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Abstract

Ambition as the desire for personal achievement is an important driver ofbehavior.
Using laboratory experiments, we study the role of social in uence on arhition in two
distinct domains of achievement, namely performance goals and task compigy. In
the rst case, participants set themselves a performance goal for a taskhey have to
work on. The goal is associated with a proportional bonus that is added to a piee rate
if the goal is reached. In the second case, they choose the complexitytbie task, which
is positively associated with the piece rate compensation and e ort. h both cases we
test whether observing peer choices in uences own choices. Wend strong evidence of
peer e ects on performance goals. In contrast, we nd no support for peere ects on
the choice of task complexity.
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1 Introduction

People make career plans and set themselves goals which gulteir actions. The extent to
which individuals desire to be successful, setting themset demanding goals and striving to
achieve them, is a re ection of their ambition. Ambition can pay a role in various dimensions
such as setting oneself a high performance goal or self-stahg into a challenging task.
Ambition is expressed by setting oneself performance godist instance, when students set
themselves the goal of achieving a good grade in an exam. Inpdoyment relations, workers
can often choose performance goals which are associatechwaitwage bonus. Ambition can
also be expressed by self-selecting into a di cult task whit requires more e ort and is
associated with higher variance in outcomes, compared to afternative easier task. For
example, students need to choose among selective colleggonsawhere graduating requires
high ability and hard work, and where the failure rate is highand less selective majors.
Similarly, workers may choose between a job that is potentlg highly rewarding, where
hard work is required and mistakes are costly, and a less redig job, requiring less e ort
and involving less risk.

The formation of ambition can be thought of as a process in ueed by ability, personality
traits, and the social environment, among other factors. Inhis study, we focus on the
social aspect and investigate the role of peers in the forn@at of ambition. We consider
one channel through which peer e ects can occur, which is aging others' choices. In
particular, we compare the importance of peer in uence in t formation of ambition across
two domains of achievement, namely the more quantitative daain of performance goals,
and a more qualitative domain, that of self-selection intoicerent tasks with varying levels
of complexity.

In contrast to existing research, we investigate peer e estof ambition instead of peer
e ects of actual achievement or e ort. Ambition has a close tik with achievement intentions
but not necessarily with actual behavior or outcomes. None#fiess, ambition is an important
driver of behavior. In many situations, individuals may hae information about their peers'
intended behavior or ambition, but not about the realized otcomes. For instance, in the
context of education when students form goals regarding tin@chievement in an exam, they
may have information about the ambition of their peers, but per performance is either only
revealed after taking the exam or is not revealed at all. Sitarly, when deciding about
enrolling in an easy or a di cult course or in a more or less piigious institution, students
often know about their peers' choices, but they do not know ko successful they will be
given the option they have chosen.

Studying peer e ects of ambition is important to better undestand how group compo-



sition may in uence educational outcomes and even performee in the workplace. The
assignment of young students to di erent schools or classmms according to ability and
achievement aspirations is ubiquitous around the world anid generally associated with low
social mobility. Peer e ects of ambition are often cited amiag the potential contributing
factors but the supporting empirical evidence is very scaec For policymakers aiming at
increasing social mobility it is essential to understand ho the classroom composition in-
uences students' aspirations. It is of similar interest tomanagers in the private sector to
understand how ambition for achievement is in uenced by thevorkforce composition.

Peer e ects of ambition are hard to observe in the eld, sinceambition is often not
directly observable and is likely to be confounded with othie(partly) observable factors
such as performance. A laboratory experiment allows for agtit control of the information
transmitted. To the best of our knowledge, this is the rst irvestigation of the role of peers in
the formation of ambition to achieve using a standard labotary experiment. Another novel
aspect is that we investigate peer e ects on ambition in twoicerent domains of achievement,
namely performance goals and self-selection into a more sgs less challenging task.

In our experiment participants perform an incentivized e ot task where both e ort and
ability matter for achievement. The task consists of courtig squares in grids of varying
sizes, with increasing size associated with higher di cuyt We assign participants to one of
two conditions. They either work on a task with a xed di cult y level (grid size) and choose
a performance goal|the number of correctly solved grids|re warded with a proportional
bonus if the goal is achieved, or they choose the di culty oflie task|the size of the grid|
which is positively related to the piece rate compensationOnce participants have chosen
either a performance goal in the rst treatment or a grid sizen the second treatment, they
are informed of the average choice of other participants imé session; subsequently they are
given the option to revise their initial choice.

Our ndings indicate that observing the performance goalsfgeers in uences one's own
goals. When participants observe an average peer performargoal larger than their own
goal they revise their goal upwards. Similarly, when they @erve an average peer goal
smaller than their own goal they revise their goal downwardsMoreover, observing more
ambitious peers increases participants' earnings. In coast, we nd only weak support for
peer e ects on the choice of the task di culty, since a large rajority of participants stick
to their initial choice. The results suggest that a person'smbition is in uenced by her
peers when ambition signals a target for performance and aeargs. However, peer e ects
of ambition are at best weak when ambition relates to selfigeting into more versus less
challenging tasks. More broadly, peer e ects of ambition cabe expected in contexts where
measures of achievement are easily observable and unambigg) such as grades in an exam



or earnings. In contrast, peer e ects of ambition are unlikg to be observed for decisions
involving uncertainty with regard to their e ect on outcomes, such as career choices. Our
results are aligned with Sacerdote (2001) who documents thaeers in uence performance

in exams but are unlikely to in uence important education anl career choices.

This study is related to two areas of research, namely the g literature on peer e ects
and the motivational e ect of performance goals. Informatn about peer performance has
been shown to causally in uence individual performance, sk as in Mas and Moretti (2009)
and Bandiera et al. (2005) who document peer e ects in the wkplace. Falk and Ichino
(2006) also present causal evidence of peer e ects on pariance. In their study, participants
work on the task of putting letters into envelopes. They pedrm the task either alone or
with another participant in the same room. In the latter casethe authors nd that the
similarity in output is larger within pairs than between pars, indicating that peer e ects
are at work. In a recent laboratory study, Beugnot et al. (202) vary the salience of the
competitive motive by giving participants either simultareous feedback about each others'
performance or unidirectional feedback about the performae of another participant. When
there is simultaneous feedback, the male participants’ plermance is in uenced by peer
performance, but not the performance of women. In contrastinidirectional feedback has a
positive impact on performance for both genders. While soma&bloratory studies such as van
Veldhuizen et al. (2018) and Guryan et al. (2009) do not nd per e ects on performance, in
a meta-study of 34 laboratory studies, Herbst and Mas (2015¢port signi cant peer e ects
of performance and show that these e ects generalize to theld.

In the context of education, Azmat and Iriberri (2010) use a naral experiment to show
that giving students information about their relative perbrmance in class improves grades
across the whole grade distribution. Sacerdote (2001) anihdnerman (2003) also nd peer
e ects on test scores among (randomly assigned) college muoates. Several other studies
have identi ed peer e ects in a variety of settings in educabn, including, for example, Hoxby
and Weingarth (2005), Ammermueller and Pischke (2009), Ardiacono and Nicholson (2005),
Lavy et al. (2012), and Burke and Sass (2013). These studieyide compelling evidence
of peer in uence on performance in school and college acl@ment.

Apart from e ects on performance, peers can also a ect other psects of productivity such
as perseverance. While Rosaz et al. (2016) nd no evidence @fep e ects on performance,
they show peer e ects on the decision to quit working on a task.earning that a co-worker
has stopped working on a task signi cantly increases partgants’ probability of also stopping
work when communication is possible. Further evidence of @ree ects on perseverance is
reported by Gerhards and Gravert (2016). They nd positive per e ects on perseverance
regardless of peer perseverance when the peer has a highbresement than oneself. In



contrast, when the peer has lower achievement, own and peargeverance are negatively
linked. Our study di ers from this strand of the literature in that we examine the e ect of
peers on the choice of performance goals and of task di culty

Our experiment also relates to the literature on the motivabnal e ect of performance
goals. Psychological theories point out that higher goalsegenerally associated with better
outcomes (see, for example, Heath et al., 1999; Locke and Latin 2002). Economists have
studied the e ect of performance goals on individual perfanance. The existing research
from the eld and the laboratory shows that goals that are seby the individuals themselves
increase performance. For instance, Goerg and Kube (2012)d positive e ects of goals on
performance. In a eld setting, library workers have to sorbbooks and are rewarded either
for a self-chosen or exogenously set goal. The results shtvattwhen goals are self-chosen,
performance is higher than in a piece rate treatment while egenous goals increase perfor-
mance only if they are su ciently challenging. The study by \an Lent and Souverijn (2017)
nds that asking university students to set their own perfomance goals has a positive e ect
on performance, but the e ect disappears when they are chatiged to increase their goal.
In the laboratory, Dalton et al. (2016) show that asking workrs to set (incentivized) per-
formance goals is a cost-e ective compensation scheme fbe fprincipal. Other studies nd
that performance goals set by the principal have a positiveext on individual performance
when goals are challenging and at the same time achievabledsGoerg and Kube (2012)
for evidence from the eld, and Corgnet et al. (2015) and Sntiers (2015) for laboratory
evidence). Our study adds to this literature by providing isights on how the performance
goals of co-workers may in uence workers' own goals and parhance.

The paper proceeds as follows. In section 2 we provide the @&t of the experimental
design, in section 3 we present the results, and in section 4 @iscuss our ndings.

2 Experimental design

2.1 Treatments and task

We employ two main and two control treatments in a between-$ijects design. At the start
of the experiment, participants are informed that the expement consists of three stages,
with the rst two stages being very similar to each other, andhat information about each
stage will be given prior to the stage.



2.1.1 GOAL treatment

Participants perform a real-e ort task consisting of couning the number of black squares in
a grid with six rows and six columns, as shown in Figure 1. Ea¢hme a participant enters
an answer, she is informed whether the answer is correct ortrdo She is then presented
with a new grid and asked once again to count the number of blasquares. The task lasts
for four minutes, and participants earn eight points per coect answer? Participants do
not receive explicit information on the nal number of corret answers. This initial stage
allows participants to gain experience with the task and prades us with a measure of their
capability of the task.

Figure 1: Example of a task presented to participants

After this initial stage, participants are informed that they will be performing the task
once again but this time for 10 minutes rather than four. Prioto performing in this second
stage, they are asked to set themselves a goal for the numbecarrect answers in the second
stage, which has implications for their earnings. Particgnts always receive eight points per
correct answer. Additionally, if they achieve their goal, the receive a bonus of eight points
(i.e., 16 points in total) for each correct answer up to theigoal. Earnings are de ned as

follows:
8

Spx+bg ifx g
(x;9)= . _
© pX if x<g;

wherex is the number of correct answers and is the goal chosenp refers to the piece

1For simplicity, throughout the paper we will use the female pronoun when referring to a participant.

2In the rst two experimental sessions in the goal treatment the piece rate payment as well as the bonus
for reaching the goal was four points instead of eight points. We adjusted tb payment parameters in the
following sessions since the average participant payment was belaive desired level for participation in a 45-
minute experiment at the WZB-TU lab. We keep the data collected in these two sessions in our sample since
we do not observe performance or behavior di erences. Two-sided tessts for di erences in performance
in stage 1 and 2, initial and nal goal do not reject the null hypothesis of no performance di erence at
conventional levels of statistical signi cance (-values>0.1).



rate, and bto the bonus rate (in our casep = b= 8). The goal that maximizes the earnings
of a participant is her actual performancé.

Before setting the goal, participants are informed that thee is a 15 percent chance that
their goal choice is nal and an 85 percent chance they will bable to revise their goal.
They only learn whether their goal is nal or not once they hae set the goal. We introduce
the possibility of not being able to revise the goal in orderot incentivize participants to
state their preferred goal as if it were nal. The computer radomly determines who can
and who cannot revise their goals. The latter are informed #t their goal is nal and then
they proceed to the task. Each participant who may revise thgoal is informed about the
average goal of a randomly chosen subgroup of participantsor this, two participants in
the same session are drawn randomly, and the participant isfarmed of the average goal of
these two randomly selected participanté. The participant then needs to decide whether or
not to revise her initial goal. If she chooses to revise it, sthas to state her nal goal before
then proceeding to the task. If she chooses not to revise herafjcshe then proceeds to the
task directly. While performing the task in the second stageyarticipants are continuously
informed about the number of correct answers, and a messagélisplayed on the screen once
the goal has been reached. Once participants have reachedittgoal, they continue working
on the task until the end of the 10-minute period.

2.1.2 GRID treatment

In the GRID treatment participants started by working on the task of counting the black
squares in a grid, but unlike in GOAL, the initial stage was diided into three parts. In the
rst part, participants counted the number of black squaresn 2 2 grids (with two columns
and two rows) and earned one point per correct answer. In thesnd part, they counted
the number of black squares in 66 grids and earned eight points per correctly-counted grid.
In the third part, they counted the number of black squares inl0 10 grids and earned
30 points per correctly-counted grid. Each part lasted forvto minutes and there was no
pause between the di erent parts. Once a participant entetkan answer, she was informed
whether the answer was correct or not. Participants were naxplicitly informed about the
total number of correct answers in each part.

In the second stage, participants were told that they would & performing a similar task
lasting for 10 minutes. Before performing the task, they wadd need to choose a grid size
that would apply to all grids in the second stage. They couldhwose any grid size with an

3To ensure that participants understood how earnings were deternmied, we included example questions
in the instructions, which participants had to answer correctly in order to proceed to the next screen.

4Participants always saw an integer number as the peer average goal. Wherh¢ average goal was a
decimal number, it was rounded up to the nearest integer number.
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identical number of columns and rows out of nine possible aphs, from 2 2 to 10 10. Our

reward scheme compensated larger grids involving more et@nd risk with a higher piece
rate payment (see Table 1). If the grid size did not impact théikelihood of making mistakes
and did not increase the di culty of the task, the largest grid would lead to the highest
earnings. However, this is unlikely to be the case, since thbamce of making a mistake
is likely to increase with the grid size. Therefore, which is the best grid di ered among
participants and depended on their ability and e ort.

Table 1. Payment scheme in GRID

Grid size Piece rate

OQOOWOO~NOOULA~,WN
P OO ~NO O WN
(o0]

|

As in GOAL, before making their choice participants were infaned that with a 15 percent
chance their choice was nal and with an 85 percent chance thevould be able to revise
their decision. After participants had made their decision o the grid size, those who were
randomly drawn by the computer to revise their choice werewgn information on the average
grid size of two other randomly selected participants in theame session and were given the
option to revise their choice before proceeding to the task.

2.1.3 Control treatments

We implemented two control treatments, one for the GOAL and tk other for the GRID
treatment. We refer to them as C-GOAL and C-GRID respectively The only di erence
between the control and main treatments is that participars in the control treatments were

5This assumption is supported by the data, where the correlation betwen the share of correct answers
and the grid size is highly signi cant and negative (r=-.32, p-value<0.01)

6As in GOAL, when the peer average grid was a decimal number, it was alwaysounded to the next
integer number.



not given information about peer choices. Thus, they workedn the task in the rst stage,
subsequently chose their goal or grid size, were given thetiop to revise their choice, and
then worked on the task in the second stage. Note that all padipants were given the
option to revise their initial choice, even though no new iwirmation was revealed, before
proceeding to the task. The possibility to revise the initiachoice was not anticipated by
the participants. When given the possibility to revise the iitial choice, participants were
informed that they would not be able to revise their choice agn so that their decision was
nal.

The reason for implementing the control treatments is twold. First, they provide us
with a baseline measure of the extent to which participantswvise their initial decisions when
presented with the option to do so, independently of the infmation on peer choices. Second,
it gives us a benchmark for the payo consequences of obsewyipeer choices, allowing us to
evaluate the overall welfare impact.

2.1.4 Elicitation of risk attitude and post-experimental questio nnaire

Since we expect risk attitudes to in uence the choices of ggaand grid sizes, participants
also completed the bomb risk elicitation task (Crosetto andrilippin, 2013). This was done
after the main task in our experiment and before the nal qudgnnaire. Participants were

presented with a grid with 100 boxes, knowing that there was laomb behind one of them.
They decided which boxes to open and earned three points fach box opened if none of
them contained the bomb. If they opened the box with the bomlithe earnings were zero.
The expected value of the lottery is

3points #boxes opened (100 #boxes opened¥10Q Q)

It amounts to zero points when 0 or 100 boxes are opened and ¢akits maximum value
(75 points) when 50 boxes are opened. A participant is risk«erse if she decides to open less
than 50 boxes, risk neutral if she decides to open 50 boxesdarsk-seeking if she decides
to open more than 50 boxes. The coe cient of risk aversion isigen by (100 - # boxes
opened)/100 and takes on values between zero (extremelykrisving) and one (extremely
risk-averse).

At the end of the experiment, participants answered a shortugstionnaire. We asked
for socio-demographic information and the reasons behintidir goal or grid choice, their



decision of whether to revise their choice plus their opinioof the task and their emotions’

2.2 Experimental procedures

We conducted the experiments at the WZB-TU lab at the TechnicaUniversity of Berlin
between December 2017 and September 2018. Participants evezcruited through ORSEE
(Greiner, 2015), and each participant took part in one expanental session only. The ex-
periment was computerized and programmed with the experim&l software oTree (Chen
et al., 2016). The participants received points during thex@eriment, and we applied an
exchange rate of 1 point = 0.01 Euro. The experiment lasted aund 45 minutes and par-
ticipants earned, on average, 13 Euros (including a 5 Euro p&ipation fee), paid out in
private at the end of the experiment. There were 13 sessiongw24 participants each and
one session with 18 participants due to a high number of noekhis. Only one treatment was
conducted per session. Participants were given all instriens on the computer screen and
had the option to ask questions, which were answered in priea On the instruction screens,
participants were required to answer a number of questions £nsure a good understanding
of the instructions (we provide the full instructions in Appemlix A.3).

Overall, 330 participants took part in the experiment. We egluded four participants
from the analyses who chose extremely high goals or receivied information of a very large
average goal from the other participants in GOAL. The excluen criterion was based on
the Grubbs' test (Grubbs, 1969). This ensures that our resisl are not driven by extreme
choices. The excluded subjects chose very high goals of 180 860 or received information
about an average goal of their peers of 202 or 112. Our resudte una ected when including
all observations® Altogether, we use the decisions of 326 participants for thanalyses. Out
of these, 116 were in GOAL, 114 in GRID, and 48 participants werin each of the control
treatments C-GOAL and C-GRID. Thirty-seven percent of the paticipants were female and
62 percent male. This gender ratio is representative of theerall ratio among students at the
Technical University of Berlin. Thirty- ve percent of the participants were at most 20 years
old, 41 percent were between 21 and 25, and 23 percent over ¥%ith regard to the eld
of study, 45 percent of the participants were studying STEM elds, 37 percent economics or
management, and 16 percent indicated another eld of study.

"The reasons and opinions could be stated in free form. The emotions werdigited on a 5-point scale and
included satisfaction, enthusiasm, pride, determination, disappintment, being upset, and shame (Watson
et al., 1988). We asked these questions to give participants a chance to jpess their opinions and feelings.
However, we did not analyze the data since we believe that they do not qovide important insights for the
interpretation of our results.

8All results including the whole sample of participants are reported h the appendix.

9The descriptive statistics of our participants by treatment are shown in Table A.1 in Appendix A.1.
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3 Results

We start by examining whether observing peer choices makeslividuals revise their choice
or whether they stick to their initial choice, both with respect to the performance goal and
grid size. We proceed by analyzing the extent to which partigants’ nal choices, after
having observed their peers' average choice, di er from thianitial choices. We then look
at the consequences of peer e ects for participants' perfoance and earnings. We conclude
with a description of the determinants of the initial perfomance goal and grid choice.

3.1 Peer e ects on the decision to revise own choice

First we test whether participants revise their choice whemformed of the peers' average
goal or grid size. For this analysis we focus on those parpeints who had the option to
revise their goal or grid choice and who were informed of a pesverage goal or grid size
that was di erent from their own choice1°

Figure 2 displays the proportion of participants who revisgtheir choice and the direction
of the revision in all four treatments. In GOAL 56% of partici@nts revised their choice, a
signi cantly higher fraction than in C-GOAL where 35% of paricipants revised their choice
(p = 0:02, test of proportions) indicating that observing the pedrmance goals of peers
increases the revision rate. Among those participants whovised in GOAL, 46% revised
their goal downwards and 54% upwards, a similar relative steaas in C-GOAL where 53%
revised down and 47% revised up( 0:63, test of proportions).

In GRID, only 20% of the participants revised their choice &ér being informed of their
peers' average grid size, which is not statistically di ena from the 17% of revisions observed
in C-GRID. This suggests that in GRID peer information does ot in uence the tendency
to revise own choice. The revision rate in GRID is also sigraantly lower than in GOAL
(p < 0:01, test of proportions). Similar to our observation in GOALamong participants who
revised their grid size, there is no di erence in the relatiy share of participants revising their
choice upwards between GRID (60%) and C-GRID (63%)(= 0:90, test of proportions).

OWe thereby exclude 16 participants in GOAL and 14 participants in GRID who did not have the option
to revise their choice. Moreover, we also exclude from our analysidr participants in GOAL and 14
participants in GRID who were informed of a peer average goal or grid sizehiat was identical to their own
choice. We do this for any analysis where this group would need to be examed separately, since analyzing
the small number of observations is inconclusive.

11



Share of total

GOAL C-GOAL GRID C-GRID

[ Revise down [ Revise up

I No revision

Figure 2: Share of participants revising their choice

Notes: No revision refers to participants who did not revise their choice despite haing the possibility to do
so. Revise downrefers to participants whose revised choice was lower than their itial choice. Revise up
refers to participants whose revised choice was greater than theinitial choice.

We now describe the relation between the direction of the rision and the peer average
choice in GOAL and GRID depicted in Figure 3. In GOAL, the large majority of participants
who revised their goal chose a more ambitious goal when theepeverage goal was larger
than their initial goal. They also tend to set a new, less amtous goal when the peer average
goal was smaller than their initial goal. Among participantswho observed a peer average
goal smaller than their own goal, 59.5% chose to revise, wi88% of them revising their
initial goal downwards. Similarly, among participants whee goal was lower than the goal of
their peers, 55.6% revised their goal, with 90% of them reing upwards.

In GRID, among participants who observed a smaller peer axage grid than their own
grid, 9.5% chose to revise their choice, with 75% of them reing down and 25% revising
up. The proportion of participants who chose to revise theigrid among those who observed
a larger peer average grid than their own is 34.1%, with 73.3févising upwards and 26.7%
revising downwards. The asymmetry in revision rates accardg) to whether the peer choice
was larger or smaller than own choice is large and statistibasigni cant (9.5% vs. 34.1%,
p < 0:01, test of proportions).

12
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peer<own peer>own peer<own peer>own
GOAL GRID

I No revision [ Revise down
BN Revise up

Figure 3: Share of participants revising their choice.

Notes: peerxown [peer>own] refers to participants who received information that their peers choice is
smaller [greater] than their own initial choice.

We summarize the ndings as follows:

Result 1. (a) The participants' tendency to revise their choice following peer information
is substantially larger in GOAL than in GRID.

(b) The proportion of revisions in the goal treatment is higher with peer information (GOAL)
than without peer information (C-GOAL) while it is not signi cantly di erent in GRID and
C-GRID.

Result 2. (a) In GOAL participants with more ambitious peers and those with less ambi-
tious peers than themselves are equally likely to revise their choice. In contrast, in GRID
participants with more ambitious peers are more likely to revise their choice than those with

less ambitious peers.
(b) Participants who choose to revise, modify their choice into the direction of the peer av-

erage choice.

13



3.2 Size of peer e ects

We now examine the magnitude of the peer e ect, that is, the ¢ent to which participants
revise their choice after observing peer choices. As in theepious section, we restrict
the analysis to those participants who were able to revise éir choice and who received
information about an average goal or grid size that was di ent from their own. We report
in Table 2 the participants' average adjustment of the goalral grid choice after receiving
information about their peers. In GOAL participants informed of a larger peer average
goal increase their goal on average by 4.93 units, whereassh informed of a smaller peer
average goal decrease their goal by 5.4 units (both are sditally signi cant from zero at
the 1 percent level). These e ects are symmetric (the di emece between the absolute values
of the meansj | is not statistically di erent from zero) and large; they corespond to an
average adjustment of more than 10% of the average initial gid* In GRID we observe a
similar pattern, but the e ects are small (about one-third d a unit or a 4% variation relative
to the initial average choice) and not statistically di erent from zero at conventional levels
of signi cance??

Table 2: Di erence between nal and initial choice

GOAL GRID
Mean SE N Mean SE N

peer choice> own choice 4.65 1.28 54 0.30 0.20 44
peer choice< own choice -5.40° 1.47 42 -0.33 0.22 42
i 076 195 - 004 030 -

Notes: We report the mean and standard error forFinal Choice minus
Initial Choice for participants who observe a larger and a smaller peer choice
and for both treatments. We also report the di erence between the abslute
mean values between the two groups and its standard error. p < 0:10, **

p < 0:05, ** p< 0:01

In Figure 4 we show the relationship between the gap betweehet peers' average choice
and the participants' initial choice (on the x-axis), and the di erence between the partici-
pants' nal choice and their initial choice (on they-axis). Each tick on the axes represents
approximately one standard deviation of the di erence for ie respective treatment. In
GOAL there is a clear positive relationship between the two vaables, indicating that par-
ticipants tend to revise their goal in the direction of the per average goal and proportionally

1In GOAL, the average initial goal is 46.1 correct answers (standard deviation:21.9). Detailed information
is presented in Appendix A.1.
2In GRID the average initial grid choice is 7.2 (standard deviation: 2.1).
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to the gap between their own goal and the peer average goal. dontrast, there is only a
weak positive relationship in GRID, since the majority of peicipants do not revise their
choice after observing peer choices.
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Figure 4. Relation of gap between initial choice and peer dlee (x-axis) to gap between nal
and initial choice (y-axis).

Notes: Each dot corresponds to one observation and the line representsdHinear t. In GRID the dots are
jittered to improve readability.

The descriptive analysis presented thus far does not accaouor the fact that when a
participant initially chooses a large goal or grid, there ig high chance that her choice will
exceed the peer average choice. Similarly, when a partiaipanitially chooses a small goal
or grid, there is a high chance her choice will fall behind thpeer average choice. The two
groups (‘peex own'and ‘peer> own') are therefore not exogenously determined but depend
on own initial choice. The regression analysis (in Table 3)laws us to estimate the extent to
which peer choices in uence participants' nal choice, cdrolling for the participants' initial
goal or grid choice and additional factors that may in uencehe outcome variable. Our main
explanatory variables are the distance between the averageer choice and own choice, and
the interaction between the distance and whether the peershoice is larger than the own
choice, to allow for di erent trends in the two cases. We conbl for the initial goal or grid
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choice and the performance in stage 1 in all speci cationsn the extended speci cation, we
additionally control for gender, risk attitudes, and sesen e ects. The dependent variable,
nal choice, is equal to the initial choice for participantswho have chosen not to revise their
choice following peer information. We use standardized wads for all continuous variables
for ease of comparison of the results across the two treatnen

Our results indicate that for treatment GOAL there is a large ad statistically signi cant
in uence of the peer average goal on participants’ nal goal For each standard deviation
di erence between own goal and the peers' goal, the nal goalecreases by a third of a
standard deviation (signi cant at the 1 percent level in caimn 1a). This e ectis una ected|
both in size and signi cance levellwhen controlling for gerder, risk attitude, and session
e ects (column 1b). Moreover, there is no support for asymntey in the response to observing
higher versus lower peer goals than own goal (column 1c, p§@25, F-test). We also observe
that the participants' initial goal is a very strong predictor of their nal goal; for every
standard deviation increase in the initial goal the nal go&aincreases by about one standard
deviation (signi cant at the 1 percent level in columns la, pbc). The performance in stage
1 on the other hand has no predictive power for the revised dhe.

In treatment GRID, there is no evidence that participants agust their grid choice to
the peer average grid size (column 2a). The estimates remansigni cant when we control
for other factors (column 2b) and allow for a di erent respose to higher versus lower peer
average grid than own choice (column 2c). As for treatment GOAlthe initial grid size has
a positive e ect on the nal grid size (signi cant at the 1 percent level in columns 2a, b, c),
while the impact of the performance in stage 1 is also insigeant.

By design in GRID, participants face a lower and an upper bouwhin their choice set. This
restricts the possible response to observing peer choidesparticular for those participants
who initially chose either the lowest (2 2) or the largest grid (10 10). The former always
observe a larger peer average grid than their own, whereastgapants who initially chose the
largest grid observe a smaller peer average grid than thewn. In both cases, participants
can either stick to their initial choice or adjust it in the direction of the peer average grid.
Since a considerable share of participants initially chogbe largest grid (29%), our results
would be biased if in response to a peer average grid smallban their own choice, they
had adjusted their choice upwards if given this option, or ithe largest grid size as well as
the peer average grid size are far below their desired gridesi so that information on peer
choices becomes irrelevant. We examine the extent to whichet choice set restriction in
GRID may in uence our results by analyzing the data set afteexcluding participants whose
initial grid choice was either the largest or the smalles€ The results are una ected (see

13Twenty-nine participants chose the largest grid and only two participants chose the smallest grid.
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Table A.4 in Appendix A.2). Thus, the nding of no peer e ects in GRID is not driven by
the limited choice set of some participants.

Table 3: E ect of peer information on the nal choice

Dependent variable: nal choice

GOAL GRID
(1a) (1b) (1c) (2a) (2b) (2¢)
Peer choice - own choice 0.302 0.309 0.201 0.045 0.041 -0.291
(0.091) (0.087) (0.103) (0.144) (0.150) (0.307)
Peer choice> own choice -0.082 0.671
(0.169) (0.364)
Peer choice> own choice Peer choice - own choice 0.278 0.070
(0.215) (0.346)
Initial choice 1.137 1.139 1.119 1.148 1.152 1.115
(0.074) (0.086) (0.084) (0.162) (0.167) (0.162)
Performance stage 1 0.059 0.071 0.072
(0.044) (0.043) (0.042)
Performance 2x2 stage 1 -0.024 -0.009 -0.007
(0.096) (0.101) (0.099)
Performance 6x6 stage 1 -0.005 0.000 0.035
(0.101) (0.099) (0.099)
Performance 10x10 stage 1 0.071 0.037 0.049
(0.099) (0.098) (0.098)
Female -0.140 -0.134 0.188 0.234
(0.107) (0.113) (0.189) (0.187)
Risk aversion 0.049 0.061 -0.098 -0.087
(0.056) (0.060) (0.095) (0.093)
Constant 0.078 0.279 0.258 0.178 -0.060 -0.456
(0.047) (0.108) (0.145) (0.087) (0.202) (0.341)
N 100 100 100 100 100 100
Session dummies No Yes Yes No Yes Yes

Notes: (1a,b,c) OLS regressions, (2a,b,c) Tobit regressions. Robust staart errors in parentheses. *p < 0:10, ** p < 0:05, ***

p < 0:01.

Result 3. In GOAL participants revise their choice in the direction of the peer average goal.
The e ect is observed both for participants with more and with less ambitious peers. In GRID
there is no evidence of peer e ects on the nal choice.

3.3 Performance and earnings

Given our nding that participants revise their performance goals in the direction of their
peer average goal, the question arises of whether observpeer choices also a ects perfor-
mance and earnings. Observing a peer goal lower than their mogoal leads participants to
revise their goal downwards and may discourage e ort in theask and decrease performance.
Similarly, an increase in one's performance goal after ologag a more ambitious peer goal
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may encourage higher e ort and increase performance. We tdsr such e ects by compar-
ing the performance in stage 2 of participants who observetidir peers' goals and had the
possibility to revise their choice (GOAL) with those who werealso given the possibility to
revise their choice, but did not observe others' goals (pactpants in the control treatment
C-GOAL).

We report the regression results in Table 4. Our main variae$ of interest are indicator
variables for whether the participant was given informatio about the peer average goaReer
info), i.e., if the participant was in treatment GOAL or C-GOAL, seecolumn 1, and whether
the peer average goal was largePéer goal> own goa) or smaller than the participant's
own goal Peer goal< own goa), see columns 2 and 3. In all speci cations we control for
performance in stage 1 and initial goal.

We do not nd evidence that peer e ects on performance goals uence actual perfor-
mance. There is no overall average e ect (column 1), nor is &he a signi cant e ect when
separately considering the group of participants who obsed more ambitious peers and the
group who observed less ambitious peers (column 2). Thessules are una ected when
controlling for participant characteristics and session ects (column 3).

The nding that peer information does not a ect performancein the second stage may
partly be a consequence of the small opportunity cost of timfer participants in the labora-
tory. Other studies have shown that performance in laboraty experiments is inelastic with
respect to monetary incentives (or performance goals in ostudy) (see Araujo et al., 2016,
for a detailed discussion on the relation between performem and incentives in the labora-
tory). Possibly, using di erent tasks or increasing the opprtunity cost of time, for example
by letting participants leave the laboratory, could lead tomore pronounced performance
di erences. We leave this question for future work.
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Table 4: E ect of peer information on performance in
stage 2

Dependent variable:
performance in stage 2

GOAL
1) (2) (3)

Peer info (ref. category: C-GOAL)

Peer info 0.004
(0.103)
Peer goal> own goal -0.038 0.239
(0.119) (0.203)
Peer goal< own goal 0.063 0.282
(0.123) (0.186)
Initial goal 0.102 0.084 0.106

(0.059) (0.063) (0.065)
Performance stage 1 0.782 0.781 0.771
(0.049) (0.050) (0.053)

Female -0.112
(0.106)
Risk aversion 0.038
(0.052)
Constant -0.002 -0.004 0.032
(0.087) (0.086) (0.130)
N 144 144 144
Session dummies No No Yes

Notes: Robust standard errors in parentheses. < 0:10,
** p < 0:05, *** p< 0:01.

Next, we look at the consequences of observing peer performagoals on earnings (Table
5). The results show that being informed about the goals of pes increases participants'
earnings by 0.26 of a standard deviation on average, margilyasigni cant at the 10 per-
cent level (column 1). When considering separately the grougd participants who observe
less ambitious peers, the e ect becomes larger: the earrsnmcrease by about 0.36 of a
standard deviation, which is statistically signi cant at the 10 percent level (column 2). The
e ect is smaller and not statistically signi cant for parti cipants who observe more ambitious
peers. The reason for the positive e ect of observing less hitious peers is that participants
revise their goal downwards and therefore have a higher cltanof receiving the bonus, in
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which case their earnings increase substantiafly. This is substantiated by the regression
results reported in column 3, where we control for whether éhparticipant has reached the
goal, therefore accounting for the large variation in earngs dependent on whether the goal
has been reached. When controlling for whether a participaritas reached the goalland
therefore eliminating the aforementioned channell|we nd that the estimate forpeer goal<
own goalis halved and is statistically indistinguishable from zero Moreover, having more
ambitious peers now increases earnings by, on average, @P4 standard deviation, which is
statistically signi cant at the 10 percent level. Since we antrol for goal reachedthe positive
estimate forpeer goal> own goalshows that there is a signi cant share of participants who
initially set themselves too conservative goals (below thieactual performance), as shown in
Figure A.4 in Appendix A.1.

14See Table 3 in the previous section.
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Table 5: E ect of peer information on earnings

Dependent variable:
payo in stage 2

GOAL
(1) (2) (3)

Peer info (ref. category: C-GOAL)

Peer info 0.258
(0.141)
Peer goal> own goal 0.185 0.236
(0.148) (0.124)
Peer goal< own goal 0.356 0.164
(0.186) (0.125)
Initial goal -0.025 -0.056 0.540

(0.093) (0.101) (0.068)
Performance stage 1 0.665 0.663 0.363
(0.067) (0.068) (0.039)

Goal reached 2.078
(0.120)

Female -0.142
(0.074)

Risk aversion 0.052
(0.037)

Constant -0.153 -0.156 -1.606
(0.122) (0.122) (0.127)

N 144 144 144
Session dummies No No Yes

Notes: Robust standard errors in parentheses. p < 0:10, **
p < 0:05, ** p < 0:01.

In treatment GRID we nd no impact of observing peers' averag grid on earnings (results
are reported in Appendix Table A.5). This is consistent with thending that only a small
fraction of participants (22%) revise their choices in regmse to observing peer choices.

In GOAL observing peer choices does not a ect performance. However, it does
a ect earnings. Participants who observe peer choices earn about 25% more than participants
who do not observe their peers, an e ect that is marginally signi cant. In GRID performance
and earnings are una ected by observing peer choices.

The nding that performance does not change with peer inforation but earnings do is
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a result of improved goal setting with peer information. Pdicipants appear to learn from
others what a realistic goal is, which leads to higher earrgs.

3.4 Determinants of goal or grid choice

Finally we describe how participants decide on their initigperformance goal and grid. Specif-
ically, we test whether the initial choice is in uenced by péicipants' gender, risk attitude,
and ability at the task (Table 6). In GOAL female participants set themselves a smaller
initial goal than men, on average by about 0.4 of a standard detion, equivalent to 8.5
units, while their performance in stage 1 diers by one unit oly.®> The gender di erence
in performance goals is large and statistically signi canat the 1 percent level (columns 1a,
b). This is consistent with the observation by Dalton et al. 2016) that women are more
conservative when setting performance goals than men ddspno gender di erence in abil-
ity (see also Gino et al., 2015). However, we nd no di erencediween men and women
in GRID, indicating that the choice of quality or complexity of the task does not di er by
gender (columns 2a, b).

There is no evidence in GOAL and GRID that risk aversion in ueges the initial choice.
Finally, participants with higher ability at the task, measured by performance in stage 1,
set themselves a larger initial goal. An increase of one staard deviation in performance in
stage 1 increases the goal by 0.37 of a standard deviation emerage, statistically signi cant
at the 1 percent level (columns 1a, b). Similarly, ability iruences the initial grid choice.
Participants with a higher performance in stage 1 in the lamgst grid (10 10) tend to choose
a larger grid. An increase in performance in the largest grichistage 1 by one standard
deviation increases the grid choice by 0.4 of a standard datron, statistically signi cant at
the 1 percent level (columns 2a, b). These ndings indicatenat the goal and grid choices
are not arbitrary but that participants base their decisiors on their ability.

Result 5. Female participants set lower performance goals than males, whereas there is
no gender di erence in grid choices. Ability at the task positively in uences goal and grid
choices.

15The number of correct answers in stage 1 was 22 for male and 21 for female suttg p = 0:27.
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Table 6: Determinants of initial goal or grid choice

Dependent variable:
initial goal/grid choice

GOAL & C-GOAL GRID & C-GRID
(1a) (1b) (2a) (2b)

Female -0.374 -0.372 0.207 0.287
(0.162) (0.154) (0.217) (0.218)
Risk aversion 0.002 -0.051 0.010 0.045
(0.071) (0.073) (0.100) (0.102)
Performance stage 1 0.361 0.369
(0.071) (0.066)
Performance in 2x2 in stage 1 -0.035  -0.045
(0.111) (0.108)
Performance in 6x6 in stage 1 0.037 0.101
(0.113) (0.112)
Performance in 10x10 in stage 1 0.431 0.399
(0.108) (0.107)
Constant 0.139 0.218 0.089 -0.355
(0.083) (0.177) (0.131) (0.256)
N 164 164 162 162
Session dummies No Yes No Yes

Notes: (la,b) OLS regression, (2a,b) Tobit regression. Robust standard errerin
parentheses. *p < 0:10, ** p < 0:05, *** p < 0:01.

4 Discussion

We provide evidence that observing the ambition of peers catape people's own ambition.
In a laboratory experiment, the e ect of peer information onambition was tested in two
conditions. In one condition, participants were requiredd set a performance goal in an
incentivized e ort task and were rewarded with a proportiomal bonus conditional on reaching
the goal. In the other condition, participants had to decideon the di culty of the task.
More di cult tasks are associated with higher e ort, risk, and potential earnings. In both
conditions, each participant was informed about the averagchoice of a randomly chosen
subgroup of other participants in the same session (the pegroup).

Our results indicate that when participants observe the anibon of their peers in the
form of performance goals, they adjust their own goals to thpeer average choice. The
e ect is large: participants revise their goal by about onghird of a standard deviation for

23



each standard deviation gap between their initial goal anche peer average goal. Moreover,
observing more ambitious peers increases participantsreegs by about 25 percent, an e ect
that is marginally signi cant. On the other hand, we nd no support for the hypothesis that
participants' choices regarding the level of di culty of the task are systematically in uenced
by peer choices.

There are two potential explanations for peer e ects, namgluncertainty about one's
own ability and social preferences or status concerns. Whit®t aiming at distinguishing
between the sources of peer e ects of ambition, our experimesheds some light on their
relevance. With regard to the rst explanation, if participants face uncertainty regarding
their ability, it is not clear what the optimal goal or grid size is. Peer information can then
be informative (if participants believe that the ability of the peers is similar to their own).
However, it seems unlikely that participants consider othet choices as more informative
for setting performance goals relative to deciding on the ewlexity of the task. Thus,
uncertainty about one's own ability seems to play only a minorole.

The second explanation relates to outcome-based social ferences or status concerns.
If participants care about their relative performance or inome, or about minimizing income
inequality, they should increase their goal and work hardef they learn of a peer goal greater
than their own, whereas they should decrease their goal anerk less when they learn of
a smaller peer goal. In contrast, the link between the grid =z and a performance measure
such as income is weaker, since choosing a large grid sizesdoet directly indicate the
peers' intention to perform better or earn more. It may also & motivated, for instance,
by the willingness to perform a more challenging task evendhgh it involves greater risk.
Therefore, if participants care about their relative earmgs or are motivated by minimizing
income inequality, we would expect them to react more strohgto peer information about
the goal than about grid size, which is consistent with our sailts. Thus, our ndings are
more in line with an explanation based on social preferencdsan with pure information
e ects.

In our study we consider one channel for peer e ects, namelpserving others' choices.
Peer e ects may also work through being observed by others yula and Whitehair, 2018).
Investigating whether people's ambition is a ected when nde public or observable by peers
is an interesting avenue for future research.

Our ndings have a number of implications for management angublic policy. The results
indicate that co-workers may converge toward similar produivity levels, not only because
they learn from each other or because of task complementai but also because their levels
of ambition may converge. Similarly, in many education sysems students are assigned to
di erent classrooms or school types according to their pegtved achievement potential at a
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very early stage of the education trajectory (OECD, 2013). @ results suggest that sorting
children into schools or classrooms according to their peiged academic potential early on
may reinforce di erences in the performance goals of chileln. It remains to be investigated
in which contexts such di erences in goals translate into ddrences in performance.
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A Appendix

A.1 Additional descriptive information

Table A.1: Descriptive statistics of the participant pool bytreatment

GOAL C-GOAL GRID C-GRID All

N % N % N % N % N %
Female 37 32 20 42 44 39 18 38 119 37
Male 79 68 27 56 68 60 28 58 202 62
Not stated 0 0 1 2 2 2 2 4 5 1
Age
At most 20 43 37 22 46 37 32 13 27 115 35
Between 20 and 25 43 37 22 46 53 46 17 35 135 41
More than 25 30 26 4 8 24 21 18 38 76 23
Field of study
STEM 61 53 27 56 38 33 20 42 146 45
Economics & Management 45 39 16 33 47 41 11 23 119 37
Other 8 7 5 10 26 23 13 27 52 16
Not stated 2 2 0 0 3 3 4 8 9 3
N 116 100 48 100 114 100 48 100 326 100

Notes: Descriptive statistics of our participant pool. We report the data for the whole sample, and

separately by treatment.
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Table A.2: Summary statistics by treatment

GOAL Control GOAL

Mean Std. Dev. N | Mean Std. Dev. N
Performance in stage 14 min) 21.65 5.40 116 23.17 551 48
Initial goal 46.23 21.95 116 42.52 25.18 48
Revised goal 44.91 16.77 100 43.42 24.4 48
Performance in stage 210 min) 57.33 14.18 116 60.06 12.88 48
Reached the goal 0.78 0.41 116 0.81 0.39 48
Risk aversion coe cient 0.61 0.20 116 0.56 0.22 48

GRID Control GRID

Mean Std. Dev. N | Mean Std. Dev. N
Performance in 2 2 in stage 1(2 min) 56.26 7.41 114 56.35 8.33 48
Performance in 6 6 in stage 1 11.13 2.76 114 12.08 2.83 48
Performance in 10 10 in stage 1 2.93 1.20 114 2.69 1.24 48
Initial grid choice 7.23 2.11 114 6.15 2.48 48
Revised grid choice 7.23 2.41 86| 6.29 2.41 48
Performance in 2 2 in stage 2(10 min) | 304.75 30.35 4| 312.25 22.82 4
Performance in 3 3 in stage 2 211 - 2 249 - 1
Performance in 4 4 in stage 2 144.33 18.37 6| 149.25 5.68 4
Performance in 5 5 in stage 2 85.53 19.20 17| 87.45 12.36 11
Performance in 6 6 in stage 2 69.67 8.35 15| 594 12.85 10
Performance in 7 7 in stage 2 39.11 7.89 19| 40.33 5.69 3
Performance in 8 8 in stage 2 29 6.12 17] 31 6.40 5
Performance in 9 9 in stage 2 25 - 1 24 - 1
Performance in 10 10 in stage 2 19.09 5.89 33| 20.89 4.43 9
Risk aversion coe cient 0.61 0.18 114 0.61 0.19 48
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Figure A.2: GRID: Initial grid choice distribution.
Note: N=114.
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Figure A.3: GOAL.:
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Di erence between performance in stage 2 andal goal.

Note: N=116, for all participants who did not have the option to revise their goal, the nal goal is also the

initial goal.
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Figure A.4: GOAL: Di erence between performance in stage 2 anditial goal.

Note: N=116
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A.2 Additional regression results

Table A.3: E ect of peer information on the propensity to revse own choice

Dependent variable:
propensity to revise choice

GOAL GRID
(1a) (1b) (1c) (2a) (2b) (2¢)
Peer choice - own choice 0.016 0.003 -0.015 0.1670.179 0.121
(0.078) (0.079) (0.131) (0.064) (0.078) (0.145)
Peer choice> own choice -0.194 0.354
(0.171) (0.200)
Peer choice> own choice Peer choice - own choice 0.187 -0.154
(0.179) (0.185)
Initial choice -0.004 -0.002 -0.007 0.098 0.116 0.122
(0.090) (0.094) (0.097) (0.060) (0.077) (0.074)
Performance stage 1 0.031 0.019 0.008
(0.055) (0.057) (0.060)
Performance 2x2 stage 1 0.002 -0.012 -0.012
(0.041) (0.040) (0.038)
Performance 6x6 stage 1 0.033 0.038 0.061
(0.042) (0.047) (0.044)
Performance 10x10 stage 1 -0.023 -0.038 -0.036
(0.034) (0.035) (0.037)
Female 0.142 0.161 -0.045 -0.016
(0.116) (0.113) (0.085) (0.092)
Risk aversion -0.030 -0.022 -0.015 -0.012
(0.053) (0.052) (0.047) (0.047)
Constant 0.561 0.400 0.468 0.195 0.268 0.165
(0.051) (0.123) (0.161) (0.039) (0.108) (0.168)
N 100 100 100 100 100 100
Session dummies No Yes Yes No Yes Yes

Notes: OLS regressions. Robust standard errors in parentheses.p*< 0:10, ** p < 0:05, *** p < 0:01.
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Table A.4: E ect of peer information on the standardized revsed choice excluding initial 2x2

and 10x10 choices

Dependent variable: revised choice

GRID
(1a) (1b) (1c)
Peer choice - own choice -0.080 -0.075 -0.430
(0.119) (0.125) (0.320)
Peer choice> own choice 1.015
(0.452)
Peer choice> own choice Peer choice - own choice -0.155
(0.339)
Initial choice 0.639 0.641 0.554
(0.121) (0.126) (0.119)
Performance 2x2 stage 1 -0.157 -0.117 -0.110
(0.102) (0.109) (0.100)
Performance 6x6 stage 1 0.118 0.126 0.192
(0.101) (0.100) (0.095)
Performance 10x10 stage 1 0.051 0.027 0.042
(0.096) (0.097) (0.091)
Female 0.209 0.251
(0.196) (0.183)
Risk aversion 0.094 0.303
(0.566) (0.526)
Constant -0.013 -0.332 -1.134
(0.084) (0.391) (0.580)
N 69 69 69
Session dummies No Yes Yes

Notes: (1a, b, c) Tobit regressions. Robust standard errors in parenthese * p < 0:10, ** p < 0:05, ***

p < 0:01.
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Table A.5: E ect of peer information on earnings

Dependent variable:
payo in stage 2

GRID
(1a) (1b) (1c)
Peer info (ref. category: C-GRID)
Peer info -0.205
(0.159)
Peer info> own choice -0.170 -0.069
(0.173) (0.308)
Peer info< own choice -0.263 -0.166
(0.211) (0.319)
Initial grid 0.223 0.244 0.241
(0.082) (0.089) (0.096)
Performance 2x2 stage 1 0.160 0.161 0.110
(0.072) (0.073) (0.080)
Performance 6x6 stage 1 0.217 0.218 0.236
(0.083) (0.084) (0.087)
Performance 10x10 stage 1  0.162 0.164 0.159
(0.087) (0.087) (0.090)
Female -0.109
(0.159)
Risk aversion -0.102
(0.080)
Constant 0.135 0.142 0.315
(0.117) (0.119) (0.162)
N 134 134 134
Session dummies No No Yes

Notes: OLS regressions. Robust standard errors in parentheses. *

p < 0:10, ** p < 0:05, ** p < 0:01.
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Table A.6: E ect of peer information on the nal choice includng outliers

Dependent variable: nal choice

GOAL GRID
(1a) (1b) (1c) (2a) (2b) (2¢)
Peer choice - own choice 0.871 0.873 0.220 0.045 0.041 -0.291
(0.364) (0.353) (0.153) (0.144) (0.150) (0.307)
Peer choice> own choice -0.292 0.671
(0.152) (0.364)
Peer choice> own choice Peer choice - own choice 1.035 0.070
(0.321) (0.346)
Initial choice 1.456 1.455 1.000 1.148 1.152 1.115
(0.294) (0.282) (0.114) (0.162) (0.167) (0.162)
Performance stage 1 -0.042 -0.048 -0.009
(0.035) (0.036) (0.031)
Performance 2x2 stage 1 -0.024 -0.009 -0.007
(0.096) (0.101) (0.099)
Performance 6x6 stage 1 -0.005 0.000 0.035
(0.101) (0.099) (0.099)
Performance 10x10 stage 1 0.071 0.037 0.049
(0.099) (0.098) (0.098)
Female -0.092 -0.107 0.188 0.234
(0.090) (0.078) (0.189) (0.187)
Risk aversion -0.006 0.015 -0.098 -0.087
(0.036) (0.028) (0.095) (0.093)
Constant 0.034 0.143 0.100 0.178 -0.060 -0.456
(0.049) (0.091) (0.087) (0.087) (0.202) (0.341)
N 104 104 104 100 100 100
Session dummies No Yes Yes No Yes Yes

Notes: (1a, b, ¢) OLS regressions, (2a, b, c) Tobit regressions. Robust staadd errors in parentheses. *p < 0:10, ** p < 0:05, ***

p < 0:01.
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Table A.7: E ect of peer information on performance
in stage 2 including outliers

Dependent variable:
performance in stage 2

GOAL
(1) (2) (3)

Peer info (ref. category: C-GOAL)

Peer info 0.010
(0.103)
Peer info> own goal -0.063 0.245
(0.118) (0.203)
Peer info< own goal 0.108 0.367
(0.123) (0.190)
Initial goal 0.022 -0.003 0.008

(0.057) (0.053) (0.057)
Performance stage 1 0.817 0.809 0.804

(0.047) (0.048) (0.050)

Female -0.139
(0.103)
Risk aversion 0.033
(0.051)
Constant -0.012 -0.014 0.009
(0.085) (0.085) (0.134)
N 148 148 148
Session dummies No No Yes

Notes: Robust standard errors in parentheses. P < 0:10,
** p < 0:.05, ** p< 0:01.
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Table A.8: E ect of peer information on the gap between
performance in stage 2 and goal including outliers

Dependent variable:
performance in stage 2 - nal goal

GOAL
(1) (2) (3)
Peer info (ref. category: C-GOAL)
Peer info -0.064
(0.098)
Peer info> own goal -0.243 -0.224
(0.149) (0.182)
Peer info< own goal 0.178 0.242
(0.073) (0.118)
Initial goal -0.768 -0.829 -0.825
(0.090) (0.074) (0.073)
Performance stage 1 0.291 0.272 0.274
(0.038) (0.038) (0.038)
Female 0.101
(0.097)
Risk aversion 0.040
(0.070)
Constant 0.036 0.031 0.029
(0.049) (0.047) (0.073)
N 148 148 148
Session dummies No No Yes

Notes: Robust standard errors in parentheses. p < 0:10, ** p <
0:05, *** p < 0:01.
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Table A.9: E ect of peer information on earnings in-
cluding outliers

Dependent variable:
payo in stage 2

GOAL
(1) (2) (3)

Peer info (ref. category: C-GOAL)

Peer info 0.244
(0.140)
Peer info> own goal 0.161 0.329
(0.148) (0.150)
Peer info< own goal 0.355 0.438
(0.179) (0.168)
Initial goal -0.107  -0.135 0.221

(0.051) (0.052) (0.145)
Performance stage 1 0.667 0.658 0.511
(0.059) (0.061) (0.057)

Goal reached 1.676
(0.139)

Female -0.262
(0.087)

Risk aversion 0.030
(0.041)

Constant -0.150 -0.152 -1.340
(0.118) (0.118) (0.143)

N 148 148 148
Session dummies No No Yes

Notes: Robust standard errors in parentheses. < 0:10,
** p< 0:05, ** p< 0:01.
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Table A.10: Determinants of initial goal or grid choice inclding outliers

Dependent variable:
initial goal/grid choice

GOAL & C-GOAL GRID & C-GRID

(1a) (1b) (2a) (2b)
Female -0.068 -0.052 0.207 0.287
(0.277) (0.188) (0.217) (0.218)
Risk aversion 0.074 0.037 0.010 0.045
(0.074) (0.071) (0.100) (0.102)
Performance stage 1 0.224 0.232
(0.065) (0.064)
Performance in 2x2 in stage 1 -0.035 -0.045
(0.111) (0.108)
Performance in 6x6 in stage 1 0.037 0.101
(0.113) (0.112)
Performance in 10x10 in stage 1 0.431 0.399
(0.108) (0.107)
Constant 0.030 -0.020 0.089 -0.355
(0.056) (0.144) (0.131) (0.256)
N 168 168 162 162
Session dummies No Yes No Yes

Notes: (1a, b) OLS regression, (2a, b) Tobit regression. Robust standard errsrin
parentheses. *p < 0:10, ** p < 0:05, *** p < 0:01.

39



A.3 Screenshots and English translation

Both treatments
Note: [Terms in brackets refer to variables from the session]

Herzlich Willkommen zu unserem Experiment!

Wahrend des Experimentes ist es Ihnen nicht erlaubt, elektronische Gerate zu benutzen oder mit anderen Teilnehmern zu kommunizieren. Bitte
benutzen Sie nur die fur das Experiment vorgesehenen Programme und Funktionen. Bitte sprechen Sie nicht mit den anderen Teilnehmern. Sollten Sie
eine Frage haben, dann heben Sie bitte Ihre Hand. Wir werden dann zu lhnen kommen und lhre Frage im Stillen beantworten. Bitte stellen Sie lhre
Fragen auf keinen Fall laut. Wenn die Frage relevant fir alle Teilnehmer ist, werden wir sie laut wiederholen und beantworten. Sollten Sie gegen diese
Regeln verstoBen, miissen wir Sie vom Experiment und der Auszahlung ausschlieBen. Das Experiment, an dem Sie nun teilnehmen werden, ist Teil
eines von WZB finanzierten Projekts. Es dient dazu, 6konomisches Entscheidungsverhalten zu analysieren.

Wenn Sie bereit sind, driicken Sie bitte auf Start.

* Welcome to our experiment! During the experiment you are not allowed to use electronic devices or to
communicate with other participants. Please use only the programs and factions intended for the
experiment. Please do not talk to the other participants. Raise your tand if you have a question and we
will then come to you and we will answer your question quietly. Pleasedo not ask your questions out loud.
If the question is relevant for all participants, we will repeat it out loud and answer it. If you violate these
rules, we must exclude you from the experiment and the payout. Theexperiment in which you are
participating today is part of a project nanced by the WZB. It serv es to analyze economic
decision-making. When you are ready please press Start.

Allgemeine Instruktionen

Das Experiment besteht aus 3 Teilen. Der erste und zweite Teil sind sehr &hnlich, der dritte Teil ist anders. Am Ende des Experiments folgt ein
Fragebogen.

Fir die Teilnahme am heutigen Experiment erhalten Sie 5 Euro. Darliber hinaus kdnnen Sie abhangig von lhren Entscheidungen weiteres Geld
verdienen. In allen drei Teilen des Experiments werden Sie Punkte sammeln. Am Ende des Experiments werden diese Punkte in Euro umgerechnet.
Die Umrechnungsrate betrdgt dabei 100 Punkte = 1 Euro. Sie erhalten lhre Auszahlung direkt im Anschluss an das Experiment, ohne dass die anderen
Teilnehmer den Betrag erfahren.

Vor jedem Abschnitt erhalten Sie eine detaillierte Beschreibung der Aufgabe, die zu bearbeiten ist.

Wenn Sie bereit sind, driicken Sie bitte auf Weiter.
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* The experiment consists of three stages. The rst and the second sige are very similar, the third stage is
di erent. At the end of the experiment, there will be a questionnaire. You will receive a participation fee of
5 Euro and a variable amount depending on your performance and choices ié task. You will accumulate
points in all three parts of this experiment. At the end of the sesson, the points you accumulated at each
stage will be converted into Euros to determine your payment. Poins will be converted to Euros at a rate
of 100 points to 1 Euro. You will receive your earnings privately at the endof the session. The other
participants will not learn about your payments. At the beginning of each stage you will receive a detailed

description of the task. If you are ready, please press Continue.

Goal treatment

* You will be shown several grids just like the one below. Your task isto count the number of black squares
in each grid. For each grid you need to enter your answer in the empty bodvelow the grid and press
Continue. Once you press Continue, you will see whether your choiceas correct or incorrect. Next,

another grid will appear and you need to answer the same question. The nuber of black squares changes
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from one round to the next. Each grid will have 6 columns and 6 rows. Thé stage lasts for 4 minutes in

total. The remaining time will be displayed above the grids.
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* Your earnings for Stage 1 will be 8 points for each correct answer. ExampleYou gave the correct number
of black squares in 50 grids. Your number of points accumulated in Stage 1 B0 x 8 points = 400 points.
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* Stage 1 has ended. Below, you can nd the instructions for Stage 2. In Stag@, we ask you again to
count the number of black squares in a grid. The grids have the same @zas in Stage 1, they consist of 6
rows and 6 columns. Stage 2 will last for 10 minutes. Additionally, we ask gu to set a goal for your
number of correct answers in Stage 2. Your goal has the following implicatios for your earnings:

Case 1. Your number of correct answers is at least equal to your goal. You get 8 pus for each correct
answer, plus you receive a bonus of 8 points times your goal. In other word# you reach your goal, you
will receive 16 points times your goal. You will also receive 8 points foeach correct answer that exceeds
your goal, but not the bonus.

Case 2. Your number of correct answers is less than your goal. You get 8 pointintes your number of
correct answers.

Let's consider the following three examples.

Example 1: You have stated a goal of 100 correct answers. Your number of correanswers was 102. You
will receive 8 points for each of the 102 correctly answered questiondys 8 points times your stated goal of
100. Your accumulated points for Stage 2 will then be 102 x 8pts + 100 x 8pts = 816pts + 800 =
1616pts.

Example 2: You have stated a goal of 20 correct answers. Your humber of correeinswers was 18. You will
receive 8 points for each of the 18 questions answered correctly. Hovexy you will not receive a bonus as
you have not reached your goal. Your payment for Stage 2 will then be 8 pts x 1& 144 pts.

Please complete example 3:

You have stated a goal of 10 correct answers.

If your number of correct answers is 5, your accumulated points for Stage 2 er. ...

If your number of correct answers is 15, your accumulated points for Stage 2 er....
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* You will now choose your goal for your number of correct answers for Stage 2 (pase choose a goal for the
number of correct answers, not for the number of points). Remember tht in Stage 2 you will perform the
task for 10 minutes and the grids consist of 6 rows and 6 columns. There & 15 percent chance that your
goal is nal. There is an 85 percent chance that you will receive additionalinformation and will be able to
revise your goal before you start performing the task. Because it is poddie that your goal is now nal, you
should indicate your goal as if your choice was nal. Please state your goal in thempty box below.

My goal is ....

If you do not have any questions, please press Continue. If you have gstions, please raise your hand.

* We have ordered all participants in this experiment according to the size of their goal and assigned ranks.
Please indicate your guess for the rank of your goal among the goals of all participéin this session i.e.,
at which position of the list you are. For example, if you think you are the participant with the highest

goal, your guess for the rank is 1. If you think you have the lowest goal, your guss for the rank is [total no.
of participants in the session]. You can choose any number between 1 arjtbtal no. of participants in the
session]. If multiple participants have chosen the same goal, they arassigned the same rank. Neither your
rank nor your guess will be made public to the other participants.

My guess is ...
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* You chose a goal of [stated goal]. You were chosen to receive additional infomtion and have the option
to revise your choice.

Information:

A group of participants was randomly chosen. The average goal of the participas in this group is [average
goal of random group].

You have the option to change your initial goal, if you want. If you press "I wart to change my goal,' you
can then choose a new goal. Next, the task starts. If you press ‘| do not wartb change my goal,' the task

will start immediately.
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Grid choice treatment
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* You are presented with several grids just like the one below. Your &sk is to count the number of black
squares in each grid. For each grid you need to enter your answer in the gty box below the grid and
press Continue. Once you press Continue, you will see whether yowhoice was correct or incorrect. Next,
another grid appears and you need to answer the same question. The numbef black squares changes
from one round to the next. This stage consists of 3 segments. Each segntemill last for 2 minutes. The
remaining time will be displayed above the grids. In each segmenthe grids will have a di erent size.

In the 1st segment the grids will be of size 2x2.

In the 2nd segment the grids will be of size 6x6.

In the 3rd segment the grids will be of size 10x10.

* Your earnings for Stage 1 depend on the number of correct answers. Examgil You gave the correct
number of black squares in 10 grids in each segment. Your number of pointsccumulated in Stage 1 is 10 x
1pt + 10 x 8pts + 10 x 30pts = 390pts.
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* Stage 1 has ended. Below, you will nd the instructions for Stage 2. In $age 2, we ask you again to
count the number of black squares in a grid. The grids are all the same sz You can choose the size of the
grids yourself. Stage 2 will last for 10 minutes.

You can choose one out of nine grid sizes. Depending on which grid size yohoose, you get a di erent
number of points per correct answer. The points per correct answer ardepicted in the following table:

Let's consider the following three examples.

Example 1: You have chosen the grid size 9x9. For each correct answer you ladlarn 20 points. Your
number of correct answers was 50. You will receive 20 points for each of the %@rrectly answered
guestions. Your accumulated points for Stage 2 will then be 20pts x 50 = 1,000t
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Example 2: You have chosen the grid size 4x4. For each correct answer you ladlarn 4 points. Your
number of correct answers was 20. You will receive 4 points for each of the 2Z@rrectly answered questions.
Your accumulated points for Stage 2 will then be 4pts x 20 = 80pts.

Please complete example 3:

You have chosen the grids of size 5x5.

If your number of correct answers is 60, your accumulated points for Stage 2 ar.... If your number of

correct answers is 70, your accumulated points for Stage 2 are ....
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* You will now choose the size of your grids for stage 2. Remember that in &ige 2, you will perform the
task for 10 minutes. There is a 15 percent chance that your goal is nal. Thee is an 85 percent chance
that you will receive additional information and will be able to revise your choice before you start
performing the task. Because it is possible that your choice is now al, you should indicate your choice as
if it were nal. Please state your grid size choice in the empty box kelow. My choice is ....

If you are ready, please press Continue.

51



[Displayed if chosen grid not equal 10] * We have ordered all participars in this experiment according to
the size of their grids and assigned ranks. Please indicate your guess fiee rank of your grid choice among
the grids of all participants in this session i.e., at which position of te list you are. For example, if you
think you are the participant with the largest grid, your guess for the rank is 1. If you think you have the
smallest grid, your guess for the rank is [total no. of participants in the ®ssion]. You can choose any
number between 1 and [total no. of participants in the session]. If muiple participants have chosen the
same grid, they will be assigned the same rank. Neither your rank nor your gess will be made public to
the other participants. My guess is ...

[Displayed if chosen grid equal 10] * We have ordered all participantsri this experiment according to the
size of their grids and assigned ranks. Please indicate your guess for hamany (except you) have chosen
the grid size 10x10 For example, if you think you are the only participant who has chosen 10x10, you
should enter 0. If you think all players have chosen 10x10, you should entdtotal no. of participants in the
session]. You can choose any number between 0 and [total no. of participain the session]. Neither your
rank nor your guess will be made public to the other participants.

My guess is ...
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* You chose a grid size of [stated grid size]. You were chosen to receigeditional information and have the
option to revise your choice.

Information:

A group of participants was randomly chosen. The average grid choice of the p#cipants in this group is
[average grid choice of random group].

You have the option to change your initial choice, if you want. If you press’| want to change my choice,’'
you can then choose a new grid size. Next, the task starts. If you pres$ do not want to change my

choice,' the task will start immediately.
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Both treatments

* On the next screen you will see a grid, which contains 100 boxes. Taart the task, you can choose boxes
by clicking on them. Boxes that have already been chosen will be madd with a check sign. For each
claimed box you earn 3 points. Behind one box there is a bomb which déwys the boxes collected so far.
You do not know where this bomb is hidden. You only know that the bomb canbe in any place with equal
probability. It is your task to choose as many boxes as you want and then ngh the task by pressing stop.
Once you have pressed stop, it will be shown whether the bomb is héd one of the boxes that you
collected. If you have collected the bomb, it will explode and your arnings for stage 3 will be zero. If you
did not collect the bomb, you will receive your collected points. One@ you have nished the task, you can
turn the boxes by pressing solve. For each box that you collected, yowill see either a dollar sign or a re

symbol (representing the bomb).
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Both treatments

* Please answer the following questions: Please state your month of lilr; Please state your year of birth;
Are you [male], [female], [other gender], [no response]; Please stateur major; Please state whether you

are an exchange student.
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Goal treatment

* How did you decide on your goal in stage 2?; Did you change your goal when you had the pprtunity to
do so?; Why?

Grid choice treatment

* How did you decide on your grid size in stage 2?; Did you change your grid sizehen you had the

opportunity to do so?; Why?
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Both treatments

* How did you like the task of counting black squares?; Please rate how s& ed you feel right now (1: not
at all; 5: very much); Please rate how enthusiastic you feel right now {: not at all; 5: very much); Please
rate how proud you feel right now (1: not at all; 5: very much); Please rate tow determined you feel right
now (1: not at all; 5: very much); Please rate how unsatis ed you feel righ now (1: not at all; 5: very
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much); Please rate how upset you feel right now (1: not at all; 5: very muh); Please rate how disappointed
you feel right now (1: not at all; 5: very much); Please rate how ashamed youekl right now (1: not at all;
5: very much); Here you have the opportunity to give feedback to the eperimenters.
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