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Chapter 1

Preface

The topic of this dissertation is the influence of psychological and social factors on the
individual’s motivation to pursue economic outcomes. Specifically, I study how emotions
and cognitive biases influence economic achievement and how social factors that are external
to the individual, such as poverty and inequality, affect this relationship.

The motivation of this subject stems from the scandalous poverty rates in develop-
ing countries, as well as the dramatic rise in income inequality in some of the most ad-
vanced economies (Piketty, 2014; Piketty and Saez, 2014, 2006, 2003; United Nations, 2015).
Notwithstanding the efforts to palliate these phenomena in the last 70 years, poverty rates
persist over time and the social mobility rates in advanced economies are decreasing (The
World Bank, 2013; Chetty et al., 2014; Bourguignon and Sundberg, 2007; Easterly, 2007).
This denotes a profound need for alternative and more effective redistributive policies (The
World Bank, 2013).

This thesis is an effort to understand alternative mechanisms through which poverty
and income inequality manifest and persist. Particularly, those that underscore the role
of the psychological states induced by these phenomena, and their harmful influence on
the individual’s economic success in life. The existence of a mechanism whereby emotions
and psychological biases alone are able to lock the individual in poverty contradicts stan-
dard theory, inasmuch as the market outcomes may not be a reflection of the individual
preferences and beliefs, but instead are contextual-based.

Throughout the chapters contained in this dissertation, I demonstrate that including
more realistic underpinnings about the decision-maker’s behavior, based on psychological
research, guarantee the existence of this alternative mechanism. This implies that the tradi-
tional redistributive policies of market (de) regulation, may be insufficient and that policies
and institutions that help consumers and investors to overcome some of their behavioral
shortcomings are urgently needed.
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2 CHAPTER 1. PREFACE

The methodology used in this dissertation, combines applied theory, laboratory experi-
ments, and survey data. I use applied theory to understand the behavior of individuals both
under standard assumptions and behavioral assumptions, the results of the model under
both set of assumptions are tested in the laboratory. In the four chapters, I use controlled
laboratory experiments to test the validity of each set of assumptions.

Throughout this study, I consider a simple economy in which an individual’s effort on
a productive task, is deterministically transformed into valuable output. I assume that the
individual’s preferences over this output satisfy non-satiation, this is, more of that output is
always better. Furthermore, I assume that the individual is endowed with skills to perform
this task, where higher skills make it easier for her to obtain more output with lower effort
exertion.1 According to standard economic theory, the individual’s skills to perform the task
and their preferences over output determine their final output allocation in the economy.
Hence, the notion that an individual’s achievements are a reflect of her preferences and
skills, corresponds to this prediction.

However, this meritocratic prediction of this simple economy is difficult to reconcile
when the possibility that the individual’s social environment, along with her psychological
states, affect her productivity. For instance, a recent literature in economics, investigates
the role of emotions on decision-making, and more importantly its effect on labor supply
at the intensive margin (Oswald et al., 2015; Harmon-Jones et al., 2013; Isen, 2002). This
leads to the question, what happens to the standard economics prediction of this simple
economy, when emotions about one’s material environment could affect productivity on the
task?

The first chapter, “Exposure to Poverty and Productivity” addresses this question.
Specifically, it investigates whether exposing to an environment that recreates poverty, has
an effect on her emotions, and consequently productivity. Our thesis is that, if images of
poverty affect the productivity of the participants in the experiment, we expect longer and
more intense experiences of poverty, to further influence the performance of an individual
in important tasks.

The main result of the paper is that images of poverty generate a more negative emo-
tional valence, as measured by a state-of-the-art software that measures emotions using
physiological cues. Furthermore, more negative emotional valence induces lower productiv-
ity on a task that yields higher monetary incentives, when subjects work harder. We also
show that moods related to attention mediate the drop in productivity.

This chapter should be read as a proof of concept that the emotions experienced by an

1A market could be included in this economy, individuals can trade their output for other goods and
services, at a certain price. The outcome of a competitive market in this simple economy, would reflect their
capacity to create output.
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individual in different material states, affect economic decision-making, above and beyond
her wealth restrictions. Future research, should make an effort to generalize this result, by
gaining external validation through survey data, and by developing an economic theory of
emotions and achievement.

In the next chapter, I consider a situation in which instead of emotions, the standing
of an individual on the societal ladder shapes psychological constructs that are relevant
for performance in the task. Such a possibility, is specially relevant for societies in which
the meritocratic belief that individuals achieve what they deserve in life is deeply-rooted
(Kunovich and Slomczynski, 2007; Babcock and Loewenstein, 1997). In these societies,
having the fate of being born in a low socio-economic status household, may affect the
individual’s self-confidence

The second chapter “Social Status and Economic Performance”, goes at the heart of
this possibility. This chapter investigates whether social stratification, understood as the
formation of a ranking in the society, affects the individual’s mindset in a way that affects
economic performance. I use two empirical settings, a cohort study, that surveys individuals
born in a week of April 1970 in the United Kingdom, and a laboratory experiment.

The results of this paper suggests that higher social status, leads to higher psychological
constructs related to beliefs about one’s capacities, which are key for individual achievement,
such as aspirations, self-esteem, and the confidence to solve a task. This result holds for
both settings, even when disparities in abilities and motivation of the individuals are taken
into account. Moreover, the data suggest that the educational attainment of the individuals
and their performance on the task, responds positively to increments on aspirations and
self-confidence.

The main conclusion of this chapter, is that an individual’s initial standing in the society,
affects her economic outcomes, even when she has the capacities to attain better (worse)
outcomes. The policy implication of this result is that even though governments could
correct for the market imperfections that generate inequality, their economic toolset is not
sufficient to correct this mechanism. Hence, societies must discourage economic and social
stratification that may lead to differences in self-confidence and self-esteem.

The second part of this dissertation considers ways to improve the motivation and
productivity of the individuals of this simple economy. The idea was to develop cost-
effective incentive schemes that boost productivity. The novelty of these schemes does not
rely on the role of the monetary incentives that they entail, but rather on the exploitation
of psychological regularities encompassed in cumulative prospect theory. Specifically, that
individuals loom loses larger than gains, and that they overestimate small probabilities
(Tversky and Kahneman, 1992). I envision and hope that these schemes as playing a
determinant role in productivity in countries that require higher productivity levels, but
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cannot afford higher powered monetary incentives.
In the third chapter “Self-Chosen Goals: Incentives and Gender Differences”, we in-

vestigate the motivational effects of letting subjects set their own production targets. We
create an incentive scheme wherein achieving self-chosen goals yields a monetary bonus,
and this bonus becomes higher as the goal increases. In this way, we not only offer a menu
of contracts in which individuals can self-select themselves according to their abilities, but
also take advantage of the motivational effect of these targets, which act as a reference
point (Wu et al., 2008; Heath et al., 1999). Falling short from a production target, repre-
sents psychological losses that the individual would prefer to avoid (Kahneman and Tversky,
1979).

The paper features a theoretical model for the analysis of self-chosen goals, and a labo-
ratory experiment that compares the performance of subjects in a task, working under the
self-chosen goal contract, to that of subjects working under different powered piece rates.
The main result is that the self-chosen goals scheme yields higher performance, even when
the piece rate offers higher monetary gains.

In the fourth chapter, I propose a novel incentive scheme that takes advantage of the
regularity that individuals overweight small probabilities (Prelec, 1998; Tversky and Kah-
neman, 1992). The contract features a worker, exerting effort on the task in a finite number
of periods. The principal incentivizes the worker by paying her money for every output unit
on a subset of the periods, and he is able to choose the length of this subset, but not the
specific periods that count towards payment. After the last period has elapsed, a device
chooses, at random, the days that count towards performance evaluation. This is analog
to a situation in which the principal chooses the probability that performance in one of the
periods is chosen for performance evaluation.

A theoretical framework, shows that the proposed probability contract yields higher
performance than a cost-equivalent piece rate, if and only if the principal chooses a small
probability of evaluation, and when workers are assumed to distort probabilities according
to the probability weighting function. A controlled laboratory experiment corroborates this
result, it shows that performance is higher than under a piece-rate when such a contract
evaluates performance only 10% of the time. Moreover, I demonstrate that the subjects’
overweighting of small probabilities leads these results.

Chapters 3 and Chapters 4, propose novel incentives schemes that motivate the individ-
ual to exert more effort than other standard payment mechanisms. They are cost-efficient,
in that without requiring higher monetary incentives, they deliver higher average output
than standard payment mechanisms. This property is due to the incorporation of behav-
ioral biases in these schemes. Future research, should be directed at the external validation
of these incentives through field experiments.
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Chapter 2

Exposure to Poverty and
Productivity1

“The fortunate and the proud wonder at the insolence of human wretchedness, that it should
dare to present itself before them, and with the loathsome aspect of its misery presume to
disturb the serenity of their happiness”-Adam Smith, The Theory of Moral Sentiments.

2.1 Introduction

The state of poverty influences productivity in at least two different ways. On the one
hand, financial constraints dampen physical and cognitive performance through nutritional
deficiencies (Strauss, 1986; Dasgupta and Ray, 1986), low educational quality (Card, 2001;
Duflo, 2001), and poor health conditions (Cutler et al., 2010; Gallup and Sachs, 1998),
which in turn affect productivity. On the other hand, a recent literature underscoring the
psychological aspects of poverty has identified additional channels through which poverty
affects individual decisions in a way that can become counterproductive. These mechanisms
include risk and time preferences (Haushofer and Fehr, 2014) or individuals’ motivations

1The paper from which this chapter is based is jointly written with Patricio S. Dalton and Charles N.
Noussair, and is published in PLoS-ONE 12(1): e0170231. https://doi.org/10.1371/journal.pone.0170231
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and aspirations (Dalton et al., 2016; Genicot and Ray, 2017). According to Haushofer
and Fehr (2014), the economic and social conditions under which poor people live may
lower their willingness to take risks and to forgo current income in favor of higher future
incomes, even though the intrinsic time and risk preferences of the poor may be identical
to those of wealthier people. One plausible explanation may be that the poor are more
liquidity constrained. Because of this tighter constraint, if a poor individual has the choice
between a current and a delayed payment in an experiment, he or she may opt for the
current payment. Similarly, the anticipation of future liquidity constraints may also induce
an individual to prefer a safe payment over a risky payment. Regarding aspirations, Dalton
et al. (2016) observe that, due to lower access to credit, less influential contacts or less access
to relevant information, poverty makes it harder for the poor to achieve a given outcome,
ceteris paribus. This exacerbates the adverse effects of a behavioural bias that both poor
and wealthier people may have in setting aspirations. As a consequence, the poor are more
likely to choose a low aspiration level and effort relative to the best outcome they could
achieve.

Our focus in this research is on a particular aspect of the psychology of poverty. There
may be psychological effects arising from exposure to the poverty of others that an individual
is in contact with, which are distinct from those arising directly from one’s own experience
of poverty. We study whether the affective state associated with exposure to the poverty of
others, on its own, leads to lower individual productivity. Such an effect would exist above
and beyond the consequences of other difficulties that the poor face. We study the link
between exposure to poverty of others and productivity in a controlled setting, where the
effect can be isolated from other factors and affect can be precisely measured. We construct
an experimental environment designed to induce the affective load associated with exposure
to others’ poverty, but without the physical, social and economic consequences of one’s own
poverty. We do so by providing individuals with minimal exposure to conditions of poverty
suffered by others. We operate under the assumption that the emotions induced by longer,
more intense, and more personal, exposure to poverty than those we create here would be
at least as strong.

If exposure to the poverty of others reduces work performance, it would suggest that
removing poor individuals from such exposure might increase their productivity. Indeed,
in a recent paper, Chetty et al. (2015) show that young children assigned to the Moving to
Opportunity program, in which poor American families are given vouchers which allow them
to rent housing in more affluent areas, exhibited an increase in college attendance rates and
income. These results corroborate some of the findings of Chetty and Hendren (2015). The
study finds that these improvements stem from a difference in the childhood experience of
those assigned to the program. Among the aspects included in such experience, the authors
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highlight better education, greater safety, greater neighborhood satisfaction, and a lower
incidence of single parent households. While one might presume that emotional factors are
at work and contributing to the better outcomes of families in the program, the effect of
improved emotional state cannot be distinguished from that of the other resources they
have available.

We differ from the existing literature in that we study whether the affects associated
with mere exposure to the poverty of others, rather than with the experience of one’s own
poverty itself, have an effect on productivity. The exposure to poverty in our study is brief
and not very intense. Nevertheless, we find that mere exposure to a video showing the
reality of poverty for seven minutes has an effect on subsequent performance in a relatively
simple task. It also induces a more negative emotional state. Detailed analysis of the
data, however, suggests that the effect of exposure to poverty of others on performance is
cognitive rather than emotional, as the exposure appears to impede the focus of attention
on performing the task.

Our experiment has two treatments. In the Poverty treatment, subjects watch a video
clip that illustrates the conditions faced by a family in a state of poverty. In the Neutral
treatment, which serves as a control condition, subjects observe a neutral video, known
from other studies to evoke no strong emotional response.

To measure individual productivity we use a real effort task. We employ the slider
task introduced by Gill and Prowse (2012), which consists of setting as many sliders as
possible in the exact middle position of the available range, by moving a cursor with a
computer mouse. The advantages of this task for our purposes are that it does not require
specialized knowledge, the instructions are easy to follow, the output has no value to the
experimenter (so that social preferences with regard to the experimenter are minimized as
a consideration in participants’ effort decisions), and it has been widely used previously in
experimental economics. This last feature facilitates comparison of any effect sizes that we
observe to previous and future studies. An individual’s productivity is measured as the
number of sliders that are correctly aligned in a 20-minute work period.

We register psychological affects in two ways. First, we administer the PANAS ques-
tionnaire to participants immediately after they view the video clip. This questionnaire
provides a subjective self-evaluation of the current intensity of a number of specific emo-
tions (Watson et al., 1988), and allows for the construction of broader indices describing
more general affective states. Second, we use a facial recognition software package, called
Noldus FacereaderTM , to identify the intensity of the emotions evoked by the videos.

We find that the subjects randomly assigned to the Poverty treatment exhibit lower
average performance than those assigned to the Neutral treatment. Moreover, images of
poverty evoke higher self-reported scores on measures of negative affect and attentiveness.
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The physiological data from the facereading software confirms that exposure to poverty
induces an emotional state of more negative valence than does the control. Further analysis
shows that: i) The difference in productivity between the two treatments is greater for
individuals in a less positive emotional state after watching the video, and ii) subjects who
display greater attentiveness when viewing the images of poverty display lower productivity.

Our paper fits into a recent and active literature that focuses on the psychology of
poverty. While previous research documents a relationship between affective state and
poverty (Haushofer and Fehr, 2014), we show that mere exposure to poverty of others can
influence own affective state, which in turn affects productivity. Our work is also consistent
with studies that associate positive emotional states with better performance in various
tasks (Oswald et al., 2015; Harmon-Jones et al., 2013; Isen, 2002; Tiedens, 2001; Ashby
et al., 1999), in settings unrelated to poverty. It also relates to work that explores the role
of poverty on cognition (Banerjee and Mullainathan, 2008; Mani et al., 2013; Shah et al.,
2012). We find that subjects exposed to images of poverty report being more attentive after
watching the video, and that those who were the most attentive displayed lower productivity.
This suggests that for some individuals, exposure to poverty of others imposes a cognitive
load that hampers their performance.

2.2 Experimental design and procedures

Our experiment employs human subjects. Our protocol was not approved by an Institu-
tional Review Board. However, we are fully in compliance with Dutch Law, which does not
require social science research to receive prior approval from an IRB. Although Tilburg Uni-
versity does not have an institutionalized IRB, the Director of CentERLab or the Scientific
Director of CentER screens and authorizes the content and purpose of all of the experiments
taking place in the laboratory. This particular study was reviewed and approved by the
Scientific Director of CentER, Professor Geert Duijsters, after the research was conducted.
He formally confirmed that the study was conducted according to the principles expressed
in the Declaration of Helsinki, and that this work complied with Dutch laws and Tilburg
School of Economics and Management’s policy regarding the ethical treatment of human
subjects. All subjects gave their signed written consent to participate in the study at the
beginning of their experimental session, including consenting to be videotaped.

Our dataset consists of 15 experimental sessions conducted in June, 2014 at the CentER-
Lab at Tilburg University in the Netherlands. All subjects were students at the university.
We used z-Tree (Fischbacher, 2007) to implement the experiment. Subjects were recruited
via an online system. On average, a session lasted approximately 45 minutes. Between five
and ten subjects took part in each session, and no subject participated more than once in
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the experiment.
There were two treatments, Poverty and Neutral, and upon arrival at the experimental

laboratory, subjects were randomly assigned to one of the treatments. A total of 105 par-
ticipants whose average age was 23, participated in the study, 55 in the Poverty treatment,
and 50 in the Neutral treatment. In the Poverty treatment, subjects watched a video clip
that depicted the struggles of a poor family living in a garbage dump in Moscow, Rus-
sia. In the Neutral treatment, subjects watched a video of the Alaskan landscape that is
known not to evoke any emotion or mood, and has been used in psychological research to
induce a state of neutrality (Rottenberg et al., 2007). We did not film the videos ourselves.
They were publicly available online. The Poverty video is available in the following link
https://www.youtube.com/watch?v=lDzhufj9GN0. A 2 minute version of the Neutral video
is available in the following link https://www.youtube.com/watch?v=rbTCQrNOV_w. Both
videos lasted for six to seven minutes. Subjects performed the experiment in individual
soundproof cubicles. This allowed us to run both treatments within the same session while
having each subject participate in only one treatment, thus avoiding confounds from session
fixed effects (Fréchette, 2012).

After watching one of the videos, subjects had to complete a PANAS positive and
negative affects schedule (Watson et al., 1988). In this questionnaire, subjects stated the
current subjective intensity, on a scale from one to five, of various affects. Ten negative and
ten positive affects are included in this schedule. From the responses to these questions, we
constructed scales of positive affect, negative affect, self-assurance, attentiveness, hostility,
joviality, guilt, hostility, and fear. The questionnaire is reprinted in Supporting Information.

After completing this questionnaire, subjects performed a time consuming real effort
task. We used the task introduced by Gill and Prowse (2012), known as the slider task. It
consists of setting the highest possible number of sliders, which are displayed on the subject’s
computer screen, in the exact middle point of a pre-specified range, using their computer
mouse to move a cursor. The task was unfamiliar to all participants and it entailed a cost
of effort in terms of attention and patience.

Subjects assigned to either treatment faced the same piece-rate incentive in the slider
task. The accurate completion of each slider increased an individual’s earnings by 5 Euro
cents. Each session was divided into ten periods of 2 minutes each. All periods counted
towards the subjects’ earnings.

Finally, subjects completed a questionnaire to gather information on demographic char-
acteristics such as age, program of study, country of origin, previous exposure to poverty,
gender, and indirect questions intended to measure family wealth and socioeconomic status.
Previous exposure to poverty captures whether the subject traveled and/or lived in a poor
country. We acknowledge that this measure is imperfect. However, we believe that is at
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least positively correlated with actual previous exposure to poverty. While it is certainly
true that there is poverty in every European country, one can expect that ceteris-paribus,
a person who has lived in or traveled to the developing world is more exposed to the type
of images of poverty in the video, than someone who has not left the developed world.
The questionnaire can be found in the supporting information. Identifying information was
destroyed after the initial processing of the data and replaced with identifiers that did not
permit the identity of a participant to be deduced.

Throughout the entire session, subjects were videotaped with their prior consent us-
ing the webcams on their computers. The videos were analysed later using the facial
recognition software Noldus Facereader. The software locates 530 points on a subject’s
face, and compares it to a database of several thousand annotated images. Facereader
measures the conformity of the subject’s facial expression to each of the six universal
emotions: Happiness, Anger, Sadness, Disgust, Scare and Surprise, as well as Neutral-
ity. The facial expressions that correspond to the six basic emotions appear to be univer-
sal and innate, in that they are common across all cultures and across different primates
(Ekman and Friesen, 1971, 2003), as well as between blind and sighted humans (Ekman
and Friesen, 2003; Matsumoto and Willingham, 2009). Facereader takes a reading every
1/30th of a second. The program also constructs a measure of valence, using the formula
Happiness − max(Anger, Sadness,Disgust, Scare). In our analysis, we use the average
reading of each emotion over the one minute interval before the video begins, as well as
over the one minute interval after the video ends. The effect of the video on an individual
is measured as the difference in the average in the earlier and later intervals.

2.3 Results

2.3.1 Performance

The measure of performance in our experiment is the number of sliders an individual cor-
rectly aligns over the course of a ten-period session. On average subjects solved 171.91
sliders with a standard deviation of 46.96 in a session. As illustrated in Fig 2.1, subjects
in the Poverty treatment solved 165.2 sliders as compared to 179.3 sliders in the Neu-
tral treatment. This difference is borderline significant (t(97,151)=1.534, p= 0.063). A
Kolmogorov-Smirnov test rejects the hypothesis that the number of sliders completed in
the two treatments are drawn from the same distribution (KS-test, p<0.01). Performance
in the Neutral treatment is significantly lower than that observed by Gill and Prowse (2012),
where subjects on average solved 222 sliders in 20 minutes. We attribute this difference to
the fact that Gill and Prowse (2012) employ tournament incentives that have been proven



2.3. RESULTS 13

to increase effort (Bull et al., 2016).
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Figure 2.1: Average performance by treatment

Furthermore, the treatment effect on performance is significant once other sources of
variation are controlled for. We estimate a regression of performance on condition dum-
mies, covariates of wealth, and previous exposure to poverty. The estimates of this linear
regression are presented in Table 2.1. The table shows that the effect of being assigned
to Poverty is significant once the variables that capture the subject’s previous exposure to
poverty and wealth are included. Ceteris paribus, a subject assigned to Poverty produces
on average 1.54 less sliders in each two-minute round as compared to a subject assigned to
the Neutral condition.

Fig 2.2 illustrates the performance gap between the treatments by round. This figure
shows that the average number of sliders in every round is lower for subjects assigned to the
Poverty treatment. Moreover, the figure suggests that the effect of the Poverty video on
performance persists throughout the entire session. This may be either because the video
itself affects performance throughout the session, or that the video has only a short-term
effect in early rounds, but the performance in early rounds serves to anchor performance in
later rounds.

2.3.2 Affects

Self-reported measures

As described in the experimental design and procedures section, we administered the
PANAS questionnaire (Watson et al., 1988) immediately after the subjects watched the



14 CHAPTER 2. EXPOSURE TO POVERTY AND PRODUCTIVITY

Table 2.1: Linear Regression of Performance on Treatment, Round and Control Variables
(1) (2) (3)

Performance Performance Performance
Poverty -1.410 -1.547 ∗ -1.544 ∗

(-1.54) (-1.68) (-1.68)
Previous Exposure 0.724 0.731

(1.38) (1.38)
Wealth -0.076

(-0.12)
Round 0.703∗∗∗ 0.703∗∗∗ 0.703∗∗∗

(14.57) (14.56) (14.55)
Constant 14.06∗∗∗ 13.40∗∗∗ 13.45∗∗∗

(18.99) (16.03) (13.12)
N 1050 1050 1050
R2 0.133 0.142 0.142
Note: This table presents the estimates of an ordinary least squares re-
gression of the statistical model Performancei = α0 + α1Povertyi +
α2PreviousExposure + α3Wealth + εi1. Performancei is the number
of sliders solved per round. Previous Exposure is a variable that captures
whether the subject traveled and/or lived in a poor country. Wealth is a
variable that captures whether the subject’s parents have more than three
cars and/or own more than two real estate properties. Clustered standard
errors at the individual level. *p<0.1;** p<0.05; ***p<0.01.
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2.3. RESULTS 15

video. Based on Watson and Clark (1999), we constructed, using the subjects responses,
six emotional and affective scales, and two general dimension scales. Tables 2.2 and 2.3
present the mean and standard deviation of negative and positive affects in each treatment.
The tables also report the average values of the affective scales and general dimension scales
for both treatments.

These tables show that the Poverty treatment yields a higher score on the general
dimension scale of negative affects (referred to as NA from here onward), compared to the
Neutral treatment (p<0.01). This difference stems from the higher score of the Guilt scale,
composed by the items Guilty and Ashamed (p<0.001) and the higher scores of the items
Hostile (p<0.05), and Upset (p<0.001), under Poverty.

Moreover, the Poverty treatment also yields a higher score on the general dimension scale
of positive affects (PA from here onward), than under Neutral (p=0.025). This difference
between treatments is driven by a higher score on the attentiveness scale, composed of
the items Alert, Determined and Interested, in Poverty (p<0.05). Note that even though
the Joviality scale, composed of Enthusiastic and Excited, exhibits a lower score under
Poverty (p=0.011), the direction of the difference in PA between treatments shows that
this difference is not as large as that displayed by attentiveness.

Poverty induces higher average negative affects compared to the PANAS scores obtained
under typical natural conditions. The average score of 21.036 in NA after watching the
Poverty video is significantly larger than a typical baseline average of NA 14.8 reported
by Watson et al. (1988). However, the Poverty treatment does not induce higher average
positive affect than 29.7, the score observed by Watson et al. (1988).

Taken together, these results show that the Poverty video induces a considerable increase
on the score of both positive and negative affects as compared to the Neutral video. On the
one hand the Poverty video evokes higher scores on guilt and hostility. On the other hand,
the video increases the score related to attentiveness.

Physiological Measure of Emotional State

The Facereader data indicate that before the videos are played, there are no significant
differences in the physiological measures of emotions between treatments. We report no
significant difference across treatments in neutrality (p=.9873), sadness (p=0.1591) happi-
ness (p=.757), anger (p=.7411), scare (p=.4343) or disgust (p=.6738). As a consequence
and as can be seen in Fig 2.3, there is no significant difference in the emotional valence
before presentation of the videos (p=0.782).

The descriptive statistics of the subject’s physiological reaction due to the videos, mea-
sured as the difference between the one-minute interval before the beginning of the video
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Table 2.2: Average and Standard Deviation of Positive Affect Scales, by Treatment

Affect Poverty Neutral Z-Score
Items
Interested 3.691 3.100 2.879∗∗∗

(1.143) (1.119)
Excited 2.145 2.600 -2.089∗∗

(1.070) (1.021)
Strong 2.927 2.620 1.388

(1.190) (1.019)
Enthusiastic 2.273 2.780 -2.393 ∗∗

(1.136) (1.083)
Proud 1.982 2.180 -1.304

(1.259) (1.091)
Alert 3.291 2.680 2.258 ∗∗

(1.247) (1.393)
Inspired 3.055 2.540 2.239 ∗∗

(1.243) (1.082)
Determined 3.309 2.880 2.155∗∗

(1.094) (1.014)
Attentive 3.418 3.120 1.178

(1.004) (1.108)
Active 2.709 3.080 -1.590

(1.217) (.9978)
Affective Scales
Joviality 4.41 5.38 -2.546 ∗∗

(1.877) (1.940)
Self-Assurance 4.909 4.8 0.172

(2.076) (1.910)
Attentiveness 13.709 11.78 3.006∗∗∗

(3.309) (3.180)
General Dimension Scale
Positive Affects (PA) 28.80 27.58 2.236 ∗∗

(7.631) (7.655)
N 55 50
Note: This table presents the average score and standard deviation of each of
the ten items representing positive affects in the PANAS questionnaire. The
standard deviation of each item is presented in parentheses. The scale Joviality
is constructed as the sum of the items Excited and Enthusiastic. The scale
Self-Assurance is constructed as the sum of the items Proud and Strong. The
scale Attentiveness is constructed as the sum of the items Inspired, Determined
and Attentive. The row Positive Affects is the summation of the ten items.
The column Z-score presents the statistic evaluating the rank sum difference
between the two treatments. The significance is evaluated with the following
significance levels *p<0.1;** p<0.05; ***p<0.01.
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Table 2.3: Average and Standard Deviation of Negative Affect Scales, by Treatment

Affect Poverty Neutral Z-Score
Items
Distressed 2.509 2.560 -0.126

(1.008) (1.204)
Upset 2.782 1.620 4.789∗∗∗

(1.247) (1.038)
Guilty 2.218 1.420 3.749 ∗∗∗

(1.217) (0.778)
Scared 1.709 1.540 0.596

(1.004) (0.830)
Hostile 1.818 1.400 2.200 ∗∗

(.9934) (0.722)
Irritable 2.036 2.040 0.027

(1.010) (1.039)
Ashamed 2.182 1.440 3.401∗∗∗

(1.178) (0.753)
Nervous 1.982 2.100 -0.622

(1.088) (1.064)
Jittery 2.145 2.000 0.822

(0.924) ( 0.939)
Afraid 1.655 1.560 0.458

(0.920) ( 0.829)
Affective Scales
Fear 5.509 5.1 1.028

( 2.167) (2.121)
Guilt 4.4 2.86 3.631∗∗∗

( 2.231) (1.343)
Hostility 1.818 1.400 2.200 ∗∗

(.993) (0.722)
General Dimension Scale
Negative Affects (NA) 21.036 17.680 2.728 ∗∗∗

(6.327) (5.859)
N 55 50
Note: This table presents the average score and standard deviation of each
of each of the ten items representing negative affects in the PANAS question-
naire.The standard deviation of each item presented in parentheses. The scale
Fear is constructed as the sum of the items Afraid, Scared and Jittery. The
scale Guilt is constructed as the sum of the items Guilt and Ashamed. The
scale Hostile is represented by the item Hostility. The row Negative Affects
is the summation of the ten items.The column Z-Score presents the statistic
evaluating the rank sum difference between the two treatments. The signif-
icance is evaluated with the following significance levels *p<0.1;** p<0.05;
***p<0.01.
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and the one-minute interval immediately after it has finished, are presented in Table 2.4.
These statistics, along with Fig 2.3, show that the Poverty video induces a more negative
valence (one sided t-test, p=.055). This finding is in agreement with the self-reported data,
in that the Poverty treatment induces a more negative emotional state than the Neutral
treatment. This difference is driven by the specific emotions of Scare (one sided t-test,
p=.039) and Sadness (one sided t-test, p=.057). These patterns, coupled with the PANAS
results, reveal that the Poverty video increases a number of negative emotions such as fear,
guilt, sadness, shame and upset. Whether these differences in affects correlate with lower
performance is addressed in the next section.

Table 2.4: Changes in Physiological Measure of Emotions from Before to After the Video,
both Treatments

Emotion Poverty Neutral Difference
Neutral -.0011 0.048 -.058

(.213 ) (0.294) (.066)
Happy -.068 -0.051 .-017

(.125) (0.122) (.033)
Sad 0.037 -0.002 .039∗

( 0.098) (0.077) (.024)
Angry 0.002 -0.002 .004

(0.091) (0.062) (.025)
Surprised 0.007 0.027 -.020

(0.097) (0.090) (.022)
Scared 0.010 -0.006 .015∗∗

( 0.036) (0.019) (.008)
Disgusted -0.003 -0.004 .001

( 0.016 ) (0.010) (.003)
Valence -0.111 -0.037 -.073∗

(0.185) (0.134) (.045)
N 39 21 21
Note: This table presents the difference in aver-
age intensity, between before and after the stimu-
lus was presented to the subjects for the 7 emo-
tions analyzed by the facereader software. The stan-
dard deviation is given in Parentheses. The row Va-
lence contains the change in average valence from
before to after the stimulus was presented to the
subjects. Valence is calculated as Happiness −
max(Sadness,Anger, Scare,Disgust). The column
labeled Difference gives the average difference in emo-
tional intensity between the Poverty and Neutral
treatments. The significance of Difference is eval-
uated with a one sided t-test. *p<0.1;** p<0.05;
***p<0.01.
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Figure 2.3: Initial value and change in valence from before to after the video was shown

2.4 What Moderates the Effect of Exposure to Poverty of
Others?

The results reported in the previous section indicate that subjects assigned to Poverty
experience lower average performance. Moreover, participants in the two treatments exhibit
differences in affective scales: under Poverty they have a more negative, self-reported and
physiologically measured, affective state. They also have higher scores on the attentiveness
scale, and lower scores on the joviality scale. To investigate whether the treatment difference
in performance varies depending on an individual’s affective state, we employ a moderation
analysis (Baron and Kenny, 1986). A variable is said to moderate a treatment effect if higher
values of the variable are correlated with a weaker treatment effect. For example, suppose
that the sample of all participants is divided into two subsamples. In one subsample are
those with a relatively positive prior emotional state, and in the other those in a relatively
negative one. If positive emotional valence moderates the treatment effect, the difference
between treatments would be greater for the subsample in the relatively negative state than
that in the more positive state.

Table 2.5 presents the estimates of the statistical model,
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Performancei = α0 + α1Poverty + α2Ai + α3Ai ∗ Poverty + Γ′X + εi,

where Poverty is a dummy variable that equals 1 under the Poverty treatment and Ai is
a variable that captures an affective measure for subject i. Throughout the analysis, Ai
may represent a single affect or emotion, an affective scale as in Watson and Clark (1999),
physiological valence, or a general dimension scale. We begin the moderation analysis
using the responses of the PANAS. Specifically, we estimate the statistical model with
the dimension scales NA or PA representing Ai. These composite scores capture the total
variation of self-reported affects. The coefficients on the variable Poverty∗Ai reveal whether
the scale or emotion in question is a moderating factor. The first two columns of Table 2.5
show that these scales do not moderate the effect of treatment on performance. Hence, the
lower performance of those assigned to Poverty does not depend on the variation in the
general score of positive or negative affects between treatments.

The moderation analysis also shows that the Joviality scale moderates the effect of the
Poverty treatment on performance. This can be seen in column 6 of the table. Specifically,
subjects reporting higher scores on the items enthusiastic and excited after watching the
videos exhibit a smaller difference in performance between treatments. Finally, we report
that the self-reported responses representing Fear, Hostility, Guilt, Self-Assessment and
Attentiveness do not moderate the lower performance due to the video, even when some of
these scales display a significant difference between treatments.

Additionally, we investigate the role of the physiological measures of emotions as moder-
ators. We perform the moderation analysis using two different representations of emotional
state using the facereader data. The first one is the absolute emotional state before the
video is played, and the second one is the change in emotional state from before to after
the video is played.

Table 2.6 reports whether the emotional state before viewing the video affects perfor-
mance. The findings suggest that negative valence before the videos are presented moder-
ate the treatment effect. In other words, subjects in a more negative prior emotional state
experience a smaller reduction in performance from the Poverty, relative to the Neutral,
condition. In particular, higher measures of happiness and higher values of sadness have a
moderating effect.

Furthermore, Table 2.7 presents the moderation analysis for the change in emotional
state due to the videos. The results show that a more positive (or less negative) change
in valence from before to after watching the video moderates the treatment effect. Hence,
individuals experiencing a less negative change in valence after watching the video, exhibit
a smaller difference in performance between treatments. This effect is led by the emotion
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of fear. For those experiencing relatively high levels of fear, there is a larger difference in
performance after viewing the Poverty than the Neutral video.

These two results illustrate that subjects experiencing lower emotional valence due to
the Poverty video also exhibit lower performance levels, compared to subjects assigned to
Neutral. Moreover, these declines in performance worsen with the degree of positive valence
that a subject assigned to Poverty exhibits before the video is displayed.

2.5 Do Affects and Emotions Mediate the Decrease in Pro-
ductivity?

In this section we consider whether the effect of the videos on emotional state accounts for
some or all of the difference in productivity between treatments. We employ the mediation
analysis developed by Imai et al. (2010) to evaluate the extent to which affective states
induced by the videos mediate the lower performance. To that end, we estimate the following
system of equations:

Ai = β0 + β1Poverty + C ′Xi + εi1,

P erformancei = α0 + α1Poverty + α2Ai +D′Xi + εi2.

The estimates of this system of equations intend to isolate two effects. The first is given
by α1, which measures the direct effect of treatment on performance α̂1. In other words, this
is the effect on performance of being assigned to a treatment once the relationship between
variations in affect and performance is accounted for. The second effect is the indirect effect
of treatment on performance via changes in affect δ̂i = α̂2β̂1. The assumptions required for
this interpretation of the estimates (Imai et al., 2010), are

{Performance′i, Ai} ⊥ Poverty|Xi,

and
Performance′i ⊥ Ai|Xi, Poverty.

Where Performance′i 6= Performance. The first equation of the assumption states that
the treatment assignment is statistically independent of potential performance outcomes and
mediators given pre-treatment confounders. In our experiment this assumption holds due
to the treatment randomization. The second equation states that the observed mediator is
statistically independent given treatment assignment and pre-treatment confounders. This
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means that the mediator is regarded as if it were randomized over treatments. Evidence
that this assumption holds in our sample is provided using the Facereading data before
the video is displayed. As stated in Section 2.3, we find no differences between treatments
in Physiological measures before the video was displayed. The total effect of treatment
is the sum of the direct and indirect effects. We use the Quasi-Bayesian Monte Carlo
approximation of King et al. (2000) to make statistical inference about δ̂i. The parameters
reported are the average of 100 draws.

Tables 2.8 and 2.9 present the estimates, using the self-reported scales to represent Ai.
The findings suggest that neither of the general dimension scales, NA or PA, mediates the
effect of the treatment on performance. Moreover, Table 2.9 shows that among the affective
scales that exhibit significant differences between treatments, only the attentiveness scale
is a significant mediator of the treatment effect. Specifically, this scale mediates 31% of the
total treatment effect.

Table 2.8: Results of the Mediation Analysis with the General Dimension Scales PA and
NA

(1) (2) (3)
Performance Performance Performance

Mediator: Ai = NA
δ̂i (Mediation Effect) .00048 -.0372 -.0046

α̂1 (Direct Effect) -1.338 -1.285 -1.653 ∗

Total Effect -1.338 -1.322 -1.657 ∗
Mediator: Ai = PA
δi (Mediation Effect) -.112 -.135 -.170

α̂1 (Direct Effect) -1.224 -1.174 -1.482

Total Effect -1.337 -1.310 -1.652 ∗
Wealth NO YES YES
Previous Exposure NO NO YES
Observations 1050 1050 1050
Note: This table presents the average of 100 draws of a Monte Carlo Sim-
ulation using the sampling distribution of α̂2β̂1 and α̂1 which are estimated
through multiple Least Squares of the system equatons composed by Ai =
β0 +β1Povertyi+C′Xi+ εi1 and Performancei = α0 +α1Povertyi+α′2Ai+
D′Xi + εi2. Performancei is the number of sliders solved per round. Ai is the
total score of the Negative Affects elicited through the PANAS questionnaire
in the top panel of the table and the total score of the Positive Affects elicited
through the PANAS questionnaire in the top panel of the table. Previous Ex-
posure is a variable that captures whether the subject traveled and/or lived in
a poor country. Wealth is a variable that captures whether the subject’s par-
ents had more than 3 cars or/and more than 2 real estate properties. Clustered
standard errors at the individual level. *p<0.1;** p<0.05; ***p<0.01.
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Table 2.9: Mediation Analysis for Self-Reported Affect Scales
(1) (2) (3)

Performance Performance Performance
Mediator: Ai = Joviality
δ̂i (Mediation Effect) .069 .0591 .033

γ̂i (Direct Effect) -1.401 -1.483 -1.561 ∗∗

Total Effect -1.331 -1.424 -1.528 ∗
Mediator: Ai = Fear
δ̂i (Mediation Effect) -.0171 -.031 -.035

γ̂i (Direct Effect) -1.316 -1.395 -1.504 ∗

Total Effect -1.333 -1.427 -1.540 ∗
Mediator: Ai = Guilt

δ̂i (Mediation Effect) -.0145 -.022 -.052

γ̂i (Direct Effect) -1.327 -1.405 -1.500

Total Effect -1.342 -1.427 -1.552 ∗
Mediator: Ai = Attentiveness
δ̂i (Mediation Effect) -.501 ∗∗ -.549∗∗∗ -.559 ∗∗∗

γ̂i (Direct Effect) -.838 -.788 -1.126

Total Effect -1.339 -1.338∗ -1.685 ∗
Wealth NO YES YES
Previous Exposure NO NO YES
Observations 1050 1050 1050
Note: This table presents the average of 100 draws of a Monte Carlo Simulation using
the sampling distribution of α̂2β̂1 and α̂1 which are estimated through multiple Least
Squares of the system of models composed by Ai = β0 + β1Povertyi + CXi + εi1 and
Performancei = α0 + α1Ti + α′2Ai +DX ′i + εi2. Performancei is the number of sliders
per round. Ai is the guilt scale. Ai is the Joviality scale at the top panel, Fear at the
top-middle panel, Guilt at the bottom-middle panel and Attentiveness at the bottom
panel. Previous Exposure is a variable that captures whether the subject traveled and/or
lived in a poor country. Wealth is a variable that captures whether the subject’s parents
had more than 3 cars or/and more than 2 real estate properties. Clustered standard
errors at the individual level. *p<0.1;** p<0.05; ***p<0.01.
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We also study the role of the physiological measures as mediators. We report the
estimates of happiness and valence as mediators in Table 2.10. We find that emotional
valence does not mediate the effect of the Poverty video on performance. Nevertheless,
we find that the specific emotion of happiness mediates the effect of the treatment, after
controlling for some measures of previous exposure to poverty. Happiness mediates nearly
27% of the total effect in one specification, but this mediating effect disappears once we
control for the degree of prior exposure to poverty, indicating that the effect is not robust.
Finally, we find no evidence that the emotions sadness, scare, disgust, surprise or anger
mediate the treatment difference.

Table 2.10: Mediation Analysis Table for the Physiological Variables of Happiness and
Emotional Valence

(1) (2) (3)
Performance Performance Performance

Mediator: Ai = Happiness
δ̂i (Mediation Effect) -.519 -.655∗ -.564

γ̂i (Direct Effect) -.985 -.979 -1.149

Total Effect -1.504 -1.635 -1.714
Mediator: Ai = Valence
δ̂i (Mediation Effect) -.395 -.422 -.369

γ̂i (Direct Effect) -1.093 -.948 -1.336

Total Effect -1.487 -1.370 -1.705
Wealth NO YES YES
Previous Exposure NO NO YES
Observations 620 620 620
Note: This table presents the average of 100 draws of a Monte Carlo Simulation using
the sampling distribution of α̂2β̂1 and α̂1 which are estimated through multiple Least
Squares of the system of models composed by Ai = β0 + β1Povertyi + CXi + εi1 and
Performancei = α0 + α1Ti + α′2Ai +DX ′i + εi2. Performancei is the number of sliders
per round. Ai is the guilt scale. Ai is the Happiness measured by facereader at the top
panel and Valence as measured by facereader at the bottom panel. Previous Exposure
is a variable that captures whether the subject traveled and/or lived in a poor country.
Wealth is a variable that captures whether the subject’s parents had more than 3 cars
and/or more than 2 real estate properties. Clustered standard errors at the individual
level. *p<0.1;** p<0.05; ***p<0.01.
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2.6 Conclusion

In this paper, we have presented evidence consistent with the notion that the affective state
associated with exposure to the poverty of others can decrease individual productivity. We
required participants in our study to view a video and then had them perform a task that
required effort and concentration. In the Poverty treatment, the video exposed participants
to images of poverty, and in the control treatment, a neutral video was shown instead.
Subjects assigned to the Poverty treatment exhibited lower average productivity compared
to subjects that were in the Neutral condition.

The Poverty video induces a more negative emotional state on the part of viewers, as
measured both by self-reports and facial recognition software. The Poverty video increases
the self-reported levels of some emotions that form components of a positive scale, atten-
tiveness, but we do not view this as a positive emotional state, as for example we would
view joy or satisfaction. Poverty does not increase the physiological measures of positive
emotions registered with Facereader. The affective states measured on the PANAS scales
of attentiveness, guilt, and hostility are greater under the Poverty than under the Neutral
treatment. The facial recognition software reports that the Poverty video evokes greater
fear and sadness than the Neutral video. These patterns show that (i) exposure to poverty
of others, (ii) own emotional state, and (iii) own productivity, are related.

A moderation analysis allows us to consider who is more susceptible to the treatment
effect. It reports that those who score higher on the Joviality scale after viewing a video
exhibit a smaller difference between the two treatments. Similarly, the physiological data
indicate that those in a more positive emotional state after watching the video are less
susceptible to the treatment effect. This pattern suggests that an overall positive emotional
state is a buffer against the adverse consequences of exposure to poverty of others.

A mediation analysis allows us to investigate the causal nature of these relationships. We
conclude that the treatment effect of the Poverty video is mediated by self-reported measures
of attentiveness. Specifically, those paying relatively more attention to the Poverty video,
experience lower subsequent productivity. However, those who seem to avert their attention
when being exposed to poverty experience a less detrimental impact from the exposure. This
finding is in line with those of Shah et al. (2012) and Mani et al. (2013), in which individuals
in the state of poverty exhibit an impediment in their cognitive function, something that the
authors describe as “tunneling”. In our framework we provide evidence that exposure to the
poverty of others diverts individuals’ attention, and this in turn decreases their performance
in a subsequent productive task.

We view our study as a proof of principle, illustrating that mere exposure to the poverty
of others can lead to a decrease in productivity. We have shown that very brief low-intensity
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exposure can have an effect on a task performed immediately after the exposure. We do not
know for sure what would be the effect on productivity if the length and intensity of exposure
were both increased to the scales that exist in developing countries or in underprivileged
neighborhoods outside the laboratory. However, we conjecture that a more long-lasting
exposure to poverty, which arguably implies that the observer is more acquainted with the
traumatic experiences, the frustrations, and the emotions of the poor, would strengthen the
treatment effect. In light of mirror neurons (Keysers and Gazzola, 2010), a stronger exposure
to poverty increases the possibility that the observer evokes the negative emotions that
poverty delivers, which in turn worsen decision making and decrease performance (Haushofer
and Fehr, 2014; Preston and de Waal, 2001). Alternatively, being more acquainted to the
situation of the poor, increases the aversion that person would feel when performing a task
that improves his position, and not that of the poor (Fehr and Schmidt, 1999). Moreover,
inasmuch as longer and stronger exposure to poverty delivers more information about the
experiences and frustrations of the poor, then one could expect that the main channel
through which the treatment effect takes place, theinattention on the task, to be higher
Mani et al. (2013).

Alternatively, individuals can engage in strategies when they are aware that exposure
to poverty induces negative emotional valence and has a detrimental effect in productiv-
ity. These constitute among others self-serving beliefs about social justice Babcock and
Loewenstein (1997), that serve the individual a rationale for their advantageous position in
the society (e.g. strongly believing in meritocracy), and may lessen the treatment effect of
exposure to poverty. Whether the effect of mere exposure to poverty of others would be
strong and durable enough to have a long-term effect on work performance remains to be
established in future research.

It would be interesting to study the effect of other videos that evoke strong emotions on
productivity. They may have a similar effect on output as the video we chose because they
induce similar emotions. However, the fact that we also observe a direct effect of our Poverty
video on productivity means that emotions are not the only channel whereby the video is
exerting its effect. There is a specific effect of the content of the video, once emotions are
controlled for. It is certainly possible, and perhaps likely, that videos with different content
would also induce a direct effect on productivity. It is certainly not the case that exposure
to poverty is the only type of exposure that would have an effect of output. We make no
claims that exposure to poverty is the only potential cause of low productivity, there are
certainly many influences on productivity, and some of these presumably have emotional
substrates as well.

The task that subjects have to perform in our experiment is one that requires attention
and focus, has a repetitive aspect, and is the monetary incentives from it are only beneficial
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for the subject. In light of the theories of impure altruism (Andreoni, 1989, 1990), and
inequity aversion (Fehr and Schmidt, 1999), we conjecture that a task whose output would
directly improve the conditions of individuals in the state of poverty, would yield higher
effort from the part of the participants assigned to Poverty. Experimental evidence from
modified dictator games and ultimatum games supports the notion that subjects would
transfer a higher amount of their wealth to recipients that have lower wealth positions
(Chowdhury and Jeon, 2014; Engel, 2010; Konow, 2010). Future studies could determine
whether the same results hold for tasks that directly benefit poor people or tasks that
require a stronger application of cognitive abilities. Additionally, the subject pool in this
experiment was composed by university students who may have a higher or lower proclivity
to be affected by images of poverty than other populations. Further studies could explore,
by varying the characteristics of the sample of subjects, which societal groups might be
more or less affected to the exposure of poverty.
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Appendix

2.A Experimental instructions

This is an experiment in the economics of decision-making. The instructions are simple and
if you follow them carefully you might earn a considerable amount of money, which will be
paid to you via Bank transfer at the end of the experiment. The amount of payment you
receive depends on your decisions. The currency used in the experiment is Euros.

Once the experiment has started, no one is allowed to talk to anybody other than the
experimenter. Anyone who violates this rule will lose his or her right to participate in this
experiment. If you have further questions when reading these instructions please do not
hesitate to raise your hand and formulate the question to the experimenter.

What do you have to do? First we would like you to watch a video clip. The video will
be displayed in your computer screen. Please make yourself comfortable: the clip will last
about 10 minutes and I will have more instructions for you afterwards. Don’t forget to use
the provided headphones.

[10 minutes: Video]

Thanks for watching, please fill out questionnaire 1 in and answer it to the best of your
ability. When you are all done we will move to the next stage.

For the next task we will ask you to move your keyboard far from your reach. Now, you
will have ten rounds of two minutes each to position 48 sliders at the exact middle using
only the mouse. This is, you need to use the mouse to move the indicator of the slider until
the digit located at the right is 50. You will be paid 10 cents per correctly positioned slider.
Using the keyboard to complete the task is forbidden, anyone using the keyboard will be
asked to leave the room. An example is provided

35
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Please fill in the last questionnaire, answer as truthfully as you can and feel free to raise
your hand if anything is unclear. Please note that as with the rest of your input today,
your questionnaire answers are entirely anonymous: we will only link your answers to the
specific computer ID which you were randomly allocated at the start of today’s proceed-
ings. I would also like to stress that your payment does not depend upon your questionnaire
answers. When you are done with the questionnaire please save the document.

[Untimed (allow around 10 minutes): Questionnaire]

I will ask you to remain seated since you will need to sign a receipt for your pay-
ments.Many thanks for taking part in today session.

2.B PANAS Questionnaire

This scale consists of a number of words that describe different feelings and emotions. Read
each item and then list the number from the scale below next to each word. Indicate to
what extent you feel this way right now, that is, at the present moment

Scare: 1 - Very Slightly, 2- A little, 3- Moderately, 4 -Quite a bit 5- Extremely

1. Interested : 1 2 3 4 5
2. Distressed : 1 2 3 4 5
3. Excited : 1 2 3 4 5
4. Upset: 1 2 3 4 5
5. Strong : 1 2 3 4 5
6. Guilty : 1 2 3 4 5
7. Scared : 1 2 3 4 5
8. Hostile : 1 2 3 4 5
9. Enthusiastic : 1 2 3 4 5
10. Proud : 1 2 3 4 5
11. Irritable: 1 2 3 4 5
12. Alert: 1 2 3 4 5
13. Ashamed : 1 2 3 4 5
14. Inspired : 1 2 3 4 5
15. Nervous : 1 2 3 4 5
16. Determined : 1 2 3 4 5
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17. Attentive: 1 2 3 4 5
18. Jittery : 1 2 3 4 5
19. Active: 1 2 3 4 5
20. Afraid : 1 2 3 4 5

2.C Survey of Socio-Economic Status

1. Gender: M F

2.Age:

3. Actual Education Degree: Bachelor Master

4. Do you come from a rural area?: Y N

5. How do you finance your studies? Scholarship , Loan , Parents , Side Job, Other.

6. In which country where you born?

7. Have you ever lived in a developing country? Y N

7. How long have you lived in a developing country (years)?

8. Have you traveled to a developing country? Y N

9. How many times have you traveled to a developing country?

10. Have you ever worked for a charity organization that helps poor people? Y N

11. How many real estate properties do your family own?

12. What is the highest degree that your father achieved? Elementary School , High
School , University, Master, PhD.

13. What is the highest degree that your mother achieve dElementary School , High
School , University, Master, PhD.
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14. How many cars do your parents own?

15. What is the current labor status of your father: Unemployed, Self-Employed, Par-
time, Employed, Fulltime Employed, Retired.

16. What is the current labor status of your mother: Unemployed, Self-Employed,
Partime, Employed, Fulltime Employed, Retired.



Chapter 3

Social Status and Economic
Performance

“This disposition to admire, and almost to worship, the rich and powerful, and to despise
or, at least, neglect persons of poor and mean conditions, [...] is, at the same time, the
great and most universal cause of the corruption of our moral sentiments.’-Adam Smith,
The Theory of Moral Sentiments

“Die Menschen machen ihre eigene Geschichte, aber sie machen sie nicht aus freien
Stücken unter selbstgewählten, sondern unter unmittelbar vorhandenen, gegebenen und über-
lieferten Umständen.”-Karl Marx, Der 18te Brumaire des Louis Napoleon.

3.1 Introduction

Some of the world’s most developed economies exhibit acute levels of income inequality
in the last decades (Piketty, 2014; Piketty and Saez, 2006, 2003). Even though this is
an undesirable phenomenon from an economic standpoint, it is expected to persist due to
the recent empirical evidence that suggests that these countries exhibit low social mobility
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rates (Chetty et al., 2014; Piketty and Saez, 2014).1 This paper proposes a novel mechanism
with the potential to explain this rise in income inequality. The mechanism underscores
the importance of the psychological mindset induced by social status and its influence on
individual achievement. Specifically, it states that lower social status, above the material
conditions that it imposes, leads to lower scores on psychological constructs that are deter-
minant to economic success. Note that the mere existence of this mechanism entails that
the starting position of a person in a society, determines her economic outcomes later on in
life, even when she has the skills to improve this outcome.

The idea that a person’s standing on the society relates to her economic success in
life is not novel, and has been widely studied (Chetty et al., 2014; Black and Devereux,
2011; Solon, 1999). Diverse mechanisms have been proposed to account for this relation-
ship, inasmuch as belonging to a household with high socio-economic status grants better
access to determinant economic factors, such as, denser economic networks (Granovetter,
2005; Podolny and Morton, 1999), better education (Fershtman and Murphy, 1996), better
healthcare (Deaton, 2003), and greater access to credit (Okten and Osili, 2004; Uzzi, 1999).
Standard economic theory states that, when desirable, governments can regulate or guar-
antee the correct functioning of the markets for credit, education, and healthcare, to help
the disadvantaged.

However, could a person’s standing on the society shape determinants that markets
cannot correct? the proposed mechanism goes to the heart of this possibility. It formulates
that social status, shapes psychological constructs that are significant to an individual’s
economic success, and more importantly, that markets for goods and services alone cannot
fully dispose these states. This idea is inspired by a number of papers in sociology that
explore the psychological effects of social status (Adler et al., 2000; Kessler, 1979), the
literature in economics that studies the effect of aspirations, self-confidence, and ego on
motivation (Dalton et al., 2016; Köszegi, 2006; Compte and Postlewaite, 2004; Benabou
and Tirole, 2002), and the literature of self-fulfilling prophecies in economics (Kohei and
Itoh, 2005; Piketty, 1998; Azariadis, 1981; Merton, 1948)

I focus on psychological constructs that reflect the individual’s beliefs about their capac-
ities to achieve an outcome. These constructs are relevant inasmuch as they influence the
actual capacity of these individuals to achieve economic goals (Bandura, 2006; Luszczynska
et al., 2005). Particularly, I study the variation of aspirations, self-esteem, and self-efficacy
(e.g. the confidence in one’s ability to achieve intended results) with variations on an in-
dividual’s social status. The conjecture that social status affects these constructs, stems

1There is evidence that high income inequality is undesirable for an economy, given that it hinders
economic growth (Easterly, 2007; de la Croix and Doepke, 2003; Alesina and Rodrik, 1994), have a negative
effect on health indicators (Pickett and Wilkinson, 2015), relate positively to crime rates (Kang, 2016), and
diminish trust among the members of the society(Uslaner and Brown, 2005).
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from the notion that they represent the individual’s perception of social factors that are
external to the individual (Bandura, 2001, 1988, 1977). I expect this effect to be stronger
in societies in which there is a deep-rooted belief that the system that assigns social status
is meritocratic (Kunovich and Slomczynski, 2007).

Throughout the paper, social status is defined the rank of an individual or group within
a society(Ridgeway and Walker, 1995). To test the existence and reach of the proposed
mechanism, I study the effect of an individual’s position in a society at the outset of a time
span, namely her initial rank, on the economic outcomes at the end of such span. An effort
is devoted to take into account confounding factors that are entailed by initial social status,
such as material (dis)advantage, initial cognitive skills, (dis)advantageous environments,
and motivation. Standard economic models predict that under these conditions, this effect
is inexistent: lower rank, without embedding economic disadvantages, has no influence on
the individual’s skill and motivation to attain an economic outcome.

With this prediction in mind, I analyze data from two settings. In the first one, I use
survey data from a cohort study to study how a respondent’s educational aspirations and
self-esteem at a young age, vary with her socioeconomic status at birth, and how variations
in these psychological constructs influence her educational attainment at an adult age.
Possible confounding factors such as differences in academic skills, academic motivation,
and environments are controlled for. To complement this study, I run an analogous test
in the laboratory. At the risk of losing external validation, I create social status in the
laboratory, and assign it to the participants randomly. I evaluate how the assignment to a
social status has an effect on the participants’ confidence to solve a task, and their actual
performance on it.

The results of the two settings demonstrate that lower social status, leads to lower edu-
cational attainment and lower performance, above and beyond the material disadvantages
that lower social status entails. Moreover, psychological variables related to individual per-
formance, such as educational aspirations, and confidence in tasks, drive this effect. Hence,
the psychology induced by the social rank of the individual is powerful enough to dictate
her economic outcomes. These results suggest that societies with institutions promoting
class discrimination or intergenerational inequality, may exacerbate income inequality more
than previously suggested.

Section 3.2, uses survey data from the 1970 British cohort study, to investigate the
influence of a respondent’s socio-economic status at birth on educational aspirations and
self-esteem at a young age, and how the relationship between these variables affects economic
success at an adult age. I find that individuals that were born in households with higher
socio-economic status, set higher aspirations, and have higher self-esteem, even when taking
into account differences in academic abilities, academic motivation or differences in career
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orientation. for academic abilities and academic motivation. Moreover, the analysis shows
that higher aspirations translate into higher chances of individual achievement at an adult
age.

Even though the empirical analysis of the cohort study supports the existence of the
proposed mechanism, the interpretation of the coefficients as marginal effects may be in-
correct due to problems associated to survey data and its analysis: measurement error in
some variables and model specification. Section 3.3 describes the design of a laboratory
experiment, which has the purpose of complement the results described in Section 3.2, and
address these problems. In the experiment, subjects are assigned to one of two treatments:
the high status treatment and the low status treatment. A cognitively challenging task, the
Progressive Ravens Matrices test, is implemented before and after the status assignment
took place. The first implementation serves to classify the participants according to their
ability to solve the task. The second implementation measures performance after social
status is assigned, and when performance in this task entails financial incentives.

Section 3.5 presents the results of the experiment. The primary finding is that subjects
assigned the high status treatment, perform at least as well as subjects with comparable
skills in the low status. The result is more steep for subjects with low ability in the task,
who perform better under the high status. These results are in line with the proposed
mechanism where social status, influences the subjects’ confidence on the task, which in
turn triggers higher performance.

Section 3.6 analyzes the influence of social status on the participants’ confidence. During
the experiment, subjects were asked to state their beliefs about how good they expect to
perform in the task. I find that high social status leads to subjects to set beliefs that are
at least as high as subjects with similar skills on the task, but assigned to the low status.
Again, this result is more pronounced for low types, who exhibited significantly higher
beliefs when assigned the high status. These results suggest that social status induces belief
differences that lead the performance differences observed in section 3.4.

As a robustness test an additional experiment is conducted, and the design of such
experiment presented one variation with respect to the original one: high status was assigned
only to high ability subjects. Under these conditions, one expects that if the proposed
mechanism is leading the results of section 3.5, the initial performance differences between
high and low ability subjects should be maintained through the experiment. The data
confirms that high ability participants outperform low ability participants throughout the
experiment.

This paper contributes to several strands of literature, first it adds to the literature
that investigates the relationship between social status and performance. Most research on
this topic focuses on the role of status as an incentive, offered to the worker as a comple-
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ment to her monetary payment, and determined by a contest based on performance. These
incentives have proven to deliver higher performance as compared to settings that only
offer standard incentives (Besley and Ghatak, 2008; Auriol and Renault, 2008; Moldovanu
et al., 2007; Charness et al., 2014; Kuhnen and Tymula, 2012; Azmat and Iriberri, 2010;
Neckermann et al., 2014; Kosfeld and Neckermann, 2011). In stark difference with this
literature, I abstract from environments that involve contests for status, and restrict my
analysis to the influence of initial status on performance in tasks, and educational attain-
ment. Nonetheless, my results stress a caveat for the implementation of status incentives:
a worker’s initial standing or perceived standing may influence her later performance, and
using status incentives may worsen these initial differences.

Second, it contributes to the literature that studies the effect of social status on economic
decision making in experimental settings. The experimental protocol presented in this paper
is based on the design of Eckel and Ball (1996), also implemented by Eckel and Wilson
(1998), Ball et al. (2001), Kumru and Vesterlund (2010), and Eckel et al. (2010). As in
Eckel and Ball (1996), I induced a status differential that consists on the distribution of a
non-monetary item and the recognition of peers, given to half of the subjects. In contrast
with the current literature, the design of this study aims at identifying the causal effect of
status assignment on performance. To that end, I employ a the Raven’s test before and after
the assignment of status. To my knowledge this is the first study that uses this protocol to
test how this status differential affects performance.

Third, it relates to the literature of self-confidence in economics, the data shows that
social status leads to higher educational aspirations, and higher confidence to solve the task
in the experiment. These results can be interpreted as individuals using high social status to
maintain high confidence levels, a practice that according to Compte and Postlewaite (2004),
Mobius et al. (2014), and Köszegi (2006), yields utility gains. However, note that engaging
in this practice requires a degree of self-deception as in Benabou (2015), and Benabou and
Tirole (2002), so that initial social status can be internalized by the individual as a signal
about his capacity to perform.

Finally, it adds to the recent literature that studies the reach of aspirations in eco-
nomics,by providing empirical evidence from a cohort study that an individual’s socio-
economic status at birth, affects aspirations, which at the same time have an effect on
the individual’s future outcomes. This is in line with the theoretical findings by Dalton
et al. (2016), that individuals may fail to internalize the reach of aspirations on their future
outcomes, and when in the state of poverty, this failure may worsen their situation, or in
the best of cases make it persistent. Also, I provide empirical evidence of the result by
Genicot and Ray (2017), that aspirations are influenced by social outcomes, external to
the individual, and that these aspirations and economic outcomes evolve jointly. Finally,
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as in Besley (2016), I provide evidence that aspirations can be formed at the household
level, which contradicts Bogliacino and Ortoleva (2013) in that aspirations can differ across
income partitions.

The most closely related study is that of Hoff and Pandey (2006). Their experimental
design investigates the influence of discrimination on economic achievement. The exper-
iment takes place in North India, and uses an already occurring status differential: the
Indian caste system. Their main result is that low caste subjects, exhibit lower perfor-
mance in a treatment in which castes are salient. My study is different, in that in the
experiment I induce a status hierarchy instead of using an occurring one, this guarantees
that the results are not driven by stereotype threat or cultural considerations. Moreover,
I focus on psychological measures that are determinant to performance and that may be
shaped by status, such as aspirations in the survey study and beliefs about performance in
the experiment. Finally, I am interested in the formation of aspirations and self-confidence
in settings in which individuals are able to achieve any economic outcome, this is not a
characteristic of the indian caste system, where economic performance is restricted on the
basis of caste.

3.2 Survey Evidence

In this section, I use survey data to investigate the existence of the proposed mechanism.
I use data from a cohort study, which allows me to analyze the effect of the respondent’s
early conditions in life, on her economic achievement at an adult age. The empirical analysis
shows that the lower is the respondent’s social status at birth, the lower are his educational
aspirations and self-esteem, and that her attained social status decreases with these varia-
tions on the psychological constructs.

I use data from the British Cohort Study, which collects data of individuals born in
the United Kingdom during a particular week in April 1970. There are eight sweeps in the
study, that attempt to trace all the members of the birth cohort. These sweeps correspond
to the years 1970, 1975, 1980, 1986, 1996, 2000, 2004, and 2008. Different methods were
implemented, and different respondents were surveyed in each sweep. For instance, in the
first sweep the parents and the midwife completed a questionnaire, while the teachers,
parents, and the respondents themselves were not only surveyed in the three subsequent
sweeps, but also asked to complete tests. Finally, in the sweeps 2000, 2004, and 2008 the
respondent was surveyed and asked to complete psychological and psychiatrical assessments.

For the purposes of this paper, I employ the sweeps corresponding to the years 1970,
1975, 1980 1986, and 2008. I use the social status of the respondents at birth, this is in
1970, and their achieved social status in 2008, when they reached the age of 47. The goal is
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to evaluate the influence of status at birth on their achieved social status, and focus only on
the role of psychological constructs that reflect the respondent’s beliefs about their ability.
To that end, I build two variables using the 1986 sweep: educational aspirations, or the
expectations and hopes of the individual about the career that she wants to pursue, and
self-esteem, which reflects the self-worth of the respondent. I focus on these variables due
to their documented influence on performance in task, and educational attainment (cite).
Moreover, to account for possible confounding factors, I use control variables in the analysis,
to name a few, I used the mother’s age at first birth, the father’s age at present marriage,
reading capabilities at ages 5 and 10, mathematic abilities at age 10, and the psychiatric
and psychological patterns of the father. Table 3.1 and Appendix A present the descriptive
statistics and descriptions of all the variables used in the analysis.

I first focus in the individuals’ educational aspirations at the age of 16, I am interested on
the average behavior of aspirations with variations on socio-economic status at birth. The
variable “Aspirations” contains information about the individuals’ hopes and expectations
at age 16 about their educational attainment. Table 3.1 shows the descriptive statistics
of this categorical variable, which takes a value of “one” if the individual expressed an
interest in careers that require a university degree such as becoming a doctor, a lawyer, or
an engineer, “two” if expressed interest in professional careers with a focus on management
and administration, “three” if expressed interest in careers that require technical education,
“four” if expressed interest in careers with vocational education, and “five” if expressed
interest in careers that do not require any further education. Additionally, the variable
“SESparents” captures the socio-economic status of the individual at the moment of birth,
as reflected by the educational attainment of the most educated parent. This categorical
value has also a range from one to five, and just like the variable Aspirations their categories
reflect whether the parents had a professional education, technical education, vocational
education, or no further education.

I regress Aspirations on SESparents, and include control variables that take into account
factors that may affect educational aspirations, but that are not of the interest of this paper.
The estimates of the ordered logistic regression are presented in Table 3.2. On average,
worsening the social status at birth of the average individual one category, leads to 3.8%
lower probability that she aspires to the highest educational category. Similarly, worsening
the social status of the average individual one category, leads to 1.3% lower probability that
she aspires to the second highest category. These results suggest that lower social status
at birth, decreases the chances that the respondent sets educational aspirations to pursue a
professional career. This effect takes place, even when differences in academic motivation,
academic skill, and career counselling are accounted for.

We are now in the position to investigate the influence of the aforementioned effect
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Table 3.1: Descriptive statistics main variables

Variable Sweep Type Mean SD Median Max. Min N
SES parents 1970 Categorical 3.068 0.873 3 5 1 17061
Aspirations 1986 Categorical 2.613 1.282 3 5 1 4725
Self-esteem 1986 Continuous 8.470 8.234 9 24 0 22712
SES adult age 2004 Categorical 2.6776 0.831 3 5 1 9071
Age father present marriage 1970 Continuous 23.636 4.962 22 65 6 11480
Age mother first birth 1970 Continuous 22.148 4.032 22 47 12 17078
Gross Income Parent 1980 Categorical 2.6122 1.993 3 8 -1 14875
Female 1970 Binary 0.526 0.499 1 1 0 8874
Academic Abilities
Standarized Reading test 1975 Continuous -.231 0.972 -.21 1.91 -2.95 13135
Standarized Reading test 1980 Continuous -.342 0.9403 -.76 1.95 -3.23 14875
Mathematics test Score 1980 Continuous 34.154 21.521 40 72 1 14875
Psychologic Measures
Father’s Behavior Test 1986 Continuous 378.61 253.98 379 1854 -2 14875
Father’s Psychiatric Test 1986 Continuous 426.69 314.45 410 2154 -2 14875
External Locus of Control 1986 Continuous 3.775 3.948 3 14 0 22712
Note: This table presents the averages, standard deviations, medians, maximum value and minimum value of the main variables used in the analysis.
“SES parents” captures the educational attainment of the parents. The variable attains the values: 1 if parents have professional occupations such as
lawyers, university teachers, doctors, and engineers, 2 if parents have professional careers as managers or administrators, 3 if the parents have manual and
non-manual skilled occupations including shop assistants, clerical workers, mechanics, craftsmen, etc., 4 if the parents are semi-skilled workers including
operators,postmen, storekeepers, porters, etc., 5 if the parents are unskilled workers, such as cleaners, dustmen, and laborers.“Aspirations ” captures the
educational expectations of the respondent at the age of 16, this variables attains the values: 1 if expects to have a professional occupation such as
lawyer, university teacher, doctor, and engineer, 2 if expects to have professional careers as manager or administrator, 3 if expects to have a manual and
non-manual skilled occupation including shop assistants, clerical workers, mechanics, craftsmen, etc., 4 if expects to be a semi-skilled workers including
operators, postmen, storeeepers, porters, etc., and 5, if she expects to be an unskilled worker, such as a cleaner, dustmen, or laborer. “SES adults, captures
the educational attainment of the respondents. The variable attains the values: 1 if achieved professional occupations such as lawyers, university teachers,
doctors, and engineers, 2 if achieved professional careers as managers or administrators, 3 if achieved manual and non-manual skilled occupations including
shop assistants, clerical workers, mechanics, craftsmen, etc., 4 if respondent achieved to be semi-skilled workers including operators,postmen, storekeepers,
porters, etc., 5 if respondent achieved to be unskilled workers, such as cleaners, dustmen, and laborers.“Gross income of the parents ” captures the weekly
income of the family in 1980, it takes a value of 1 if more than 250 pounds, 2 if between 200 and 249 pounds, 3 if between 150 and 199 pounds, 4 if between
100 and 149 pounds, 5 if between 50-99 pounds, 6 if between 35 and 49 pounds, 7 if under 35 pounds, and 8 if refused to answer. “Standarized reading test
1975” captures the standarized score of the english picture vocabulary test score. “Standarized reading test 1980” captures the standarized score of the
Edinburgh reading test score. “Mathematics test Score” is the standarized score of the Friendly Maths test score. “Father’s behavior Test” is the score of
the father, or mother if father absent, on the Rutter behavior test, “Father’s psychiatric test” is the score of the father, or mother if father absent, on the
Malaise. “External Locus of Control” presents the score of the CARALOC survey, higher values of the survey represent higher external locus of control.
Female captures the gender of the respondent, it takes a value of 1 if the respondent is a female.
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Table 3.2: Determinants of Aspirations
(1) (2) (3) (4)

Aspirations Aspirations Aspirations Aspirations
SES parents 0.396∗∗∗ 0.309∗∗∗ 0.247∗∗∗ 0.216∗∗∗

(0.046) (0.047) (0.048) (0.049)
Gross Income 0.141∗∗∗ 0.124∗∗∗ 0.106∗∗∗ 0.096∗∗∗

(0.022) (0.023) (0.022) (0.023)
Mother’s age at First Birth -0.031∗∗∗ -0.027∗∗∗ -0.017∗∗ -0.014

(0.008) (0.008) (0.009) (0.009)
Father’s age at Marriage -0.004 -0.002 -0.003 -0.003

(0.004) (0.004) (0.004) (0.004)
Female -0.295∗∗∗ -0.268∗∗∗ -0.262∗∗∗ -0.279∗∗∗

(0.077) (0.079) (0.085) (0.099)
Standarized Reading 1975 0.094∗∗ 0.085∗∗ 0.084∗∗

(0.040) (0.041) (0.042)
Mathematics test -0.001 -0.006∗ -0.003

(0.003) (0.003) (0.003)
Standarized Reading 1980 -0.491∗∗∗ -0.302∗∗∗ -0.281∗∗∗

(0.057) (0.060) (0.061)
Father’s Behavior test -0.001 -0.001 -0.000

(0.000) (0.001) (0.001)
Father’s Psychiatric test 0.002∗∗ 0.001 0.002∗

(0.001) (0.001) (0.001)
External Locus -0.020 -0.007 0.010

(0.016) (0.016) (0.015)
Self-Esteem 0.021∗∗ 0.018∗∗

(0.009) (0.009)
Self-reported skills NO NO YES YES
School Motivation NO NO YES YES
Self-reported soft skills NO NO NO YES
Career information and expectations NO NO NO YES
Country Fixed effects YES YES YES YES
Region Fixed effects YES YES YES YES
γ1 -0.702∗∗ -0.695∗∗ -0.829 -0.638

(0.311) (0.352) (0.532) (0.595)
γ2 -0.009 0.036 -0.024 0.189

(0.310) (0.351) (0.533) (0.596)
γ3 2.023∗∗∗ 2.148∗∗∗ 2.254∗∗∗ 2.505∗∗∗

(0.315) (0.357) (0.539) (0.601)
γ4 2.426∗∗∗ 2.558∗∗∗ 2.676∗∗∗ 2.930∗∗∗

(0.318) (0.360) (0.541) (0.602)
N 2583 2583 2583 2583
Note: This table presents the estimates of the ordered logit regression of the model Aspirationsi = α0 + α1SESparentsi +
Controls′Γ + εi with εi ∼ logistic. “Aspirations” captures the educational aspirations of the respondent, being 1 the highest
aspiration level, and 5 the lowest aspiration level. “SES parents” represents the educational achievement of the parent’s when the
respondent was born, 1 is the highest educational achievement, and 5 is the lowest achievement. γ1, γ2, γ3, and γ4 represent the
estimated cut-off levels of the model. Robust standard errors presented in parentheses. *** denotes significance at the 0.01 level, **
denotes significance at the 0.05 level, * denotes significance at the 0.1 level.
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on economic success. To that end, I employ the categorial variable “SESadult’ ’, as an
account of economic achievement. This variable captures the socio-economic status of the
individual at age 47, as reflected by the respondent’s attained level of education. Again, this
is a categorical variable has five categories, and attains a value of “one” when the respondent
achieved a university degree to become a doctor, lawyer or engineer, and a value of “five”
when the respondent did not complete studies further than high school. I regress SESadult
on Aspirations, SESparents, and control variables that capture differences in academic skills
at an early age, psychiatric and behavioral measures of the parents, motivation at school,
quality and type of career counselling, perceived soft-skills, parent’s age at birth, gender,
country at birth, and region at birth.

Table 3.3 presents the main estimates of the ordered logit regression. The statistical
models (1) and (3) consider the average effect of Aspirations and SESparents on their
own, while the statistical models (2) and (4) consider the effect of the interaction of these
categorical variables. The estimates of models (1) and (3) suggest that aspirations and
social status at birth, on their own, have a positive relationship with economic achievement.
Specifically, worsening the aspirations of the average individual one category, leads to 1.7%
lower probability that she attains the highest status. Additionally, worsening one category
the social status at birth of the average respondent, leads to 94 less percentage points that
she achieves the highest social status.

Furthermore, the marginal effects of the estimates of models (2) and (4) confirm the
aforementioned result when the interaction between aspirations and social status is allowed.
For a respondent with average characteristics, reducing aspirations yields lower chances that
she achieves high status. For instance, even reducing aspirations from the first category to
the second, leads to 5.4% less chances to achieve the first social-status category. This effect
becomes stronger when the aspirations are even further reduced. Moreover, the effect of
social status at birth is less pronounced, only reducing social status at birth from the 4th to
the 5th category reduces by 20% the chances that she achieves the highest status category.

Altogether, these findings suggest that individuals that are born in households with less
educated parents, set lower educational aspirations as compared to individuals with similar
abilities, but born in a household with more educated parents. Additionally, lower aspira-
tions translate into lower chances of economic achievement, as captured by the individual’s
educational attainment at an adult age. This result is related to Dalton et al. (2016), in
that an individual may have the capacities to set higher aspirations, but because she fails
to internalize how aspirations and economic achievement are related, she ends up setting
aspirations that are lower than those that correspond to her abilities. This is specially
damaging for the individuals with low status, who find themselves locked in a vicious cir-
cle of low aspirations and low achievement. Also it is related to Genicot and Ray (2017)
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in that social-status and aspirations evolve together, this is, social status at birth has an
influence on aspirations, which at the same time determines the economic outcomes of the
individuals.

Now I proceed to study the psychological variable that captures the respondent’s self-
esteem at a young age. The continuous variable “Self-esteem”, was constructed using the
LAWSEQ questionnaire, answered by the respondent at the age of 16. Table 3.1 presents the
descriptive statistics of Self-esteem, note that higher values of this variable represent higher
self-esteem. As in the analysis of aspirations, I am first interested on the average effect of
changes in social status at birth, on self-esteem. Hence, I run a regression of Self-esteem on
SES parents, and control variables. Table 3.4 presents the estimates of the ordinary least
squares regression, which shows that lower social status, leads to lower self-esteem when
mathematic skills, reading skills, external locus of control, and behavioral and psychiatric
measures of the father are not included; however, when these variables are included, this
effect reverses: higher social status decreases self-esteem. This sign change across the
statistical models, suggests that self-esteem increases through the higher mathematical sills
and higher internal locus of control delivered by higher social status. When these differences
are accounted for, higher social status decreases self-esteem.

I investigate the influence of changes in self-esteem and social status at birth, on eco-
nomic achievement. Table 3.5, presents the estimates of an ordinary least squares regression
of the respondent’s status as an adult on status at birth, self-esteem, and control variables.
Model (1) shows that, higher self-esteem on its own leads to higher economic success. Model
(2) shows that this is only true for households with higher social status, households with
lower social status do not have a positive effect of self-esteem on economic achievement.
In contrast, model (3) shows that once all the controls are included, higher self esteem
on its own is detrimental to economic success. Model (4) shows that this is especially
true for low economic status households. The difference across models is in line with the
result that self-esteem is fed through higher academic skills and higher internal locus of
control, these properties also correlate positively with higher educational attainment. Once
these byproducts of higher initial status are accounted for, self-esteem is detrimental to
economic-achievement, especially for those with lower initial social-status.

This empirical analysis delivers two conclusions. First, lower initial social status de-
creases the respondent’s average level of aspirations and self-esteem. This effect takes place
above and beyond differences in family income, academic skills, motivation at school, ca-
reer orientation quality, and better household environment from belonging to different status
class. Second, educational attainment decreases when aspirations and self-esteem decrease;
however, for the case of self-esteem this effect takes place through the higher academic
abilities and lower external locus of control delivered by higher initial status.
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Table 3.3: Interactions: Determinants of Socio-Economic Status
(1) (2) (3) (4)

SESadult SESadult SESadult SESadult
Aspirations 0.561∗∗∗ 0.377∗∗∗

(0.041) (0.045)
SES parents 0.309∗∗∗ 0.209∗∗∗

(0.053) (0.057)
Gross Income 0.100∗∗∗ 0.090∗∗∗ 0.068∗∗∗ 0.061∗∗

(0.026) (0.026) (0.026) (0.026)
Mother’s age at First Birth -0.034∗∗∗ -0.033∗∗∗ -0.020∗ -0.019

(0.012) (0.012) (0.012) (0.012)
Father’s age at Marriage -0.002 -0.003 -0.002 -0.002

(0.005) (0.005) (0.005) (0.005)
Female 0.494∗∗∗ 0.419∗∗∗ 0.329∗∗∗ 0.257∗∗

(0.088) (0.093) (0.119) (0.121)
Standarized Reading 1975 -0.120∗∗ -0.132∗∗∗

(0.048) (0.049)
Mathematics -0.004 -0.003

(0.004) (0.004)
Standarized Reading 1980 -0.131∗ -0.104

(0.076) (0.077)
Father’s Behavior -0.001 -0.001

(0.001) (0.001)
Father’s Psychiatric 0.002∗ 0.002∗

(0.001) (0.001)
External Locus -0.049∗∗∗ -0.048∗∗∗

(0.019) (0.019)
Self-esteem 0.030∗∗∗ 0.028∗∗∗

(0.010) (0.010)
Interaction Aspirations*SESparents NO YES NO YES
Self-reported skills NO NO YES YES
School Motivation NO NO YES YES
Self-reported soft skills NO NO NO YES
Career information and expectations NO NO NO YES
Country Fixed effects YES YES YES YES
Region Fixed effects YES YES YES YES
γ1 -0.305 -0.917∗∗ -2.373∗∗∗ -2.749∗∗∗

(0.415) (0.425) (0.754) (0.760)
γ2 2.375∗∗∗ 1.895∗∗∗ 0.557 0.272

(0.417) (0.428) (0.757) (0.763)
γ3 4.864∗∗∗ 4.406∗∗∗ 3.282∗∗∗ 3.009∗∗∗

(0.431) (0.436) (0.762) (0.765)
γ4 7.092∗∗∗ 6.639∗∗∗ 5.602∗∗∗ 5.331∗∗∗

(0.465) (0.470) (0.795) (0.797)
Observations 2034 2034 2034 2034
Note: This table presents the estimates of the ordered logit regression of the model SESadulti = α0 +

α1SESparentsi ∗ Aspirationsi + α2Aspirationsi + α3SESparentsi + Controls′Γ + εi with εi ∼ logistic.
“SESadults” is the educational achievement of the respondent at age 47, with 1 being the highest educational
achievement and 5 being the lowest. “Aspirations” captures the educational aspirations of the respondent, being 1
the highest aspiration level, and 5 the lowest aspiration level. “SES parents” represents the educational achievement
of the parent’s when the respondent was born, 1 is the highest educational achievement of the parents, and 5 is
the lowest achievement of the parents. γ1, γ2, and γ3 represent the estimated cutoff levels of the model. Standard
errors presented in parentheses. *** denotes significance at the 0.01 level, ** denotes significance at the 0.05 level,
* denotes significance at the 0.1 level. Age of the other and Age of the father at birth are not included since their
estimates are close to zero.
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Table 3.4: Determinants of Self-esteem
(1) (2) (3) (4)

Self-esteem Self-esteem Self-esteem Self-esteem
SES parents -0.306∗∗ 0.256∗∗∗ 0.298∗∗∗ 0.279∗∗∗

(0.119) (0.070) (0.075) (0.075)
Gross Income -0.023 0.038 0.028 0.030

(0.054) (0.032) (0.034) (0.034)
Mother’s age at First Birth 0.073∗∗∗ -0.000 -0.013 -0.013

(0.023) (0.013) (0.014) (0.013)
Father’s age at Marriage 0.013 0.011∗ 0.010 0.010

(0.011) (0.006) (0.007) (0.007)
Female -0.547∗∗∗ -0.079 -0.488∗∗∗ -0.492∗∗∗

(0.191) (0.114) (0.124) (0.136)
Standarized Reading 1975 -0.054 -0.060 -0.056

(0.059) (0.062) (0.062)
Mathematics 0.072∗∗∗ 0.154∗∗∗ 0.154∗∗∗

(0.004) (0.005) (0.005)
Standarized Reading 1980 -0.851∗∗∗ -0.881∗∗∗ -0.857∗∗∗

(0.088) (0.095) (0.096)
Father’s Behavior -0.001 -0.001∗∗∗ -0.001∗∗∗

(0.001) (0.0001) (0.0001)
Father’s Psychiatric 0.001 0.001 0.001

(0.001) (0.001) (0.001)
External Locus 1.495∗∗∗ 0.843∗∗∗ 0.845∗∗∗

(0.017) (0.026) (0.026)
Self-reported skills NO NO YES YES
School Motivation NO NO YES YES
Self-reported soft skills NO NO NO YES
Career information and expectations NO NO NO YES
Country Fixed effects YES YES YES YES
Region Fixed effects YES YES YES YES
Constant 12.248∗∗∗ 0.214 2.350∗∗∗ 2.400∗∗∗

(0.843) (0.521) (0.558) (0.573)
R2 0.015 0.656 0.557 0.560
N 6779 6779 5608 5608
Note: This table presents the estimates of the least squared regression of the model Self − esteemi = α0 + α1SESparentsi +
Controls′Γ + εi with corr(εi, Controls) = 0. “Self-esteem” captures the score of the self-esteem questionnaire for the respondent,
higher scores denote higher self-esteem. “SES parents” represents the educational achievement of the parent’s when the responder was
born, 1 is the highest educational achievement, and 5 is the lowest achievement. γ1, γ2, γ3, and γ4 represent the cut-off levels of the
model. t-test with robust standard errors presented in parentheses. *** denotes significance at the 0.01 level, ** denotes significance
at the 0.05 level, * denotes significance at the 0.1 level.
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Table 3.5: Determinants of Socio-Economic Status
(1) (2) (3) (4)

SESadult SESadult SESadult SESadult
Self-esteem -0.007∗∗∗ 0.009∗∗∗

(0.001) (0.003)
SESparents 0.193∗∗∗ 0.122∗∗∗

(0.014) (0.015)
(0.003) (0.004)

SESparents(=2)* Self-esteem -0.017∗∗∗ 0.003
(0.002) (0.003)

SESparents(=3)*Self-esteem -0.007∗∗∗ 0.009∗∗∗

(0.002) (0.003)
SESparents(=4)* Self-esteem 0.004 0.017∗∗∗

(0.002) (0.003)
SESparents(=5)* Self-esteem 0.014∗∗∗ 0.023∗∗∗

(0.004) (0.004)
Gross Income 0.028∗∗∗ 0.034∗∗∗ 0.019∗∗∗ 0.021∗∗∗

(0.006) (0.006) (0.007) (0.007)
Mother’s age at First Birth -0.015∗∗∗ -0.018∗∗∗ -.008 -.009

(0.003) (0.003) ( .003) (.003)
Father’s age at Marriage -0.001 -0.002 0.000 0.000

(0.001) (0.001) (0.001) (0.001)
Female 0.077∗∗∗ 0.078∗∗∗ 0.088∗∗∗ 0.089∗∗∗

(0.022) (0.022) (0.027) (0.027)
Standarized Reading 1975 -0.036∗∗∗ -0.037∗∗∗

(0.012) (0.012)
Mathematics 0.000 0.000

(0.001) (0.001)
Standarized Reading 1980 -0.108∗∗∗ -0.109∗∗∗

(0.018) (0.018)
Father’s Behavior 0.001 0.001

(0.001) (0.001)
Father’s Psychiatric 0.001 0.001

(0.001) (0.001)
External Locus -0.023∗∗∗ -0.023∗∗∗

(0.005) (0.005)
Self-reported skills NO NO YES YES
School Motivation NO NO YES YES
Self-reported soft skills NO NO NO YES
Career information and expectations NO NO NO YES
Country Fixed effects YES YES YES YES
Region Fixed effects YES YES YES YES
Constant 2.392∗∗∗ 2.349∗∗∗ 2.370∗∗∗ 2.262∗∗∗

(0.101) (0.113) (0.119) (0.146)
N 5221 5221 4344 4344
Note: This table presents the estimates of the ordered logit regression of the model SESadulti = α0 +

α1SESparentsi ∗ Self − esteemi + α2Self − Esteemi + α3SESparentsi + Controls′Γ + εi with εi ∼ logistic.
“SESadults” is the educational achievement of the respondent at age 47, with 1 being the highest educational
achievement and 5 being the lowest. “Self-esteem” captures the score of the self-esteem questionnaire for the re-
spondent, higher scores denote higher self-esteem. “SES parents” represents the educational achievement of the
parent’s when the respondent was born, 1 is the highest educational achievement of the parents, and 5 is the lowest
achievement of the parents. γ1, γ2, and γ3 represent the cutoff levels of the model. Standard errors presented in
parentheses. *** denotes significance at the 0.01 level, ** denotes significance at the 0.05 level, * denotes signifi-
cance at the 0.1 level. Age of the other and Age of the father at birth are not included since their estimates are
close to zero.
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At this point, I should make the caveat that the results of this exercise are to be taken
with a grain of salt. Although, a cohort study presents the advantage, with respect to cross-
section data, that it allows the researcher to identify the effects of early life conditions on
economic outcomes, the accurateness of the statistical inference is not guaranteed. There
are several threats to the validity of these models, such as the possibility of measurement
error implicit in survey data, the possibility of omitted variable bias that may be driving
the results, and the possibility of a degree of heteroskedasticity, due to the inexorable
relationship between self-esteem, locus of control, and early life conditions.

The rest of the paper tries to address these issues by studying the effect of social status
on performance in a controlled laboratory experiment. The experiment must be seen as a
complement of these results, and is an attempt to perform an analogous test in a controlled
environment. The experiment allows me to cleanly identify whether the assignment o fa
subject with certain abilities to a higher status, leads to higher performance on tasks, and
higher confidence to solve the task. Although, I lose external validity by replacing long-term
educational achievements with performance in a task, and educational aspirations with the
subject’s degree of confidence to perform in the task, I gain cleanness in the measurement of
the variables of interest, and by running a randomized experiment I do not need to control
for ability variables that may be driving the results.

3.3 Experimental Design and Procedures

Experiment 1

The dataset of this experiment consists of 8 sessions, conducted at CenterLab in Tilburg
University in October 2015. All 136 subjects that took part in the experiment were students
at the university. On average each session lasted one hour. Between 13 and 24 subjects
took part in each session, and no subject participated more than once in the experiment. I
used z-Tree (Fischbacher, 2007) to implement the experiment. Subjects earned on average
11.55 Euros.

The experiment evaluates the effect of social status on a participant’s confidence to
solve a task, and her on it performance. I used the status differential implemented by
Eckel and Ball (1996) and Ball and Eckel (1998), where subjects are assigned to one of
two groups: the High Status treatment, in which a subjects received a medal and social
recognition from their peers, or the Low status treatment, where they did not receive a
medal, nor social recognition. I employed this artificial social status, since it diminishes the
possibility of disagreements that may arise with other naturally occurring status ranks. For
instance, subjects may disagree about the rank of an status allocation based on academic
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performance (which subjects are more relevant for this rank?), gender (which characteristics
make one gender rank higher than the other?), or socio-economic status (I am right now
having similar status than someone else of my age that is working, but I am investing in
education at the moment).

Economic success in the experiment is measured by the subject’s performance in a task.
A cognitively challenging task is chosen, and this should be seen as a restrictive test: is more
difficult for a subject to improve performance in a task that heavily depends on cognitive
skills, rather than in one that only requires effort or attention. The chosen task is the
Raven’s Matrices test, which is a non-verbal test designed to evaluate the reasoning ability
of adults (Raven, 1989). Specifically, I implemented the Advanced Progressive Matrices test
(APM), and the most challenging parts of the Standard Progressive test (SPM), namely
parts D and E. 2

The experiment consisted of two stages, and this was communicated to the participants
as soon as they arrived to the laboratory. The complete instructions can be found in
Appendix B. In the first stage, Set I of the APM was implemented, this set consisted of
12 matrices that had to be completed in five minutes as recommended by Raven (1989).
Although, subjects did not face any monetary incentives in this stage, they were encouraged
by the experimenter to do their best. Once the pre-specified time of this part of the
experiment was over, feedback about performance in the task was given privately. The
stage’s aim was to measure the initial abilities of the subjects in the task.

After completion of the first part of the experiment, participants were assigned to one
of the two treatments. This assignment was performed at random to facilitate performance
comparisons between individuals with similar abilities, as measured by the first stage, but
assigned to different treatments. Since exactly half of the subjects in a session was assigned
to High Status, each subject faced equal probability to be assigned to each of the treatments.
The participants were not informed about the assignment rule, but were also not deceived
in any way. Furthermore, the subjects assigned to High status, were asked to go to the
front of the laboratory where they received a medal and an applause from the rest of the
subjects in the session.

In the second stage of the experiment subjects completed Set II of the APM, which
consisted of a sequence of 36 matrices, and the most difficult 24 matrices of the SPM.
Every correctly solved matrix added, on average, 0.5 Euros to the subject’s earnings, and

2The difference between the APM and the SPM is that the former evaluates subjects with above-average
intelligence, while the latter evaluates subjects with average intelligence.
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participants had 20 minutes to solve as many matrices as they could. 3 4 This pre-specified
time was divided in 5 rounds of four minutes each, and at the beginning of each round
subjects were asked to state their beliefs about how well they think they can do in the
task. These performance beliefs did not yield any monetary incentives, which had the
aim of avoid the possibility of hedging against poor performance in the task, and to keep
the monetary incentives for performance simple. However, the experimenter encouraged
subjects to provide targets at their best ability. Finally, once a round was over, private
feedback about individual performance in that round was provided.

Experiment 2

The dataset for this experiment consists of 8 experimental sessions conducted at CenterLab
in Tilburg University in October 2015. All 138 subjects were students at the university,
participated only once in this experiment, and did not participate in experiment 1. On
average, each session lasted approximately one hour. Between 11 and 23 subjects took
part in each session, and no subject participated more than once in the experiment. z-Tree
(Fischbacher, 2007) was used to implement the experiment. Subjects earned, on average,
11.8 Euros.

The design of this experiment was similar to that of Experiment 1, with only one differ-
ence: the assignment to the high status was determined by performance in Set I. Subjects
that exhibited higher performance than at least half of the subjects in the same session,
were given the high status. The other half of the subjects were assigned Low Status.

3.4 Predictions

This section describes two predictions about the subject’s performance in the experiments.
The first prediction, is that social status does not affect performance in the experiment,
subjects know their skills on the task, or alternatively set expectations about them without
incorporating the social status assignment, set their beliefs about how well they will do in
each round accordingly, and exhibit performance levels that go in line with their abilities.
This prediction is based on standard economic models of agent motivation.

3The earnings of each subject were calculated by multiplying their performance in Set II by an exchange
rate. The exchange rate was determined by the roll of a die at the end of the experiment. The participants
faced with the same probability an exchange rate of 25 Euro Cents, 50 Euro Cents or 75 Euro Cents per
correctly solved matrix. These incentives were used to avoid excessive arousal on demanding cognitive tasks
(Ariely et al., 2009).

4The 20 minute timed version of the ravens matrices test is an adequate predictor of the untimed version
as Hamel and Schmittmann (2006) show.
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Prediction 1: Performance is highest for high type agents and lowest for low type
agents. The status assignment does not alter performance.

The second prediction states that social status affects performance, but it does so in an
asymmetric fashion. They use the high status as a signal about their abilities, which helps
them boosting their confidence and performance. Nonetheless, they ignore a low status
assignment. This prediction is based on two strands of literature: First, the literature that
investigates the influence of ego and self-confidence (Benabou, 2015; Köszegi, 2006; Compte
and Postlewaite, 2004; Benabou and Tirole, 2003). This literature demonstrates that so-
phisticated agents boost their confidence and ego levels, to achieve performance levels in
productive tasks that otherwise could not been attained. Second, the literature that studies
self-image management, which demonstrates that in order to maintain confidence and ego,
individuals ignore relevant information and overweight information that confirms that they
are skilled on the task (Mobius et al., 2014; Eil and Rao, 2011; Benabou and Tirole, 2002).

Prediction 2: Performance is highest for high types, second highest for low types in the
high status, and lowest for low types in the low status.

Finally, Prediction 3 is the naiveté prediction, in which social status is able to boost
confidence, and subsequently performance of those assigned to the high status. This pre-
diction stems from subjects always believing that the status signals are informative about
their ability.

Prediction 3: Performance is highest for those assigned to the high status, and lowest for
those assigned to low status.

3.5 Status affects performance

3.5.1 Experiment 1: Random Assignment

Experiment 1 aims to evaluate the influence of social status on performance. The identifi-
cation strategy consists on the comparison of performance outcomes among subjects with
similar abilities on the task, but assigned to different social status. For simplicity, I first
classify the subjects into two ability categories: high abilities and low abilities. This clas-
sification is based on their performance in the first stage of the experiment, which is an
accurate criterion to assess the abilities of a subject (Raven, 1989). The participants are
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not aware of this classification during the experiment, since it is done after all the data is
collected.

A participant is classified as a high ability type, if she completes accurately more matrices
in Set I than at least half of the subjects in the same session. An individual that fails to
classify as a high type is labeled a low ability type. This classification comprises significant
skill differences: High types outperform low types on 2.21 standard deviations in Set I
(p<0.001).

In this experiment, social status is assigned randomly, this is, the assignment to the
treatments is orthogonal to the abilities of the subject. The performance data of the first
stage, shows that there is no performance difference between low types assigned to each of
the treatments (t(62)=0.159, p=0.83). Although, high types exhibit performance differences
(t(67)=1.831, p=0.071), with subjects assigned the low status achieving higher performance,
this difference is taken into account in the remaining of the analysis, and posses no threat
to the validity of the main result of the experimental data analysis. ce is taken into account
for .

We are now in the position to evaluate the treatment effects. Table 3.6 presents the
descriptive statistics of performance for Stage II, these descriptive statistics are depicted by
Table 3.1. The main finding is that low types exhibit higher performance when assigned the
high status (t(55.89)=-2.241, p=0.029). The effect size of this difference is of 0.53 standard
deviations, and the significance of this effect does not stem from the assumption that the
underlying distribution of this effect is normal (p=0.01, with 1000 bootstrap replications).5

Low type subjects assigned the high status, attain comparable performance levels as those
achieved by high types (t(58.05)=-1.048, p=0.298). Moreover, when assigned the low status
class, low types are outperformed by the high types (t(67.54)=2.751, p<0.01).

Finally, Table 3.6 shows that high types, exhibit no difference in performance between
treatments (t(64.31)=1.234, p=0.22). However, taking into account the initial difference
in abilities among high types in the two treatments, this result can be interpreted as the
high type individuals assigned High Status performing better. To control for these initial
differences, and additionally, control for confounding factors that may be driving these
results, I perform a regression to evaluate the treatment effects.

Table 3.7 presents the estimates of a negative binomial regression of performance in the
second stage of the experiment on the subject’s type, treatment dummies, variables that
account for differences in initial skill, and the subject’s responses to comprehension questions
about the instructions.6 The estimates of the regression confirm most of the previous

5The statistical power of this test is 1− β=0.73 at the 5 percent confidence level.
6The performance data exhibits a variance, 69.30, that is larger than its mean, 23.434. A standard

count regression model does not account for a data process with these characteristics. To control for this
overdispersion in the data, I use a negative binomial model.
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Figure 3.1: Average performance in the second stage of the experiment by types and treat-
ment.

results. First, among the low types, those assigned high status outperform their low status
counterparts by 44.65 % correctly solved matrices (χ2(1)=7.22, p=0.007).7 Moreover, this
analysis confirms that, even when controlling for disparities in initial abilities between the
high types, the treatment assignment did not yield performance differences among them
(p=0.113).

3.5.2 Heterogeneous treatment effects

To study in more detail the effect of status on performance, I abandon the binary classifi-
cation of types, e.g. high and low types. Instead, I use the score of Set I as a continuous
measure of abilities on the task, this enables a higher powered analysis, and allows me
to calculate the treatment effects as a function of the subject’s score in the first stage. I
perform a negative binomial regression of a subject’s performance on her performance in
the first stage, treatment dummies, skill-related variables, and the subject’s responses to
comprehension questions. Table 3.8 presents the estimates of the regression.

The results of the regression, demonstrate that the treatment alters the relationship be-
7These calculations are based on the coefficients presented in Table 3.7. I use the coefficients of the

variables “Medal*θH” and “Medal” of model (3), transform them with the exponential function and take
the difference of these numbers to yield exp(0.281)- exp(-0.213)=0.4465.
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Table 3.1: Descriptive statistics of performance in the second stage per treatment and type

Type|Treatment High Status Low Status Total
High Type 22.285 24.658 23.695

(7.215) (8.676) (8.144)
Low type 24.771 19.621 22.437

(11.476) (6.630) (9.863)
Total 23.68 22.65 23.139

(9.744) (8.224) (8.952)
Note: This table presents the averages and standard deviations of the performance in the
second stage of the experiment by experimental treatment and subject type. Standard
deviations are presented in parentheses.

Table 3.2: Treatment Effects
(1) (2) (3)

Performance Performance Performance
Low Types -0.221∗∗ -0.217∗∗ -0.213∗∗∗

(0.088) (0.089) (0.074)
High Status -0.095 -0.099 -0.115

(0.086) (0.086) (0.072)
Low Type* High Status 0.300∗∗ 0.304∗∗ 0.281∗∗∗

(0.125) (0.125) (0.106)
Session Nr. 0.000 0.001

(0.009) (0.008)
Session Size -0.006 0.004

(0.017) (0.014)
Matrix sequence 1st round -0.000∗∗∗

(0.000)
1st Matrix correct 0.083∗∗∗

(0.011)
Constant 3.208∗∗∗ 3.303∗∗∗ 2.065∗∗∗

(0.053) (0.255) (0.263)
ln(δ) 0.659∗∗∗ 0.657∗∗∗ L0.016

(0.187) (0.187) (0.239)
N 133 133 133
pseudo R2 0.008 0.008 0.0625
Note: This table presents the estimates of the Negative binomial regression of the model Performancei =
β0 + β1Lowtype ∗ HighStatus + β2Lowtype + β3HighStatus + Controls′Γ + εi, with ε ∼ poisson(λ).
“Performance” is the number of correctly solved matrices in the second stage of the experiment, “High
Status” is a dummy variable that captures whether the subject was assigned to the high status, and “Low
type’ is a dummy variable that captures whether the subject was classified as having low cognitive abilities.
The controls considered in this model are “Session nr.” a variable that captures the session order of the
experiment, “Session Size” which captures the number of subjects in the session, “ 1st Matrix correct” a
variable that captures the whether the first matrix was solved correctly. ln(δ) is the estimated dispersion
from the mean. Standard errors presented in parentheses. *** denotes significance at the 0.01 level, **
denotes significance at the 0.05 level, * denotes significance at the 0.1 level.
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Table 3.3: Heterogeneous Treatment Effects
(1) (2) (3)

Performance Performance Performance
Performance Stage I 0.094∗∗∗ 0.094∗∗∗ 0.084∗∗∗

(0.031) (0.031) (0.027)
High Status 1.237∗∗∗ 1.240∗∗∗ 1.146∗∗∗

(0.402) (0.404) (0.349)
Performance Stage I*High Status -0.132∗∗∗ -0.133∗∗∗ -0.125∗∗∗

(0.044) (0.044) (0.038)
Session Nr. 0.000 0.001

(0.009) (0.008)
Session Size -0.007 0.003

(0.016) (0.013)
Sequence 1st round -0.000∗∗∗

(0.000)
1st Matrix correct 0.082∗∗∗

(0.010)
Constant 2.251∗∗∗ 2.365∗∗∗ 1.230∗∗∗

(0.297) (0.389) (0.352)
ln(δ) 0.612∗∗∗ 0.610∗∗∗ -0.057

(0.187) (0.187) (0.246)
N 136 136 136
pseudo R2 0.011 0.011 0.066
Note: This table presents the estimates of the negative binomial regression of the model Performancei = β0 +
β1PerformanceStageI ∗ HighStatus + β2StageI + β3HighStatus + Controls′Γ + εi, with ε ∼ poisson(λ).
“Performance” is the number of correctly solved matrices in the second stage of the experiment, “Stage I ” is the
number of correctly solved matrices in the first stage of the experiment, “High Status” is a dummy variable that
captures whether the subject is assigned to the high status . The controls considered in this model are “Session nr.”
a variable that captures the session order of the experiment, “Session Size” which captures the number of subjects
in the session,“Mistake 1st Table” a variable that captures the number of mistakes in the first round, and “Solved
tasks 1st round” captures the number of answers in the first round. ln(δ) is the estimated dispersion from the mean.
Standard errors presented in parentheses. *** denotes significance at the 0.01 level, ** denotes significance at the
0.05 level, * denotes significance at the 0.1 level.
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tween performance in the first stage and performance in the second stage of the experiment.
The estimate associated to "Stage I" in Table 3.8, suggests a positive relationship when sub-
jects are assigned Low Status, this is, for every additional correctly solved matrix in the
first stage, they exhibit a performance increase of 8.7 % in the second stage. In contrast,
the estimates "High status" and "Stage I* High status", show that this relationship reverses
when subjects are assigned High Status: an additional correctly solved matrix in the first
stage, leads to a decrease in performance of 11.8% in the second stage.

Thus, the data suggest that high status leads to higher performance for subjects with
lower abilities, as measured by the first part of the experiment. A question arising from
these findings, is whether the treatment assignment is indeed the driver of these results. A
second experiment provides a robustness test that confirms the validity of these results.

3.5.3 Experiment 2: The meritocratic allocation

In the second experiment the high status is only given to those participants classified as high
types. The goal of this experiment is to investigate whether the performance differences
between high and low types are maintained in the second stage. Such result, would support
the finding that the low types can only achieve high performance levels, when assigned High
Status.

As in the previous subsection, I start showing that the classification of subjects into high,
and low types, entails large performance differences. The difference in average performance
between low types and high types in the first stage of the experiment is 2.31 standard
deviations (p<0.001). In the second stage of the experiment, high types outperformed low
types by 13% correctly solved matrices (t(130.32)=-2.371, p=0.019). This difference is of
the order of 0.407 standard deviations (gs=.407, p=0.015 with 1000 bootstrap replications),
this result confirms that low types exhibit lower performance in the second stage of the
experiment, unless they are given the high status.

To control for other factors that may be driving these results, I perform a negative
binomial regression of performance on the subject’s type, treatment dummies, skill-related
variables, and the subject’s responses to comprehension questions. The estimates presented
in Table 3.9, confirm the result that subjects assigned High Status outperform those assigned
the low status by 2.75% matrices (p=0.028). However, once variables related to initial
abilities in the task are included, the difference in performance disappears. This reinforces
the validity of the result in Experiment 1, in which even taking into account initial differences
in abilities to solve the task among the subjects, the treatment effect persisted.

The data from the two experiments demonstrate that social status may lead to perfor-
mance differences between equally skilled subjects. In the next subsection, I compare the
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Table 3.4: Treatment Effects Experiment 2
(1) (2) (3)

Performance Performance Performance
High Status 0.121∗∗ 0.116∗∗ 0.008

(0.051) (0.052) (0.042)
Session Nr. -0.010 -0.010

(0.010) (0.008)
Session Size -0.010 0.009

(0.012) (0.009)
Sequence 1st round -0.001∗∗∗

(0.001)
1st Matrix correct 0.086∗∗∗

(0.009)
Constant 3.114∗∗∗ 3.406∗∗∗ 2.173∗∗∗

(0.037) (0.253) (0.240)
ln(δ) 0.164 0.154 -1.197∗

(0.73) (0.68) (-2.29)
Observations 137 136 136
pseudo R2 0.005 0.007 0.082
Note: This table presents the estimates of the negative binomial regression of the model Performancei =
β0 + β1HighStatus + Controls′Γ + εi, with ε ∼ poisson(λ). “Performance” is the number of correctly
solved matrices in the second stage of the experiment, “Stage I ” is the number of correctly solved matrices
in the first stage of the experiment, “thetaL” is a dummy variable that captures whether the subject was
classified as having low cognitive abilities. The controls considered in this model are “Session nr.” a variable
that captures the session order of the experiment, “Session Size” which captures the number of subjects
in the session,“Mistake 1st Table” a variable that captures the number of mistakes in the first round,
and “Solved tasks 1st round” captures the number of answers in the first round. ln(δ) is the estimated
dispersion from the mean. Standard errors presented in parentheses. *** denotes significance at the 0.01
level, ** denotes significance at the 0.05 level, * denotes significance at the 0.1 level.
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Figure 3.2: Average performance in the second stage by experiment

data of the two experiments with two purposes: First, show that the main findings of the
experiment are consistent across experiments, and 2) evaluate if the system with a random
status assignment delivers, on average lower performance than the ability based assignment.

3.5.4 Comparison between experiments

I compare the performance outcomes delivered by the subjects in Experiment 1 and Ex-
periment 2. Figure 3.2 shows that there is no difference in average performance between
these experiments (t(264.6)=0.580, p=0.562). This result suggests that a policy maker that
is able to implement choose one of these two social status systems in an economy, should
not be concerned about the effects of his choice on average performance. Moreover, if the
policy maker has a preference for a more equal society, he is better-off choosing the random
assignment, which allows a larger proportion of the low types to achieve average earnings
comparable to those attained by the high types.

An additional advantage from having data from two experiments with similar protocols,
is that I can evaluate the robustness of the findings. I find that low types with a medal,
by construction belonging to Experiment 1, exhibit higher performance as compared to low
types in Experiment 2 (t(104=-1.29), p=0.09). This suggests that the finding that high
status boosts the performance of low types is consistent across experiments.

Also, low types with a medal exhibit similar performance as high types in Experiment
2 (t(50.81)=0.309, p=0.758). This is consistent with the finding that when assigned high
status, low types achieve performance levels comparable to those of high types. Finally, high
types in Experiment 2 outperform low types without a medal in Experiment 1 (t(61.96)=
3.738, p<0.001), which confirms that in the absence of high status, low types underperform.
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Figure 3.3: Linear and Non-parametric fit of performance in Experiment 1 by treatments

3.5.5 Robustness

To conclude this section, I show that in Experiment 1 the treatment assignment was not
interpreted by the subjects as a signal about their abilities. Instead, the data demonstrate
that participants that are more likely to understand that receiving the high status did not
reflect on their performance on Stage I, where the ones that exhibited stronger treatment ef-
fects. Thus, the effect of high status on performance goes beyond the possible interpretation
of social status assignment as being correlated to their abilities.

The coefficients from Table 3.8 present the rationale of this argument. As mentioned
above, the estimates associated to “High status ” and “ High status* Performance Stage I”
show that subjects that exhibited the lowest scores in the first stage of the experiment, and
that received the High Status, achieved higher performance levels, as compared to the rest
of subjects in this treatment. Moreover, these subjects also outperformed participants with
similar scores in Stage I, but assigned to Low Status. Figure 3.3, illustrates these arguments
in a graph that features the linear fit, in the left panel, and the non-parametric fit of the
relationship between performance in the first, and second stages in Experiment 1.

Additionally, Table 3.9 suggests that without the high status, subjects with lower scores
in Stage I, do not achieve higher performance than subjects with higher scores in Stage
I. Figure 3.4, presents the linear fit,in the left panel, and the non-parametric fit of the
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Figure 3.4: Linear and Non-parametric fit of performance in Experiment 2 by treatments

relationship between performance in the first, and second stages of Experiment 2.
Altogether, these findings suggest that subjects that received feedback about their poor

performance in the first stage, and who were more likely to know that their skill was
not the determinant of their assignment to the high status, exhibited stronger treatment
effects. This evidence confirms that the effect of social status on performance in the task,
goes beyond a possible confusion about the nature of the assignment of social status.8

3.6 Status affects performance beliefs

In this section, I demonstrate that social status has an effect on the confidence of participants
to perform the task. Specifically, I show that low ability types exhibit higher beliefs about
how much performance they think they can attain on the task, when assigned High Status.
This result is in line with the hypothesis that social status generates psychological states
that are determinant to achievement in the experiment.

In Experiment 1, the beliefs of subjects about their performance levels that they think
8Note that these figures also suggest that high performers in Stage I, did not behave according to the

hypothesis that high social status induces higher performance. In fact, they seem to exhibit higher perfor-
mance when assigned Low Status. However, note that this reflect the initial differences between High status
and Low status for high types. Moreover, Table 3.7 and the t-tests from the man difference tests, show that
on average, the performance difference between these two groups is not significant.
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Table 3.1: Performance beliefs in the second stage by treatment and type

Type| Treatment High Status Low Status Total
High Type 31.285 31.804 31.594

(8.944) (8.721) (8.793)
Low Type 29.8 27.620 28.81

(8.442) (9.484) (10.458)
Total 32.161 29.559 31.691

(9.240 ) (9.113) (9.249)
Note: This table presents the averages and standard deviations of aggregated beliefs in the
second stage of the experiment by experimental treatment, and subject type. Standard
deviations are presented in parentheses.

they can reach, are elicited at the beginning of every experimental round. Significant belief
differences between subjects with similar skills, but belonging to different treatments, would
suggest that social status shapes the subject’s confidence to perform the task. The status
differential used in the experiment guarantees that hypothetical differences arise above and
beyond the wealth constraints and advantages associated to social status.

3.6.1 Aggregated beliefs

I begin this analysis studying aggregated beliefs, which are defined as the sum of the sub-
ject’s beliefs over the five rounds of the second stage. Table 3.10 presents the descriptive
statistics, which show that low types set on average 15% lower performance beliefs as com-
pared to high types when both groups receive the low status (t(54.29)=1.749, p=0.043).
Nonetheless, this difference does not appear when both types are assigned to the high status
(t(57.15)=0.68, p=0.49). Thus, assigning the low types to the high status, leads them to
set performance beliefs comparable to those exhibited by the high types. Moreover, a low
type assigned the high status exhibits beliefs that are 0.23 standard deviations higher than
her counterpart in the low status.

To control for some factors that may be driving this result, such as the initial skill
difference among high types, I perform a regression analysis. I estimate a negative binomial
regression of a subject’s performance on performance in the first stage, treatment dummies,
skill-related variables and the subject’s responses to comprehension questions. Table 3.11
presents the estimates of the regression, which confirm that among the low types, those
assigned the high status set 34.42 % higher performance beliefs (χ2(1)= 7.87, p=0.005).
Moreover, they also confirm that the treatment assignment assignment did not lead to
performance differences among the high types (p=0.448). Finally, in contrast with the
analysis based on t-tests, the estimates show that among the subjects assigned to the high
status, the low types exhibit higher beliefs (χ2(1)=3.39, p=0.0658). All in all, the data of
the experiment show that high status boosts the performance beliefs of low ability subjects,



3.6. STATUS AFFECTS PERFORMANCE BELIEFS 67

Table 3.2: Treatment Effects on Performance Beliefs
(1) (2) (3)

Beliefs Beliefs Beliefs
Low type -0.155∗∗ -0.161∗∗ -0.160∗∗∗

(0.074) (0.075) (0.054)
Low type *High Status 0.108 0.104 0.181∗∗

(0.106) (0.106) (0.078)
High Status -0.014 -0.010 -0.040

(0.072) (0.072) (0.053)
Session Nr 0.009 0.008

(0.014) (0.010)
Session Number -0.004 0.002

(0.008) (0.006)
Sequence 1st round -0.000

(0.000)
Belief 1st stage 0.050∗∗∗

(0.004)
Constant 3.461∗∗∗ 3.339∗∗∗ 2.902∗∗∗

(0.046) (0.214) (0.167)
ln(δ) 0.569∗∗ 0.565∗∗ -0.828∗

(2.90) (2.87) (-2.07)
Observations 133 133 133
pseudo R2 0.005 0.005 0.097
Note: This table presents the estimates of the negative binomial regression of the model Beliefsi =
β0 + β1Lowtype ∗ HighStatus + β2Lowtype + β3HighStatus + Controls′Γ + εi, with ε ∼ poisson(λ).
“Beliefs” is the subject belief about the number of correctly solved matrices in the second stage of the
experiment, “High Status” is a dummy variable that captures whether the subject was assigned to the high
status, and “Low type’ is a dummy variable that captures whether the subject was classified as having
low cognitive abilities. The controls considered in this model are “Session nr.” a variable that captures
the session order of the experiment, “Session Size” which captures the number of subjects in the session,
“ Belief 1st stage” captures the subject belief in the first stage of the experiment. ln(δ) is the estimated
dispersion from the mean. standard errors presented in parentheses. *** denotes significance at the 0.01
level, ** denotes significance at the 0.05 level, * denotes significance at the 0.1 level.

who achieve performance beliefs that are even higher than those exhibited by the high types.

3.6.2 Round beliefs

To investigate the possible causes of the aggregated differences in beliefs among similarly
skilled participants, I study the evolution of beliefs over rounds. My interest lies on how
subjects’ beliefs react to performance feedback, which is given individually at the end of each
round, and and whether this reaction is different among treatments. This analysis focuses
on the low types, given that high types in different social status exhibited no differences in
performance beliefs.

Table 3.12 shows the beliefs of the low types by round and by treatment, in the first
round low types in both treatments have similar performance beliefs (t(60.829)=-0.861,
p=0.392). This suggests, that the treatment effect observed in aggregated beliefs, does not
appear in the first round. However, the beliefs differences appear in later rounds, namely
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in round 3 (t(52.046)=-1.819, p=0.03), round 4 (t( 59.678)=-1.239, p=0.110) and round 5
(t(61.499)=-1.621, p=0.055). This suggests that there is a relevant role of the treatments
on the subject’s responses to feedback.

Table 3.3: Performance beliefs by round and by treatment for the low types

Type Low type Low type High Type High type
Treatment High Status Low Status High Status Low Status
Beliefr=1 7.228 8.103 7.804 8.428

(2.880) (4.369) ( 4.539) (4.590)
Beliefr=2 8.542 8 8.464 9.463

( 2.582) (2.449) ( 1.971) ( 2.079)
Beliefr=3 6.285 5.310 6.560 6.785

(1.824) (2.361) (2.549) (2.079)
Beliefr=4 4.371 3.724 4.464 4.634

(2.073) ( 2.085) ( 1.815) (2.130)
Beliefr=5 3.3714 2.482 3.142 3.341

( 2.498) ( 1.882) ( 1.603) ( 2.220)
Beliefr 5.96 5.524 6.257 6.345

(3.029) (3.549) (.285) (.259)
Note: This table presents the averages and standard deviations of beliefs in the second stage of the exper-
iment by experimental treatment and round for those subjects classified as low types. Standard deviations
are presented in parentheses.

I perform a dynamic panel data regression, to investigate how a subject’s belief is affected
by performance feedback and her treatment assignment. I regress the subject’s belief on
round r, on the performance level achieved by the same subject in the previous round r−1,
her goal in the previous round r − 1, treatment assignment dummies, and ability controls.
I estimate this regression using the Blundell and Bond technique, which has the advantage
of allowing the error term of the regression to be correlated with unobservable individual
characteristics. I expect this correlation to be present, since the variables that I have in
the data set have cannot account for all the determinant characteristics of performance and
beliefs on the task.

Table 3.13 presents the estimates of the regression, which present two findings: First,
the reaction to feedback is the same for low types across treatments (χ2(1)=2.86, p=0.377).
Specifically, higher feedback about performance, translates into higher beliefs in the next
round, and this reaction is the same across treatments. Second, low types in the high
status exhibit state-dependence, while low types in the low status do not. In other words,
irrespective of their previous performance, they always set higher performance beliefs than
in the previous round. In contrast, low types in the low status do not exhibit such trend
in their belief process. This state dependence difference across groups, shows that high
social status induces confidence in the participants, who exhibit higher performance beliefs
throughout the rounds, irrespective of their performance in previous rounds.
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Table 3.4: Goal dynamics for the low types
(1) (2) (3)

Sample Low type Low type in High Status Low type in Low Status
Beliefr Beliefr Beliefr

Beliefr−1 0.488∗∗∗ 0.422∗∗ 0.180
(0.133) (0.197) (0.436)

Performancer−1 0.385∗∗∗ 0.521∗∗∗ 0.626
(0.132) (0.136) (0.384)

Session nr. -2.084 -2.017 -7.171
(6.491) (2.049) (41.833)

Matrices r = 1 0.466 0.843 2.389
(4.429) (2.658) (14.455)

SessionSize 2.632 3.116 8.262
(4.369) (3.339) (43.071)

Matrices r = 1 -1.242 0.944 -0.317
(-0.96) (0.30) (-0.67)

Constant -33.444 -49.754 -122.867
(77.453) (48.747) (639.405)

Observations 256 140 116
Note: This table presents the estimates of the Blundell and Bond regression of the model Beliefri = α0 +
α1Belief(r−1)i + α2Performance(r−1),i + Controls′Γ + εi. “Belief” is a subject’s beliefs about the number
of correctly solved matrices in round r. “Performance” is the number of correctly solved matrices in a round in the
second stage of the experiment. The controls considered in this model are “Session nr.” a variable that captures
the session order of the experiment, “Session Size” which captures the number of subjects in the session, “Mistake
1st Table” a variable that captures the number of mistakes in the first round and “Solved tasks 1st round” which
captures the number of answers in the first round. t-test with clustered standard errors presented in parentheses.
*** denotes significance at the 0.01 level, ** denotes significance at the 0.05 level, * denotes significance at the 0.1
level.
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3.6.3 Beliefs Experiment 2

To gain robustness, I study the subjects’ beliefs about the levels of performance they think
they can achieve in Stage II of Experiment 2. The data confirms the notion that participants
in the high status, exhibit higher confidence in the task. This result confirms that in the
absence of the high status, the low ability types exhibit no confidence enhancement as in
Experiment 1.

Table 3.14 presents the aggregated beliefs, and the beliefs by round for this experiment.
The aggregated beliefs of the high types, are on average 9.2% higher (t( 129.51)=2.99
,p=0.0033), and this difference stems from the higher beliefs exhibited by these participants
in round one (t(114.64)=3.318, p=0.001), round two (t(126.52)=4.1688, p=0.0001)), and
round three (t(129.99)=3.393, p=0.0003)). These differences in belief dynamics are different
from those exhibited by the low types in Experiment 1, where high status holders had higher
performance beliefs in the last rounds.

Table 3.5: Performance beliefs by round and by treatment

Type Low type High Type
Beliefr=1 7.112 8.045

(0.445) (0.533)
Beliefr=2 8.323 10.121

(0.268) (0.336)
Beliefr=3 6.323 7.560

(0.236) (0.277)
Beliefr=4 4.056 4.484

(0.245) (0.263)
Beliefr=5 3.281 3.575

(0.269) (0.309)
Aggregated Beliefs 29.098 33.787

(1.009) ( 1.197)
Note: This table presents the averages and standard deviations of beliefs in
the second stage of the experiment by experimental treatment and round.
Standard deviations are presented in parentheses.

I conclude this section by summarizing the main findings. First, when assigned high
status, low types exhibit higher overall beliefs about how good they expected to do in the
task. In fact, they had confidence levels as high as those exhibited by high types. Second,
the dynamic of beliefs are different across low types, those assigned High Status, set higher
beliefs in the last rounds. These results go in line with the hypothesis that social status
affects the subjects’ confidence to perform the task, and that this confidence is determinant
to performance in the task.
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3.7 Conclusion and Discussion

This paper presented empirical evidence that suggests that social status influences psycho-
logical constructs that are relevant to economic achievement. The analysis of the cohort
study demonstrated that social status at the outset of a respondent’s life, had an effect on
the aspirational aspirations and self-esteem at a young age. Additionally, economic success
was affected by the variations in these psychological variables. An experiment confirmed
that an artificially created social status differential, was enough to alter the confidence of
individuals on the task, and their actual performance.

The findings of the paper have a clear policy implication: economic opportunity, through
the (de)regulation of markets is not enough to guarantee economic success. Stratification
at the outset of an individual’s time span, creates psychological constraints that markets
may not be able to correct. Moreover, my findings are evidence that societies that nest
institutions that instigate and encourage acute social differences, can lead to further income
disparities.

This paper remains oblivious about the mechanism through which lower social status in-
duces these psychological states that are detrimental for the individual. I can but conjecture
about possible mechanisms that may drive this relationship: First, the quest for high social
status, which from an evolutionary perspective is deep-rooted in human nature, may induce
emotional states and activate neurobiological responses when the individual perceives to be
in a situation of (dis)advantage, and these emotions and neurobiological responses could
be beneficial (detrimental) to performance.9 10 Also, the values of the individual in the
state of poverty, may be based on social norms that penalize and look down upon efforts
to improve her economic outcomes, for instance being a good student at school, going to
college, or developing hobbies. Even when the person has the capacity to aspire higher, the
sense of belonging to the group governs her capacity to aspire and her confidence to achieve
outcomes.

This study has two noteworthy limitations that need to be addressed in future research.
First, due to the research question considered in the paper, economic constraints linked
to the social status of an individual are not taken into account. Specifically, the paper
does not study the interaction between economic and psychological constraints, and how
this interaction affects economic success. I acknowledge that a situation that encompasses
economic and psychological constraints and studies how they affect achievement, reflects
more accurately the reality of market economics. Second, the persistence of the psycholog-

9Status seeking behaviors are documented in diverse non-human animals such as apes (de Waal, 2007),
bonobos (Hohmann and Fruth, 2000), hens (Schjelderup-Ebbe, 1935) and ants (Regnier and Wilson, 1971).

10FMRI evidence that humans exhibit an activation on the Nucleus-Accumbens when surpassing their
peers in wealth and performance is provided by Dohmen et al. (2011)
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ical mechanism is not studied, which is a relevant property for situations in which social
status can be gained and lost. Future studies, should analyze whether the psychological
mechanism has an effect in the final outcomes of a society in which status can be gained by
means of a contest.
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Appendix

3.A Descriptive statistics of Control variables

Table 3.A.1: Descriptive statistics
Variable Sweep Type Mean SD Median Max. Min N

Self-reported Skills
A good communicator 1986 Binary 0.459 0.036 0 1 0 11615
good with hands 1986 Binary 0.495 0.388 0 1 0 11615
a clear thinker 1986 Binary 0.494 0.387 0 1 0 11615
a hard worker 1986 Binary 0.299 0.222 0 1 0 11615
a clean and tidy person 1986 Binary 0.433 0.340 0 1 0 11615
reliable 1986 Binary 0.295 0.218 0 1 0 11615
good timekeeper 1986 Binary 0.439 0.345 0 1 0 11615
can take responsibility 1986 Binary 0.364 0.292 0 1 0 11615
School Motivation
I feel school is largely a waste of time 1986 Binary 0.952 0.879 1 1 0 11615
I am quiet in the classroom 1986 Binary 0.604 0.564 1 1 0 11615
I think homework is a bore 1986 Binary 0.490 0.480 0 1 0 11615
I find it difficult to keep my ming on my work 1986 Binary 0.679 0.650 1 1 0 11615
I never take work seriously 1986 Binary 0.910 0.848 1 1 0 11615
I do not like school 1986 Binary 0.723 0.722 1 1 0 11615
I think there is no point to plan the future 1986 Binary 0.907 0.854 1 1 0 11615
I am always willing to help the teacher 1986 Binary 0.636 0.603 1 1 0 11615
Self-reported Soft Skills
Know how to complete an application form 1986 Binary 0.270 0.291 0 1 0 11615
Know how to get by at an interview 1986 Binary 0.336 0.369 0 1 0 11615
Know how to write letter of application 1986 Binary 0.261 0.301 0 1 0 11615
Know how to drive a car 1986 Binary 0.908 0.849 1 1 0 11615
Know how to ride a motorbike 1986 Binary 0.956 0.897 1 1 0 11615
Understand information technology 1986 Binary 0.854 0.874 1 1 0 11615
Understand electronics 1986 Binary 0.683 0.780 1 1 0 11615
Understand communications 1986 Binary 0.698 0.722 1 1 0 11615
Know how to give first aides bulbs etc 1986 Binary 0.524 0.530 1 1 0 11615
Know how to get a healthy diet 1986 Binary 0.499 0.522 1 1 0 11615
Know how to do woodwork / metalwork 1986 Binary 0.441 0.544 0 1 0 11615
Know how to wash clothes 1986 Binary 0.660 0.544 1 1 0 11615
Know how to sew and mend 1986 Binary 0.554 0.585 1 1 0 11615
Career information, and expectations
Have you had contact with a teacher to discuss future? 1986 Binary 0.270 0.246 1 1 0 11615
Sch. arranged info on work,YTS,further ed. 1986 Binary 0.185 0.254 1 3 -2 11615
Sch. arranged addresses employer,YTS etc 1986 Binary 0.208 0.300 1 3 -2 11615
Sch. arranged careers officer interview 1986 Binary 0.182 0.245 1 3 -2 11615
Did school arrange visit to workplaces? 1986 Binary 0.394 0.445 0 1 0 11615
Did you visit with school an FE college? 1986 Binary 0.400 0.481 0 1 0 11615
Did you visit another school for classes 1986 Binary 0.443 0.580 0 1 0 11615
Parents invited to discuss future in school? 1986 Binary 0.443 0.580 0 1 0 11615
Parents went to discuss future in school? 1986 Categorical -1.401 2.0180 -1 3 -4 11615
School informed about choices for further education 1986 Categorical 0.341 1.3813 1 3 - 2 11615
School informed about qualifications needed for jobs 1986 Categorical 0.441 1.474 1 3 -2 11615
School informed about young training schemes 1986 Categorical 0.507 1.553 1 3 -2 11615
School informed about choices and prospects of employment 1986 Categorical 0.515 1.575 1 3 -2 11615
School informed about schemes for unemployment 1986 Categorical 0.719 1.767 1 3 -2 11615
Family contact able to help you get job 1986 Binary 0.540 0.570 1 1 0 11615
How easy-difficult will getting a job be 1986 Categorical 1.311 2.327 2 1 6 11615
Note: This table presents the means, standard deviations, medians, maximum value and minimum value of control variables used in the
analysis. For all the binary variables used as controls, the variable takes a value 1 if the respondent answered “Yes”, and 0 if the respondent
answered “No”. The categorical variable “ Parents went to discuss future in school? ” take the value 1 if “Yes”, 2 if “No, 3 if “ don’t
know” , -1 if “parents not invited to discuss future” and -4 if no answer. The categorical variables “School informed about choices for further
education”,“School informed about qualifications needed for jobs”, “School informed about young training schemes”,“ School informed about
choices and prospects of employment”, and “School informed about schemes for unemployment”, take the values 3 if respondent answered
“yes fully”, 2 if respondent answered “yes a bit”, 1 if the respondent answered “No not at all”, and -2 if no answer. The categorical variable
“How easy-difficult will getting a job be, takes the values 1 if respondent states “very easy”, 2 if “fairly easy”, 3 if “fairly difficult”, 4 if “very
difficult”, 5 if “I already have a job promised”, and 6 if “I don’t know”.
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Table 3.A.2: Determinants of Socio-Economic Status(cont’d)
(1) (2) (3) (4)

SESadult SESadult SESadult SESadult
Aspirations(=1) * SES parents (=2) 0.531∗ 0.421

(0.284) (0.300)
Aspirations(=1) *SES parents (=3) 0.741∗∗∗ 0.607∗∗

(0.240) (0.259)
Aspirations(=1)*SES parents (=4) 1.030∗∗∗ 0.682∗

(0.353) (0.366)
Aspirations(=1) *SES parents (=5) 2.445∗∗∗ 2.212∗∗∗

(0.497) (0.532)
Aspirations(=2)*SES parents (=1) 1.393∗∗∗ 1.036∗∗

(0.405) (0.414)
Aspirations(=2)*SES parents (=2) 1.236∗∗∗ 0.954∗∗∗

(0.303) (0.328)
Aspirations(=2) *SES parents (=3) 1.959∗∗∗ 1.464∗∗∗

(0.261) (0.280)
Aspirations(=2) * SES parents (=4) 2.521∗∗∗ 1.928∗∗∗

(0.417) (0.445)
Aspirations(=2) * SES parents (=5) 3.376∗∗∗ 2.713∗∗∗

(0.970) (0.888)
Aspirations(=3) *SES parents (=1) 2.354∗∗∗ 1.762∗∗∗

(0.382) (0.426)
Aspirations(=3) *SES parents (=2)s 2.263∗∗∗ 1.645∗∗∗

(0.272) (0.303)
Aspirations(=3) *SES parents (=3) 2.449∗∗∗ 1.784∗∗∗

(0.234) (0.259)
Aspirations(=3) *SES parents (=4) 2.504∗∗∗ 1.894∗∗∗

(0.268) (0.297)
Aspirations(=3) * SES parents (=5)s 2.723∗∗∗ 1.803∗∗∗

(0.479) (0.459)
Aspirations(=4) *SES parents (=1) 0.476 0.538

(1.146) (1.463)
Aspirations(=4)*SES parents (=2) 3.560∗∗∗ 2.696∗∗∗

(0.514) (0.540)
Aspirations(=4)*SES parents (=3) 3.404∗∗∗ 2.474∗∗∗

(0.425) (0.405)
Aspirations(=4)* SES parents (=4) 3.496∗∗∗ 2.417∗∗∗

(0.650) (0.636)
Aspirations(=4)* SES parents (=5) 2.827∗∗∗ 1.565∗∗

(0.877) (0.774)
Aspirations(=5)*SES parents (=1) 2.748∗∗∗ 2.411∗∗∗

(0.527) (0.504)
Aspirations(=5)*SES parents (=2) 2.433∗∗∗ 1.970∗∗∗

(0.395) (0.420)
Aspirations(=5) *SES parents (=3) 2.608∗∗∗ 1.830∗∗∗

(0.286) (0.311)
Aspirations(=5)* SES parents (=4) 2.808∗∗∗ 1.758∗∗∗

(0.609) (0.623)
Aspirations(=5)* SES parents (=5) 3.619∗∗∗ 2.822∗∗∗

(0.413) (0.489)
Observations 2034 2034 2034 2034
Note: This table presents the estimates of the ordered logit regression of the model SESadulti = α0 +
α1SESparentsi ∗ Aspirationsi + α2Aspirationsi + α3SESparentsi + Controls′Γ + εi with εi ∼ logistic.
“SESadults” is the educational achievement of the respondent at age 47, with 1 being the highest educational
achievement and 5 being the lowest. “Aspirations” captures the educational aspirations of the respondent, being 1
the highest aspiration level, and 5 the lowest aspiration level. “SES parents” represents the educational achievement
of the parent’s when the respondent was born, 1 is the highest educational achievement of the parents, and 5 is
the lowest achievement of the parents. γ1, γ2, and γ3 represent the estimated cutoff levels of the model. Standard
errors presented in parentheses. *** denotes significance at the 0.01 level, ** denotes significance at the 0.05 level,
* denotes significance at the 0.1 level. Age of the other and Age of the father at birth are not included since their
estimates are close to zero.
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3.B Experimental Instructions

Part 1 of the Experiment

This is an experiment in the economics of decision-making. The instructions are simple
and if you follow them carefully and make good decisions, you might earn a considerable
amount of money, which will be paid to you via bank transfer at the end of the experiment.
The amount of payment that you receive depends entirely on your decisions and your effort.

Once the experiment has started, no one is allowed to talk to anybody other than the
experimenter. Anyone who violates this rule will lose his or her right to participate in this
experiment. If you have further questions when reading these instructions please do not
hesitate to raise your hand and formulate the question to the experimenter.

In the first part of the experiment we will ask you to solve a set of 12 tasks, in each of
the tasks you are asked to complete a pattern, to do so, you need to choose among some
of the options that we provide. Remember that only one of the options is correct. In this
part of the experiment you have 4 minutes in order to complete the set of 12 tasks. With
the completion of this task we will place you in one of two groups.

At the beginning of this part of the experiment we will ask you to provide a personal
goal or target, this is we would like you to estimate how many patterns you would be able
to solve in that round. Please provide this goal at your best ability! We would really like
to know how accurate your estimates are.

(Completion set I, approximately 6 minutes)

The following people have a position in the GOLD group. (Call out ID numbers). Please
come up as we call your name and receive your medal. You will wear your medal for the
rest of the exercise. Please remain standing at the front of the room until all stars are
distributed. Let’s give the Gold group a round of applause!

Part 2 of the Experiment

In the second part of the experiment you are asked to solve patterns just like the ones
that you completed in the first part of this experiment. You need to solve as many patterns
as you can, since for each correctly solved pattern you would receive a certain amount of
points, which can be exchanged for money at the end of the experiment. Hence the money
that you earn in the exercise depends on your performance in this part of the experiment.

During this part of the experiment you have 5 rounds, each of 4 minutes, to complete
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as many patterns as you can. Feedback about your own performance, this is whether you
solved correctly a pattern or not, would be given to you as soon as you solved that pattern.
A summary of the number of correctly solved and incorrectly solved patterns in the round
would be given to you as soon as the round ends.

Your final score, this is the amount of points derived from each round, would only be
shown to you at the end of the experiment. The exchange rate at which the points can be
exchanged for money would be determine by the roll of a dice done by the experimenter at
the moment of payment. Numbers (1,2) of the dice would imply and exchange rate of 25
Euro cents per point, numbers (3,4) would imply an exchange rate of 5 per Euro cents per
point and numbers (5,6) would imply an exchange rate of 75 Euro cents per point.

At the beginning of each round we will ask you to provide a personal goal or target,
this is we would like you to estimate how many patterns you would be able to solve in that
round. Please provide this goal at your best ability! we would really like to know how
accurate are your estimates.

(Completion set II, approximately 25 minutes)



Chapter 4

Self-Chosen Goals: Incentives and
Gender Differences 1

“Anyone whose goal is ’something higher’ must expect some day to suffer vertigo. What is
vertigo? Fear of falling? No, Vertigo is something other than fear of falling. It is the voice
of the emptiness below us which tempts and lures us, it is the desire to fall, against which,
terrified, we defend ourselves.”-Milan Kundera, The Unbearable Lightness of Being

4.1 Introduction

Monetary bonuses for achieving performance milestones are used to incentivize employees
in a wide range of industries, including finance, insurance, retailing (Banker et al., 2000),
manufacturing (Enis, 1993), energy services (Rajagopalan, 1996) and charities (Baber et al.,
2002). According to the last WorldatWork’s “Survey of Bonus Programs and Practices”
more than eighty percent of American firms use at least some type of bonus program

1The paper from which this chapter is based is jointly written with Patricio S. Dalton and Charles N.
Noussair.
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(WorldatWork, 2014).2 On average, American firms pay bonuses to their executives equal
to twenty-three percent of their base pay (WorldatWork, 2014).

The main theoretical rationale for bonuses is to improve performance. As long as stan-
dard conditions on preferences and costs of effort hold, a monetary bonus can stimulate
greater effort (Gibbons, 1998). A large number of studies have empirically shown that
bonuses are positively associated with employees’ performance (Groves et al., 1994; Baker
et al., 1988; Banker et al., 2000; Enis, 1993; Jones and Kato, 1995; Kahn and Sherer, 1990),
and that, indeed, cause performance improvements (Bandiera et al., 2007; Lazear, 2000).

Typically, bonuses are awarded only if a certain performance target is reached. This
threshold feature can give the target the status of a reference point. Thus, reference-or goal-
dependent preferences can potentially be brought to bear to better understand how bonuses
affect performance. There is evidence that once an individual has a goal, she exerts more
effort on the associated task (Locke and Latham, 1990; Locke, 1996; Locke and Latham,
2002). However, there is also evidence that the level at which the goal is set is critical
to its effectiveness: goals must be challenging yet achievable. Goals that are too easy or
too difficult to attain are not effective. Wu et al. (2008) substantiate this intuition in a
model in which individuals respond to exogenously-set goals. Their model predicts that
performance is an inverted V-shaped function of the goal level, implying that there is an
optimal challenging, yet attainable goal that boosts performance to the maximum.

Computing optimal goals for an employee when her individual ability is private infor-
mation can be cumbersome, or even impossible, for a firm. However, the firm could offer a
menu of self-chosen goal contracts, in which agents sort themselves according to their types,
as in classical optimal contracting (Holmstrom, 1979; Laffont and Tirole, 1993).

We propose a compensation scheme inspired by this idea. In our scheme, workers set
their own production goals. With the right incentives, they set challenging goals that induce
themselves to produce as much as they can, given their abilities. This aligns the incentives of
both employers and workers.3 It also allows the principal to take advantage of the reference
point a goal creates to lower the cost of attaining a given production level.4

Under our scheme, the agent chooses her own goal from a menu that the principal speci-
fies in advance. The proposed menu of contracts provides sufficient monetary incentives for

2According to Joseph and Kalwani (1998), 72% of firms use bonuses to incentivize sales. See also Lemieux
et al. (2009), who document evidence of the increasing use of bonuses in the US labor market.

3There is evidence from the accounting literature that participating in the budgetary process improves
managers’ motivation and performance (Kren, 1992; Brownell and Mcinnes, 1986; Becker and Green, 1962).

4It is important to note that this is not a paper on optimal contracting. The contracts we study may not
be optimal from the point of view of a principal. While our set-your-own-goal compensation scheme has a
common feature with the optimal contract in some environments, in that it allows workers to self-select into
a compensation schedule through their choice of a goal, we do not model the employer’s choice of contract
menu. We focus on understanding how self-chosen goals affect workers’ productivity, relative to traditional
piece-rate contracts.
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the agent to announce challenging, yet attainable, goals. The contract includes a monetary
bonus for achieving the goal, and this bonus increases monotonically with the magnitude
of the goal. In this way, setting ambitious goals is incentivized monetarily.

In Section 4.2, we introduce a theoretical model of optimal self-chosen goals. The model
builds on a linear piece rate contract and considers the consequences of the addition of a
bonus for achieving a goal that is set by the agent himself. The model initially assumes
preferences over only monetary outcomes and the cost of output. It is then extended to
include goal-dependent preferences of a specific form, in which the goal serves as a reference
point that defines domains of relative gains and losses (Wu et al., 2008; Corgnet et al.,
2015).

The model yields a number of testable predictions. The first is that agents increase their
output as the piece rate increases. The second is that agents increase their output when
they are allowed to set their own goal. The third is that output always strictly exceeds the
goal (pilling up effect). This last prediction is a consequence of goal-dependent preferences,
and in their absence, output is exactly equal to the goal.5

We design a laboratory experiment to test these predictions. In the experiment, de-
scribed in Section 4.3, participants engage in a real effort task, which consists of counting
the number of zeros in a table with approximately 150 zeros and ones. Output is measured
as the number of tables completed correctly.6 We compare three contracts with regard to
the output they generate. Two of these are piece rate contacts: one with a relatively low
piece rate (LOPR) and another with a higher piece rate (HIPR). The third contract is a
self-chosen goal contract (GOAL), which includes both a piece rate monetary compensation
and a monetary bonus that is paid if and only if a goal is reached. The higher the goal, the
higher the monetary bonus paid if the bonus is achieved. These contracts can be ranked
according to their cost per produced unit, with HIPR being the most expensive one, LOPR
being the cheapest contract and GOAL being an intermediate option for the principal.

The experimental results are reported in Section 4.4. While the model predicts that
output would be greatest in the HIPR treatment, second highest in GOAL, and lowest
in LOPR (HIPR > GOAL > LOPR), we observe that output is equal in the HIPR and
GOAL treatments, with both exceeding that under LOPR (HIPR = GOAL > LOPR).
Thus, we find that a higher piece rate leads to greater output than a lower one, and that
supplementing a piece rate contract with a self-chosen goal increases output compared to
the piece rate on its own. The GOAL contract achieves the same output as HIPR, but
at lower cost. We also find that subjects systematically set goals that they outperform,

5In the appendix we extend our model to allow for output uncertainty and show that risk aversion is
neither necessary nor sufficient for pilling up to occur.

6This task has been previously used by other researchers. See for example Abeler et al. (2011).
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suggesting that at least some participants have goal-dependent preferences.7

In Section 4.5 we describe sharp gender differences in the responses to the incentives
provided by the self-chosen goal contract. While the self-chosen goal contract makes men
increase their performance compared to the low-powered piece rate contract, it does not
affect the performance of women. This result is in line with that of Smithers (2015), who
shows that production targets that are independent of monetary outcomes, do boost effort
levels for men but are less effective for women. To understand the reasons for these gender
differences, we study goal-setting behaviour by gender. We find that women are relatively
more conservative than men when they set their goals, i.e. their actual performance tends
to exceed their goal by a larger margin than for men. Their relatively more modest goals
translate into lower bonuses and as a consequence, lower earnings. We observe this pattern
systematically across all nine rounds of the experimental sessions. That means that the
differences persist when both men and women have had opportunities to learn about their
abilities, making it unlikely that risk preferences or biased beliefs are the main drivers of
the gender differences. The gender differences in the effectiveness of the self-chosen goal
contract are consistent with our model, if it is assumed that the genders tend to differ in
the average parameter values of the goal-dependent component of their preferences.

Our paper relates to several strands of literature. The first is the literature on mechanism
design (Hurwicz, 1973), in that it studies a setting in which a principal offers a contract
that aligns the incentives of both principal and agent. Our contract allows the agent to
self-select into a bonus scheme that is well-suited to her particular individual cost of effort
profile. In this manner, the choice of one’s own goal resembles the choice of one’s own
linear contract (Laffont and Tirole, 1993). The new element here is that a self-chosen goal
contract allows the principal to exploit an agent’s goal-dependent preferences to attain a
higher payoff.

Second, it adds to the literature on personnel economics (see Gibbons and Roberts (2013)
for a review) by studying a pay-for-performance incentive scheme with an unconventional
element. There is a large literature on such systems (Lazear, 1986, 2000), including on bonus
contracts (Fehr et al., 1998, 2007), but the type of bonuses that this literature studies are
typically those exogenously set by the firm.

Third, a number of recent papers have considered the effects of endogenous goals in
attenuating self-control problems in other contexts (Koch and Nafziger, 2009, 2011; Hsiaw,

7We acknowledge that subjects may come to the laboratory with some implicit goals like reference earnings
levels (Pokorny, 2008) or consumption bundles (Köszegi and Rabin, 2006). However, given that subjects were
randomly assigned to treatments, it is reasonable to assume that such unobserved reference points, if they
exist, are similar across treatments. The fact that we observe differences among treatments in productivity
suggests that even in the possible presence of these unobservable reference points, the goal contract is more
cost-efficient.
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2013; Kaur et al., 2015). Our paper differs from this literature in two distinct ways. First,
the achievement and size of the self-chosen goals are not incentivized with money in these
papers. Second, the focus is on decision problems where time plays a basic role. One
key insight from this literature is that an increase in the goal level set now can raise an
individual’s motivation to work hard in the future. If the individual has present bias, she
may be tempted to shirk in the future. However, if she is sophisticated enough, she can
use a goal as a self-motivating device to attenuate future shirking.8 The role that the goal
plays here is different. Present bias is not a factor in our model because we work in a
static framework and the motivation to set a goal emerges directly from the monetary and
psychological incentives of the contract.

Fourth, the paper contributes to the literature on goals as performance enhancers ini-
tiated by Locke (1996) and taken up by Heath et al. (1999). This literature argues that
goals act as reference points, and due to the properties of the prospect theory value func-
tion, they boost performance. Wu et al. (2008) formalize this intuition in a model in which
individuals respond to exogenously-set goals. Gómez-Miñambres (2012) and Corgnet et al.
(2015) develop this idea further. They show that under perfect information, an optimizing
principal chooses a challenging but attainable goal for an average-ability worker, and that
this optimal goal increases the worker’s performance.9

The two most closely related experimental studies to ours are those of Corgnet et al.
(2015) and Goerg and Kube (2012). Corgnet et al. (2015) consider an environment in
which an employer has the option of providing a goal for performance in a real effort
task, summing up matrices of 36 numbers. Workers can also switch from the task to a
leisure activity, browsing the internet, whenever they wish. The goal has no monetary
consequences for either the worker or the employer. They find that the presence of a goal
improves performance and increases the time spent working. Employers set challenging
goals and increase them over time. The principal differences between our study and that
of Corgnet et al. (2015) is that in our experiment, each agent chooses her own goal, and
attaining the goal yields a monetary payment to the worker. For a setting in which agents
have private information about their abilities and principals cannot infer them with the
available information, our proposed contract scheme has advantages for the principal.

Goerg and Kube (2012) report the first field experiment on self-chosen goals. In their
experiment, workers were recruited to restructure a library, which required locating and

8A similar idea is presented in Carrillo et al (2001), where an individual with time inconsistent preferences
can overcome her self-control problems by making a promise to a third party. Promises, when broken,
represent financial or reputational losses. In that context, one could think of a self-chosen goal as analogous
to a production level promised to the principal.

9Gómez-Miñambres (2012) also studies a principal-agent model, where the principal sets a goal for the
agent, and the agent derives utility from accomplishing the goal. He shows that the agent’s production and
the goal set by the principal both increase with the agent’s belief about how challenging the goal is.
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moving books currently on the library shelves. Performance was measured as the number
of books moved. In one treatment, individuals were paid a piecerate, and in two of the
other treatments, exogenous goals were set by the experimenter. In yet another treatment,
workers could choose their own goal. Attaining a goal yielded a bonus which was larger the
higher the goal was. They found that their GOAL treatment induced greater output than
did the piecerate. The two exogenous goal levels that they studied yielded higher output
than the piecerate, but not as high as the self-chosen goal. The main differences between
their experiment and ours is that their experiment is conducted in the field outside of the
laboratory, they consider a one shot setting, and their self-chosen goal contract does not
contain a piecerate that incentivizes workers to work beyond their goal.

We provide a theoretical framework for analyzing self-chosen goals which yields a num-
ber of testable insights. The first is the existence of piling-up (Wu, 2008), intentionally
performing at a level strictly in excess of one’s self-chosen goal. The repeated setting of our
experiment, in which subjects are able to adjust their goals with feedback on performance,
is important in testing the notion that goals are intentionally set at a level substantially
below expected performance. We find that the agent does systematically set a goal that
is strictly lower than her production level. In our model, the size of the piling-up effect
decreases with the marginal monetary benefits from achieving a goal, and increases with
the weight given to the psychological payoff. We show that the level of loss aversion does
not influence the level of the goal or the piling-up, since the optimal output is always in
the domain of gains relative to the goal, and loss aversion only influences incentives in the
domain of losses. The second key insight of the model is that if the worker is rational,
goal-dependent preferences do not affect her output, but only serve to lower her goal. Thus,
goal dependent preferences have the effect of reducing the cost to the employer of achieving
a given level of output.

4.2 The model

In this section, we develop a simple theoretical framework for the analysis of self-chosen
goals, from which we derive the predictions that we test in our experiment. We model
an agent who works under an incentive structure in which she receives a piecerate for her
output, and an additional bonus for attaining a specific target level of output. This goal
is set by the worker herself, and the attainment of a more ambitious goal leads to a larger
bonus. We consider two different types of worker preferences. The first is the case of
standard preferences where the only benefit of reaching the goal is the monetary bonus that
it yields. The second is that of goal-dependent preferences, in which attaining the goal in
itself brings additional satisfaction beyond the pecuniary benefit. To model goal-dependent
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preferences, we use elements of Wu et al.’s (2008) theoretical framework.
The principal results of the model are that under standard preferences, the agent works

until she achieves her goal and no more, and output is set at the level at which the marginal
monetary benefit of the piecerate plus the bonus equals the marginal cost of output. Under
goal dependent preferences, output is identical to the level under standard preferences, but
the goal is set relatively conservatively so that output strictly exceeds the goal. Thus,
piling up, intentionally working beyond one’s goal, occurs when preferences are reference
dependent.

Risk aversion is neither necessary nor sufficient for piling up to occur. Appendix A
explores the relationship between risk and piling up in detail. If workers are able to choose
their output with precision, so that there is no output uncertainty, a concave utility function
for money does not alter the fact that piling up cannot occur under standard preferences and
that it occurs generically under goal dependent preferences. The case of uncertain output is
different. Suppose we assume that the goal is set at a time when the worker’s distribution of
output is known, but the realized output is unknown and cannot be chosen with precision.
This corresponds to a setting in which random errors or unpredictable delays can affect
performance. We show that in such a situation, a goal may be set either below, equal to, or
in excess of the expected output level. This is true even if the worker is risk averse. The key
determinant of whether an optimal goal is set lower or greater than expected output, and
thus whether positive or negative piling up occurs, is the functional form of the probability
distribution of output (see Appendix A for details).

The assumption of output certainty, represents a benchmark of the model in which the
agent knows her preferences and abilities on the task. This corresponds to a situation in
which the worker gained sufficient experience on the task, and reflected sufficiently about
her extrinsic and intrinsic motives to work. The prediction of this benchmark is that the
agent chooses a goal level that is at most as high as the maximum output level that she
can attain. The assumption that the worker knows her abilities on the task, is not a
necessary condition to obtain this result. In fact, an analogous result is obtained when
output certainty is relaxed and some conditions over the probability weighting function are
imposed. Hence, the result that the worker sets a goal she expects to attain is not only a
fair prediction for experienced workers, but also for workers without much experience who
belief the probability distribution of output is right skewed.

In our analysis in this section, in addition to the assumption of output certainty, we also
maintain the assumption that the worker has no conflicting motives when setting the goal
and when choosing the subsequent output. That is, there is no dual-self structure, and the
goal setter is in no sense playing a strategic game against the output setter. We have in
mind a situation in which goals are set first and the stage in which output is determined
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follows, but where no relevant information becomes available between the moments at which
the goal is set and at which the effort is chosen. This is the condition that prevailed in our
experiment. We thus model the choice of goal and output as simultaneous, even though
they are determined sequentially in the experiment.

Now consider a risk neutral agent, who chooses a level of production y ≥ 0. The cost of
production to the agent, c(y, θ), satisfies the following assumption:

Assumption 1: c(0, θ) = 0, cy(y, θ) > 0, cyy(y, θ) ≥ 0 and cyθ(y, θ) < 0 , for all y, θ.
(4.1)

The parameter 0 < θ ≤ 1 is interpreted as the agent’s ability. Higher values of this
parameter allow the agent to achieve a higher level of production with the same effort.

4.2.1 Piecerate and goal contracts under standard preferences

We first suppose that the agent faces a piecerate incentive scheme of the form w = ay.
Under this contract, the agent’s utility is

U(y) = ay − c(y, θ), (4.2)

where a > 0 is the compensation that the agent receives for each unit she produces. The
agent chooses y to maximize U(y). The optimal choice satisfies the following first order
condition:

a− cy(yP , θ) = 0, (4.3)

where yP is the optimal production level. Suppose now that in addition to the piecerate
compensation, the principal introduces a bonus B for attaining an exogenously given output
goal g. In that case, the payoff of the agent is given by

w(y,B(y, g)) = ay +B(y, g), (4.4)

where we assume a bonus of the form

B(y, g) =

bg, if y ≥ g0, if y < g.
(4.5)

The employer awards a larger bonus for achieving a more ambitious goal, and the bonus
is not awarded if the target level of output is not attained. Under this bonus scheme, the
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worker must choose whether to work towards the bonus or not. She must compare the
payoff from the optimal level of output below the target level, with the payoff resulting
from the optimal output level that equals or exceeds the target.

Denote the optimal choice of output below the target as y, and the resulting utility level
as

U(y, g) = ay − c(y, θ). (4.6)

Similarly, let the optimal output in the region of output above or equal to the target
level be denoted as ȳ, and the corresponding utility level as

U(ȳ, g) = aȳ + bg − c(ȳ, θ). (4.7)

It is optimal not to try to achieve the goal, when the goal is set so high that it becomes
too costly to attain, i.e. U(y, g) > U(ȳ, g). This is the case when the marginal cost of
achieving the additional output required to surpass the goal, c(ȳ, θ) − c(y, θ), is greater
than the marginal benefit from doing so, aȳ − ay + bg. Also, note that for ȳ > yP , if
c(ȳ, θ)− c(y, θ) ≤ bg+ aȳ− ay, the worker exerts extra effort to attain the goal beyond the
amount she would have exerted if there were no bonus in place. Therefore, an exogenously
set goal that is challenging yet achievable, has the potential to increase output.

Generically, however, the principal will have incomplete information about the type of
the worker, and therefore will not know the level at which he should set the output target.
For this reason, we consider contracts in which the worker can set her own goal. For the
rest of this section we model the goal and output as set by the agent. We begin our analysis
by showing that when a worker is allowed to do so, she will set her goal exactly equal to
her optimal level of output. This is formally stated in the following proposition.

Proposition 1: An agent with standard preferences chooses a goal equal to g∗ = y∗, where
y∗ satisfies the first order condition a+ b− cy(y∗, θ) = 0.

Proof. We first show that at an optimum, it must be the case that the optimal output level
is equal to the optimal goal chosen, i.e. y∗ = g∗. Second, we show that y∗ must solve
cy(y, θ) = a+ b. First, note that when y 6= g, either y or g is not optimal. Consider a given
yl such that yl < g. Then, U(yl, g) = ayl− c(yl, θ). By reducing her goal and setting g = yl,
the agent achieves a strictly greater payoff, U(yl, yl) = ayl + byl − c(yl, θ). Now consider a
given yh, such that g < yh. The agent’s payoff is U(yh, g) = ayh+bg−c(yh, θ). By increasing
the goal to g = yh, the agent’s payoff increases to U(yh, yh) = ayh+byh−c(yh, θ). Therefore,
y must be equal to g.
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The second step is to derive the optimal goal. By the first step of the proof, we know that
the agent will always work exactly as much as needed to receive the bonus. Her earnings
are then given by ay + by − c(y, θ). To derive the optimal goal, we consider the first order
condition for the maximization of earnings with respect to output,

a+ b− cy(y, θ) = 0. (4.8)

The above implies that g∗ = y∗, with y∗ satisfying the first order condition a+b−cy(θ, y∗) =
0.

The optimal output levels for both the piece rate and the self-chosen goal contracts are
illustrated in Figure 4.1. The diagonal line indicates the marginal cost of output for the
functional form c(y, θ) = ( y

θ
)2

2 , with slope 1
θ2 . The horizontal lines represent the marginal

benefit of output under each contract. Under a standard piece rate contract, the marginal
benefit is a. Under the endogenous bonus contract, the marginal benefit, expressed in terms
of output, is (a+ b). From the figure, it is clear that increasing the piece rate or adding a
self-chosen goal increases output.10 Under a cost of effort c(y, θ) = ( y

θ
)2

2 , as depicted in the
figure, the optimal goal equals g∗ = (a+ b)θ2.

4.2.2 Goal-dependent preferences

Now suppose that the worker has goal-dependent preferences, which are represented by the
following utility function

U(y, g) = ay +B(y, g) + VI(y, g)− c(y, θ). (4.9)

The third term on the right side of the equation represents the intrinsic, non-monetary,
utility derived from the presence of the goal. We assume, following Wu et al. (2008), that
the goal is treated as a reference point, and that the intrinsic component of the utility
function satisfies the properties of Kahneman and Tversky’s (1979) value function. The
intrinsic component takes the following functional form.

10An analogy that is perhaps useful in understanding Figure 4.1 is to long-run and short-run costs in
producer theory. In the short run, the quantity of labor employed can be changed, and in the long run, the
amount of capital can be adjusted as well. Here, one can view the choice of output as a factor that can be
varied in the short run, and the goal as a choice that cannot be adjusted in the short run. The horizontal
line at a + b in Figure 4.1 represents a long-run marginal payoff function, the upper envelope of short-run
payoff functions for different fixed goal levels.
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Figure 4.1: Optimal output y∗ and goal g∗ under standard preferences
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Figure 4.2: Optimal output y∗∗ and goal g∗∗ under goal-dependent preferences

VI(y, g) =

µ(y − g)r, if g ≤ y,

−λµ(g − y)r, if y < g.
(4.10)

The goal acts as a reference point dividing the output space into gains, where the goal
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is attained or exceeded, and losses, where the goal is not attained. The parameter λ > 1
captures the degree of loss aversion. The parameter 0 < r < 1 reflects the diminishing
sensitivity of payoffs, as output deviates farther from the target. The parameter µ > 0
represents the weight that the individual places on the goal-dependent component of her
preferences.11

The overall utility of the worker then can be summarized as

U(y, g) =

ay + bg + µ(y − g)r − c(y, θ), if y ≥ g,

ay +−λµ(g − y)r − c(y, θ), if y < g.
(4.11)

The goal enters the utility function in two ways. On one hand, it enters positively as a
monetary bonus that is increasing in the magnitude of the goal. For this reason, the agent
prefers higher to lower goals, provided that the higher goal is attainable. Secondly, the goal
divides the output space into psychological loss and gain domains.

The agent chooses her goal and output levels simultaneously. To derive the optimal
choices, first note that it cannot be optimal to set y = g, as in the case of standard
preferences. As y approaches g, the marginal utility of output approaches infinity, while
the marginal cost of output is bounded above (as shown in Figure 4.2). In other words,
it cannot be optimal to set y = g, since ∂+VI

∂y > ∂c(y,θ)
∂y . Thus, we restrict attention to the

levels of y and g that satisfy the requirement y 6= g.
Consider the region in which y < g. Note that if y < g, then g > 0, since y ≥ 0. If y

and g are optimal they must satisfy the following first order conditions.

a+ µλr(g − y)r−1 − cy(y, θ) = 0, (4.12)

and
µλr(g − y)r−1 = 0. (4.13)

Equation (4.13) implies that the only potential solution requires that y = g, which is
not feasible, since we assume y < g. This shows that any optimal solution must have the
property that y > g.

Now assume that y > g. The optimal tuple (y, g) must satisfy the following first order
conditions.

a+ µr(y − g)r−1 − cy(y, θ) = 0, (4.14)
11An underlying assumption of this part of the model is that goal dependent preferences arise only when

the worker is asked to state a production target. We disregard the possibility of the formation of reference
points in the absence of an explicit goal (Pokorny, 2008). Corgnet et al. (2015) show that goals, even in the
presence of other reference points such as a reference earnings level, can boost effort by means of a loss-gain
utility component.
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and
b− µr(y − g)r−1 = 0. (4.15)

Define the optimal output and goal levels implied by these equations as (y∗∗, g∗∗). The
second order sufficient conditions for (y∗∗, g∗∗) to be a maximum are: 1) µ(r − 1)r(y −
g)r−2 − cyy(y, θ) < 0 for all y, g, and 2) det|H| = −cyy(y, θ)(r − 1)r(y − g)r−2 > 0 for all
y, g, such that y > g. It is straightforward to verify that these conditions hold at any y > g,
as µ(r− 1) < 0, r(y − g) > 0, and cyy(y, θ) > 0. Therefore the solution to (4.14) and (4.15)
is a maximum.

The optimal goal and output of an agent with goal-dependent preferences is described
in Proposition 2.

Proposition 2: An agent with goal dependent preferences chooses an output level y∗∗,
where y∗∗ satisfies a + b − cy(y∗∗, θ) = 0. The agent chooses a goal g∗∗ < y∗∗, where
g∗∗ = y∗∗ − ( b

µr )
1
r−1 .

Proof. We first show that y∗∗ = y∗. To see this, subtract (4.15) from (4.14). This results
in the condition a + b − cy(y, θ) = 0, which is the same first order condition on output in
the absence of goal dependent preferences. From equation (4.15), we have that y∗∗ − g∗∗ =
( b
µr )

1
r−1 .

The solution (g∗∗, y∗∗) exhibits some interesting features. The first is the existence
of piling-up. The agent systematically sets a goal that is strictly lower than her optimal
production level. The size of the piling-up effect decreases with the marginal monetary
benefits from achieving a goal, b, since a higher b increases the incentive to set a higher
goal. The extent of piling up also increases with the weight given to the psychological payoff,
µ. The level of loss aversion does not influence the solution, since the optimum is always in
the domain of gains relative to the goal, and loss aversion only influences incentives in the
domain of losses.

The second important feature is that goal-dependent preferences do not affect the agent’s
output, only her goal. Thus, goal dependent preferences have the effect of reducing the cost
to the employer of achieving a given level of output. This is because they lead the agent to
reduce her goal to a less costly level, g∗∗ < y∗∗, than an agent with standard preferences
would set, g∗ = y∗ = y∗∗. Because lower goals represent lower expenditure to the employer,
goal-dependence reduces the cost of incentivizing an agent to produce a target level of
output y∗∗.
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4.3 The experiment

4.3.1 The general setting

Our dataset consists of 25 sessions, conducted at the CentERLab at Tilburg University. All
235 subjects who took part in the experiment were students at the university. Subjects were
recruited via an online system. On average, each session lasted approximately one hour.
Between five and eighteen subjects took part in each session. No subject participated more
than once in the experiment. The currency used in the experiment was Euros and we used
Z-Tree (Fischbacher, 2007) to implement the experiment. Subjects earned on average 14.13
Euros.

In the experiment, subjects performed a time-consuming real effort task under either a
self-chosen goal or a piece rate incentive scheme. The real effort task was the one employed
by Abeler et al. (2011), which consisted of counting the number of zeros in tables composed
of 150 randomly ordered zeros and ones. Just after submitting their answer, subjects would
be informed about whether their calculations were right or wrong and a new table would
appear. The task was unfamiliar to all participants. It entailed a cost of effort in terms of
attention and patience. In addition, the output of the task was of no use to the experimenter
so that the impact of any social preferences with regard to the experimenter were minimized.

Each session consisted of nine five-minute rounds of the same task. We paid subjects
at the end of the last round according to the total number of correct tables over the nine
rounds. There were three treatments that differed only in the performance incentives in
effect for the task: one that included a self-chosen goal (GOAL), one with a low piece
rate (LOPR) and a third with a high piece rate (HIPR). Forty-two subjects participated
in LOPR, ninety-three in HIPR, and one hundred in GOAL. The differences between the
conditions are described in the following subsection.

4.3.2 The Three Treatments

In the GOAL treatment, subjects had to choose, at the beginning of each round, a target
level g of correctly solved tables for that round. Achieving that goal would yield a monetary
bonus B, which was increasing in the goal level at a rate b = 20 (20 Eurocents). In addition
to the bonus if the goal is reached, subjects received a piece rate of a = 20 (20 Eurocents)
per correctly solved table y. Therefore, the payoff function of a participant assigned to the
GOAL condition in each round, in terms of Eurocents, was:

wGOAL = 20 · y − 20 · b13 ic+B(g, y), (4.16)
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with

B(g, y) =

20 · g if y ≥ g

0 if y < g.
(4.17)

For every third incorrectly solved table, i, a participant had 20 cents subtracted from her
earnings. This punishment was introduced to reduce guessing on the part of participants,
as well as to capture a situation in which there is a cost to the worker of making errors,
such as for example producing defective units of output.

In the LOPR treatment, subjects were paid a constant piece rate of α = 20 (20 Euro-
cents) for each unit of output. A penalty of 20 cents for every third incorrectly solved table
was also in effect. The per-round payoff function of a participant assigned to this condition
was the following:

wLOPR = 20 · y − 20 · b13 ic. (4.18)

The HIPR treatment was identical to LOPR except that subjects received a piece rate
of α = 50 (50 cents) for each unit of output, yielding a per-round payoff function of:

wHIPR = 50 · y − 50 · b13 ic. (4.19)

As in the other conditions, for every third incorrectly solved table, a participant incurred a
penalty equal to the piece rate of producing one unit of output (50 cents in the case of HIPR).

Figure 4.1 illustrates the incentives in effect in each condition. The horizontal axis
indicates the number of units of output (i.e. the number of correctly solved tables), and the
vertical axis measures the monetary earnings. The figure shows that for any level of output,
the compensation associated with HIPR strictly dominates that associated with LOPR and
GOAL. In turn, the earnings in GOAL weakly dominate those under LOPR for any output
profile.

The monetary incentives we used were chosen for specific reasons. The rate of 20 cents
per table in the LOPR treatment was chosen because it yields the same payoffs as the GOAL
condition without the bonus for the achievement of the target. A comparison between the
GOAL and the LOPR conditions would allow the effect of the addition of the bonus to be
isolated. The piecerate for HIPR, 50, was chosen so that for any output, the compensation
to the worker would be strictly greater than that from the GOAL contract. Then, if output
is equal under HIPR and under GOAL, we could claim that the same output could be
attained at strictly lower cost.12

12Individuals were randomized to treatments between, rather than within, experimental sessions. The
rationale for between-session assignment to treatment is that we have a policy of always reading all of our
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Figure 4.1: Incentives by treatment, earnings as a function of output

4.3.3 Predictions

The model proposed in Section 4.2 makes two predictions about treatment differences that
we evaluate in our experiment. The first is the predicted ranking of output among the three
treatments.

Prediction 1: Output is highest under HIPR, second highest in GOAL, and lowest under
LOPR.

Predicted output is given by the solution to a+ b− cy(y, θ) = 0. Though c(y, θ) is not
observable in the experiment, there is no reason to believe that it differs among the three
treatments. In the LOPR treatment, a = 20, and b = 0, since there is no bonus available.
In the HIPR treatment, a = 50 and b = 0. In the GOAL treatment a = 20 and b = 20.
Because cy > 0 it must be the case that the level of output that solves a+ b− cy(y, θ) = 0
is greatest under HIPR, followed by GOAL, and lowest under LOPR.

instructions aloud to make the instructions that all subjects have in a session common knowledge to all
participants. We thought it preferable for individuals who were working at a piecerate of 20 cents per table
not to know that others in the same session were earning 50 cents per table, and vice versa, to avoid the
introduction of social comparisons.



4.4. RESULTS 97

The second prediction concerns the difference between goals set and output attained,
and places the two different assumptions on preferences in the model in a competing position.

Prediction 2: In the GOAL treatment, piling up occurs. That is, agents achieve an output
strictly exceeding their goal.

This prediction is a consequence of the goal-dependent preferences described in Section
4.2. Under goal-dependent preferences, an individual’s output, y∗∗, must strictly exceed
her goal g∗∗. Under standard preferences, her output y∗ equals her goal g∗. Evaluating
this prediction is a means of discriminating between the two competing assumptions on
preferences.

4.4 Results

4.4.1 Output

We first compare the output generated under each treatment. We consider the determinants
of a subject’s delivered output by estimating the model in equation (4.20), where output is
specified as a function of treatment, measures of ability and gender. Moreover, output is
defined as the total number of correctly solved tables from round 2 onwards. As a proxy for
ability, we use the number of correctly solved tables in round 1, the number of incorrectly
solved tables in round 1, and the time (in seconds) the subject spent on the first table in
round 1. These measures are presumably relatively insensitive to treatment since they are
taken before subjects receive any feedback about their performance and resulting payoffs.13

The model has a Poisson count specification and in some specifications we used clustered
standard errors at the session level while in others we used session fixed effects (see Fréchette
(2012)). The estimates are given in Table 4.1.

Outputj = β0 + β1 ·HIPR+ β2 ·GOAL+ β3 · Female+ Γ′Abilitiesj + εsj (4.20)

The model in column (1) shows that without controls or session fixed effects, the treat-
ment differences are not significant. However, when the ability controls (column (2)) are
included or session fixed effects (columns (3) and (4)) are taken into account, both HIPR
and GOAL contracts induce an output that is higher than the LOPR contract, as predicted
by the theoretical framework in Section 4.2. The differences between the model in column

13Analogous measures of ability, based on first round performance, were used by Corgnet et al. (2015) and
Goerg and Kube (2012) in testing for differences between treatments in their studies.
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(1) and the other three models in Table 4.1 indicate that when the assignment to treatment
is taken into account, treatment differences emerge.14

Table 4.1: Determinants of Output
(1) (2) (3) (4)

(Output) (Output) (Output) (Output)
HIPR -0.008 0.065∗∗ 3.548∗∗∗ 2.52∗∗∗

(0.061) (0.030) (0.127) (0.820)
GOAL -0.0106 0.0350∗ 3.47∗∗∗ 2.438∗∗∗

(0.064) (0.021) (0.0939) (0.748)
Female -0.044 0.018

(0.040) (0.097)
Mistakes(r=1) 0.029 0.092

(0.021) (0.070)
Output (r=1) 0.108∗∗∗ 0.202∗

(0.010) (0.097)
Time Spent on 1st Table (r=1) -0.002∗ 0.005

(0.001) (0.006)
Constant 3.551∗∗∗ 3.216∗∗∗ 3.634∗∗∗ 2.331∗∗

(0.056) (0.099) (0.083) (0.866)
Observations 235 235 235 235
Session Fixed Effects No No Yes Yes
Note: This table presents the estimates of the model Outputj = β0+β1·HIPR+β2·GOAL+Γ′Abilitiesj+
β3 · Female + εsj with εjs ∼ poisson(µ). Outputj is the number of tables solved correctly in each
round 2 to 9. Abilitiesj contains measures of the ability of the subject. This matrix consists of the
variables Mistakes(r = 1), which represents the number of incorrectly solved tables in the first round,
Output(r = 1), the number of correctly solved tasks in the first round, and TimeSpent 1st Table (r = 1),
the number of seconds spent by the subject to solve the first table in round 1. Female is a dummy variable
indicating whether the subject is a female. All estimations employ a Poisson count regression specification.
Columns (1) and (2) present the estimates with standard errors clustered at the session level. Standard
errors are given in parentheses. Columns (3) and (4) are the estimates with session fixed effects and
standard errors clustered at the individual level. Columns (1) and (2) contain the estimates of the model
when Γ is a zero matrix. Columns (3) and (4) give the estimates of the complete model. *** denotes
significance at the 1 percent level, ** at the 5 percent level, and * at the 10 percent level.

Compared to under LOPR, output is on average 6.78% (p=0.031) higher under the
HIPR contract and 3.63 % (p=0.097) higher under the GOAL contract.15 Moreover, there
is no significant difference in output between the HIPR and GOAL conditions (χ2(1)= 1.22,
p=0.268).16 These results also hold with the estimates of the models presented in columns
(3) and (4). The fact that output under HIPR and GOAL exceed that of LOPR is consistent

14As robustness test, we also estimated a random effects regression of the number of correct tables per
round on treatment dummies, controls, and interactions between treatment dummies and Round. The
coefficients associated with "HIPR*Round" and "GOAL*Round" are significantly greater than the coefficient
of "LOPR*Round", and the p values of the F-tests are (p=0.020) and (p= 0.075), respectively.

15These calculations are based on the coefficients presented in Table 4.1. For example, to compare output
in HIPR and LOPR, we use the HIPR coefficient of model (2) and transform it with the exponential function
to yield exp(0.0656) = 1.0677.

16The result that the estimates of GOAL and HIPR for model (2) are not statistically different is robust
to the use of resampling methods. A bootstrap resampling with 1000 iterations and a jackknife resampling
corroborate that the null hypothesis of no difference cannot be rejected. These two methods guarantee
that the statistical inference is accurate by estimating the precision of the confidence intervals by randomly
drawing with replacement from the original sample or using subsamples.
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with our theoretical model in Section 4.2. However, the lack of a difference between HIPR
and GOAL is unanticipated by the model.

Hence, if the intention of the employer is to increase total output, both raising the piece
rate, as in HIPR, and introducing the self-chosen goal option, as in GOAL, are effective.
However, the GOAL contract is more cost effective than is HIPR, in that it costs less to
an employer to achieve the same level of output. While subjects under the HIPR contract
produced 2.16 tables per euro that they were paid, they produced 3.29 tables per euro under
the GOAL contract.17 We summarize this discussion as the following result:

Result 1 (Differences in output): The GOAL and the HIPR contracts yield greater
output than the LOPR contract, and similar output to each other. However, the GOAL
contract is more cost-effective for the employer than the HIPR contract.

Table 4.2: Determinants of Output Volatility
(1) (2) (3) (4)

Volatility Volatility Volatility Volatility
HIPR -0.091 -0.070 -.091 -0.070

(0.074) (0.075) (0.088) (0.088)
GOAL -0.178∗∗ -0.161∗∗ -.178 ∗∗ -0.161 ∗

(0.072) (0.072) (0.086) (0.086)
Round -0.021∗ -0.021∗ -.020 ∗ -0.021∗

(0.011) (0.011) (.011) (0.011)
Female -0.009 -0.009

(0.051) (0.061)
Mistakes (r=1) 0.044∗∗∗ 0.044∗∗

(0.015) (0.019)
Output (r=1) 0.020 0.020

(0.016) (0.019)
Time Spent on 1st Table (r=1) 0.001 0.001

(0.001) (0.001)
Constant 1.611∗∗∗ 1.401∗∗∗ 1.610∗∗∗ 1.401∗∗∗

(0.0889) (0.138) (.093) (0.158)
Observations 1880 1880 1880 1880
Estimation OLS OLS GLS GLS
Note: This table presents the estimates of the model V olatilityr,j = β0 + β1 · HIPR + β2 · GOAL + β3 ·
Round trendj +β4 ·Female+ Γ′Abilitiesr,j + εr,j . V olatilityr,j is defined as the absolute value of the difference
between output in rounds r− 1 and r, |yr − yr−1|. Abilitiesr,j contains variables related to the ability of the sub-
ject. This matrix contains the variable Mistakes(r = 1), which equals the number of incorrectly solved tasks in the
first round, Output(r = 1), the number of correctly solved tasks in the first round and TimeSpent 1st Table (r = 1)
is the number of seconds spent on solving the first table in round 1. Columns (1) and (2) present OLS estimates
of the model. Columns (3) and (4) are generalized least squared estimates with clusters at the individual level.
Columns (1) and (3) display the estimates of the model when Γ is a zero matrix. Columns (2) and (4) give the
estimates of the complete model. *** denotes significance at the 1 percent level, ** at the 5 percent level and * at
the 10 percent level.

17Subjects in the LOPR treatment earned 7.66 Euros on average, which is significantly lower than what
subjects earned on average in HIPR, 18.79 Euros (p < 0.001), and in GOAL, 12.52 Euros, (p < 0.001).
Subjects assigned to the GOAL treatment achieved lower earnings than those in HIPR (p<0.001).
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Table 4.3: Determinants of Whether Goal is Attained
(1) (2) (3) (4)

Attained Attained Attained Attained
Round 0.091∗∗∗ 0.092∗∗∗ 0.096∗∗∗ 0.095∗∗∗

(0.018) (0.018) (0.018) (0.018)
Female 0.125 0.126

(0.092) (0.103)
Mistakes (r=1) 0.043 0.042

(0.03) (0.03)
Output (r=1) 0.122∗∗∗ 0.123∗∗∗

(0.029) (0.032)
Time Spend on 1st Table (r=1) -0.002 -0.002

(0.002) (0.003)
Constant 0.167 ∗ -0.260 0.174∗ -0.258

(0.0951) (0.197) (0.102) (0.215)
Observations 900 900 900 900
Estimation Probit Probit RE Probit RE Probit
Note: This table presents the estimates of the model Attainedr,j = β0 + β1 · Round trendr + β2 · Female +
Γ′Abilitiesr,j + εr,j . Attainedj is a dummy variable indicating whether the subject j attained her self-chosen
goal in round r. Abilitiesr,j consists of measures relating to the abilities of the subject. This matrix contains the
variable Mistakes(r = 1), which equals the number of incorrectly solved tasks in the first round, Output(r = 1),
the number of correctly solved tasks in the first round, and TimeSpent 1st Table (r = 1) is the number of seconds
spent by the subject to solve the first table in round 1. Columns (1) and (2) present Probit estimates. Columns (3)
and (4) contain random effects Probit estimations. In columns (1) and (3), Γ is a zero matrix. Columns (2) and (4)
give the estimates of the complete model. *** denotes significance at the 1 percent level, ** at the 5 percent level
and * at the 10 percent level.

Next, we study treatment differences in output volatility, defined as the absolute differ-
ence between the number of tables solved correctly in one period and in the next |yr−yr−1|.
Table 2 shows that output volatility is lower in the GOAL than in the LOPR treatment
and that it decreases over rounds in all treatments, as indicated by the negative coefficient
on the variable Round. Moreover, Table 3 shows that the probability of achieving one’s
goal increases over time. Taken together, these two tables suggest that the assumption of
output certainty made in the theoretical model is more appropriate in the later than the
earlier periods.

4.4.2 Piling-up

In this subsection we test for the presence of piling-up. In Section 4.2, we showed that if
agents have goal-dependent preferences, they tend to outperform their goals. This is pre-
cisely what we observe in the GOAL treatment. While the average output is 4.19 tables per
round, the average goal is 3.8. This gap of 0.31 tables is statistically significant (p < 0.001)
though relatively small (9% greater than the goal).

Figure 4.1 shows that the piling-up effect appears from round 3 onward. By that time,
subjects have had the opportunity to learn about their ability to solve the task and adjust
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Figure 4.1: Average piling-up (output minus goal, y − g) by round

their goals accordingly. We observe an increase over time in both goal levels and the rate
at which they are achieved, which goes from 59% in round 1 to 86% in round 9. Moreover,
the estimates of the model of goal attainment in Table 3 show that the coefficient on the
variable Round is significant and positive. The fact that the piling-up effect exhibits a non-
decreasing trend suggests that it is a long-run feature of the data. This means that agents
have settled on their choice to pile up even after considerable experience with the task and
have determined that it is a good principle to follow. If piling up were caused by mistakes in
forecasting or risk aversion, it would presumably become less pronounced with repetition, as
participants’ uncertainty about their own performance diminishes as demonstrated above.
Result 2 summarizes these observations.

Result 2 (Piling-up): Subjects tend to consistently outperform their goals, and the gap
persists even as they gain more information about their performance.

In the next subsection, we study whether and how the self-chosen goals correlate with
performance.
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4.4.3 Correlation Between Goals and Output

In the experiment, we observe a positive relationship between goals and output (see Fig-
ure 4.2). When the goal lies between four and seven tables, the correlation coefficient is
ρcorrectj ,goalj=0.3557 (p<0.01). Goals in this range are attained in 70% of instances. The
highest output level is reached at what seems to be the maximum attainable goal for a
representative individual (seven tables). When the goal level is higher than seven tables, it
is never attained and in fact, the correlation between output and goals that are too high is
negative (ρcorrectj ,goalj=-0.1992). However, all of the observations in this high range of goals
come from round 1. Goals lower than four tables are attained in 90% of instances, but the
goal-output correlation coefficient is lower than that within the range of goals between 4
and 7 (ρcorrectj ,goalj=0.2286, p<0.01). All in all, this evidence suggests that when subjects
have some experience in the task, they set goals that are highly and positively correlated to
their performance, goals that are achievable yet challenging. We summarize this evidence
in the following result.

Result 3 (Goals and Output): Self-chosen goals and output are positively correlated
when subjects have some experience with the task.
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Figure 4.2: The relationship between goal g and output y (r > 1)
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4.5 Gender Differences

In this section, we investigate differences in the behavior of women and men in our experi-
ment. There is evidence from previous studies that women and men do react differently to
changes in incentives. For instance, some previous studies report that men perform better in
tournaments than under piece rate schemes, while women’s performance is the same under
both (Gneezy et al., 2003; Niederle and Vesterlund, 2007). In turn, women perform better
under flat rate wages than under pay-for-performance schemes, and they tend to self-select
into the former more often (Masclet et al., 2015). In this section, we consider whether
women respond differently than men to the incentives in a self-chosen goal contract.

4.5.1 Gender Differences in Treatment Effects

We begin by studying gender differences in output across treatments. To that end, we
split the sample by gender, and estimate the main model of equation (4.20). The results
are reported in Table 4.3. Compared to the LOPR contract, men increase their output
by 12.92% (p=0.026) when they work under the HIPR contract and by 13.00% (p=0.049)
when they work under the GOAL contract. The results are very different for women, who
achieve similar output under the three incentive schemes. While there is no significant
difference between the performance of women and men under HIPR (p=0.281), or under
LOPR (p=0.159), women produce approximately 14% less output than men under the
GOAL contract (p=0.084). Thus, the self-chosen goal contract is conducive to an increase
in productivity, but only for men. This result is in line with that of Smithers (2015) who
finds that exogenously imposed goals boost effort for men but not for women.

Result 4 (Gender Differences in Output): Men produce greater output under both
the self-chosen goal and the high-piece-rate contracts than under a low piece rate. The
performance of women is not different under the three contracts.

4.5.2 Gender Differences in Goal Setting

What explains the gender differences in performance under the self-chosen goal contract
relative to the low piece rate? To answer this question, we start by comparing the goals
that women and men set. As Table 4.2 shows, on average, women choose significantly
lower goals than men. This is true in each of the nine rounds of the experiment (see Fig-
ure 4.1). The average goal set by women is roughly half of a table lower than that set by
men (p<0.001). Moreover, women outperform their goals by 0.29 tables more than men
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Table 4.1: Determinants of Output by Gender
(1) (2) (3) (4)

Output Output Output Output
Sample (Male) (Female) (Male) (Female)
HIPR 0.122∗∗ 0.037 2.051∗∗∗ 2.509∗∗∗

(0.054) (0.050) (0.409) (0.483)
GOAL 0.122∗∗ -0.019 1.892∗∗∗ 2.662∗∗∗

(0.062) (0.044) (0.382) (0.423)
Mistakes (r=1) 0.0427 0.024 0.214∗∗∗ 0.092

(0.026) (0.025) (0.032) (0.056)
Output (r=1) 0.127∗∗∗ 0.089∗∗∗ 0.261∗∗∗ 0.162∗

(0.0106) (0.014) (0.047) (0.066)
Time Spent on 1st Table (r=1) -0.003∗ -0.002 0.007 0.005

(0.001) (0.001) (0.003) (0.003)
Constant 3.085∗∗∗ 3.272∗∗∗ 1.768∗∗∗ 2.543∗∗∗

(0.101) (0.096) (0.388) (0.522)
Observations 113 122 113 122
Session Fixed Effects No No Yes Yes
Note: This table presents the estimates of the model Outputj = β0 + β1 ·HIPR+ β2 ·GOAL+ Γ′Abilitiesj + εsj with εjs ∼
poisson(µ). Outputj is the number of correctly solved tables in rounds 2 to 9. Abilitiesj contains measures of subject’s ability.
This matrix contains the variableMistakes(r = 1), the number of incorrectly solved tables in the first round, Output(r = 1), the
number of correctly solved tasks in the first round and TimeSpent 1st Table (r = 1), the number of seconds spent by the subject
to solve the first table in round 1. All estimations have a Poisson count regression specification. Columns (1) and (2) present
the estimations with standard errors clustered at the session level. Columns (3) and (4) are estimates with session fixed effects
with standard errors clustered at the individual level. Columns (1) and (3) include only the data of male subjects. Columns (2)
and (4) include only the data of female subjects.*** denotes significance at the 1 percent level, ** at the 5 percent level, and *
at the 10 percent level.

do (p<0.05).18 Our model suggests that this, together with the fact that the ability of
women and men to perform the task is similar, reflects a gender difference in terms of the
goal-dependent component of their preferences.

Table 4.2: Average Behavior by Gender in GOAL

Gender Avg. Goal Avg. Piling-up Perc. Achieve Goal First Round Goal
Male 4.049 .2380 .739 4.204

(1.395) (1.862) (.439) (1.925)
Female 3.557 .527 .773 3.352

(1.246) (1.694) (.419) (1.230)
Total 3.798 .385 .756 3.77

(1.343) (1.783) (.4293) (1.656)
Note: This table presents the averages and standard deviations of goal levels, the difference between the goal level
and the output produced, the percentage of instances that the goal was achieved, and the goal set in the first round.
Standard deviations are in parentheses.

There are other potential explanations for why women might set lower goals than men,
18This result is robust to exclusion of the first round (p=0.088). In the first round, men set considerably

higher goals than men (p<0.01), as can be observed in Table 4.2. In fact, all of the unattainable goals
(g > 7) are set by men in the first round. However, all of these men adjust their goals in the second round,
setting them within the attainable range g < 8.
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Figure 4.1: Average goal by gender and round

relative to their performance. Two of these have to do with risk aversion and beliefs about
one’s own ability. Compared to men, women tend to be more risk averse (Croson and
Gneezy, 2009; Eckel and Grossman, 2008) and have more pessimistic beliefs about their
own ability (Scholz et al., 2002; Britner and Pajares, 2006). While higher risk aversion and
more pessimistic beliefs could, in principle, explain why women set lower goals when they
are uncertain about their abilities (see Appendix A), they cannot explain why women set
lower goals systematically across all rounds, because such uncertainty is greatly reduced by
the late rounds (see Tables 3.2 and 3.3 for evidence of this reduction). Therefore, in our
view, differences in risk preferences or beliefs are unlikely to be the source of the gender
differences under the GOAL contract.

Another possible explanation is that women and men update their goals differently after
receiving feedback about their performance. Buser (2016) and Gill and Prowse (2014), show
that women and men react differently to losing a tournament. Men react by demonstrating
a greater willingness to compete, while women react in the opposite manner. Inasmuch as
setting challenging goals is interpreted as establishing a competition with oneself, it may
be that women and men also react differently to reaching or failing to reach their goals,
and this could shed some light in understanding the gender differences under the GOAL
contract. We explore this conjecture in the following subsection by looking at the dynamics
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of goal adjustment.19

4.5.3 Goal Adjustment Dynamics

In order to study the manner in which subjects update their goals from one round to the
next, we estimate the following regression:20

gjr = θ1 · gj,r−1 + θ2 ·max(0, yj,r−1 − gj,r−1)+

θ3 ·max(0, gj,r−1 − yj,r−1) + θ4 · log(gj,1) + νjr,
(4.21)

where j is an individual and r indexes the round of the experimental session. Table ??
presents the GMM Arellano-Bond estimation of this model. The estimates show that sub-
jects react to success by setting higher goals in the next round, and react to failure by
setting lower goals. Notably, men and women adopt the same adjustment behaviour in re-
action to success or failure. They both decrease their goal by close to 0.5 tables after failing
to achieve their target, and increase their goal by close to 0.23 tables when the previous
round’s is achieved. F-tests, conducted on a regression that includes interaction terms for
max{0, yj,r−1−gj,r−1} and max{0, gj,r−1−yj,r−1} with gender, fails to reject the hypothesis
that restricting the coefficients on the interaction terms to be equal for both genders is in-
significant at p = 0.626 for max{0, gj,r−1− yj,r−1}, and p =.776 for max{0, yj,r−1− gj,r−1}.
This result means that we detect no difference in how the two genders respond to success
or failure when setting their subsequent goals.

Moreover, after accounting for adjustments to successes and failures, we observe that
subjects increase their goals significantly from round to round. This trend is significant
and not statistically different among males and females. However, male subjects set initial
goals that are 35% higher than those that females choose. This finding, together with the
result that the determinants of the dynamic process of goal setting are similar for the two
genders, suggests that this initial gap does not disappear over time. Male subjects tend
to set more challenging goals throughout the experiment, and this translates into greater
earnings. Women earn on average 7.5% less than men, even though they have a similar
ability to perform the task and the same opportunity to learn about their ability.21 These

19Another possible explanation for gender differences in the GOAL contract regards differences in prefer-
ences for competition. Niederle and Vesterlund (2007) show that women tend to shy away from competition
with others while men have a relative preference for competition. However, because we do not observe how
goals are interpreted, our design does not allow us to evaluate this conjecture.

20Note that this specification allows for the possibility that the goal is updated asymmetrically in response
to success or failure. Including only a one-round lag in the goal setting process has a similar fit as models
including lags of two or more rounds.

21This result is not minor, considering, for example, that the gender gap in earnings in the United States
for workers between 19-24 years old, the age of the subjects in our sample, is about 11% (U.S.Bureau of
Labor Statistics, 2013).
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observations are summarized in the following result.

Table 4.3: Determinants of Output by Gender
(1) (2) (3) (4)

Output Output Output Output
Sample (Female) (Female) (Male) (Male)
HIPR -0.007 0.0371 -0.016 0.122∗∗

(0.094) (0.050) (0.079) (0.054)
GOAL -0.019 -0.019 -0.008 0.122∗∗

(0.0912) (0.044) (0.086) (0.062)
Mistakes(r=1) 0.023 0.042

(0.025) (0.027)
Output(r=1) 0.089∗∗∗ 0.127∗∗∗

(0.014) (0.011)
Time Spend 1st Table (r=1) -0.002 ∗ -0.002∗∗

(0.001) (0.001)
Constant 3.529∗∗∗ 3.272∗∗∗ 3.580∗∗∗ 3.085∗∗∗

(0.084) (0.096) (0.066) (0.101)
Observations 122 122 113 113
Note: This table presents the estimates of the model Outputj = β0+β1·HIPR+β2·GOAL+Γ′Abilitiesj+
εsj with εjs ∼ poisson(µ). Outputj is the number of correct tables in rounds 2 to 9 .Abilitiesj contains
variables related to abilities. This matrix contains the variable ”Mistakes (r=1)Â´Â´ which represents the
number of incorrectly solved tasks in the first round, ”Output (r=1)Â´Â´the number of correctly solved
tasks in the first round and ”Time spend 1st Table (r=1)Â´Â´ is the seconds spent by the subject to solve
the first table. All estimations use Poisson count regressions with clustered standard errors at the session
level, which are presented in parentheses. All estimations use Poisson count regressions with clustered
standard errors at the session level, which are presented in parentheses. Column (1) presents the estimates
of this model when Γ is a zero matrix and the sample is composed by male subjects. Column (2) presents
the estimates of the complete model and the sample is composed by male subjects. Column (3) presents the
estimates of this model when Γ is a zero matrix and the sample is composed by female subjects. Column (4)
presents the estimates of the complete model and the sample is composed by female subjects.*** denotes
significance at the 1 percent level, ** denotes significance at the 5 percent level and * denotes significance
at the 10 percent level.

Result 5 (Gender Differences in Goal Setting): Both men and women tend to in-
crease their goals after successfully attaining them, to decrease their goals after failing to do
so, and to exhibit an increasing trend in their goals over time. However, males set higher
initial goals than females, and this difference persists as participants gain experience.

4.6 Conclusion

In this paper we introduce a compensation scheme in which workers set their own pro-
duction targets and, as a consequence, their own bonuses. Our theoretical analysis of this
system yielded two main results. First, a self-chosen goal contract leads to a boost in
performance equal to that of an equivalently powered piece rate contract. Indeed, if the
worker has reference-dependent preferences, with the goal serving as the reference point,
the improvement in performance is obtained at a lower cost to the employer than under
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an increase in the piece rate. Second, when the agent has goal-dependent preferences, it is
optimal for her to choose a goal that she strictly outperforms.

We test the predictions of the model in a controlled laboratory setting. As predicted, a
higher piece rate leads to greater output. A contract in which a piece rate is supplemented
by the possibility to set one’s own goal and bonus also increases output. We also find
support for the presence of goal-dependent preferences. There is widespread piling-up, that
is, subjects systematically outperform their self-chosen goal. A comparison of behavior
under HIPR and GOAL reveals that a given output level can be attained at a lower cost
to the employer with a self-chosen goal contract than with a standard piece rate incentive
scheme.

The goal contract is more effective in increasing output for men than for women. While
the self-chosen goal contract increases men’s output compared to a low piece rate contract,
it does not affect women’s production levels. Women tend to set more modest goals in
comparison to their abilities. The gender differences in the effectiveness of the self-chosen
goal contract are consistent with our model, if it is assumed that the genders tend to differ
in the average parameter values of the goal-dependent component of the preferences. For
example, if women tend to have larger values of µ, placing more weight on goal-dependent
preferences, their performance will tend to exceed their goals by a greater margin than that
of men. Furthermore, if women are more risk averse than men on average, the average
woman might set lower goals than men with comparable ability. However, it is difficult to
reconcile this conjecture with the fact that the gender gap in goal setting does not diminish
with repetition of the task, even as the environment becomes less risky over time.

We also find that output is higher under HIPR than under LOPR for men, but not
for women. This is also consistent with our model, if it is the case that the cost function
of output tends to differ between genders. If the marginal cost of output is steeper in the
relevant range, an agent’s behavior displays less responsiveness to a change in the piece rate.
Nonetheless, although it is not included in our model, income effects may be present that
cause the supply of labor to be backward-bending, and thus cause individuals to produce
less output under a higher piece rate. If the average magnitude of these effects differ between
the genders, they can generate differences between them in terms of average responsiveness
to changes in the piece rate.

We propose this incentive scheme to be implemented in the form of a performance
bonus. The monetary compensation, derived from achieving the self-chosen goal is to be
offered on top of the worker’s base-pay, which can be a piece rate, as in the paper, or a
fixed payment. This formulation has several advantages: first, it is cost efficient, many
organizations offer lump-sum bonuses for the achievement of objectives (Lazear and Shaw,
2007). A cost-equivalent self-chosen goal bonus, not only would allow workers to self-select
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into more motivating contracts as in Laffont and Tirole (1993), but also takes advantage
of the psychological utility gains that entail reaching a performance threshold. Second, it
complies with the theoretical result that for predominantly loss averse workers, the optimal
payment modality is binary, this is, it features a bonus and a base-pay (Herweg et al.,
2016). Third, it lessens well-known disadvantages from mere performance-based payments,
namely that they induce excessive self-selection of high ability workers, which is costly
in an environment with labor supply frictions, and that in an environment with output
uncertainty, high powered incentives are needed (Lazear, 2000).

A natural question to ask is how a self-chosen goal might compare to a contract where
the goal is chosen by the employer. The chief advantage of the self-chosen goal contract is
that it can exploit the private information that the employee has about her own ability, and
potentially align the incentives of employer and employee. On the other hand, an exogenous
goal set by an employer might be able to benefit from an additional motivating force for
the worker, the desire to reciprocate a generous wage offer chosen by an employer (Fehr
et al., 1998). Another interesting avenue for future research is to consider different levels
of bonuses. It is not clear at the moment how goal setting behavior is affected by the level
of the bonus. Higher bonuses can be more motivating, but they might induce people to
set their goals more conservatively to ensure that they reach them. These are avenues of
inquiry that can be taken up in future research.
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Appendix

4.A Goal setting under uncertain output and risk aversion

In the model of Section 2, which served as the source of the hypotheses for our experiment,
we assumed that the worker could choose her output y with certainty. We assumed that
she knew her ability θ and the relationship whereby ability translated into output. In
this appendix we introduce uncertainty. We have in mind a situation in which the worker
exerts her full effort on the task but can make errors and experience delays while doing so,
making the final output uncertain at the moment she sets a goal. The worker knows the
distribution of output F (y), which we assume has support [0, ymax], a density function f(y)
and an expected value E(y) = ŷ.

We start by considering the case in which the worker has standard preferences over
money only, and a linear risk-neutral utility function. We then consider the case in which
the goal setter is risk averse. We then extend the analysis to goal dependent utility. In
each of the cases, we show that introducing uncertainty and risk aversion is not sufficient
to generate piling up. Indeed, we show that there exist conditions under which workers set
goals greater than their expected output. We refer to setting a goal larger than expected
output as negative piling up.

Output uncertainty with linear utility for money

Consider a worker with standard preferences, as in Section 2.1, who is operating under the
goal contract. If there is no output uncertainty we know from Proposition 1 that the worker
sets her goal exactly equal to her output. At first glance, one might presume that if output
uncertainty is introduced and the worker is risk averse, piling up would result as individuals
set relatively low goals with higher probability of attainment. However, we show that this
intuition is not correct. When output is uncertain, the optimal goal can be chosen either
above or below expected output. This implies that the extent of piling up, ŷ − g, may be
either positive or negative. The key determinant of whether positive or negative piling up
occurs is the functional form of F (y).

115



116 BIBLIOGRAPHY

To illustrate this point, consider the following example. Suppose a worker is considering
setting g = ŷ, and that 1−F (ŷ) = 0.5, so that there would be a 0.5 probability of achieving
the goal, and being awarded the bonus bg = bŷ. For the moment, we ignore the cost of
effort and set c(y) = 0. Setting a goal of g = 2ŷ doubles the bonus received to 2bg. If
the probability of achieving the goal 2ŷ is greater than 0.25, the worker would be better
off setting the goal g = 2ŷ that exceeds her expected output than a goal that equals her
expected output. If the worker is similarly better off increasing her goal for any g ≤
ŷ, negative piling up occurs. Notice that the introduction of risk aversion, if sufficiently
modest, would not eliminate the possibility of negative piling up, let alone guarantee that
piling up occurs. Hence, risk aversion is not a sufficient condition for piling up.22

More formally, consider a goal g′ such that g′ > ŷ. We are interested in the conditions
under which E(U(ŷ, g′)) > E(U(ŷ, g)) for all g < g′. This inequality can be written as

∫ g

0
αy − c(y, θ)f(y)dy +

∫ ymax

g
αy + bg − c(y, θ)f(y)dy <

∫ g′

0
αy − c(y, θ)f(y)dy +

∫ ymax

g′
αy + bg′ − c(y, θ)f(y)dy.

(4.22)

The left side of the above inequality (4.22) is the expected payoff from setting a goal of
g, while the right side is the expected payoff from setting a goal of g′. The first term on
the left hand side indicates the payoff to an individual who sets a goal equal to g in cases
in which she fails to achieve it, that is when y < g. The second term on the left hand
side corresponds to the range of y exceeding the goal. The two terms on the right side are
analogous terms for a goal of g′.

Subtracting
∫ ymax

0 αy − c(y, θ)f(y)dy from both sides, and noting that b, g, and g′ are
constants that can be pulled outside the integrals, we have that

∫ ymax
g f(y)dy∫ ymax
g′ f(y)dy

<
g′

g
. (4.23)

The right hand side of (4.23) is the ratio of the bonus received if goal g′ is reached com-
pared to when g is reached. The left hand side is the inverse of the ratio of the probabilities
that each of the goals is reached. The inequality shows that a worker sets a goal g′ > g

when the probability of achieving the higher goal decreases at a sufficiently small rate, so
that there is greater expected payoff under the higher goal despite the lower probability of
achieving it. Note that this property is independent of whether g′ is less than, equal to,
or greater than ŷ. Rather, it depends on the shape of the probability density function of
output. If (4.23) holds for all g ≤ ŷ, for some g′ > ŷ, negative piling up, setting a goal

22Proposition 2 already showed that risk aversion is not a necessary condition for piling-up either.
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g > ŷ, occurs.
Example 1 below provides a probability density function for which there exists some

g′ > ŷ, for which the inequality in equation (4.23) holds for all g ≤ ŷ, and thus for which a
rational individual sets a goal greater than her expected performance. The key property of
Example 1 is that the probability of achieving a goal declines at a sufficiently slow rate as
the goal increases. In such cases, it can be attractive for the worker to set a seemingly very
high goal, even though she has a high probability of failing to attain it.

Example 1

Consider a situation in which the probability density function that governs the probability
of achieving a level of output is

f(y) =

1.1− y, if y ∈ [0, 1),

0.1, if y ∈ [1, 5].
(4.24)

with support [0, 5]. Also, assume that α = β = 1. The expected output level is E(y) = 17
12 .

We argue that any goal g ≤ 17
12 , yields a lower payoff than a particular goal greater than

expected output, g′ = 2. We rewrite the inequality in (4.23) using the parameters of this
example as

∫ 1
g 1.1− ydy +

∫ 5
1 0.1dy∫ 5

2 0.1dy
<

2
g

(4.25)

for g < 1 and ∫ 5
g 0.1dy∫ 5
2 0.1dy

<
2
g

(4.26)

for g ∈ [1, 17
12 ].

Solving these integrals, we obtain

(1.1y − y2

2 )
∣∣∣∣1
g

+ 0.1y
∣∣∣∣5
1

0.1y
∣∣∣∣5
2

<
2
g

(4.27)

for g < 1 and

0.1y
∣∣∣∣5
g

0.1y
∣∣∣∣5
2

<
2
g

(4.28)
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for g ∈ [1, 17
12 ]. Evaluating their limits we obtain the following conditions

0.5g3 − 1.1g2 + g < 0.6; ∀g < 1, (4.29)

and
g

2 −
g2

10 < 0.6; ∀g ∈ [1, 17
12]. (4.30)

The above inequalities hold for any g ≤ 17
12 , and indeed for any g < 2. Hence, the worker

never sets a goal at or below the expected value of her output, since she is always better
off setting a goal of 2. Since 2 > ŷ, negative piling up occurs, and the goal is set at a level
greater than expected effort.

Output uncertainty with strictly concave utility for money

In this subsection, we extend our analysis above to the case in which the worker’s utility
for money exhibits diminishing returns, so that the worker is risk averse over the monetary
compensation that she receives.23

We assume that the benefit function of the agent v(αy + bg), her utility function over
pecuniary payoffs, satisfies the following conditions:

Assumption 2: v(0) = 0, vy(αy + bg) > 0 and vyy(αy + bg) < 0.

In the absence of output uncertainty, by Proposition 1, a worker with (strictly) concave
utility of money chooses a goal level equal to the optimal output, g = y∗ where y∗ satisfies
(α+ b)vy((α+ b)y∗)− cy(θ, y∗) = 0. Output is set at the level at which the marginal benefit
of output equals marginal cost, just as in the case of linear utility. Thus, in the case of
output certainty, risk aversion per se does not affect the difference between goal and output,
in fact the key determinant of goal and output choice is the level of the marginal utility of
income.

As shown earlier under output uncertainty and risk neutrality, the goal can be set either
below or above the expected output. The condition under which a worker with strictly
concave utility of money sets goals that are above the expected output are analogous to
the conditions shown above for the case of risk neutrality, though somewhat more complex.
Negative piling up occurs when the inequality in (4.31) is satisfied.

23Note that risk aversion in output is already present under the utility specifications that we just con-
sidered. The aversion to output uncertainty stems from the convexity of the cost disutility, which induces
concavity of the utility function.
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∫ g

0
v(αy)− c(y, θ)f(y)dy +

∫ ymax

g
v(αy + bg)− c(y, θ)f(y)dy <

∫ g′

0
v(αy)− c(y, θ)f(y)dy +

∫ ymax

g′
v(αy + bg′)− c(y, θ)f(y)dy.

(4.31)

The left hand side of (4.31) corresponds to the expected utility from setting a goal g.
The first term represents the expected utility in the event that the agent fails to achieve
that goal. The second term represents the expected utility in the event that the goal is
achieved. The right hand side of the inequality represents the expected utility of the worker
when she sets a higher goal g′. A worker sets a goal g′ above the expected value of output
when the probability of achieving such a goal decreases sufficiently modestly relative to the
probability of achieving g, for all g ≤ ŷ. This situation makes it attractive to the worker to
set high goals. Equation (4.31) reduces to the following:

∫ ymax

g′
v(αy + bg′)− v(αy + bg)f(y)dy >

∫ g′

g
v(αy + bg)− v(αy)f(y)dy (4.32)

This condition shows, analogously to the case of linear utility for money, that the shape
of the probability density function of output influences whether inequality (4.32) holds,
even when the agent is risk averse. If there exists a g′ > ŷ such that (4.32) holds for all
g ≤ ŷ, then, negative piling up occurs. A strictly concave utility of money is not sufficient
for piling up to occur. Example 2 below provides a numerical illustration.

Example 2

Consider a risk averse agent who works under the goal contract and has an utility for money
with the functional form:

v(αy + βg) =

(αy)0.9 if y < g

(αy + βg)0.9 if y ≥ g,
(4.33)

Actual output is uncertain but the agent knows the distribution of output, which we
assume to be the same as in example 1 (see (4.24)). Recall that the expected output level
is ŷ = E(y) = 17

12 . As in Example 1, let g′ = 2. Under a goal of 2, the expected payoff to
the worker equals:

∫ 1

0
(1.1− y)y0.9dy +

∫ 2

1
0.1y0.9dy +

∫ 5

2
0.1(2 + y)0.9dy. (4.34)

The first term is the expected payoff in the regions in which output y turns out to be
less than 1. The second term corresponds to cases in which output is greater than 1, but
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less than the goal of 2. The third term applies to the range in which output is greater than
2, when the bonus g′ = 2 is awarded to the agent. Solving these integrals and evaluating
their limits we find

−0.34(y − 1.67)y
19
10

∣∣∣∣1
0

+ 0.05y
19
10

∣∣∣∣2
1

+ 0.05(2 + y)
19
10

∣∣∣∣5
2
' 1.76. (4.35)

The expected payoff from a setting a goal g ∈ [0, 1) equals

∫ g

0
(1.1− y)y0.9dy +

∫ 1

g
(1.1− y)(y + g)0.9dy +

∫ 5

1
0.1(g + y)0.9dy (4.36)

In this range, the expected payoff varies from a minimum of 1.301 for a goal of 0 to a
maximum of 1.621 for a goal of 1. The expected payoff from a setting a goal g ∈ [1, 17

12)
equals ∫ 1

0
(1.1− y)y0.9dy +

∫ g

1
0.1y0.9dy +

∫ 5

g
0.1(g + y)0.9dy (4.37)

The expected payoff from setting a goal in the range from 1 to ŷ = 17
12 is between a

minimum of 1.621 for a goal of 1 to a maximum of 1.7021 for a goal of 17
12 . Thus, for all

goals g < 1, the value of equation (4.36) is less than the value of (4.35). Similarly, for
any goal g ∈ [1, 17

12) the value of (4.37) is less than that of (4.35). The expected payoff
from setting a goal equal to 2 is greater than under any alternative goal that is less than
the expected value of output. Therefore, it is optimal to set a goal greater than expected
output, even though the agent is risk averse.

Output uncertainty with goal-dependent preferences

Now consider the case in which the agent has goal-dependent preferences. We are interested
in whether it could be optimal for the agent to choose a goal above her expected output ŷ.
As before, the worker chooses to set a goal g′ higher than the expected output when the
expected payoff of choosing g′ is greater than that of any goal g < ŷ.

Formally, the condition determining whether an agent sets a goal g′ greater than ŷ is
that E(U(ŷ, g′)) > E(U(ŷ, g), for all g ≤ ŷ for some g′ > y. This condition can be written
as:

∫ g

0
αy − λµ(g − y)r − c(y, θ)f(y)dy +

∫ ymax

g
αy + bg + µ(y − g)r − c(y, θ)f(y)dy

<

∫ g′

0
αy − λµ(g′ − y)r − c(y, θ)f(y)dy +

∫ ymax

g′
αy + bg′ + µ(y − g′)r − c(y, θ)f(y)dy.

(4.38)
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Substracting the cost function c(y, θ) and the piecerate compensation αy we obtain

−
∫ g

0
λµ(g − y)rdy +

∫ ymax

g
bg + µ(y − g)rf(y)dy

<

∫ g′

0
−λµ(g′ − y)rf(y)dy +

∫ ymax

g′
bg′ + µ(y − g′)rf(y)dy.

(4.39)

This can be re-arranged to get

−
∫ g

0
λµ(g − y)rf(y)dy +

∫ g′

0
λµ(g′ − y)rf(y)dy +

∫ ymax

g
µ(y − g)rf(y)dy −

∫ ymax

g′
µ(y − g′)rf(y)dy

<

∫ ymax

g′
bg′f(y)dy −

∫ ymax

g
bgf(y)dy.

(4.40)
The right side of this equation is the difference in monetary benefits between the two

goal levels, conditional on the agent reaching her goal. It is positive if the higher goal g′

yields a greater expected payoff than the lower goal g. The left side is the difference in the
reference-dependent component of utility between the two goals, with that of g′ subtracted
from that of g. This expression is positive since

∫ g
0 λµ(g−y)rdy <

∫ g′
0 λµ(g′−y)rf(y)dy and∫ ymax

g µ(y − g)rf(y)dy >
∫ ymax
g′ µ(y − g′)rf(y)dy given that the probability of achieving a

challenging goal g′ is lower than that achieving a goal g. When the probability of achieving
a goal decreases sufficiently slowly as the goal increases, the expected monetary payoff from
setting a higher goal can outweigh the psychological benefits of setting a lower goal that is
more likely to be achieved.

Note that when compared to the standard preferences case, the conditions that guarantee
E(U(ŷ, g′)) > E(U(ŷ, g)) are more stringent when the agent has goal-dependent preferences.
This is because in the case of standard preferences, it is sufficient that the higher goal yield
greater expected monetary payoff for it to be chosen. However, under reference dependent
preferences, the higher goal must yield a great enough expected monetary payoff advantage
that it more than offsets the higher psychological utility from the lower goal. This suggests
that subjects with reference-dependent preferences are more likely to set a goal that is lower
than E(y) and therefore are more likely to pile-up.
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4.B Experimental instructions

Experiment Instructions 20 cent treatment

This is an experiment in the economics of decision-making. The instructions are simple
and if you follow them carefully and make good decisions, you might earn a considerable
amount of money, which will be paid to you via bank transfer. The amount of payment you
receive depends on your decisions. The currency is Euros and the payment to you will be
in Euros.

Once the experiment has started, no one is allowed to talk to anybody other than the
experimenter. Anyone who violates this rule will lose his or her right to participate in this
experiment. If you have further questions when reading these instructions please do not
hesitate to raise your hand and formulate the question to the experimenter.

What do you have to do?
The experiment consists of a sequence of 9 rounds of 5 minutes each. In each round

your task is to count zeros in a series of tables. The figure shows the work screen that you
will use later.
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When faced with this screen you have to insert in the box, located on the right side of
the screen, the exact number of zeros that appear in the table set in the left side of the
screen. After you have entered the number, click the OK button. If you entered the correct
number of zeros you will receive 20 cents, but if your input was wrong you will receive
nothing and you will be accounted with one "fail". Furthermore, with three "fails" 20 cents
will be deducted from your total earnings. Immediately after you are notified whether you
solved a table correctly or not, a new table will be displayed and you are again expected to
count the number of zeros. This procedure is repeated until the time is up. In total, you
have 5 minutes per round. In other words, you have 5 minutes to solve as many tables as
you can in each round and you will have 9 rounds. The elapsed time is displayed above the
input box as you can see in the image displayed above.

Counting Tips: Of course you can count the zeros in anyway you want. Speaking
from experience, however, it is helpful to always count two zeros at once and multiply the
resulting number by two at the end. In addition, you miscount less frequently if you track
the number you are currently counting with the mouse cursor.

Total earnings per round
To clarify, your total compensation in each round will be :The number of tables you

solve during the round nt at the rate of 20 cents each. This is summarized as follows:

Et = nt ∗ 20

Total earnings The total earnings of the experiment are the sum of compensations for
each round. This is summarized as follows

E = E1 + ...+ E9

For further comprehension we provide some examples.
Example 1
Assume that in some round you solved two tables correctly. Your earnings are therefore:

Earnings = 2 ∗ 20 = 40

Thus, you earn a total of 40 cents or 0.4 Euros.
Example 2
Assume that in some round you solved three tables correctly. Your earnings are there-
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fore:

Earnings = 3 ∗ 20 = 60

Thus, you earn a total of 60 cents or 0.6 Euros.
Example 3.
Assume that in some round you solved three tables correctly but you had 4 fails. Your

earnings are therefore:

Earnings = 3 ∗ 20− 20 = 40

Thus, you earn a total of 40 cents or 0.4 Euros.
Questions
To be sure that you understood correctly this instructions you need to answer the

following questions.

1. You solved four tables correctly. Your earnings are therefore:

2. You solved two tables correctly and had one "fail". Your earnings are therefore:

3. You solved four tables correctly and had seven "fails". Your earnings are therefore:

Final Remarks
After you are done please wait in your chair a questionnaire will be provided and the

experimenter will go to your seat and proceed to get your bank account number to pay
your total gains in the experiment. Please keep in mind throughout the experiment that
you cannot use the Enter key to proceed to the next screen. Instead you are advised to use
the mouse to click the respective buttons.

Experiment Instruction 50 cent treatment

This is an experiment in the economics of decision-making. The instructions are simple
and if you follow them carefully and make good decisions, you might earn a considerable
amount of money, which will be paid to you via bank transfer. The amount of payment you
receive depends on your decisions. The currency used in the market is Euros. The payment
to you will be in Euros.

Once the experiment has started, no one is allowed to talk to anybody other than the
experimenter. Anyone who violates this rule will lose his or her right to participate in this
experiment. If you have further questions when reading these instructions please do not
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hesitate to raise your hand and formulate the question to the experimenter.

What do you have to do?
The experiment consists of a sequence of 9 rounds of 5 minutes each. In each round

your task is to count zeros in a series of tables.
When faced with the this screen you have to insert in the box, located on the right

side of the screen, the exact number of zeros that appear in the table set in the left side
of the screen. After you have entered the number, click the OK button. If you entered
the correct number of zeros you will receive 20 cents, but if your input was wrong you will
receive nothing and you will be accounted with one "fail". Furthermore, with three "fails" 20
cents will be deducted from your total earnings. Immediately after you are notified whether
you solved a table correctly or not, a new table table will be displayed and you are again
expected to count the number of zeros. This procedure is repeated until the time is up.
In total, you have 5 minutes per round. In other words, you have 5 minutes to solve as
many tables as you can in each round and you will play for 9 rounds. The elapsed time is
displayed above the input box as you can see in the image displayed above.

Counting Tips: Of course you can count the zeros in anyway you want. Speaking
from experience, however, it is helpful to always count two zeros at once and multiply the
resulting number by two at the end. In addition, you miscount less frequently if you track
the number you are currently counting with the mouse cursor.

Total earnings per round
To clarify, your total compensation in each round will be :The number of tables you

solve during the round nt at the rate of 20 cents each. This is summarized as follows:

Et = nt ∗ 20

Total earnings The total earnings of the experiment are the sum of compensations for
each round. This is summarized as follows

E = E1 + ...+ E9

For further comprehension we provide some examples.
Example 1
Assume that in some round you solved two tables correctly. Your earnings are therefore:

Earnings = 2 ∗ 20 = 40
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Thus, you earn a total of 40 cents or 0.4 Euros.
Example 2
Assume that in some round you solved three tables correctly. Your earnings are there-

fore:

Earnings = 3 ∗ 20 = 60

Thus, you earn a total of 60 cents or 0.6 Euros.
Example 3.
Assume that in some round you solved three tables correctly but you had 4 fails. Your

earnings are therefore:

Earnings = 3 ∗ 20− 20 = 40

Thus, you earn a total of 40 cents or 0.4 Euros.
Questions
To be sure that you understood correctly this instructions you need to answer the

following questions.

1. You solved four tables correctly. Your earnings are therefore:

2. You solved two tables correctly and had one "fail". Your earnings are therefore:

3. You solved four tables correctly and had seven "fails". Your earnings are therefore:

Final Remarks
After you are done please wait in your chair a questionnaire will be provided and the

experimenter will go to your seat and proceed to get your bank account number to pay
your total gains in the experiment. Please keep in mind throughout the experiment that
you cannot use the Enter key to proceed to the next screen. Instead you are advised to use
the mouse to click the respective buttons.

Experiment Instructions goal contract treatment

This is an experiment in the economics of decision-making. The instructions are simple and
if you follow them carefully and make good decisions, you might earn a considerable amount
of money, which will be paid to you via bank transfer at the end of the experiment. The
amount of payment you receive depends on your decisions. The currency used throughout
the experimentis Euros. The payment to you will be in Euros.
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Once the experiment has started, no one is allowed to talk to anybody other than the
experimenter. Anyone who violates this rule will lose his or her right to participate in this
experiment. If you have further questions when reading these instructions please do not
hesitate to raise your hand and formulate the question to the experimenter.

What do you have to do?
The experiment consists of a sequence of 9 rounds of 5 minutes each. In each round

your task is to count zeros in a series of tables.
When faced with this screen you have to insert in the box, located on the right side of the

screen, the exact number of zeros that appear in the table set in the left side of the screen.
After you have entered the number, click the OK button. If you entered the correct number
of zeros you will receive 20 cents, but if your input was wrong you will receive nothing
and you will be accounted with one "fail". Furthermore, with three "fails" 20 cents will be
deducted from your total earnings. Immediately after you are notified whether you solved
a table correctly or not, a new table table will be displayed and you are again expected to
count the number of zeros. This procedure is repeated until the time is up. In total, you
have 5 minutes per round. In other words, you have 5 minutes to solve as many tables as
you can in each round and you will play for 9 rounds. The elapsed time is displayed above
the input box as you can see in the image displayed above.

Counting Tips: Of course you can count the zeros in any way you want. Speaking
from experience, however, it is helpful to always count two zeros at once and multiply the
resulting number by two at the end. In addition, you miscount less frequently if you track
the number you are currently counting with the mouse cursor.

Your prediction and its prediction:
At the beginning of each round you will be asked to predict the number of tables that

you think you could solve correctly in that specific round. If your prediction is correct or
you surpass it, we will provide you an additional monetary reward.

At this point it is important to point out that the monetary reward is not fixed but it
increases as the prediction increases. This is, if your prediction is high and you achieve or
surpass it you will be given a high monetary reward. But, if your prediction is low and you
accomplish it or surpass it you will be given a low monetary reward. Also be aware that
if you set a very high prediction and you cannot accomplish it you will gain no monetary
reward. The formula that we use for this monetary reward is given next with nt the number
of correct tables that you solved in a round and at your prediction for the same round.
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Bt =

at ∗ 20 if at ≤ nt

0 if at > nt

Total earnings per round
To clarify, your total compensation in each round will be :The number of tables you

solve during the round nt at the rate of 20 cents each. Plus the additional monetary reward
in case you achieve or surpass your prediction. This is summarized as follows:

Et = nt ∗ 20 +Bt

Total earnings The total earnings of the experiment are the sum of compensations for
each round. This is summarized as follows

E = E1 + ...+ E9

For further comprehension we provide some examples.
Example 1 at = nt = 2
Assume that in some round you predicted to solve two tables correctly and you actually

solved two tables correctly. Your earnings are therefore

Earnings = 2 ∗ 20 + 2 ∗ 20 = 80

Thus, you earn a total of 80 cents.
Example 2 at = 3, nt = 2
Assume that in some round you predicted to solve three tables correctly and you actually

solved two tables correctly. Your earnings are therefore:

Earnings = 2 ∗ 20 = 40

Thus, you earn a total of 40 cents.
Example 3 at = 2, nt = 3
Assume that in some round you predicted to solve two tables correctly and you actually

solved three tables correctly. Your earnings are therefore:

Earnings = 3 ∗ 20 + 2 ∗ 20 = 100

Thus, you earn a total of 100 cents.
Example 4 at = 2, nt = 3
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Assume that you predicted to solve two tables correctly and you solved three tables
correctly. But you miscounted a fourth, fifth and sixth table. Your earnings are therefore:

Earnings = 3 ∗ 20− 20 + 2 ∗ 20 = 80

Thus, you earn a total of 80 cents.
Questions

To be sure that you understood correctly this instructions you need to answer the
following questions.

1. You solved three tables correctly; you predicted to solve two tables correctly. Your
earnings are therefore:

2. You solved one table correctly; you predicted to solve one table correctly. Your earn-
ings are therefore:

3. You solved two tables correctly; you predicted to solve one table correctly. Your
earnings are therefore:

4. You solved two tables correctly; you predicted to solve one table correctly. You
miscounted 4 tables. Your earnings are therefore:

Final Remarks
After you are done please wait in your chair, a questionnaire will be provided and the

experimenter will go to your seat and proceed to pay your total gains in the experiment.
Please keep in mind throughout the experiment that you cannot use the Enter key to
proceed to the next screen. Instead you are advised to use the mouse to click the respective
buttons.
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Chapter 5

A Probability Weighting Contract

5.1 Introduction

Understanding the reach and consequences of incentives is of crucial interest to economists.
An allocation of incentives could alter relevant economic outcomes given its capacity to
modify the pursuits of individuals. This is the central message of the seminal work by
Holmstrom on the optimal usage of monetary incentives by the principal, to motivate his
workers to exert costly effort on a project (Holmstrom, 1999; Holmstrom and Milgrom, 1991;
Holmstrom, 1979). This paper presents a novel incentives scheme designed to motivate
workers that face a production task. The novelty of this contract does not stem from
the monetary incentives that it features, but rather from its capacity to take advantage
of a behavioral bias: The contract is designed to exploit the regularity that individuals
overweight small probabilities. A theoretical model and a laboratory experiment show that
workers that face this contract, exhibit higher performance as compared to a cost-equivalent
piece rate contract.

The traditional focus of optimal contracting has been the usage of monetary incentives
to motivate the worker. However, recent literature has highlighted the motivational effect
of non-monetary incentives. Tools such as production goals (Corgnet et al., 2015; Gómez-
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Miñambres, 2012), status incentives, (Besley and Ghatak, 2008; Moldovanu et al., 2007;
Auriol and Renault, 2008), and peer-surveilled environments (Falk and Ichino, 2006) expand
the employer’s set of actions to motivate the worker. These incentives are attractive for the
principal inasmuch as their power does not rely on monetary rewards, but rather on their
capacity to take advantage of behavioral biases, to enhance the motivation of the individual
to perform in the task.1 This makes these compensation modalities not only inexpensive to
implement, but also cost-efficient with respect to the output they deliver.

I propose a novel incentive scheme that combines monetary and non-monetary incen-
tives. In the contract, named the “probability contract” , a worker is paid according to
her performance in a set of randomly chosen periods, and the principal is able to choose
the number of periods, but not the specific periods, that compose this set. Note that the
action of the principal is analogous to choosing the probability that a period is selected for
payment. The contract specifies the following timing, the principal moves first by choosing
the probability that performance in a period is evaluated. Afterwards, this choice is commu-
nicated to the agent before she engages in the productive task, therefore, her choice on how
much effort to deliver is influenced by the principal’s choice. At the end of the productive
horizon, the number of periods, pre-specified by the principal, are randomly selected by a
trusted device, and the worker is compensated for her performance in those periods.

As an illustration, consider an employee who works 30 days a month, and whose task is
to manufacture pencils. Under the proposed scheme, her monthly payment does not reflect
the total number of produced pencils in the month, but the number of produced pencils
on the specific days that are chosen by a device (e.g. a lottery) at the end of the month.
Assume that the manager has chosen a probability of 1/30, this means that production in
a randomly chosen day of the month counts toward compensation. The worker is informed
about this choice, and her decision about how many pencils to manufacture is a response to
that probability. At the end of the month, a lottery, trusted by both parties, determines that
day 12 of the month, say June 12, is chosen for evaluation, and the worker is compensated
according to her production performance on that day.

This contract aims to exploit the regularity that individuals distort probabilities sys-
tematically. Specifically, that individuals overweight small probabilities. With the proposed
contract, the principal could specify a small probability of evaluation for each period, which
is perceived to be larger by the worker if she distorts probabilities systematically. This
motivates the worker to exert higher effort in each period than if she had evaluated these
probabilities linearly. The aggregation of such effect over all the productive horizon yields

1For instance, letting the agent set a production goal induces psychological losses from falling short to
achieve such target, which boosts the exertion of effort. Similarly, non-monetary awards or rank-based
incentives exploit the individuals’ inherent preferences for status to set higher effort.
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higher productivity than a traditional payment scheme, for which performance evaluation
is constant, hence, this effect being absent. As is shown from the data of the laboratory
experiment, subjects exhibit higher performance when they work under the probability
contract with low evaluation probability (1 out of 10 experimental periods) than under a
cost-equivalent piece rate.

Section 5.2 presents a theoretical framework that depicts a set of predictions about the
agent’s behavior under the proposed scheme. I compare the incentives delivered by the
probability contract to those of a classical piece rate contract. To simplify the analysis, I
assume that these two contracts yield the same expected monetary incentives, and they only
differ on the frequency at which performance is evaluated. I find that agents that distort
probabilities systematically exhibit higher performance levels under the proposed probabil-
ity contract, but only when the probability chosen by the principal is small. Appendix A
presents the principal’s choice regarding the evaluation frequency of the probability con-
tract. When faced with this choice, the principal prefers a small probability of evaluation,
given that he anticipates that the agent distorts probabilities systematically.

Section 5.3 describes the experimental design. The experiment consists of two parts:
in the first part, subjects work on a real effort task for ten four-minute periods, and are
compensated according to performance in this task. The specific monetary incentives offered
to the participants vary with the treatment assignment. A subject could be assigned to one
out of four treatments: i) A piece rate, paying a monetary amount for every correctly solved
task that she delivers, ii) a probability contract with low probability of evaluation, in which
only 10% of the periods are taken into account for performance evaluation, and payment, iii)
a probability contract with medium probability of evaluation, in which 33% of the periods
are evaluated and paid, and iv) a probability contract with high probability of evaluation,
in which 50% of the periods are evaluated and paid. I calibrate the parameters of the
experiment, in a way such that the expected payoffs in each of the treatment are the same.
In the second part of the experiment, subjects could choose between lotteries. This part of
the experiment is designed to elicit the subjects’ utility and probability weighting functions.
I use the bisection method proposed by Abdellaoui (2000), which has the advantage of not
requiring a functional form of the utility function to design the lotteries.

Section 5.4 presents the empirical results of the first part of the experiment. I show
that the probability contract with a low probability of evaluation yields higher performance
in the task than the rest of the contracts. A subject assigned to such treatment outper-
forms any other subject in the experiment by 0.5 standard deviations. This performance
boost is not anticipated by the subjects, whose beliefs about how well they perform do not
exhibit differences across treatments. This supports the hypothesis that the distortion of
probabilities is not entirely internalized by the individual.
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Section 5.5 analyzes the shape of the subjects’ utility and probability weighting func-
tions. The data from the second part of the experiment show that most of the subjects
exhibit linear utility functions. This goes in line with the observation that the curvature of
a utility function is found using the parameter free elicitation methodology only when the
stakes are large enough (Wakker and Deneffe, 1996). More importantly, subjects distort
probabilities systematically: they overweight small probabilities, but, in stark contrast with
most of the literature, they do not underweight large probabilities. All in all, the subjects’
average probability weighting function has an inversed S shape and high elevation. These
properties are robust to the inclusion of different reference points.

Section 5.6 studies how the properties of a subject’s probability weighting function
moderate the treatment effect. I find that a subject’s overweighting of small probabilities
explains the treatment effect in its totality. In other words, the assignment to the treatment
that features the probability contract with low probability of evaluation itself, does not
lead to boosts in performance. Instead, the performance improvements that arise from this
treatment appear once the subject overweight small probabilities, and these improvements
become higher, the higher is the subject’s overweighting of small probabilities. Moreover,
the subject’s overweighting of moderate probabilities does not capture the totality of the
treatment effect.

This paper contributes to several strands of literature. First, it adds to the literature
of behavioral contract theory (See Köszegi (2014) for a review). To my knowledge, my
contract is the first contract that deliberately takes advantage of the individuals’ systematic
distortion of probabilities. However, the idea that the principal can benefit from behavioral
biases is not new, and has been studied in other situations. For instance, DellaVigna and
Malmendier (2004) and Heidhues and Köszegi (2010) study how firms can design contracts
to take advantage of the agents’ time inconsistency, Fehr et al. (2007) and Herweg et al.
(2016) study the design of incentives when agents exhibit loss aversion, and Sandroni and
Squintani (2007) studied the design of contracts when agents are overconfident.

Second, it adds to the literature that investigates the effect of incentives on productivity
using a controlled laboratory environment (Charness and Kuhn, 2011). I test the motiva-
tional effect of the probability contract in an experiment using a between-subjects design.
This is akin to an ideal situation where an employer is able to offer different contracts to
his employees, to evaluate which one incentivizes them best. Other papers have studied in
the laboratory the motivational effects of tournament incentives (Bull et al., 2016), high
and low powered piece rates (Gneezy and Rustichini, 2000), and bonuses (Fehr et al., 1998),
among others.

The results of this study also build to the methodological literature that studies the
proper incentivization of subjects in the laboratory. The probability contract is based
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on Holt (1986)’s random-lottery incentive system. This system has proven not only to
avoid income effects in the laboratory (Lee, 2008), but also to provide robust estimates of
the subjects’ preferences (Baltussen et al., 2012; Hey and Lee, 2005; Cubitt et al., 1998).
The results of my paper show that economists interested in experiments, could use the
probability contract to incentivize subjects to work in a real effort task. This is an ideal
tool for researchers that would like to avoid income effects in such tasks in their design.
However, they should be aware that the probability of evaluation needs to be set to be
larger than 33%, to obtain performance levels similar to those delivered by a piece rate.

Finally, my results contribute to the literature that investigates the properties of the
probability weighting function (van de Kuilen and Wakker, 2011; Abdellaoui, 2000; Prelec,
1998; Wu and Gonzalez, 1996; Tversky and Fox, 1995; Tversky and Kahneman, 1992). I
study the subjects’ choices between lotteries whose outcomes reflect their previous earn-
ings on a real effort task. This may make these lottery outcomes more salient, and at the
same time it addresses a possible house money effect present in other studies (Ackert et al.,
2006). I find empirical evidence suggesting that individuals overweight small probabilities.
However, in contrast with previous studies, the subjects also overweight medium-sized prob-
abilities and the data do not support the empirical finding that subjects underweight large
probabilities. These results correspond to an S-shaped probability weighting function with
an elevation that is higher than previously documented.

5.2 The model

The theoretical framework compares the incentives delivered by two different pay-for-
performance incentive schemes. Although both schemes yield similar payroll costs for the
principal, they differ on the frequency in which output is evaluated. Under the piece rate
scheme, output is constantly evaluated, and the agent is compensated for all the produced
output. While under the proposed probability weighting contract, output has an evaluation
frequency that is chosen by the principal.

The model considers an agent with a time horizon of T periods t = 0, 1, ..., T . In each
period t, she makes a decision on the production level in a productive task, yt ≥ 0, that
is delivered to the principal. This decision is shaped by the monetary rewards provided by
the employer’s contract. Let me first define each of the contracts.

5.2.1 The contracts

A piece rate contract
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Consider first a situation in which the agent is offered a piece rate contract. Formally,
the worker is offered a wage scheme Wt = αyt, where α > 0 represents the monetary reward
given to the agent for every unit of output that she delivers. Note that under this contract,
the marginal incentives of production are constant; this means that an additional unit of
output delivered to the principal always adds the same monetary amount to the agent’s
compensation.

I assume that the agent has a utility for monetary rewards b(·) that is increasing and
two-times continuously differentiable.

Assumption 1: b(·) is a C2 function with b(0) = 0 and by(·) > 0.

Note that although the second derivative of the function b(·) exists, its sign is not
assumed. Later in the model, the predictions will be evaluated under the different signs
that the second derivative can attain.

The agent also experiences disutility from producing output, this reflects the notion
that working on the task requires attention, persistence, and effort, which can be depleting.
I model this disutility through the function c(yt, θ) an increasing, twice-differentiable and
strictly convex function.

Assumption 2: c(yt, θ) is a C2 function with cy(0, θ) = 0 cy(yt, θ) > 0, cyy(yt, θ) > 0
and cyθ(yt, θ) < 0.

The parameter 0 < θ ≤ 1 represents the agent’s ability. Higher ability levels, as cap-
tured by this parameter, allow the agent to have a flatter cost function and achieve higher
production levels.

All in all, the agent’s utility in period t could be written as

U(yt) = b(αyt)− c(yt, θ). (5.1)

A rational agent chooses a production level y∗t that satisfies the following first order
condition2

αby(αy∗t )− cy(y∗t , θ) = 0. (5.2)

Equation (5.2) shows that the optimal production level y∗t , increases with the agent’s
abilities θ and with higher powered monetary incentives α. The intuition of these relation-

2A necessary condition to attain a maximum of U(yt) is that α2byy < cyy(y, θ). I impose this assumption
whenever necessary.
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ships is that higher abilities make it less costly for an agent to achieve higher output levels,
and that higher monetary incentives motivate the agent to provide an additional unit of
output. For illustrative purposes consider the following functional forms c(yt, θ) = (yt/θ)2

2

and b(αyt) = (αyt)1−γ

1−γ , with −1 < γ < 1. For these functional forms, the optimal output

level chosen by the agent has the closed-form solution y∗t =
(

θ2

αγ−1

) 1
1+γ , where the positive

relationship between the optimal output level, and the skills of the agent and the offered
monetary incentives is straightforward.

The probability contract

Consider now the situation in which the agent is offered the probability contact. As
in the piece rate contract, this contract also offers a compensation based on the agent’s
performance on the task, with the difference that performance is paid only for some of the
productive periods. The number of periods that are used to calculate the employee’s pay,
but not the specific periods, is determined by the principal. Note that the principal’s choice
is akin to choose the probability that a period t is chosen for compensation, inasmuch as the
number of periods specified for payment are chosen randomly at the end of the production
process.

The contract considers the principal moving first at the onset of the productive horizon.
Her choice consists of selecting τ ∈ (1, T ) that represents the desired number of periods
to be evaluated. This choice is communicated to the agent before she engages in the
productive task. Hence, the agent’s choice about how much effort to deliver in each period
is influenced by the probability that performance in a period counts towards her earnings,
defined as p ≡ τ

T . Finally, after all the productive periods have elapsed, a number of periods
satisfying τ are chosen randomly by a device trusted by both parties, for instance a national
or local lottery.

The proposed compensation scheme can be written as

Vt =

βyt if current t is chosen for evaluation,

0 if current t is not chosen for evaluation.

Where β > 0 represents the monetary compensation for each unit of output delivered
by the agent.

Under this contract, the agent’s expected utility at period t can written as

E(Ut(yt)) = pb(βyt)− c(yt, θ). (5.3)
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The optimal production level chosen by the rational agent, y∗∗ satisfies the following
first order condition

pβby(βy∗∗)− cy(y∗∗, θ) = 0. (5.4)

Equation (5.4) shows that the agent’s chosen production increases with the probability
that a period t counts towards compensation. This seems natural: the agent becomes more
motivated to deliver output when she perceives that a period t is likely to be chosen for
compensation, and less so when she feels that a period t is less likely to be chosen. Moreover,
just as in the analysis of the incentives of the piece rate contract, higher skills on the task,
θ, and monetary incentives β are positively related with the optimal production level y∗∗.

As an illustration, consider again the functional forms c(yt, θ) = (yt/θ)2

2 and b(βyt) =
(βyt)1−γ

1−γ with −1 < γ < 1. The optimal output level under these specifications has the closed

form solution y∗∗t =
(
θ2p
βγ−1

) 1
1+γ , which depicts the positive relationships between the agent’s

skills and the monetary incentives specified by the contract, and output. Additionally, this
expression clearly shows that the agent delivers less output in the task when she faces lower
evaluation probability.

The probability contract and agents that distort probabilities

So far, I have implicitly assumed that the agent evaluates probabilities linearly, and the
results of the analysis presented above hinge on this assumption. In this subsection, I let
the agent distort probabilities systematically, as suggested by evidence from the literature
on decision-making (Abdellaoui, 2000; Prelec, 1998; Tversky and Fox, 1995; Tversky and
Kahneman, 1992). As will be evident later on, whether an agent distorts the probability
that a period t is chosen is key to properly asses the effectiveness of the probability contract.

Assume that a worker weights the probability p by means of a function w(p) whose
properties are described next.

Assumption 3 w(p) is a function w(p) : [0, 1]→ [0, 1] with:

• w(p) is C2.

• wp(p) > 0 for all p ∈ [0, 1].

• w(0) = 0 and w(1) = 1.

• limp→0
w(p)
p =∞ and limp→1

1−w(p)
1−p =∞

• There exists a p̃ ∈ (0, 1) such that w(p̃) = p̃.
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• w(p) > p if p ∈ [0, p̃) and w(p) < p if p ∈ (p̃, 1].

• There exists a p̂ ∈ (0, 1) such that wpp(p) < 0 if p ∈ [0, p̂) and πpp(p) > 0 if p ∈ (p̂, 1].

According to Assumption 3, the probability weighting function w(p) is assumed to be
a two-times continuously differentiable function that maps the unit interval into itself,
and exhibits a positive slope everywhere. The probability weighting function infinitely-
overweights infinitesimal probabilities and infinitely-underweights near-one probabilities.
There are three fixed points w(p) = p: one at p = 0, another at p = 1, and an interior fixed
point p̃ ∈ (0, 1). Additionally, I assume that the function has an inversed-s shape, which
implies concavity up to a point p̂ after which the function becomes strictly convex. Note
that, I do not impose the restriction that p̃ = p̂, characteristic of early axiomatizations of
probability weighting functions, and instead let these two values differ. The expected util-
ity of an agent, who distorts probabilities according to w(p), and who faces the probability
contract, is analogous to equation (3), with the only difference that p is replaced by w(p).3
4

Hence, the optimal production level, y∗∗∗ delivered by the worker satisfies the first order
condition,

w(p)βby(βy∗∗∗)− cy(y∗∗∗, θ) = 0. (5.5)

The relationship between the exogenous parameters of the model and the optimal pro-
duction level exhibits the same direction as in previous analyses. First, the output level
increases with higher values of θ and higher values of β. Also, the production level chosen
by the agent, increases in a non-linear way with respect to the probability that a specific
period t is chosen for compensation. Higher probabilities that a period t is chosen for prob-
ability evaluation, lead to less pronounced changes in the optimal output level, as compared
to lower probabilities that a period t is selected.

Once again, consider the functional forms c(yt, θ) = (yt/θ)2

2 , and b(βyt) = (βyt)1−γ

1−γ with
3From the point of view of cumulative prospect theory, when byy(·) < 0 this formulation represents a

situation in which the reference point of the agent is at zero (zero monetary earnings). This means that
any earnings from exerting effort on the task are above the reference point and that b(·) captures the
psychological and monetary gains. Moreover, when byy(·) > 0, this formulation captures the situation in
which the reference point that is larger than all the monetary amounts that the agent earns from exerting
effort. In other words, the agent is always in the domain of losses and b(·) captures the psychological and
monetary losses. The empirical analysis of the paper, which also accounts for other possible reference points,
favours the first interpretation.

4Another possible interpretation of this formulation is that of rank-dependent utility (Quiggin,1993)
which allows for probability distortions via probability weighting functions w(·), and valuation functions
b(·). However, note the probability distortion in the rank-dependent utility model, is on the basis of the
attractiveness of the payoffs, which is ex-ante the same across periods for this context. Hence, in light of
such model the agents should not distort probabilities under the probability contract.
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−1 < γ < 1. The optimal output level under the aforementioned conditions has the func-
tional form, y∗∗∗t =

(
θ2w(p)
βγ−1

) 1
1+γ . This expression shows not only that monetary incentives

and abilities raise the output level delivered by the agent, but also that increments of p lead
to non-linear increments of the level of output delivered by the agent.

5.2.2 Contract comparison

We are now in the position to compare the piece rate and the probability weighting contracts
with respect to the output that they deliver. To simplify this comparative analysis, I
equalize the costs of the two contracts, by calibrating the parameters α and β such that,
in expectation these two contracts deliver the same payment to the agent. This allows
me to abstract from the monetary incentives that they offer, to focus exclusively on the
motivational effect of variations on the probability p.

Formally, let β = αTt , so that E(Vt) = pβyt becomes E(Vt) = pαTt yt = αyt, which is
equivalent to Wt. This cost equivalence has the property that when the principal chooses
to monitor all the periods, τ → 1, the monetary compensation of a delivered unit of output,
approaches the compensation of the piece rate contract, β → α. Another property of the
cost equivalent is that when the principal decides to sporadically monitor output, τ → 0,
the monetary compensation β becomes large enough so that E(Vt) = Wt is maintained.

With this cost equivalence in mind, I express the optimal output delivered by an agent
working under the probability contract in terms of α and p. Formally, whenever β = αTt ,
Equation (5.4) can be written as

αby

(
α

p
y∗∗
)
− cy(y∗∗, θ) = 0, (5.6)

and equation (5.5) becomes

w(p)
p

αby

(
α

p
y∗∗∗

)
− cy(y∗∗∗, θ) = 0. (5.7)

Let us start by comparing y∗ and y∗∗t from equations (5.2) and (5.6), respectively. When
the functional forms c(yt, θ) = (yt/θ)2

2 and b(βyt) = (βyt)1−γ

1−γ are assumed, it is easy to see
that the inequality y∗∗ > y∗ holds if the agent’s preferences for risk are contained in the set
γ ∈ (−1, 0]. That is, when agents are not risk averse, they deliver higher output under the
probability contract. This result suggests that the effectiveness of the probability contract
depends on the risk preferences of the agent. Proposition 1 generalizes this result using the
general functions b(·) and c(·).

Proposition 1: The probability contract yields higher performance than a piece rate
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contract, when the agent evaluates probabilities linearly and her utility for monetary incen-
tives exhibits byy(·) ≥ 0.

Proof. Assume that y∗∗ ≥ y∗. For an agent with a fixed ability level θ̃ and since cyy(θ, yt) > 0
this inequality can be written as cy(y∗∗, θ̃) ≥ cy(y∗, θ̃). Using equations (5.2) and (5.6), the
inequality becomes

by

(
αyt
p

)
≥ by(αyt). (5.8)

Note from (5.8) that for p ∈ [0, 1) and byy(·) ≥ 0 the assumed inequality holds, and the
probability contract leads to higher performance. However, when byy(·) < 0, the inequality
in (5.8) does not hold for all p ∈ [0, 1), and the piece rate contract yields higher performance.
Finally, note that for p = 1 the contracts are identical in terms of the incentives they yield,
so that the weak inequality is binding.

Proposition 1 states that the behavior of the function b(·) is essential for the effectiveness
of the probability contract. On the one hand, when this function exhibits diminishing re-
turns for monetary outcomes from effort, the probability contract yields lower performance.
Hence, a risk averse agent delivers lower output under the proposed contract, since the pro-
posed contract introduces uncertainty over monetary outcomes. On the other hand, when
this function exhibits increasing or constant returns to extrinsic incentives, the probability
contract outweighs the piece rate. This means that a risk neutral or risk seeking agent works
harder under the proposed contract, because of the uncertainty over production introduced
by this contract, in the case of the risk-loving agent and additionally, because the marginal
incentives of production, α

p , are larger. This result constitutes the first prediction of the
model.

Prediction 1: Risk neutral and risk seeking agents that do not distort probabilities,
deliver higher output under the probability contract.

Let us now focus on the comparison between y∗ and y∗∗∗t from equations (5.2) and
(5.7). To build intuition, we investigate first how these production levels compare when
the functional forms c(yt, θ) = (yt/θ)2

2 and b(βyt) = (βyt)1−γ

1−γ , are assumed. In contrast
to Proposition 1, this exercise yields that some risk averse agents perform better under
the probability weighting contract. Specifically, the inequality y∗∗∗ ≥ y∗ holds when the
principal chooses a p that satisfies the inequality w(p)

p1−γ > 1. For instance, risk neutral agents,
γ = 0, perform better under the probability contract when the principal chooses p ∈ [0, p̃).
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For that probability range, the agents overweight the probability that period t is chosen.
Simply put w(p)

p > 1 holds for p ∈ [0, p̃). Moreover, as the agent becomes more risk averse,
this is as γ → 1, the inequality w(p)

p1−γ > 1 becomes more stringent, and to motivate the agent
the principal needs to choose probabilities that induce larger degrees of overweighting of
probabilities. 5

Proposition 2 generalizes the result that agents that distort probabilities according to
w(p), deliver higher performance under the probability contract, even when they exhibit
moderate degrees of risk aversion.

Proposition 2: For agents with moderate degrees of risk aversion and distort proba-
bilities according to w(p), the probability contract yields higher performance than a piece
rate if p is chosen in the region where w(p)

p > 1.

Proof. The proof is analogous to that of Proposition 1. Start by assuming y∗∗∗ ≥ y∗. For
an agent with fixed abilities abilities θ̃, and since cy(θ̃, y) is increasing, this inequality can
be written as cy(y∗∗∗, θ̃) ≥ cy(y∗, θ̃). Using equations (5.2) and (5.7) this inequality can be
expressed as

w(p)
p

by

(
αyt
p

)
≥ by(αyt). (5.9)

A sufficient condition for the above expression to hold is that w(p)
p > 1. Note that if this is

the case, this inequality is less stringent than that of equation (5.8). Then it must be that
for some agents with byy(·) < 0, but not too negative, the inequality depicted in (5.9) holds.

Proposition 2 states that the principal is not only better off using the probability con-
tract when he faces a population of workers classified as risk seeking and risk neutral, but
also when he faces moderately risk averse agents that distort probabilities systematically.
However, to achieve this result, the principal is required to choose a probability p that
induces an overweighting of probabilities on the agent, which for the specification of the
probability weighting function w(p) is in the range p ∈ [0, p̃). The underlying intuition
is that, as pointed out by Tversky and Kahneman (1992), the systematic overweighting of
probabilities acts as a risk seeking mechanism; by perceiving small probabilities to be larger,
subjects choose lotteries that are unlikely to happen. Analogously, agents that otherwise

5The inequality w(p)
p1−γ > 1 can be expressed as ln(w(p))

ln(p) < (1−γ), note that for this inequality to hold, the
expression ln(w(p))

ln(p) needs to become smaller as γ approaches one, which is more likely to happen for larger
degrees of probability overweighting, this is for the probability regions where ln(p) attains larger negative
values than ln(w(p)).
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would have delivered similar production levels under the two contracts, experience a pro-
duction boost under the probability contract, because they perceive that the probability of
evaluation is larger than it actually is. This leads moderately risk averse agents to perform
better under the proposed contract. Appendix A shows that when given a choice, the risk
neutral principal also prefers a low probability of evaluation.

The result in Proposition 2 also implies that the agents’ degree of risk aversion deter-
mines the principal’s choice. More risk averse workers require probabilities that induce
higher overweighting as compared to moderately risk averse workers. In contrast, risk neu-
tral workers do not require probabilities that induce probability overweighting, since for
them the proposed contract is already attractive. These results constitute Prediction 2.

Prediction 2: Moderately risk averse agents that distort probabilities systematically
deliver higher output under the probability contract when p ∈ [0, p̃).

With these two predictions in mind, I run a controlled laboratory experiment in which
subjects are randomly assigned to different compensation schemes. The experiment inves-
tigates the effectiveness of the probability contract for high, medium, and low evaluation
probabilities with respect to a standard piece rate contract. The data of the experiment
support Prediction 2, subjects that are assigned the probability contract with low eval-
uation probability, exhibit on average higher performance than any other subject in the
experiment.

5.3 Experimental Method

The experiment was conducted at CentERLAB in Tilburg University during April 2017.
The participants were recruited using an electronic system, all of them were students at
the university. The dataset consists of 15 sessions with a total of 172 subjects. On aver-
age, a session lasted approximately 80 minutes. Between eight and eighteen subjects took
part in each session. The currency used in the experiment was Euros. I used Z-Tree (Fis-
chbacher, 2007) to implement the experiment. Subjects earned on average 15.83 Euros. The
instructions of the experiment can be found in Appendix B.

The experiment consisted of two parts. Upon arrival to the laboratory, participants
were informed that their earnings in one of the two parts is randomly chosen at the end
of the experiment, and becomes their final earnings. In the first part of the experiment,
subjects performed a time-consuming real effort task, which consisted on adding the sum of
five two-digit numbers.6 Each summation featured numbers that were randomly drawn by

6This task has been widely used by other researchers (See for instance Niederle and Vesterlund (2007),
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the computer, guaranteeing similar levels of difficulty for all participants. As soon as the
subject knew the answer to the summation, she submitted her answer using the computer
interface, and a new summation task appeared in the interface. Subjects had 10 rounds of
4 minutes each to complete as many summations as they could. In other words, they had
40 minutes to do their best in the task.

There were four treatments that differed in the monetary incentives given when complet-
ing the task accurately. Subjects were randomly assigned to one of these four treatments.
The baseline treatment is Piecerate in which subjects were paid 0.25 euros for each correctly
solved summation. The other three treatments also provided monetary incentives on the
basis of individual performance in the task; however, a randomly chosen subset of rounds
was evaluated and counted towards their earnings.

The treatments LowPR, MePR and HiPR feature a low, a medium, and a high proba-
bility, respectively, that performance in a round was selected for payment. Specifically, in
LowPR one round out of the ten was randomly chosen, and performance in that specific
round counted towards that a subject’s earnings. Similarly, in MePR and HiPR, three and
five rounds, respectively, out of ten rounds were randomly chosen, and taken into account
for performance compensation.

As in the theoretical framework, the monetary compensation in LowPR, MePR and
HiPR, was calibrated in such a way that the subjects earn, on average, the same amounts
in all treatments. For instance, a subject assigned the LowPR received 2.50 Euros for each
correctly solved summation in the period that was chosen at the end of the experiment.
This compensation is ten times more what a subject assigned the Piecerate earns for a
correctly solved summation. This monetary difference makes up for the low frequency in
which output is evaluated in LowPR as compared to Piecerate. Similarly, subjects assigned
the MePR and HiPR treatments received a compensation of 0.85 and 0.50 Euros in the three
and five rounds, respectively, that were randomly chosen at the end of the experiment.7

Once the last round of the real effort task was over, the participants were asked to state
their beliefs about how well they did in the first part of the experiment. This elicitation
is used to investigate whether subjects anticipated the effect of the different contracts on
performance. Participants received a bonus of one Euro if their answer was exactly equal
to the number of correct summations throughout the ten rounds. This belief elicitation
was unanticipated by the subjects, and they received a monetary compensation for their
accurateness, that is small as compared to other sources of earnings in the experiment.
As explained by Schlag et al. (2015), these two characteristics are desirable inasmuch as

and Buser et al. (2014))
7These compensations correspond to 3.3 times and two times what a subject receives in Piecerate for a

correctly solved task.
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they ensure incentive compatibility, and do not allow subjects to hedge against their own
performance in the task. After the subjects submitted their performance beliefs, they were
presented with feedback about their performance in the real effort task. The interface
allowed them to see the number of correct summations in each round, the total number
of correct summations, whether their belief was correct, the rounds that counted towards
payment if assigned to LowPR, MePR or HiPR, and their total earnings for this part of the
experiment.

The second part of the experiment was designed to elicit a subject’s utility and proba-
bility weighting functions. The goal of this exercise is to correlate the properties of these
functions with the participant’s performance in the first part of the experiment. The ex-
perimental method used in this part of the experiment is based on Abdellaoui (2000)’s
parameter free elicitation. Specifically, subjects faced 11 decision sets and each decision set
contained five iterations in which they needed to specify their preference between two lot-
teries. Decision sets 1-5 were designed to elicit a subject’s utility function, whereas decision
sets 7-11 were designed to elicit the probability weighting function. The participants knew
that all their decisions in this part of the experiment were relevant, since at the end of the
experiment, one of their decisions was chosen at random, and the realization of this lottery
determined their earnings.

For decision sets 1-6, participants needed to specify their preference between Lottery L,
the prospect L = (xi−1, p;R0) and Lottery R, the prospect R = (xji , p; r), for all i = 1, ..., 6.
The outcome xji corresponds to the midpoint of the interval of feasible outcomes, which in
the first iteration of a decision set was equivalent to [xi−1, xi−1 + ∆], with ∆ corresponding
to one- fifth of the participants earnings in the first part of the experiment. The choice of
∆ is important since it allowed me to relate the decisions in this part of the experiment,
with the incentives offered in the first part of the experiment. Hence, the outcomes of the
lotteries are fixed in a way such that subjects express their preferences between lotteries
that reflect the magnitude of their earnings in the first part of the experiment. I fixed the
outcomes x0, r and R0 at 1 Euro, 0, and 0.50 Euros respectively, while p was fixed at two
thirds.

The choices made by the subjects in each iteration, shaped the interval of feasible out-
comes [xi−1, xi−1 + ∆]. Table 1 presents an example that illustrates the procedure followed
by the program for a subject that earned 16 Euros in the first part of the experiment, and
who chooses L in iterations 1, 4, and 5. The algorithm is designed to narrow the interval of
feasible outcomes by bisection: choosing L shifts the lower bound of the interval upward,
and choosing R shifts the upper bound of the interval downward. After the fifth iteration
of decision set i, the midpoint of the interval becomes the value xi and the participant is
faced with the next decision set, which requires the subject to state her preference between
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Table 5.1: Example of the bisection algorithm
Iteration Alternatives Outcome Interval Choice Alternatives Probabilities Choice

1 L=(x0, p;R0), R=(3.7, p; r) [1, 6.4 ] L L=(x1, 1), R=(x6, 50;x0) [0, 100] L
2 L=(x0, p;R0), R=(5.05, p; r) [3.7,6.4] R L=(x1, 1), R=(x6, 75;x0) [50, 100] L
3 L=(x0, p;R0), R=(4.38, p; r) [3.7,5.05] R L=(x1, 1), R=(x6, 87;x0) [75, 100] R
4 L=(x0, p;R0), R=(4.04, p; r) [3.7,4.38] L L=(x1, 1), R=(x6, 81;x0) [75, 87] L
5 L=(x0, p;R0), R=(4.21, p; r) [4.04,4.38] L L=(x1, 1), R=(x6, 85;x0) [81, 87] L

End x1 ∈[4.21, 4.38] p1 ∈[85, 87]

the prospects L = (xi, 2/3) and R = (xji+1, 2/3; 1). The program stops when the standard
sequence x1, ..., x6 is obtained.

The decision sets 7-11 were designed to elicit the probabilities p1, ..., p5 that make the
subject indifferent between the prospect L, the simple prospect xi and the prospect R =
(x6, pi;x0) for i = 1, ..., 6. As in the other decision sets, five iterations were used to determine
the switching probability between lotteries. Table 5.1 shows an example of the program used
to elicit these probabilities. The process is analogous to the one implemented to elicit the
sequence x1, ..., x6, except that the choice made by the subjects alters the interval of feasible
probabilities [0, 1]. Specifically, choosing L, shifts the lower bound of the probability interval
upward, whereas choosing R shifts the upper bound of the probability interval downward.
Once the fifth iteration is achieved, the value of pi is determined as the midpoint of the
remaining probability interval. The program stops when the standard sequence p1, ..., p5 is
obtained.

As soon as the second part of the experiment is over, subjects are informed about
the decision set that was chosen, its realization, and their experimental earnings. The
participants complete a questionnaire designed to elicit different self-reported measures of
willingness to take risks, such as willingness to take health-related risks, willingness to take
job-related risks, willingness to take risks while driving, and general willingness to take
risks. The survey also featured self reported measures of self-efficacy and a self-reported
measure of mathematical abilities. Appendix B presents this questionnaire.

5.4 Treatment effects

5.4.1 Performance

I first compare the average performance delivered by each treatment. Performance is defined
as the total number of correctly solved summations by a participant in all rounds. Table
5.2 shows the descriptive statistics of performance by treatment, these results suggest that
a probability weighting contract with an evaluation probability of 10 % delivers higher
performance than a classical, and a cost-equivalent piece rate contract. Particularly, a
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Table 5.1: Descriptive statistics of performance by treatments

Treatment LowPR MePR HiPR Piecerate Total
Mean 98.116 87.9 83.75 81.377 87.686
Median 91 87 82.5 77 85
St.dev. 34.659 28.134 24.358 31.684 30.412
N 43 40 44 45 172
Note: This table presents the average, median and standard deviations of performance
in the experiment by experimental treatment.

subject assigned to the LowPR treatment solves on average 20.56 % more summations as
compared to a subject assigned the Piecerate treatment (t(84.454)=2.361, p=0.01).

In contrast, the other probability contracts deliver similar average performance to the
Piecerate contract. A subject assigned the MePR treatment achieved on average 87.9 correct
summations, and a subject assigned the HIPR treatment achieved on average 83.7 correct
summations, which are both not statistically different from the average correct summations
under Piecerate, 81.37. 8

Among the three probability contracts, the LowPR delivers higher average performance.
This contract yields 17% higher average performance when compared to the HiPR treatment
(t(75.215)= 2.232 ,p=0.014), and on average leads to 11% more correctly solved summa-
tions than the MePR contract (t(79.575)= 1.478, p=0.0716). All in all, the analysis of the
descriptive statistics of performance demonstrates that LowPR delivers higher average per-
formance as compared to the MePR, Piecerate, and HiPR treatments, all of which deliver
similar average performance.

To control for additional factors that may influence this result, I estimated a regres-
sion of a subject’s performance on treatment dummies, gender, self-reported measures of
risk attitudes, a self-reported measure of self-efficacy on the task, a self-reported measure
of mathematical skills, and performance beliefs. Table 5.3 presents the estimates of the
regression, which confirm the aforementioned findings. First, the coefficient associated
to LowPR treatment is significant and positive, which supports the result that a subject
assigned to this treatment delivers higher average performance as compared to the bench-
mark of the regression, the Piecerate treatment. Additionally, the estimate of LowPR is
significantly higher than the estimates of HiPR treatment (F(1,159)=6.58) and the MePR
treatment (F(1,159)=6.02), which supports the result that among the probability contracts,
the LowPR yields the highest output.

These results favour Prediction 2, inasmuch as some of the formulations of the probabil-
ity contract do not yield higher performance than the piece rate contract. This disregards
the possibility that the probability contract is always more attractive than the piece rate,

8The t-tests of these comparisons are (t(83)=1.005, p=.159) and (t(82.44)=-0.386, p=.692), respectively.
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due to the subjects’ risk attitudes. Instead, I found that only the probability contract with
low evaluation probability, yields higher performance. This supports the notion that sub-
jects distort probabilities. Specifically, the small/low probability that a period is selected is
overweighted. Sections 4 and 5 investigate the validity of these conclusions using data from
the second part of the experiment.

5.4.2 Performance Beliefs

The previous subsection presented evidence that the probability contract with low evalua-
tion probability, yields higher performance than a piece rate contract. In this subsection, I
investigate whether participants anticipate these performance differences across contracts,
as reflected by their beliefs about performance in the task. If participants anticipate that
a contract with low probability of evaluation improves their performance on the task, then
we can conclude that the psychological incentives delivered by LowPR are internalized by
the participants. Subjects could have a degree of sophistication about their systematic dis-
tortion of probabilities, and they are able to relate it to their performance under different
contracts.

Table 5.4 presents the descriptive statistics of the performance beliefs by treatment.
To sumarize these findings, there are no differences in performance beliefs between treat-
ments, which supports the notion that subjects do not anticipate the relationship between
probability distortion, the psychological incentives offered by the contracts, and task per-
formance. The subjects’ average beliefs in LowPR, MePR, and HiPR are not statistically
different to those elicited by subjects assigned to Piecerate.9 Moreover, there is no empirical
evidence of a difference in performance beliefs between the three probability weighting con-
tracts: There is no significance difference in performance beliefs between the LowPR and
the MePR (t(80.749)=0.206, p=0.837), the HiPR and MePR (t(78.819)=0.956, p=0.3418)
or the LowPR and HiPR contracts (t(83.241)=1.1885,p=.1190)

To account for factors that may be driving this result other than treatment assignment, I
estimated a regression of an individual’s performance beliefs on treatment dummies, gender,
self-reported measures of risk attitudes over different domains, a self-reported measure of
self-efficacy on the task, and a self-reported measure of mathematical skills. Table 5.5
presents the OLS estimates of the statistical model. The coefficients associated to the MePR,
HiPR and LowPR are not significant, which demonstrates that there are no statistical
differences between the subjects’ beliefs in each of these treatments and those of Piecerate.
Additionally, there is no evidence of a statistical difference between the LowPR and the
MePR coefficients (F(1,160)=0.29), and the LowPR and HiPR coefficients (F(1,160)=0.09).

9The statistics of these t-tests are (t(85.98)=1.190, p=0.1186), (t(82.843)=0.976, p=0.331), and
(t(84.91)=-0.10,p=0.920), respectively.
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Table 5.2: Treatment Effects
(1) (2) (3)

Performance Performance Performance
MePR 6.522 5.779 -0.763

(6.487) (6.643) (4.678)
LowPR 16.74∗∗ 17.46∗∗ 13.95∗∗

(7.090) (7.042) (5.674)
HiPR 2.372 0.927 -0.170

(5.985) (6.117) (4.270)
Risk-General -1.771∗ -2.129∗∗

(0.995) (0.859)
Risk-Occupation 0.230 -0.0568

(1.056) (0.769)
Risk Health -0.584 -0.567

(1.049) (0.811)
Risk Drive 2.028∗∗ 1.893∗∗

(0.952) (0.816)
Belief 0.382∗∗∗

(0.063)
Self-efficcacy 0.190

(0.879)
Task-Difficulty -3.980∗∗∗

(1.441)
Math Skills 2.240∗∗

(1.100)
Gender -4.947

(4.038)
Constant 81.38∗∗∗ 84.69∗∗∗ 56.69∗∗∗

(4.726) (7.573) (7.866)
R2 0.045 0.073 0.500
Observations 172 172 172
Note: This table presents the estimates of the Ordinary Least Squares regression of the model
Performancei = β0 +β1MePR+β2LowPR+β3HiPR+Controls′Γ+εi, with ε ∼ poisson(λ). “Perfor-
mance” is the number of correctly solved sums in the first part of the experiment, “LowPR”, “MePR” and
“HiPR” are dummy variables that capture whether the subject was assigned to the treatment with low,
medium and high probability of outcome evaluation, respectively. The controls considered in this model are
“Gender” a variable that captures the gender of the participant, “Belief ” captures the performance belief
of the subject, “Math Skills ” which captures the self-reported mathematical skills of the subject, “Task
Difficulty ” captures the self-reported difficulty to perform the task.“Risk General”, “Risk Occupation”,
“Risk Health”, and “Risk Drive, capture the self-reported willingness to take risks in general, at their stud-
ies, with their health and while driving. Robust standard errors in parenthesis. *** denotes significance
at the 0.01 level, ** denotes significance at the 0.05 level, * denotes significance at the 0.1 level.

Table 5.3: Descriptive statistics of performance beliefs by treatments

Treatment LowPR MePR HiPR Piecerate Total
Mean 83.86 82.025 74.022 73.177 78.123
Median 75 80 75 64 74.5
St.dev. 40.864 40.156 36.139 43.318 40.147
N 43 40 44 45 172
Note: This table presents the average, median and standard deviations of performance
beliefs by experimental treatment.
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Table 5.4: Performance Beliefs and treatment Effects
(1) (2) (3)

Beliefs Beliefs Beliefs
MePR 8.847 8.251 2.041

(9.055) (9.259) (9.053)
LowPR 10.683 9.604 6.861

(8.977) (9.205) (8.507)
HiPR 0.845 0.266 -0.571

(8.452) (8.685) (8.183)
Risk-General 0.734 -0.792

(1.384) (1.301)
Risk-Occupation 0.037 -0.322

(1.521) (1.381)
Risk Health 0.995 1.518

(1.529) (1.563)
Risk Drive 0.293 0.360

(1.413) (1.408)
Self-efficacy -0.720

(1.546)
Task-Difficulty -5.897∗∗

(2.664)
Math Skills 4.255∗∗

(1.856)
Gender 14.770∗∗

(5.857)
Constant 73.178∗∗∗ 65.963∗∗∗ 59.362∗∗∗

(6.461) (10.589) (13.877)
R2 0.014 0.023 0.174
Observations 172 172 172
Note: This table presents the estimates of the Ordinary Least Squares regression of the model
Performancei = β0 +β1MePR+β2LowPR+β3HiPR+Controls′Γ+εi, with ε ∼ poisson(λ).
“Performance” is the number of correctly solved sums in the first part of the experiment, “LowPR”,
“MePR” and “HiPR” are dummy variables that capture whether the subject was assigned to the
treatment with low, medium and high probability of outcome evaluation, respectively. The controls
considered in this model are “Gender” a variable that captures the gender of the participant,
“Belief ” captures the performance belief of the subject, “Math Skills ” which captures the self-
reported mathematical skills of the subject, “Task Difficulty ” captures the self-reported difficulty
to perform the task.“Risk General”, “Risk Occupation”, “Risk Health”, and “Risk Drive, capture
the self-reported willingness to take risks in general, at their studies, with their health and while
driving. Robust standard errors presented in parentheses. *** denotes significance at the 0.01
level, ** denotes significance at the 0.05 level, * denotes significance at the 0.1 level.
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5.5 The parameter free elicitation

The result that only the probability contract with a low probability of evaluation, out-
performs the piece rate contract is in line with Prediction 2. However, a key assumption
underlying this prediction is that the agent distorts probabilities in a systematic way, over-
weighting small probabilities and underweighting large probabilities. In the presence of
small probabilities, this probability distortion acts as a risk-seeking mechanism, leading the
agent to exert higher effort, than had he evaluated these probabilities linearly.

In this section, I use the data from the second part of the experiment to investigate
whether subjects distort probabilities systematically. The data feature the subjects’ prefer-
ences over lottery pairs, that were especially designed to elicit their utility and probability
weighting functions. I find that subjects have on average linear utility functions and that
they distort probabilities in a systematic way.

The shape of the utility functions

I first investigate the properties of the subjects’ utility function. The choice sets 1 until
6 described in Section 3 elicit the sequence {x1, x2, x3, x4, x5, x6}, which represents the
subjects’ preferences over monetary outcomes. In order to study the shape of the subjects’
utility function, I define ∆′j ≡ |xi−xi−1|, for i = 1, ...6, and ∆′′k ≡ ∆′j+1−∆′j for j = 1, ...5.
The sign of ∆′j determines whether the utility function of a subject increases or decreases
over monetary outcomes. Moreover, the sign of ∆′′k as k varies, determines whether a utility
function is considered to be concave, convex, or linear. When ∆′′k is negative for most values
of k, then the utility is classified to be concave, and when ∆′′k is positive for most values of
k, then it is classified to be convex. 10

As in Abdellaoui (2001), I classify subjects that have a majority of positive ∆′′k to have
convex utility functions, these are subjects with at least three positive ∆′′k’s. Alternatively,
subjects with a minimum of three out of five negative ∆′′k are classified as exhibiting a
concave utility function, and subjects with three or more ∆′′k close to zero are classified
as having a linear utility function. Finally, when a subject’s utility cannot be classified as
concave, convex, or linear, it is considered a mixed utility function. To formally asses the
sign of a subject’s ∆′′k, I constructed a confidence interval around zero. I used the standard
deviation of ∆′′k of all the subjects at each k, and multiplied it by the factors 0.64 and −0.64,
to obtain the upper and lower bounds of the interval. If the distribution of ∆′′k was normal,

10Under the lens of prospect theory, there is an underlying assumption for this classification, which is that
subjects make choices over lotteries in the domain of gains. This means, that all the lotteries in the second
part of the experiment, feature monetary outcomes that are considered to be larger than the reference point
formed by the subjects. This assumption can be subject to criticism; however, as shown later in the paper,
this assumption is not crucial to obtain the main results of the paper.
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then 50% of the data would be contained within this confidence interval.11

The main complication of this analysis, is that the lottery outcomes reflect the subjects’
earnings on the first part of the experiment. Even though this calibration allows me to relate
the subjects’ lottery choices to their performance in the first part of the experiment, it entails
that participants may form a reference point different from zero, based on their earnings
made in the real effort task (Pokorny, 2008). I account for this possibility by performing
all the analyses in this section using two non-zero reference points. First, I assume that
a subject’s performance beliefs, translated into monetary earnings, are the reference point
around which she make decisions. I classify lottery outcomes that are smaller than this
reference point as losses, and lottery outcomes that are larger than this reference point as
gains. This non-zero reference point is addressed as “Beliefs” wherever necessary. Second,
I assume that the expected earnings of the experiment, this is, half of a subject’s earnings
in the first part of the experiment, is the reference point around which she makes decisions.
Again, I classify lottery outcomes that are smaller than this reference point to be losses, and
outcomes that are larger as gains. This non-zero reference point is addressed as “Earnings”
wherever necessary.

We are now in the position to study the shape of the subjects’ utility function. Table
5.6 presents the classification of the subjects in the experiment according to the shape of
their utility function. The results suggest that the majority of subjects exhibit linear utility
functions. Specifically, I find that 75% of the subjects, exhibit linear utility functions, while
the rest of the subjects have mixed utility functions (16% of the subjects) and concave utility
functions (7%) No subject exhibits a convex curvature, which supports the specification
of with byy(·). A binomial test shows that the number of subjects classified as having
linear functions is significantly larger than those classified to have mixed utility functions
(p<0.01, one sided test) and concave utility functions (p<0.01, one sided test). Moreover, a
similar conclusion is reached when the analysis takes into account the possibility of non-zero
reference points: In the domain of gains 51% of the subjects have linear utilities, and in the
domain of losses 97% of the subjects exhibit linear utilities.

The result that close to two-thirds of the subjects exhibit linear utility functions, and
therefore that the subjects’ average utility function is linear, is at odds with the principle of
diminishing sensitivity, a key property of prospect theory. However, disregarding prospect
theory as a representation for the subjects’ preferences for money may be incorrect. As
pointed out by Wakker and Deneffe (1996), the trade-off method used in the second part

11Different confidence intervals were used in this analysis, in which the standard deviation of ∆′′k was
multiplied by other factors, such as 1 and −1, 1.64 and −1.64, and 2 and −2. The qualitative results of
these analyses are not very different from the results that are reported in the paper: the majority of subjects
exhibit a linear utility function. However, these more stringent intervals yield less subjects exhibiting a
mixed utility function, and more subjects exhibiting a linear utility function.
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Table 5.1: Utility Classification of Subjects

Reference Point Convex Concave Linear Mixed Total
Zero (Gains) 2 13 129 28 172
Earnings (Losses) 0 0 94 3 97
Earnings (Gains) 2 13 35 25 73
Beliefs (Losses) 0 0 84 2 86
Beliefs(Gains) 2 13 45 26 86
Note: This table presents the number of subjects classified as having a convex, concave, linear or
mixed utility function on the basis of their responses of the second part of the experiment. The
first row presents the utility classification assuming that all the outcomes of the lotteries are in the
domain of gains. The second and third row present the analysis when the reference point of the
subjects, is assumed to the be half of her earnings in the first part of the experiment. The second
row presents the classification for the outcomes of the lotteries that are in the domain of losses.
The third row presents the classification for the outcomes of the lotteries in the domain of gains.
The fourth and fifth row present the analysis when the reference point are half the performance
beliefs multiplied by 25, the expected payment for each summation in all treatments.

of the experiment requires large monetary outcomes to obtain utility functions with pro-
nounced curvature. Therefore, one of the advantages of the experimental design, that it
elicits the utility and probability functions of a subject using lottery outcomes that reflect
the monetary stakes present in the first part of the experiment, is the reason that diminish-
ing sensitivity is not observed. I cannot disregard the conjecture that using higher lottery
stakes in this experiment, would have led to a larger number of utility functions classified
as concave or convex.

Let us analyze the subjects’ average utility function. Table 5.7 presents the means and
the standard deviations of the sequence x1, ..., x6. Note that the average values of this
sequence increase with i, suggesting the subjects’ preference for larger monetary amounts.
Moreover, the columns containing the average values of ∆′j , suggest that these preferences
increase in a linear fashion over the domain of monetary outcomes. A regression of a
subject’s outcomes xi on equally distributed partitions of the range of the function i, and
its quadratic form i2, supports this conjecture (β0= 71.875, β1=174.92∗∗∗(81, 966),β2=8.926
(11.46), R2=0.164). This result is consistent to the inclusion of non-zero reference points.12

The result that the average utility function of the subjects is linear also holds for the domain
of losses as defined by the two possible non-zero reference points, Appendix C presents the
complete analysis.

12The regression of the monetary gains xi on i, and its quadratic form i2, when the reference point is
assumed to be half of the earnings of the first part of the experiment, has the following estimates and
standard errors: β0= 1003.06 ∗∗∗ (411.79), β1=276.07 (278.78), and β2= 12.030 (42.714) with a goodness
of fit of R2=0.143. Moreover, when the monetary gains of a subject xi are regressed on i and i2, and the
reference point is assumed to be the monetary equivalent of her beliefs, I obtain the following estimates and
standard errors: β0= 262.65 ∗∗∗ (65.415), β1= 189.47∗∗∗(60.976), and β2=9.639 (11.649) with a goodness of
fit of R2=0.164.
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Table 5.2: Averaged results

i xi ∆′j xi ∆′j xi ∆′j
1 2.579 (1.99) 1.579 3.626 (2.362) 2.626 3.842(2.42) 2.842
2 4.573 (4.445) 1.993 7.049 (5.155) 3.423 7.687(5.203) 3.844
3 6.684 (6.792) 2.110 10.724 (7.637) 3.674 11.745(7.631) 4.058
4 9.179 (9.420) 2.495 15.090 (10.266) 4.366 16.656(10.044) 4.911
5 11.773 (11.880) 2.594 19.663 (12.432) 4.572 21.671 (12.01) 5.014
6 14.379(14.418) 2.605 24.262 (14.687) 4.599 26.792 (13.955) 5.12
Ref.Point Zero Beliefs (Gains) Earnings (Gains)
N 172 86 75
Note: This table presents the average, standard deviations and the difference ∆′j = |xi − xi−1| of the sequence of outcomes
x1, x2, x3, x4, x5, x6. Standard deviations are presented in parenthesis. Column 2 presents the mean and the median of the
sequence when the reference point is assumed to be zero. Columns 3 and 4 present the mean and median of the sequence of
the monetary outcomes when the reference point is assumed to be half of the earnings of the first part of the experiment.
Columns 5 and 6 present the mean and median of the sequence of the monetary outcomes when the reference point is assumed
to be the earnings of the first part of the experiment as measured by the performance beliefs.

The shape of the probability weighting functions

In light of the model presented in Section 2, linear utility functions would make the prob-
ability contract attractive as long as subjects evaluate probabilities linearly. However, in
the presence of probability distortions, the probability specification of the contract is key:
low probabilities, when overweighted, can yield a higher performance under the probability
contract. In this subsection, I study the shape of the participants’ probability weighting
function. The choice sets seven until eleven described in Section 3 were designed to elicit the
sequence of probabilities p1, p2, p3, p4, p5 that makes the subjects indifferent between differ-
ent monetary outcomes that reflect their earnings in the first part of the experiment. I use
these data to investigate the subjects’ probability perception. Table 5.8 provides the medi-
ans and means of each element in the sequence. These statistics, along with the one-tailed
sign tests presented in Table 5.9, show that participants overweight small probabilities.
Specifically, the probabilities p = 1

6 and p = 2
6 are overweighted by the subjects: p = 1

6 is
perceived by the subjects to be on average .306, and p = 2

6 is on average perceived to be
.448. The result that these two probabilities are overweighted is robust to the inclusion of
a non-zero reference point.

Table 5.8 and Table 5.9 also show that, in contrast with most of the literature study-
ing probability weighting functions, there is no evidence that subjects underweight large
probabilities. Table 5.9 shows that the difference w(p)− p, where w(p) is the subjects’ per-
ception of probabilities, is not significantly different from zero for the probabilities p = 5

6

and p = 4
6 . There is however weak evidence that p = 1

2 is underweighted by the subjects
when the analysis is performed with the reference point “Earnings 1st part”. However, this
result is not robust to the inclusion of other reference points. Appendix C shows that in
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Table 5.3: Medians and Means of w−1(p)

Probability p Mean Median Mean Median Mean Median
1/6 .306 .234 .359 .234 .370 .281
2/6 .448 .406 .527 .484 .511 .484
3/6 .524 .484 .554 .484 .549 .484
4/6 .638 .671 .677 .734 .652 .718
5/6 .781 .859 .812 .890 .803 .890
Ref.Point Zero Earnings (gains) Beliefs(gains)
N 173 75 86
Note: This table presents the average and median of the sequence p1, p2, p3, p4, p5 elicited in the second part of the experiment
with the decision sets seven until eleven. Columns 1 and 2 present the mean and median of the sequence of probabilities assuming
that all the outcomes of the lotteries are in the domain of gains. Columns 3 and 4 present the mean and median of the sequence
of probabilities when the reference point is assumed to be half of the earnings of the first part of the experiment. Columns 5 and 6
present the mean and median of the sequence of probabilities when the reference point is assumed to be the earnings of the first part
of the experiment as measured by the performance beliefs.

Table 5.4: Counts of w(p)− p > 0 and w(p)− p < 0

w(p)− p >0 <0 >0 <0 >0 <0
p=1/6 117∗∗∗ 55 57∗∗∗ 18 67 ∗∗∗ 19
p=2/6 105∗∗∗ 67 53∗∗∗ 22 60∗∗∗ 26
p=3/6 79 93 36 39 41 45∗
p=4/6 87 85 42 33 47 39
p=5/6 89 83 45∗ 30 51 ∗ 35
Ref.Point Zero Earnings (gains) Beliefs (gains)
N 173 75 86
Note: This table presents the number of positive and negative events for the expression w(pi) − pi for
pi = 1/6, 2/6, 1/2, 4/6, 5/6. The significance of the count is tested with one tailed sign tests. *** denotes
significance at the 0.01 level, ** denotes significance at the 0.05 level, * denotes significance at the 0.1
level.

the domain of losses, as defined by the two possible non-zero reference points, subjects also
overweight small probabilities, and they do not overweight large probabilities. Moreover, in
Appendix D, I discuss additional characteristics of the subjects’ probability weighting func-
tion that are typically studied in the decision-making literature, but that are not relevant
to the research question relevant to this paper.

To conclude this section, I perform a parametric analysis of the probability weighting
function. Specifically, I estimate the parameters of the probability weighting functions pro-
posed by Tversky and Kahneman (1992) and Prelec (1998), using the data of the sequence
{p1, ...p5}. This exercise allows me to understand the degree of overweighting of small prob-
abilities in these data as compared to other studies. Table 5.10 presents the estimates of
the non-linear least squares regressions. I find that the estimates of both specifications
yield larger point estimates than those previously documented in the literature. For in-
stance, when the probability weighting function is assumed to have the single parameter
form, proposed by Tversky and Kahneman (1992), the estimate of γ is 0.804, which is sig-
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nificantly larger than the point estimate of 0.69 found by Kahneman and Tversky and that
of 0.70 documented by Abdellaoui (2000). This implies that the overweighting of prob-
abilities occurs from the lower bound of the interval, p = 0, up to the value p = 0.42,
where the function reaches both its inflection and fixed point. Hence, the participants in
this experiment overweighted probabilities on a larger interval of the probability support,
as compared to other studies, and, given the parametric form of this probability weighting
function, overweighted probabilities by a larger margin. These results are robust to the
inclusion of non-zero reference points.

Table 5.10 also presents the estimates of the probability weighting function when the
functional form is assumed to be Prelec (1998)’s two-parameter function. The estimate α̂,
suggests that the function is first concave and then convex, i.e. has an inverse S-shape.
Moreover, the estimate β̂, suggests that the point of inflection, this is the point after which
the probability weighting function becomes convex, lies above the 45 degree line. Taken
together, these estimates suggest that subjects overweight probabilities in the interval p ∈
[0, 0.5]. These findings are at odds with Abdellaoui (2000)’s findings, whose probability
weighting function also exhibits an inverted S-shape, but has lower elevation and a smaller
interval over which subjects overweight probabilities. Hence, we can conclude that subjects
in this experiment overweight probabilities over a larger probability interval, and overweight
probabilities by a larger margin than previously documented.

Appendix C presents the parametric analysis for the domain of losses as defined by the
two possible non-zero reference point. I find that for this domain, the probability weighting
function also exhibits an inverse S-shape and high elevation. However, the differences with
respect to the existing literature are less pronounced. This entails that the probability
weighting function is less elevated in losses than in the domain of gains, which contradicts
most of the studies on probability weighting functions. However, this difference likely stems
from a truncation bias: the outcomes of the lotteries cover only a fraction of the full domain
of losses.

5.6 The Mechanism

The previous sections demonstrated that i) the probability contract outperforms the piece
rate contract when the principal chooses a low probability of performance evaluation, ii)
the subjects’ overweight small and moderate probabilities, and iii) the subjects have linear
utility functions. The aim of this section is to investigate the relationship between the
shape of the utility and probability weighting functions, and the subjects’ performance
across treatments. The analysis performed in this subsection suggests that the subjects’
overweighting of small probabilities accounts for the performance boost that they exhibit
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Table 5.5: Parametric Estimates of the weighting function

Tversky and Kahneman(1992)
γ̂ .804∗∗∗ (.031) .829∗∗∗ (.044) .81 ∗∗∗ (.044)
Adj. R2 0.832 0.813 0. 804
N 860 375 430
Prelec (1999)
α̂ .660∗∗∗(.037) .647 ∗∗∗ (.051) .602∗∗∗(.050)
β̂ .792 ∗∗∗(.032) .677∗∗∗(.046) .689∗∗∗(.044)
Adj. R2 0.842 0.841 0.854
N 860 375 430
Ref.Point Zero Earnings (gains) Beliefs (gains)
Note: This table presents the estimates of the non linear least squares regression. The upper panel presents the estimates

of the equation w(p) = pγ

pγ+(1−p)(1−γ)

1
γ .The lower panel presents the estimates of the equation w(p) = e−β(−lnp)α.

Standard errors in parenthesis. *** denotes significance at the 0.01 level, ** denotes significance at the 0.05 level, * denotes
significance at the 0.1 level.

when assigned the LowPR treatment.

I construct three different measures that capture a subject’s degree of probability over-
weighting. The first measure is “Overweight1”, which features the sum of the differences
between the elicited values p1, p2, p3, p4, p5 and the probabilities that they map, namely
1/6, 2/6, 3/6, 4/6, 5/6. The second measure is “Overweight2”, which is constructed in a
similar way, but is restricted to the sum of the differences between the elicited values p1, p2,

and the probabilities that they map. Similarly, “Overweight3” reflects the sum of the dif-
ferences between the elicited values p3, p4, and the probabilities that they map.

A least squares regression of performance in the first part of the experiment on treatment
dummies, one of the three measures of probability overweighting, and a set of control
variables is estimated. Since most of the conclusions in section 5 are robust to the inclusion
of non-zero reference points, i.e. overweighting of small and moderate probabilities and
linear utility functions, I perform this analysis assuming that the reference point is zero.
Table 5.11 presents the estimates of the regression, columns (1) and (2) present the estimates
of the model when the measure “Overweight1” is used, columns (3) and (4) present the
estimates of the model when the measure “Overweight2” is used, and columns (5) and (6) use
“Overweight3”. The estimates in columns (3) and (4) show that the assignment to LowPR,
alone, does not yield higher performance. In fact, to exhibit higher average performance, a
subject needs to exhibit a degree of overweighting of the probabilities p = 1/6 and p = 2/6.
The interaction term between “Overweighting” and “LowPR”, suggests that higher degrees
of overweighting of small probabilities, strengthen the treatment effect of LowPR. This
finding is robust to controlling for the shape of the utility function of the subjects.

Table 5.11 also demonstrates that the treatment effect does not take place through the
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subjects’ overweighting of moderate probabilities. Note that in contrast to columns (3) and
(4), the coefficient “LowPR” in columns (5) and (6), remains significant to the inclusion of
the interaction between “Overweighting” and “LowPR”. This suggests that even though the
subjects’ overweighting of moderate probabilities is relevant in explaining the performance
differences across treatments, it does not capture the totality of the treatment effect. A
similar conclusion can be drawn from columns (1) and (2): The subjects’ overweighting of
probabilities throughout the whole probability range, is not the mechanism through which
the LowPR treatment boosts average performance.

Note that a possible driver of this result, is that the treatment assignment has an
effect in the way in which subjects distort probabilities. For instance, subjects assigned to
LowPR, may overweight more probabilities when choosing among lotteries, than subjects
in Piecerate. In that case, the analysis presented in this section would not be suggestive of
a mechanism that leads to the treatment effect, but a consequence of the treatment itself.
A way to disregard this possibility is to show that, the subjects’ degree of overweighting
of probabilities is, on average, the same across treatments. Indeed, I find that the degree
of overweighting is on average the same for subjects in Piecerate and LowPR (t(84.631)=-
0.796,p=0.427), as well as for subjects in Piecerate and HiPR (t( 85.432)=-1.094,p= 0.276),
and for subjects in Piecerate and MePR (t(82.642)=0.344,p=0.731). Hence, we can discard
the possibility that the experimental design induces differences in probability perceptions,
that may be driving the aforementioned results.

A byproduct result that can be observed in Table 5.11 is that by selecting the piece
rate, the employer is not taking advantage of the behavioral regularity that individuals
distort probabilities systematically, and thus his choice can be detrimental to performance.
This is what the negative sign associated to the variable “Overweighting” reflects. Hence,
a principal is better off choosing the probability contract when he knows that the pool of
workers overweight small probabilities systematically.

5.7 Conclusion

This paper proposed and tested a new incentive scheme that is designed to take advantage
of the behavioral regularity that subjects overweight small probabilities. I find that the
contract yields higher output, as compared to a standard piece rate compensation when
i) both contracts are cost-equivalent, and ii) the probability of performance evaluation
is one-tenth. The data suggest that the subjects’ overweighting of small probabilities is
fundamental for the efficiency of this contract.

The feature that the probability contract yields higher performance than a piece rate,
when both contracts deliver similar monetary incentives, makes the proposed compensation
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Table 5.1: Moderation between performance and overweighting of probabilities
(1) (2) (3) (4) (5) (6)

Perfomance Perfomance Perfomance Perfomance Perfomance Perfomance
LowPR 12.497∗∗ 12.546∗∗ 8.291 8.425 14.167∗∗ 14.071∗∗

(5.584) (5.818) (6.053) (6.199) (5.611) (5.875)
MePR -1.559 -1.529 -2.094 -2.417 -0.674 -0.626

(4.705) (4.715) (5.849) (5.795) (4.640) (4.668)
HiPR -0.413 -0.637 -3.007 -3.410 0.012 -0.198

(4.751) (4.683) (5.523) (5.449) (4.217) (4.195)
MePR*Overweight 6.538 6.814 7.175 8.411 15.382 15.892

(4.434) (4.426) (9.304) (9.338) (11.248) (11.273)
HiPR*Overweight 4.678 4.892 13.472∗ 14.181∗ 15.129∗ 15.015∗

(5.143) (4.975) (7.759) (7.726) (9.088) (8.852)
LowPR*Overweight 10.097∗∗ 9.880∗∗ 26.881∗∗∗ 26.706∗∗∗ 9.790 9.759

(4.236) (4.531) (8.681) (9.272) (11.587) (11.735)
Overweight -7.186∗∗∗ -7.441∗∗∗ -17.116∗∗∗ -17.750∗∗∗ -12.385∗∗ -12.792∗∗

(2.235) (2.133) (5.512) (5.529) (6.265) (6.096)
Belief 0.381∗∗∗ 0.374∗∗∗ 0.384∗∗∗ 0.378∗∗∗ 0.381∗∗∗ 0.374∗∗∗

(0.064) (0.065) (0.061) (0.062) (0.064) (0.064)
Self-efficacy 0.217 0.320 0.111 0.219 0.327 0.416

(0.890) (0.898) (0.927) (0.936) (0.890) (0.895)
Task-Difficulty -4.012∗∗∗ -4.038∗∗∗ -4.079∗∗∗ -4.103∗∗∗ -4.084∗∗∗ -4.124∗∗∗

(1.414) (1.439) (1.430) (1.457) (1.441) (1.455)
Math Skills 2.322∗∗ 2.244∗∗ 2.196∗∗ 2.102∗ 2.239∗∗ 2.185∗∗

(1.093) (1.097) (1.107) (1.116) (1.099) (1.106)
Risk-General -2.363∗∗∗ -2.455∗∗∗ -2.451∗∗∗ -2.539∗∗∗ -2.276∗∗ -2.358∗∗∗

(0.901) (0.910) (0.912) (0.923) (0.893) (0.902)
Risk-Occupation 0.327 0.303 0.376 0.397 0.196 0.165

(0.787) (0.846) (0.790) (0.836) (0.812) (0.866)
Risk Health -0.555 -0.572 -0.699 -0.707 -0.533 -0.565

(0.814) (0.808) (0.853) (0.842) (0.826) (0.822)
Risk Drive 1.728∗∗ 1.755∗∗ 1.821∗∗ 1.871∗∗ 1.792∗∗ 1.802∗∗

(0.834) (0.838) (0.827) (0.834) (0.883) (0.879)
Gender -4.944 -4.733 -4.739 -4.646 -5.403 -5.173

(4.079) (4.237) (4.142) (4.250) (4.097) (4.269)
Concave 5.918 6.132 5.890

(7.814) (7.843) (8.056)
Convex 6.145 3.037 8.626

(9.531) (8.430) (9.216)
Linear -0.224 0.601 -0.029

(5.009) (4.784) (5.083)
Constat 57.034∗∗∗ 57.650∗∗∗ 61.716∗∗∗ 61.548∗∗∗ 56.072∗∗∗ 56.569∗∗∗

(6.937) (8.721) (7.587) (9.034) (7.203) (9.309)
R2 0.518 0.521 0.525 0.527 0.511 0.514
Observations 172 172 172 172 172 172
Note: This table presents the estimates of the Ordinary Least Squares regression of the model Performancei = β0 +β1MePR+β2LowPR+
β3HiPRβ4MePR∗Overweight+β5LowPR∗Overweight+β6HiPR∗Overweight+β7Overweight+Controls′Γ+εi, with ε ∼ poisson(λ).
“Performance” is the number of correctly solved sums in the first part of the experiment, “LowPR”, “MePR” and “HiPR” are dummy variables
that capture whether the subject was assigned to the treatment with low, medium and high probability of outcome evaluation, respectively.
“Overweight” represents one of the three measures of probability overweighting. Models (1) and (2) use the overweighting variable constructed
as w(pi) − pi for all i. Models (3) and (4) use the overweighting variable constructed as w(pi) − pi for i = 1, 2. Models (5) and (6)
use the overweighting variable constructed as w(pi) − pi for i = 3, 4 .The controls considered in this model are “Gender” a variable that
captures the gender of the participant, “Belief ” captures the performance belief of the subject, “Math Skills ” which captures the self-
reported mathematical skills of the subject, “Task Difficulty ” captures the self-reported difficulty to perform the task.“Risk General”, “Risk
Occupation”, “Risk Health”, and “Risk Drive, capture the self-reported willingness to take risks in general, at their studies, with their health
and while driving. t-test values in parenthesis. *** denotes significance at the 0.01 level, ** denotes significance at the 0.05 level, * denotes
significance at the 0.1 level.
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scheme attractive for employers that already employ standard pay-for-performance com-
pensations. Nonetheless, I propose this contract to be implemented in the form of a bonus,
rather than becoming the base-pay of the worker. There are two reasons for this proposal:
First, if the worker’s preferences for money, can be represented by cumulative prospect
theory, their probability distortion may depend on their reference point. The employer can
fix this reference point, by introducing a performance threshold, after which production is
evaluated and paid according to the probability weighting contract. Second, the present
study abstracts from the effect of the scheme on the workers’ well-being and their intrinsic
motivation to work. If the proposed contract is harmful to these two relevant components,
its counterproductive effects are lower when it is introduced as a production bonus, rather
than a base-pay.

The proposed incentive scheme can be categorized according to Kozsegi (2015)’s survey
as an exploitative contract. However, its implementation could conform to the soft pater-
nalism described by Thaler & Sunstein (2003) if it is offered in the form of a compensation
bonus, as proposed above, and the worker is able to choose between the probability contract
and other cost-equivalent bonus modalities. Following Thaler & Sunstein (2003), the em-
ployer should let the probability contract to be the default, and the worker has the choice
to opt-out from this payment modality.

This study has several limitations that need to be addressed. First, although there are
prominent advantages of controlled laboratory experiments to test the validity of incentives
schemes (Charness and Kuhn, 2011), they come at the cost of external validity. To further
study the motivational effect of this incentive scheme, it is necessary to be tested in a setting
with longer working periods, more powerful monetary incentives, and more meaningful
tasks. Future research should evaluate the efficiency of the probability contract in other
settings. Also, this analysis is oblivious about the workers well-being. The effectiveness
of the probability contract requires a proper analysis about the impact of the proposed
compensation on the satisfaction at work of the workers.
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Appendix

5.A The principal’s choice

In this appendix, I demonstrate that in the special case in which agents distort probabilities
and have linear utility functions, the risk-neutral principal chooses probabilities that induce
overweighting of probabilities. The assumption that agents distort probabilities systemati-
cally according to w(p) as defined in Section 2, constitutes the interesting case in which the
principal’s choice has an influence on the agent’s behavior. Moreover, the assumption that
agents have linear utility is supported by the results of Section 5.5.

Let us start the analysis with the principal’s program, which consists on minimizing the
compensation offered to the agent, subject to the individual rationality constraint and the
incentive compatibility constraint. This program can be formally written as

Min
p

βytp,

subject to i) argmax
y

w(p)βyt − c(θ, yt),

ii) w(p)βyt − c(θ, yt) ≥ 0.

As in Section 2, I employ the cost equivalence β = α
p that equalizes the payroll costs of

the piece rate and the probability contract. Thus, the Lagrangian of this problem can be
written as

L = αyt − λ1

(
w(p)α

p
− cy(yt, θ)

)
− λ2

(
w(p)ytα

p
− c(yt, θ)

)
. (5.10)

The first order condition of the Lagrangian with respect to p is

∂L
∂p

: (λ1 + λ2yt)
α

p

(
wp(p)−

w(p)
p

)
= 0. (5.11)

When either the IC or IR constraints bind, this is when λ1 > 0 or λ2 > 0, the solution
of the Lagrangian is given by the fixed-point p∗,
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{
p∗ ∈ (0, 1) : p∗ = w(p∗)

wp(p∗)

}
. (5.12)

Let us investigate some of the properties of the solution p∗. I begin by defining the
function g(p) ≡ w(p)

wp(p) , note that g(0) = 0 since limp→0+ wp(p) = ∞, g(1) = 0 due to
limp→1− wp(p) =∞, and g(p̂) =∞ since limp→p̂wp(p) = 0. Additionally, g(p) is increasing
for the interval p ∈ [0, p̂), given that wp(p) > 0 for p ∈ [0, p̂), and decreasing for the interval
p ∈ [1, p̂], since wp(p) < 0 for p ∈ [1, p̂].

The existence of the interior fixed point p∗ = g(p∗) is guaranteed since p is a linear and
increasing function in the unit interval, with values at the extreme points 0 and 1, and g(p)
is an increasing function in the interval p ∈ [0, p̂) with values g(0) = 0 and g(1) = 1 at the
extreme points. Then it must be that g(p) is decreasing somewhere in the interval p ∈ (p̂, 1],
so that p and g(p) intersect somewhere p ∈ (0, 1). 13

A sufficient condition for the intersection p∗ = g(p∗) to happen at p ∈ (0, p̂] is that
wppp(p) < 0 at p ∈ (0, p̂], which guarantees that gpp(p) > 0. The convexity of g(p) at
p ∈ (0, p̂], together with the properties of the function gp(p) > 0, g(0) = 0, and g(p̂) =
∞, guarantee that the interior fixed point p∗ = g(p∗) takes place in the set p ∈ (0, p̂] .
The requirement that wppp(p) < 0 at p ∈ (0, p̂], means that w(p) becomes more concave
as p approaches p̂. This condition guarantees that the degree of overweighting of small
probabilities is similar for all p ∈ (0, p̂].

Finally, I investigate whether p∗ is a solution for all the values of p by studying the
shape of the Lagrangian throughout the probability domain. The second order condition of
the Lagrangian is,

∂2L
∂p2 : −(λ1 + λ2yt)

α

p

(
wpp(p)−

2wp(p)
p

+ 2w(p)
p2

)
. (5.13)

Note that equation (13), when evaluated at p∗, becomes positive if and only if wpp(p) < 0,
this is for the probability interval [0, p̂). Hence p∗ is a solution of the program for the
probability interval [0, p̂). However, when wpp(p) > 0 the second order condition evaluated
at p∗ is negative, this is that the Lagrangian is concave, and therefore it attains a minimum
value at the extreme values of the domain wpp(p) > 0, either p = p̂ or p = 1. For the
case in which p̂ < p̃, the solution to this program is p = p̂, since at this exact probability,
the fraction w(p)

p attains its largest possible value for p ∈ [p̂, 1], making the IC and IR
constraints as large as possible for this interval. However, for the case in which p̂ > p̃ the
solution of the program is p = 1 since any other value of p ∈ [p̂, 1] yields w(p)

p < 1 which
leads to lower values of the IC and IR constrains.

13Since gp(p) = 1 − w(p)wpp(p)
(wp(p))2 , a sufficient condition for gp(p) > 0 is that wpp(p)<0, and a necessary

condition for gp(p) < 0 is that wpp(p)>0.
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All in all, the solution to the minimization program for the principal is given by

p =


p∗ if p ∈ [0, p̂),

p̂ if p ∈ [p̂, 1] and p̂ < p̃,

1 if p ∈ [p̂, 1] and p̂ > p̃.

Note that there are two possible optimal actions for the principal. First, he could
choose p∗ for the interval such that p < w(p), this implies choosing a probability that is
overweighted by the agent, who consequently works harder on the task since he perceives
the probability of each t to be chosen larger that it actually is. Second, for probabilities
interval such that p > w(p), he implements a piece rate contract p = 1, since he understands
that choosing any interior point in p ∈ [p̂, 1] yields an underweighting of probabilities in the
agent, which is counterproductive for performance.
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5.B Instructions

This is an experiment in the economics of decision-making. The instructions are simple
and if you follow them carefully and make certain decisions, you might earn a considerable
amount of money, which will be paid to you via bank transfer at the end of the exper-
iment. The amount of money that you earn will depend entirely on your decisions and
effort. Once the experiment has started, no one is allowed to talk to anybody other than
the experimenter. Anyone who violates this rule will lose his or her right to participate in
this experiment. If you have further questions when reading these instructions please do
not hesitate to raise your hand and formulate the question to the experimenter.

The experiment consists of two parts. Your earnings in part one or part two of the
experiment will be randomly chosen and become your final earnings. Whether the earnings
of part one or the earnings of part two will be your final earnings will be established by roll
of a die.

Part one

In this part of the experiment your task is to complete summations. Your earnings in this
part of the experiment depend only on the number of correct summations that you deliver.
You need to complete as many summations as you can in a given time span of 10 rounds,
and each round lasts for four minutes. In other words you will have a total of 40 minutes
to complete as many summations as you can.

Each summation consists of five-two digit numbers. For example 11+22+33+44+55=?
Once you know the answer to the sum of these five two digit numbers, input the answer in
the interface, Click OK, and a new set of numbers will appear on your screen.

For your better understanding you will face with two examples next.

The previous examples show what you have to do in this part of the experiment. The
only thing left to do is to specify how you will earn money.

Piecerate Treatment The payment rule: In this part of the experiment each correct
summation will add 25 Euro cents to your experimental earnings.Remember: you have 40
minutes to complete summations, and all summations will count towards your earnings at a
rate of 25 cents each. Once you understood these instructions Press ”OK”. When everyone
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is ready we will start with this part of the experiment.

Remember: you have 40 minutes to complete summations, and only correct summations
will count towards your earnings at a rate of 25 euro cents each. If you understood these in-
structions Press ”OK”. When everyone is ready we will start with this part of the experiment.

LowPR Treatment The payment rule: In this part of the experiment 1 out of all
the 10 rounds will be randomly chosen. The specific round is chosen by the computer at
the end of this part of the experiment, this is once you completed summations in all the 10
rounds. Only the correct summations in that randomly chosen round will count towards
your earnings at a rate 250 euro cents per correct summation.

Remember: you have 40 minutes to complete summations, and only correct summations
in 1 specific round, chosen randomly by the computer at the end of the experiment, will
count towards your earnings at a rate of 250 euro cents each. If you understood these in-
structions Press ”OK”. When everyone is ready we will start with this part of the experiment.

MePR Treatment The payment rule: In this part of the experiment 3 out of all the
10 rounds will be randomly chosen. The specific rounds are chosen by the computer at the
end of this part of the experiment, this is once you completed summations in all the 10
rounds. Only the correct summations in that randomly chosen round will count towards
your earnings at a rate 85 euro cents per correct summation.

Remember: you have 40 minutes to complete summations, and only correct summations
in 3 specific rounds, chosen randomly by the computer at the end of the experiment, will
count toward your earnings at a rate of 85 euro cents each. If you understood these in-
structions Press ”OK”. When everyone is ready we will start with this part of the experiment.

HiPR Treatment The payment rule: In this part of the experiment 5 out of all the
10 rounds will be randomly chosen. The specific rounds are chosen by the computer at the
end of this part of the experiment, this is once you completed summations in all the 10
rounds. Only the correct summations in that randomly chosen round will count towards
your earnings at a rate 50 euro cents per correct summation.

Remember: you have 40 minutes to complete summations, and only correct summations
in 5 specific rounds, chosen randomly by the computer at the end of the experiment, will
count toward your earnings at a rate of 50 euro cents each. If you understood these in-
structions Press ”OK”. When everyone is ready we will start with this part of the experiment.
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Part two

In this part of the experiment your task is to choose among two possible alternatives. Your
earnings on this part of the experiment depend on how good your choices are.

Particularly, you will be faced with 11 decision sets. In each of these sets you need to
choose between the option L, that delivers a fixed amount of money, and the option R that
is a lottery between two monetary amounts. Each decision set contains six choices. Be
Careful! Every time you make a choice between L and R, different the monetary prizes can
change and you ought to make a choice again One of the eleven choices will be randomly
picked and will count towards your earnings for this part of the experiment. You will be
faced with one example next.

If it is clear what you have to do in this part of the experiment. Press ”OK” to start,
once everyone is ready this part of the experiment will begin.

5.B.1 Survey

• Gender:

• Age:

• What is your education level? (Bachelor, Exchange, Pre-Master, Master, PhD):

• What is the name of your program of studies?

• How difficult did you find the task? (where 1 stands for easy and 5 for Very difficult)

• Rate how confident you are that you can do the task good enough so you can be in the
top half of performers in this group as of now. (1-Not confident, 10- Very confident)

• Are you any good at adding numbers? (1-Not good at all, 10-Very good)

• Are you generally a person who is fully prepared to take risks or do you try to avoid
taking risks?

• Rate yourself from 0 to 10, where 0 means "unwilling to take any risks" and 10 means
"fully prepared to take risks".

• People can behave differently in different situations. How would you rate your willing-
ness to take risks while driving? Rate yourself from 0 to 10, where 0 means "unwilling
to take any risks" and 10 means "fully prepared to take risks"

• How would you rate your willingness to take risks in financial matters? Rate yourself
from 0 to 10, where 0 means "unwilling to take any risks" and 10 means "fully prepared
to take risks"
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• How would you rate your willingness to take risks with your health? Rate yourself
from 0 to 10, where 0 means "unwilling to take any risks" and 10 means "fully prepared
to take risks"

• How would you rate your willingness to take risks in your occupation? Rate yourself
from 0 to 10, where 0 means "unwilling to take any risks" and 10 means "fully prepared
to take risks"

• How would you rate your willingness to take risks in your faith in other people? Rate
yourself from 0 to 10, where 0 means "unwilling to take any risks" and 10 means "fully
prepared to take risks"
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Table 5.C.1: Averaged results

i xi ∆′j xi ∆′j
xi ∆′j
1 1.533 (0.466) 0. 533 1.603 (0.607) 0.603
2 2.097 (0.883) 0.563 2.166 (0.953) 0.563
3 2.643 (1.208) 0.546 2.77 (1.342) 0. 604
4 3.267 (1.553) 0.623 3.397 ( 1.688) 0.626
5 3.884 (1.857) 0.617 4.120( 2.125) 0.723
6 4. 496(2.206) 0. 612 4.782 (2.598) 0.661
Ref.Point Beliefs (Losses) Earnings (Losses)
N 86 75
Note: This table presents the average, standard deviations and difference ∆′j = |xi −
xi−1| of the sequence of outcomes x1, x2, x3, x4, x5, x6. Standard deviations are pre-
sented in parenthesis. Columns 1 and 2 present the mean and median of the sequence of
the monetary outcomes when the reference point is assumed to be half of the earnings
of the first part of the experiment. Columns 3 and 4 present the mean and median of
the sequence of the monetary outcomes when the reference point is assumed to be the
earnings of the first part of the experiment as measured by the performance beliefs.

5.C Utility and probability weighting functions in the do-
main of losses

In the main body of the paper, I present evidence supporting the notion that the subjects in
the experiment have linear utility functions and probability weighting functions that exhibit
overweighting of probabilities. However, these conclusions are restricted to the assumption
that they have zero earnings as their reference point, or that they face lottery outcomes
above their reference point. In this appendix, I show that these conclusions can be extended
to the domain of losses, this is for all the lotteries with outcomes below the reference point
of the individual. Taking into account this restriction, I perform the same exact analysis
presented in Section 5.

I start studying the means and the standard deviations of the sequence x1, ..., x6 for the
domain of losses. Table 5.C.1 shows that the subjects’ preferences over monetary outcomes
are increasing on the offered monetary outcome. The column containing ∆′j suggests that
the subjects’ preferences are not only increasing on the monetary outcomes that are offered,
but they are also increasing in a linear way. This conjecture is confirmed by a linear
regression of xi on equal partitions of the monetary outcomes faced by the individual in the
lotteries, i and a quadratic term i2. The regression estimates of the regression demonstrate
that there is no empirical evidence to reject the null hypothesis that the coefficient associated
to i2 is equal to zero, and that the coefficient associated to i is positive. We can conclude,
that the subjects’ utility in the domain of losses is increasing and linear, which is the same
conclusion that we find in the domain of gains.

We are now in the position to study the properties of the average probability weighting
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Table 5.C.2: Medians and Means of w−1(p)

Probability p Mean Median Mean Median
1/6 .243 .203 .265 .234
2/6 .384 .359 .386 .359
3/6 .499 .484 .500 .484
4/6 .625 .640 .609 .640
5/6 .760 .828 .758 .828
Ref.Point Beliefs (losses) Earnings(losses)
N 75 86
Note: This table presents the average and median of the sequence p1, p2, p3, p4, p5
elicited in the second part of the experiment with the decision sets six until eleven.
Columns 1 and 2 present the mean and median of the sequence of probabilities when the
reference point is assumed to be half of the earnings of the first part of the experiment.
Columns 3 and 4 present the mean and median of the sequence of probabilities when
the reference point is assumed to be the earnings of the first part of the experiment as
measured by the performance beliefs.

Table 5.C.3: Counts of w(p)− p > 0 and w(p)− p < 0

w(p)− p >0 <0 >0 <0
p=1/6 60 ∗∗ 37 50 ∗ 36
p=2/6 52 45 45 41
p=3/6 43 54 38 48
p=4/6 45 52 40 46
p=5/6 44 53 38 48
Ref.Point Earnings (Losses) Beliefs(Losses)
N 97 86
Note: This table presents the number of positive and negative events for the expression
w(pi) − pi for pi = 1/6, 2/6, 1/2, 4/6, 5/6. The significance of the count is tested with
one tailed sign tests. Columns 1 and 2 present the count and one tailed test when the
reference point is assumed to be half of the earnings of the first part of the experiment.
Columns 3 and 4 present the count and one tailed test when the reference point when
the reference point is assumed to be the earnings of the first part of the experiment
as measured by the performance beliefs. *** denotes significance at the 0.01 level, **
denotes significance at the 0.05 level, * denotes significance at the 0.1 level.

function of the subjects. Table 5.C.2 and Table 5.C.3 show that in the domain of losses,
subjects also overweight small probabilities. However, in contrast with the results in Section
5.5, subjects only overweight the smallest probability p = 1/3, and do not overweight the
probability p = 2/3. This is suggestive that the subjects’ average probability weighting
function is less elevated for the domain of losses, which contradicts the results of Tversky
and Kahneman (1992), Abdellaoui (2001), and Gonzalez and Wu (2004). Another relevant
result that arises from the analysis of the average probability weighting function, is that
in the domain of losses, subjects do not underweight large probabilities. This conclusion
is also achieved for the analysis of probability weighting functions for the domain of gains,
and as discussed in section 5, it contradicts most of the findings in the literature.

To investigate the conjecture that the subjects’ average probability weighting function
exhibits lower elevation in the domain of losses, I estimate the probability weighting func-
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Table 5.C.4: Parametric Estimates of the weighting function

Tversky and Kahneman(1992)
γ̂ 0.775∗∗∗ (.041) .795 ∗∗∗ (.043)
Adj. R2 0.849 0. 804
N 485 430
Prelec (1999)
α̂ .677 ∗∗∗ (.052) .722 ∗∗∗(.054)
β̂ .893∗∗∗(.041) .909∗∗∗(.044)
Adj. R2 0.852 0.867
N 485 430
Ref.Point Earnings (Losses) Beliefs (Losses)
Note: This table presents the estimates of the non linear least squares regression. The upper panel presents the estimates

of the equation w(p) = pγ

pγ+(1−p)(1−γ)

1
γ .The lower panel presents the estimates of the equation w(p) = e−β(−lnp)α.

Standard errors in parenthesis. *** denotes significance at the 0.01 level, ** denotes significance at the 0.05 level, * denotes
significance at the 0.1 level.

tions using the parametric forms proposed by Tversky and Kahneman (1992) and Prelec
(1999). Table 5.C.4 presents the estimates of the non-linear least squares regression of
the vector of probabilities {p1, ..., p5} on the probabilities that they map, for these two
functional forms. As compared to Table 5.10, I find that the coefficient associated to the
single-parameter probability weuighting function is lower, but not by a very large margin.
This implies that if the average probability weighting function of the subjects, was to fol-
low the Tversky and Kahneman(1992) functional form, the inflection and fixed point would
take place at a lower probability value for the domain of losses. Table 5.C.4 also shows that
the coefficients of the Prelec’s probability weighting function are considerably larger for the
domain of losses. While the estimates α̂ appear to be larger only by a moderate margin, the
striking result is that the estimates β̂ are almost 0.3 standard deviations larger than those
found for the domain of gains. These estimates differences demonstrate that with respect
to the domain of gains, the probability weighting function in the domain of losses has lower
curvature, and has lower elevation, in other words, the inflection point of this function with
inverse-s shape takes place at lower probabilities values .

The main conclusions of this appendix is that as in the domain of gains, subjects exhibit
linear utility functions, and probability weighting functions that overweight small probabil-
ities in the domain of losses. A striking difference with respect to the domain of gains, is
that the subjects’ probability weighting function has lower elevation in the domain of losses.
This is at odds with most of the results in the literature of decision-making. I conjecture,
that this result is driven by a bias in the coefficient estimation, that stems from a trunca-
tion in the data. Note that in the second part of the experiment, the lotteries only featured
positive monetary outcomes, but in fact, the subjects’ domain of losses may extend to the
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negative monetary outcomes. This truncation leads to a probability weighting function
that is estimated using a narrower domain, than that over which preferences take place.
Whether allowing for negative monetary outcomes could alleviate this bias and yield lower
elevation in the domain of losses should be investigated by future research.
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Table 5.D.1: Lower and Upper Subadditivity

Alternative Hypothesis t171 t74 t85
∆w−1(1) < ∆w−1(2) 5.049∗∗∗ 3.335 ∗∗∗ 4.205 ∗∗∗
∆w−1(1) < ∆w−1(3) 7.796 ∗∗∗ 6.871 ∗∗∗ 7.1451 ∗∗∗
∆w−1(6) < ∆w−1(5) 2.576 ∗∗ 1.158 1.037
∆w−1(6) < ∆w−1(3) 5.462 ∗∗∗ 3.913∗∗∗ - 4.102 ∗∗∗
∆w−1(6) < ∆w−1(1) -3.306 ∗∗∗ -4.143∗∗∗ -4.171∗∗∗
N 172 74 86
Note: This table presents the t-statistic of the lower and upper subadditivity tests. Lower
subadditivity is tested by checking the empirical validity of the inequalities ∆

w−1 (1) <
∆
w−1 (2) and ∆

w−1 (1) < ∆
w−1 (3), with ∆

w−1 (i) = pi − pi−1. Upper subadditivity
is checked by checking the empirical validity inequalities ∆

w−1 (6) < ∆
w−1 (5) and

∆
w−1 (6) < ∆

w−1 (3). *** denotes significance at the 0.001 level, ** denotes significance
at the 0.01 level, * denotes significance at the 0.05 level.

5.D Lower and Upper subadditivity

In this appendix I discuss the properties of Lower subadditivity and Upper subadditivity
in the data. Lower subadditivity refers to the phenomenon in which a probability interval
at low probability values has more impact in a subject’s perception than a probability
interval at moderate probability values. I test for the existence of lower subadditivity by
statistically testing whether the inequalities ∆w−1(1) < ∆w−1(2) and ∆w−1(1) < ∆w−1(3)
hold with ∆w−1(i) ≡ pi − pi−1. Table 5.16 presents the results of these tests. The main
conclusion that can be drawn from this analysis is that the probability intervals [p2, p3] and
[p1, p2] have lower impact in the subjects than the probability interval [0, p1]. This result is
robust to the two reference point specifications.

Additionally, I test the presence of upper subadditivity. Upper subadditivity refers to the
notion that a probability interval of high probability values has more impact in a subject’s
perception than a probability inteval of low probability values. I test for the existence
of lower subadditivity by checking the inequalities ∆w−1(6) < ∆w−1(5) and ∆w−1(6) <
∆w−1(3) with the data. Table 5.D.1 demonstrates that the probability interval [p6, 1] is
given a higher weight as compared to the probability intervals [p5, p4] and [p3, p2]. This
result is also robust to the two reference point specifications.

Finally, the data confirm the alternative hypothesis ∆w−1(6) < ∆w−1(1). This implies
that the subject’s transformation of probabilities has more impact near impossibility than
near certainty. In other words, subjects weigh more probabilities near zero than probabilities
near one. This is at odds with the classical results by Tversky and Fox (1995) and Abdellaoui
(2000), which found higher weight near certainty than near impossibility.


