, it makes them significantly more pessimistic. According to the theory of
Kahneman and Tversky (1977), subjects should become over-optimistic since they would
ignore potential setbacks and focus on the best-case scenario. In this experiment, subjects
show the opposite behaviour and become more pessimistic when faced with increasing
uncertainty. The model of Brunnermeier et al. (2016) does not seem to be able to explain this
finding either, since in their model uncertainty does not play any role, therefore subjects are
expected to become neither more optimistic, nor more pessimistic.
Neither the theory of Khaneman and Tversky (1977), nor the model of Brunnermeier et al.
(2016) seems to be able to explain this finding. So how can we explain the fact that increasing
uncertainty makes people become more pessimistic? A possible explanation for people
becoming more pessimistic when facing uncertainty could be risk aversion. Risk-averse
individuals do not like to face risks, and are willing to accept a less optimal outcome in
exchange for a lower risk. Consider a farmer who gets to choose between a very profitable
crop which will die in the unlikely event of too much rainfall, and a less lucrative crop which
will survive every weather condition. A very risk-averse farmer would prefer the less
lucrative but secure crop, even if the expected profit will be lower, since with this crop he is
10

In the utility model Brunnermeier et al. (2013) use, the risk parameter drops out. In other words, in their model
subjects are assumed to be risk-neutral, and uncertainty can only be of any influence if one is not risk-neutral.
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sure to have an income, no matter what the weather conditions will be. One could argue that
with planning the same reasoning holds. If one is very risk-averse, one will construct a plan in
such a way that in case of bad luck, the plan still succeeds. In other words, one reacts to risk
by being pessimistic in his expectations. Since poorer people tend to be much more riskaverse (Banerjee & Duflo, 2012), it can be assumed that our subjects have a relatively high
level of risk-aversion. Risk-aversion could therefore be a possible explanation for our finding
of pessimism in the presence of uncertainty. However, it does not explain why this pessimism
is solely found for subjects who face uncertainty in the second round. This might seem a
rather curious finding, why would the effect of uncertainty change with rounds? Yet,
psychological theory on the functioning of the human mind may give us some more
understanding of this finding.
The human mind possesses a model of one’s personal world, which represents what is
perceived ‘normal’ in this individual’s world. Associations which link ideas to actions, events
and outcomes, form a pattern of ideas which serves as the main structure of this model. In
order to keep this model up to date, our mind continuously has to compare new inputs to the
‘normal’ model (Kahneman, 2011). Changes therefore seem to be processed ‘relatively’;
always compared to something ‘normal’. This ‘relative functioning’ of the mind seems to be
supported by research on happiness which shows that in certain circumstance, people perceive
happiness in relative rather than absolute terms; one’s level of happiness depends on the level
of happiness of the people around him/her (among others: Ball & Chernova, 2008; Ferrer-iCarbonell, 2005; Clark et al., 2008). In other words, happiness is to a certain extent perceived
in relative rather than absolute terms. The same could hold for the perception of risk; risk
perception may change if compared to another event. This could be a possible explanation for
our finding. Considering that the introduction of uncertainty in the second round is a sudden
change, focus may be directed towards this uncertainty. Moreover, subjects get to compare
this new situation of uncertainty, to a similar situation without uncertainty, i.e. they basically
face an increase in uncertainty. Thus, if the human mind indeed perceives the world in relative
rather than absolute terms, and if subjects are risk-averse and therefore dislike uncertainty,
they might dislike uncertainty more if they can compare it to a situation without uncertainty
(so they dislike increased uncertainty). In other words, increasing uncertainty may trigger
risk-averse behaviour (and beliefs) in risk-averse individuals. This explanation should,
however, be regarded as a potential yet speculative explanation, since our experiment was not
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designed to test for this hypothesis, and therefore does not provide us with solid proof. To
further explore this result and potential explanation, more research would be necessary.
In sum, we find that the effect of uncertainty on optimism is ambiguous and related to
experience. We can however conclude that our experiment rejects the hypothesis that
optimism increases with uncertainty.
1.12 Effort
Table 5: effect financial incentives on completion time

speed incentive
accuracy
incentive
combined
incentive
uncertainty
uncertainty*
speed incentive
uncertainty*
accuracy incentive
uncertainty*
combined incentive
age

(1)
Completion Time
-63.43**
(29.20)
-9.130
(28.87)
-46.06
(29.82)
-5.414
(29.82)
-28.32
(41.29)
56.94
(40.83)
9.738
(42.17)

education
gender
community f.e
constant
N
R2

N
681.6***
(21.08)
474
0.0652

(2)
Completion Time
-72.49***
(23.92)
-4.908
(23.31)
-30.12
(22.70)
9.946
(19.23)
-42.79*
(23.07)
41.78
(26.01)
3.020
(24.58)
3.036***
(0.639)
-2.608
(2.136)
-52.73***
(16.59)
Y
579.0***
(51.61)
430
0.373

Standard errors in parentheses. Standard errors clustered at the individual level (237) in column (2). * p < 0.10, **
p < 0.05, *** p < 0.01

The above table reflects the regression of financial incentives on completion time. As can be
concluded from the table, the speed incentive and the interaction term uncertainty*speedincentive both have a significant effect on completion time. Moreover, subjects with a speedincentive finished on average about 72 seconds faster (significant at the 1 percent level)
compared to the non-incentivized treatment. In case of the speed incentive combined with
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uncertainty, subjects would on average be about 43 seconds faster compared to the base-line
treatment. The other incentives do not have a significant effect on completion time.
Additionally, both age and gender had a significant effect on completion time; age would
make subjects on average 3 seconds slower (significant at 1 percent level) for every extra
year, and women would on average be 53 seconds faster than men (significant at 1 percent
level). Both of these findings were to be expected since older people struggle more in sorting
the pasta because of age-related complaints, and women are in general more experienced in
tasks of sorting (they usually have more experience in for instance coca-picking).

From table 5 we can conclude that a speed-incentive indeed does what it is expected to do; it
makes people work faster, we can therefore confirm hypothesis 3.1. If we compare this
finding to the findings from table 4, we can conclude that despite the fact that subjects
increased their working speed, a speed-incentive would still increase their level of optimism.
Moreover, even though subjects with a speed-incentive did on average finish 72 seconds
before the non-incentivized treatment, they expected to be even faster than that, since their
level of optimisms was still higher compared to the non-incentivized treatment. In other
words, we find that even when controlling for increased effort, a speed-incentive still makes
people more optimistic. This finding supports the model of Brunnermeier et al. (2016), since
it shows that beliefs on completion time are indeed affected independent from actual
completion time, and therefore, effort. The accuracy incentive does however not have a
significant effect on completion time, we can therefore not confirm hypothesis 3.2.
1.13 Propensity to Plan
In addition to the effect of financial incentives and uncertainty on optimism, we have also
investigated the effect of subjects’ propensity to plan on the level of optimism they showed in
the experiment. The scale of subjects’ propensity to plan is based on the paper of Spiller and
Lynch (2009).11 Propensity to plan has been subdivided into four different groups; propensity
to plan for time short term, propensity to plan for money short term, propensity to plan for
time long term, propensity to plan for money long term.

11

See appendix for the questionnaire as well as the scaling method.
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Table 6: Effect of Propensity to Plan on Optimism

money short-term

(1)
Log Relative
Optimism
-0.0687
(0.122)

(2)
Log Relative
Optimism

time short-term

(3)
Log Relative
Optimism

-0.183
(0.114)

money long-term

-0.0495
(0.0864)

time long-term
treatment f.e.
constant
N
R2

(4)
Log Relative
Optimism

Y
0.134
(0.128)
244
0.100

Y
0.213*
(0.124)
238
0.0984

Y
0.0696
(0.0981)
252
0.108

-0.194**
(0.0824)
Y
0.221**
(0.0950)
258
0.127

Standard errors in parentheses
*
p < 0.10, ** p < 0.05, *** p < 0.01

1.13.1 Results and analysis
As can be seen in Table 6, only propensity to plan for time long-term has a significant effect
on optimism. Subjects with the highest achievable level of propensity to plan for time on the
long term (six points), were on average about 19 percent more optimistic than those who
scored zero points. This implies that subjects who claim to value planning in daily life,
actually show a greater level of over-optimism, i.e. are worse in estimating their completion
time. Our experiment supports the finding of Spiller and Lynch (2009) that people with a
higher propensity to plan are more optimistic, although we only find it in one of the four
categories. As Spiller and Lynch (2009) state, this finding is consistent with Kahneman and
Tversky’s theory on the planning fallacy; people with a high propensity to plan focus on the
path to success and ignore plausible obstacles.

7. Discussion and Conclusions
This research consisted out of roughly three parts; first, the effects of financial incentives on
optimism were assessed, in order to test for time-inconsistent beliefs as an explanation of
over-optimism. Second, the effect of uncertainty on optimism was analysed. Third, a
comparison was made between subject’s behaviour in the game and their self-perceived
propensity to plan. In line with previous studies with short lab experiments, we did not find
over-optimism in the non-incentivized treatment. This could be caused by the lack of
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anticipatory benefit in the non-incentivized treatment, which in turn could stem from the lack
of disutility in performing the task.
Time-inconsistent beliefs in the presence of anticipatory benefits are the core of the model of
Brunnermeier et al. (2016). To test on the existence of anticipatory benefits, we have analysed
whether financial incentives change beliefs in such a way that even when holding effort
constant, people exhibit a change in their level of optimism. In addition, we have found that, a
speed incentive increases the level of optimism. Surprisingly however, an accuracy incentive
does not seem to decrease optimism, i.e., its effect turned out to be not significantly different
from the non-incentivized treatment. Overall, the gap between expectations and realisation
under the imposed incentives, proved to be significantly different from one another, from
which it can be concluded that financial incentives indeed change beliefs in such a way that
people become more or less optimistic. This finding provides support for the existence of
anticipatory benefits. Consider for instance the speed-incentive. As has been stated before, no
over-optimism has been found in the non-incentivized treatment, which could be explained by
the lack of anticipatory benefit. However, by providing a bonus for rapid task completion,
anticipatory benefit is re-introduced, since now subjects get utility from completing the task
more rapidly, and therefore, in the presence of anticipatory benefit, subjects will get utility
from believing they will complete the task more rapidly. In sum, we have found experimental
evidence for the model of Brunnermeier et al. (2016) by proving that financial incentives
affect beliefs independent from effort. Our findings indicate that time-inconsistent preferences
indeed fall short in explaining over-optimism, for incentives would not have had any effect on
the level of optimism in the model of time-inconsistent preferences, since beliefs are assumed
to be rational. Although time-inconsistent preferences may explain procrastination, they
cannot explain over-optimism in plans. Procrastination takes place after constructing the plan
while the over-optimism takes place during the construction of the plan. Time-inconsistent
beliefs in the presence of anticipatory benefit do seem to explain over-optimism in plans.
Moreover, Brunnermeier et al. (2016) state that being over-optimistic actually optimizes
utility. However, it seems unlikely that people actually always optimize their overall utility by
being over-optimistic, since people for instance may regret their over-optimism after being
bankrupt as a consequence of a flawed plan. Rather, we would argue that a combination of
both theories seems to provide a better fit to reality. Beliefs and anticipatory benefit indeed
seem to explain why people are over-optimistic before the plan is executed, something which
time-inconsistent preferences cannot. This does not, however, mean that models of time29

inconsistent preferences are wrong, our study does not disprove the existence of timeinconsistent preferences. Moreover, time-inconsistent preferences can still explain why people
make decisions which do not maximize their overall utility. Possibly, people do optimize
current utility by constructing an over-optimistic plan, but do not foresee the change in their
discount rate which will lead them to repeated ‘wrong’ decisions and therefore sub optimal
overall utility. We would therefore argue that models of time-inconsistent preferences may
need to be adjusted to include some form of anticipatory (dis)utility.
The second focus point of this research was the effect of uncertainty on optimism. Based on
Kahneman and Tversky’s theory of the planning fallacy, we would expect optimism to
increase with uncertainty, since they state that people tend to focus on the ‘good case
scenario’ only. Short lab experiments on the planning fallacy (also known as over-optimism)
have been reported to have difficulties in finding over-optimism. Nevertheless, the existence
of over-optimism has been confirmed in longer-term experiments conducted out of the
laboratory. To the best of our knowledge all of these experiments have been conducted in
developed countries, never in a developing country, which might have influence subject’s
attitude towards risk and uncertainty. A different attitude towards risk could affect the
influence uncertainty has on optimism. Our results indicate that uncertainty actually makes
people more pessimistic rather than optimistic, but only if they face increasing uncertainty,
that is, uncertainty in the second round. If subjects face uncertainty in the first round, it does
not significantly change the results compared to the first round without uncertainty. This
could indicate that the effect of uncertainty indeed relates to one’s attitude towards risk; if
people face uncertainty in the second round, they have yet played a round without uncertainty
and therefore have something to compare it to. This could direct the focus to the uncertainty
more than when no comparative data is available, and therefore trigger risk-averse behaviour
in people who can be expected to be risk averse. However, more research is needed to
confirm this finding.
It may be worthwhile to consider some constructive comments regarding the effect of
uncertainty and the way this has been tested in our experiment. Do we do Kahneman and
Tversky justice in testing their hypothesis on uncertainty the way we did? Kahneman and
Tversky propose that people will ignore outside uncertainty and focus on the ‘best case
scenario’ only. In our uncertainty treatment, the probability distribution of ‘good’ cases and
‘bad’ cases was known to the subjects. This might have influenced subject’s behaviour.
However according to Kahneman and Tversky, people ignore distributional information even
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if they are fully informed, so in this sense the experiment still fits the theory. Nevertheless,
there may have been a framing effect. In our experiment, the probability distribution was
explained as having either good luck (getting the small cup) or bad luck (getting the big cup)
with a higher chance of getting the small cup. However, Kahneman and Tversky state that
people follow the ‘best case scenario’ by focussing on their own capabilities and experience,
and ignoring potential set-backs which could be expected based on distributional data. The
‘best case scenario’ would in their view be the scenario in case nothing goes wrong. This
could be translated into the experiment by telling subjects they will have to fill the small cups,
but there is a probability of one third to be unlucky, in which case the small cup will be
swapped with a big cup. Although this is essentially the same as explaining the probability
distribution of getting a small cup and getting a big cup, the way it is framed may have an
impact on the way subjects perceive the uncertainty, i.e. the results may be influenced by
framing effects. This might explain why we do not find an effect of uncertainty in the first
round. Another remark on our uncertainty treatment is the level of the ‘bad luck’ probability.
In our experiment, there is only one potential set-back, and the probability to be unlucky is
quite high. In real life, and in the theory of Kahneman and Tversky, there may be many
potential set-back, each having a chance of occurrence smaller than one third (as was the case
in our experiment). We would recommend to take these comments into account when
conducting further research on the effect of uncertainty on optimism.
This study furthermore confirms the finding of Spiller and Lynch (2009) that people with a
higher propensity to plan show a higher level of optimism. This finding can be linked to the
theory of Khaneman and Tversky in the sense that people who value planning tend to focus
on the plan itself too much, which leads them to neglect potential external shocks. We can,
however, only confirm this finding for propensity to plan for time on the long term.
In a context of poverty, where people are already vulnerable to external shocks, a misstep in
planning may seriously jeopardize people’s lives. Understanding people’s attitude towards
planning and their reaction to certain incentives or external uncertainty may therefore help in
finding structures to mitigate the potentially harmful effect of over-optimism. Think of for
instance microfinance, in which plans for repayment are crucial and forced defaulting may
have severe negative consequences. In many microfinance schemes, clients will get a fine if
they do not meet their repayment deadline. These fines can be regarded as a speed incentive,
and are supposed to prevent people from slacking once they are given a loan, to increase the
chance they will pay off their loan. As our findings show, a speed incentive indeed increases
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effort, which would make it more likely for clients to meet their repayment target. However,
results also show that a speed incentive makes people more optimistic, and therefore less
realistic, in their plans. This would imply that if clients can endogenously set a target, this
target is likely to be over-optimistic, even more so because of the speed-incentive they are
given. As a consequence, clients may not be able to reach their target and may therefore be
unable to pay off their debts, which may have severe negative consequences for borrowers
and plausibly increases a bank’s default rate. It is therefore questionable whether a speedincentive is actually desirable.
There is much more to be said on this topic, and much more research to be done in order to
get a full understanding of the phenomenon of over-optimism. This research can hopefully
contribute to a better understanding of over-optimism and provide fertile ground for more
research on this topic.
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8. Appendix A: Normality tests of different definitions of optimism
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1.14 A.1 Definition 1: (Expected Completion Time – Actual Completion Time)

Figure 1, Appendix A.1: Boxplot definition 1

Table 1, Appendix A.1: Shapiro-Wilk test for normal data, base-line definition 1
Variable
Definition 1

Observations

W

V

z

Prob>z

131

0.91878

8.419

4.796

0.00000

1.15 A.2 Definition 2: (Expected Completion Time – Actual Completion Time) / (Actual
Completion Time)
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Figure 2, Appendix A.2: Boxplot definition 2

Table 2, Appendix A.2: Shapiro-Wilk test for normal data, base-line definition 2
Variable
Definition 2

Observations

W

V

z

Prob>z

131

0.80961

19.735

6.713

0.00000
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1.16 A.3 Definition 3: log (Expected Completion Time) – log (Actual Completion Time)

Figure 3, Appendix A.3: Boxplot definition 3

Table 3, Appendix A.3: Shapiro-Wilk test for normal data, base-line definition 3
Variable
Definition 3

Observations

W

V

z

Prob>z

131

0.98256

1.808

1.332

0.09135

1.17 A.4 Definition 4: IHS Definition 1 = log (Definition1 + (Definition1 *
Definition1+1)^(1/2))
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Figure 4, Appendix A.4: Boxplot definition 4

Table 4, Appendix A.4: Shapiro-Wilk test for normal data, base-line definition 4
Variable
Definition 4

Observations

W

V

z

Prob>z

131

0.81849

18.814

6.606

0.00000

9. Appendix B: Questionnaire Propensity to Plan (Spiller & Lynch, 2009)
1.18 B.1: Propensity to Plan for Money—Short Run:
1. I set ﬁnancial goals for the next few days for what I want to achieve with my money.
2. I decide beforehand how my money will be used in the next few days.
3. I actively consider the steps I need to take to stick to my budget in the next few days.
4. I consult my budget to see how much money I have left for the next few days.
5. I like to look to my budget for the next few days in order to get a better view of my
spending in the future.
6. It makes me feel better to have my ﬁnances planned out in the next few days.
1.19 B.2: Propensity to Plan for Money—Long Run:
1. I set ﬁnancial goals for the next 1–2 months for what I want to achieve with my money.
2. I decide beforehand how my money will be used in the next 1–2 months.
3. I actively consider the steps I need to take to stick to my budget in the next 1–2 months.
4. I consult my budget to see how much money I have left for the next 1–2 months.
5. I like to look to my budget for the next 1–2 months in order to get a better view of my
spending in the future.
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6. It makes me feel better to have my ﬁnances planned out in the next 1–2 months.
1.20 B.3: Propensity to Plan for Time—Short Run:
1. I set goals for the next few days for what I want to achieve with my time.
2. I decide beforehand how my time will be used in the next few days.
3. I actively consider the steps I need to take to stick to my time schedule the next few days.
4. I consult my planner to see how much time I have left for the next few days.
5. I like to look to my planner for the next few days in order to get a better view of using my
time in the future.
6. It makes me feel better to have my time planned out in the next few days.
1.21 B.4: Propensity to Plan for Time—Long Run:
1. I set goals for the next 1–2 months for what I want to achieve with my time.
2. I decide beforehand how my time will be used in the next 1–2 months.
3. I actively consider the steps I need to take to stick to my time schedule in the next 1–2
months.
4. I consult my planner to see how much time I have left for the next 1–2 months.
5. I like to look to my planner for the next 1–2 months in order to get a better view of using
my time in the future.
6. It makes me feel better to have my time planned out in the next 1–2 months.
1.22 B.5: Score
Every question answered with yes is given a value of 1. Participants’ score on propensity to
plan in this study is simply the mean of the obtained points, per category.

37

10.Appendix C: Additional Material

Photo 1: The village square of Cruz Loma, municipality of Coroico, Bolivia
Photo 2: Landscape around Coroico, Bolivia
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Photo 3: People harvesting coca in the municipality of Coroico, Bolivia

Photo 4: Bags of pasta and plastic cups used in the experiment
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Photo 5: Women participating in the experiment in the village of Paco, municipality of Coroico, Bolivia

Photo 6: Participants sorting pasta in the village of Santo Domingo, municipality of Coroico, Bolivia
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