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1 Introduction

Elements of prosociality such as reciprocity, altruism and trust are particularly im-
portant aspects of human personality and affect a wide range of economic deci-
sions and outcomes. At the level of groups and societies, they are essential for the
functioning of markets and the well-being of societies,! as they work as a contract
enforcement device (Fehr, Géchter, and Kirchsteiger, 1997) and drive economic ex-
change (Guiso, Sapienza, and Zingales, 2009). At the level of individuals, recent
evidence indicates the benefits of prosociality and social skills regarding, e.g., labor
market and health outcomes (Deming, 2017; Fang et al., 2022), which is in line with
the large body of literature on the returns to non-cognitive or socio-emotional skills
(e.g., Heckman, Stixrud, and Urzua, 2006).

Despite the fundamental importance of prosociality for the well-being of soci-
eties and individuals, little is known about its determinants at the individual level.
Inspired by the literature on the cooperation-reducing effect of competitive compen-
sation schemes in firms (e.g., Lazear, 1989) and on the decline of ethical conduct
under market competition (e.g., Shleifer, 2004), we explore the role of competi-
tive environments in determining prosociality. While competition is pervasive in
economic, political and education systems and there is growing laboratory experi-
mental evidence that individuals behave less prosocially in short-lasting competitive
situations (e.g., Chowdhury and Giirtler, 2015), the real-world effects of enduring
competition on prosociality are largely unknown. Equally unknown is whether any
effects are short-lived, reflecting short-term behavioral responses, or long-lasting,
potentially reflecting changes in prosociality as a trait.

To answer these questions, we take advantage of a large-scale, randomized educa-
tion intervention in Chile. We elicited comprehensive measures of prosociality based
on validated survey items at the end of the competition period and four years later.
We compare the levels of prosociality of students who were randomized into a more
competitive environment for the last two years of high school to that of a control
group. Our sample consists of students from low socioeconomic status families and
the intervention implemented was a percent plan policy offering university admis-
sion for the top 15% of students within each high school. Compared to the control
group, the policy increases the level of competition within schools as it increases the
importance of the relative standing within school.

Our results show that experiencing a more competitive environment in the last

two years of high school leads to lower prosociality. This finding holds for a composite

!Examples for the importance of prosociality on the level of groups and societies are shown in
Knack and Keefer (1997) and Fang et al. (2022).



measure of prosociality, as well as for the three facets, reciprocity, altruism and trust,
separately. We show that these findings are not driven by selective attrition and
are robust to corrections for multiple hypothesis testing. Analyzing heterogeneous
treatment effects reveals a stronger treatment effect for male students compared to
females. The 4-year follow-up data indicate that the prosociality reducing effect is
persistent and general, i.e., the effect is not only directed towards former contestants
but also towards individuals not related to the competition.

The contribution of this paper is fourfold. First, our findings contribute to the
literature on the role of the social environment for the formation of prosociality.
Building on studies that point to the development of prosociality in childhood and
adolescence (e.g. Sutter and Kocher, 2007; Fehr, Bernhard, and Rockenbach, 2008;
Fehr, Glatzle-Riitzler, and Sutter, 2013; Falk et al., 2021), recent evidence indicates
that enriching the social environment in childhood in form of, e.g., desegregation,
preschool attendance or mentoring program participation persistently increases in-
dividuals’ prosociality (Rao, 2019; Cappelen et al., 2020; Kosse et al., 2020). We
complement this literature by providing the first causal evidence on environmental
factors that attenuate the formation of prosociality. Thereby, we also contribute
to the study of formative periods for preferences and skills, see e.g., Kautz et al.
(2014), by providing further evidence on their malleability in late adolescence.

Second, we add to the literature on the effects of competition, comparative pay-
ment schemes and tournament-style promotion mechanisms. Previous theoretical
and empirical studies have shown that when individuals are rewarded according to
their performance relative to others, they behave less cooperatively than when they
are rewarded for their performance in absolute terms. Contestants are inclined to not
help their rivals, and instead to cheat or sabotage to improve their relative standing
(e.g., Lazear, 1989; Chowdhury and Giirtler, 2015). Most empirical evidence comes
from relatively short-lasting laboratory or online experiments, where individuals are
exposed to short competitive situations, and where their prosocial behavior is ob-
served within or directly (i.e. a few minutes) after the competition period (e.g., Falk,
Fehr, and Huffman, 2008; Harbring and Irlenbusch, 2011; Buser and Dreber, 2016;
Huber et al., 2023). However, it is vital to understand the effects of longer-lasting
competitions, as this is what happens in real-world organizations and societies: for
instance, bonuses are usually paid on a yearly basis and decisions about promotions
are often based on even longer time horizons. Entirely open questions in these con-
texts are 1.) how enduring exposure to a competitive environment, in contrast to a
short-lasting competitive situation, affects perceptions and reactions of individuals

and 2.) how persistent these effects are. If habit formation takes place, reduced



cooperation will become automatic and persistent by its repeated execution (e.g.,
Lally et al., 2010). In contrast, if habituation takes place, the effect of the stimulus
will vanish after its prolonged presentation (e.g., Thompson and Spencer, 1966).
Therefore, it is an empirical question if the previously documented phenomenon of
reduced cooperation also holds in long-lasting competitions and if the effect per-
sists and generalizes across situations and environments. Our unique setting allows
us to answer both questions for the first time: we exploit a real-world policy that
introduced a 2-year competition period and we measure prosociality across differ-
ent contexts, at the end of the competition period, and 4-years later, providing the
longest-run evidence on the impacts of competition of prosociality to date.

Third, by showing that the prosociality reducing effect is not only directed to-
wards former contestants but also towards individuals not related to the competi-
tion, we also contribute to the experimental literature on behavioral spillovers across
contexts (e.g., Bednar et al., 2012; Cason, Savikhin, and Sheremeta, 2012; Cason
and Gangadharan, 2013; Buser and Dreber, 2016). Our findings complement exist-
ing studies by showing that the phenomena of behavioral spillovers is not limited to
laboratory environments but is also observable in a long-run real-world field context.

Fourth, we contribute to a better understanding of the effects of percent plans,
which are becoming more and more popular in education policy, for example the
states of Texas, California and Florida use percent plans for college admissions (Horn
and Flores, 2003). Therefore, our findings are important from a policy perspective
as they highlight that percent plans can have unintended side-effects which should

be taken into account in cost-benefit analyses.

2 Study design

This section introduces the design of the study. We first outline the societal and
institutional background in Chile. Next, we describe the intervention and the corre-
sponding incentive schemes. Finally, we discuss the data sources and measures used

in the analyses.

2.1 Societal and institutional background

Education in Chile is compulsory from ages 6 to 18 and (theoretically) all high school

degrees qualify for university. However, only very few students from low socioeco-



nomic status (SES) backgrounds progress to university.? This low intergenerational
mobility regarding education outcomes is combined with a high education earnings
premium on the labor market (Hastings, Neilson, and Zimmerman, 2013; OECD,
2016) and led to calls for more equality of opportunity and a series of social unrests.
In response, the Chilean government extended the tuition fee waiver program to
all students from the bottom 60% of the income distribution. However, students
from low SES families kept enrolling into selective universities® only at low rates,
as to obtain admission, students must perform well on a standardized university
admission exam.* In 2018 more than 65% of students from low SES families took

the admission exam, but only about 8% enrolled in university.®

2.2 Intervention and randomization

To increase the admission chances of low SES students, in 2014 the freshly elected
government led by Michelle Bachelet introduced a policy called PACE (Programa de
Acompanamiento y Acceso a la Educacion Superior). The policy targets high schools
serving disadvantaged students. Eligibility is based on a school-level vulnerability
index called IVE (Indice de Vulnerabilidad Escolar), based on the socioeconomic
characteristics of students. The key feature of PACE is a percent plan that offers
university admission to the top 15% of students within each high school based on the
grade point average® in grades 9 to 12.7 The PACE seats are supernumerary: they
do not replace regular seats but instead are offered in addition to them. Therefore,
PACE did not make it mechanically harder to be admitted through the regular

2Students whose parents have tertiary education have a more than six times (77% vs. 12%)
higher probability of attaining tertiary education compared to children whose parents have below
secondary education (OECD, 2016).

3These are universities participating in the centralized admission system. They offer 5-year
(and longer) programs of an academic nature. They include the 23 public and private not-for-
profit colleges that are part of the Council of Rectors of Chilean Universities (CRUCH) and 14
additional private colleges. Higher education institutions outside of this system do not have mini-
mum admission requirements, and typically provide vocational and shorter degrees.

4At the time of our study the test was called PSU (Prueba de Seleccion Universitaria).

5The numbers refer to our control group (see below). For details also see Tincani, Kosse, and
Miglino (2023).

6To be precise, the relevant ranking refers to a score called Puntaje Ranking de Notas (PRN).
The Pearson’s correlation coefficient between the unadjusted 4-year grade average and the PRN
score is 0.974. The adjustment considers the historical performance of high schools. This adjust-
ment is known to the students and is not affecting the incentives.

"Moreover, like in the Texas Top Ten plan, light-touch orientation classes (2 hours per month
on average) are offered in PACE high schools, for details see Cooper et al. (2019, 2022). The classes
covered topics such as learning techniques and practicality of application processes but nothing
related to determinants of prosociality.



channel. If a student does not accept a PACE admission, that PACE seat remains
vacant.

In 2014, PACE was introduced in 69 disadvantaged high schools and later ex-
panded to further schools. The expansion step of PACE in 2016 was conducted
with evaluation as one of the key purposes. The government defined a new eligi-
bility threshold based on the IVE which made 221 new schools eligible for PACE
participation. 64 of these eligible schools were randomly chosen to become part of
PACE.® Operating within the constraints of a limited research budget, we could not
collect survey data from all elegible schools. Therefore, we sampled all 64 treatment
schools and randomly chose 64 control schools (out of 157). In section 2.4.1, we

present evidence for the baseline balance of this sample of 128 schools.

2.3 Incentives, timing and perception of the treatment

With the backdrop of the high education premium in Chile and the relatively low
chances of students from eligible schools to gain admission to universities through
the regular admission channel, PACE creates strong incentives to graduate among
the top 15%: While PACE offers admission to all students of the top 15% in a given
school in the treatment group, in the control group (empirically) only 32.8% of the
top 15% and only 7.0% of the bottom 85% got admitted.” In this context, we outline

below the incentive structures in treatment (PACE) and control (no PACE) schools.

Control group: To do well in the standardized university admission exam and
gain admission to university, students must accumulate high absolute levels of hu-
man capital. With every hour studying, students marginally increase their human
capital and thus increase their individual probability of admission to university. It
is immaterial if schoolmates accumulate more or less human capital. We refer to
the control group environment in which the relative ranking within school is irrele-
vant, as less competitive environment (see also e.g. Gneezy, Niederle, and Rustichini,
2003).19

Treatment group: As in the control group, students in PACE schools can also
attempt admission to university through the regular channel (where chances are

relatively low), but can additionally earn a guaranteed slot at university if they

8The (not stratified) randomization code was written by PNUD - Chile (United Nations Devel-
opment Program).

9For details on the effects on educational outcomes see Tincani, Kosse, and Miglino (2023).

10Please note that the control group environment also includes elements of competition: Uni-
versity admission is based on a nation-wide ranking of performance in the standardized university
admission exam. However, this does not give relevance to the relative ranking within a school.



graduate among the top 15% in their school. Therefore, the absolute level of per-
formance is less important whereas the relative standing within school is of major
importance. In line with the (laboratory) experimental literature we refer to the
treatment group environment in which the relative ranking within group is more
important as more competitive environment (e.g., Gneezy, Niederle, and Rustichini,

2003).

Timing of the competition period: In this study we focus on the cohort of
students who just entered grade 11 when PACE was implemented.!! At the start
of the school year, students who were enrolled in treatment schools were informed
that their schools were now part of PACE. The announcement was made after the
deadline for school enrollment, consequently ruling out strategic enrollment into
treatment schools.!? While the GPAs from grades 9 and 10 were already determined
at this time, there were still two years of schooling to improve their relative standing

in the grade distribution.

Grade 10 (Age 15/16) [ Grade 11 (Age 16/17) Grade 12 (Age 17/18) |
| | ~
I —
Randomization Competition period School ends

for treatment group

Figure 1: Timing of the competition period for the cohort under study.

Perceptions of the schooling environment: As displayed in figure 1, the ran-
domized implementation of PACE at the beginning of grade 11 creates the following
situation: Compared to students in control schools, students in treatment schools
experience a two-year competition period created by the pronounced focus of the
relative comparison within schools. This aligns with teachers’ and students’ per-
ceptions of the schooling environment. Using survey data collected by the Chilean
Ministry of Education at the beginning of grade 12 we show that teachers and stu-
dents in treatment schools perceive the schooling environment as more competitive
compared with teachers and students in control schools. For details see sections B.1
and B.2 in the Appendix. The results indicate, e.g., that in treatment schools com-

pared with control schools, about 40% more teachers “agree” or “strongly agree”

1 Only this cohort allows for a valid treatment-control comparison. Considering grade 12 was not
possible as, when PACE enters a school, only the grades 11 and younger are treated. Considering
grades 9 and 10 was not possible, as for those cohorts the government added additional schools
from the control group to the treatment group in a non-random way.

12Eligibility for a guaranteed slot requires enrollment in the same school for the last two years of
schooling. Therefore, there were no incentives to change schools at a later time. In order to focus
on eligible students, we restrict the sample to students who were in the same school for the last
two high school years.



with the statement “There is a lot of competition to get the best grades in my

course” (see table B1).

2.4 Data and measures

In the following we describe the data and measures used in the analysis. For the
baseline we rely on administrative data, for the endline and the 4-year follow-up we
conducted our own tailor-made surveys. We link all data sources through a unique

student identifier, which is available for every student in Chile.!3

2.4.1 Baseline

Our baseline measures come from a large administrative data collection called SIMCE
(Sistema de Medicion de la Calidad de la Educacion), which was conducted at the
end of grade 10. This data set contains information on a standardized achievement
test and a large set of socioeconomic variables such as gender, age and parental
education and income.'* Based on these data, table Al presents balancing tests for
the 128 schools that we sampled. The results indicate that students in treatment
and control schools do not significantly differ at baseline with regard to gender,
age, parental socioeconomic status (SES) and academic performance. Moreover,

treatment and control schools do not differ by cohort size and location.

2.4.2 Endline

Our endline data comes from a survey that we implemented at the end of grade 12.
The data collections in the 128 treatment and control schools were conducted by
trained field-workers in cooperation with a Chilean survey company during regular
schooling hours. The data collection took place in form of a self-administered paper
pencil survey. While completing the survey, students were seated in a standardized
seating order (see figure A1) and were not allowed to talk in order to prevent inter-
actions. To minimize experimenter demand effects, e.g. triggered by thankfulness
in the treatment group, the survey did not contain any reference to the Ministry
of Educational or the Chilean government in general, and described the study as

independent research by the authors of this paper

13We thank the Chilean Ministry of Education for performing the merges and delivering to us
anonymized student-level data.

14As the SIMCE data contain many missings on parental education and income (as they were
collected in form of a parental survey), we also use an additional source of administrative data (Sub-
vencion Escolar Preferencial), which give us a dummy variable indicating very low SES students
(prioritario student) for all students in the sample.



We surveyed 6,094 students, constituting nearly 70 percent of the students en-
rolled in the 128 sample schools. Our response rate compares favorably with surveys
conducted by the Ministry of Education (e.g., MinEduc, 2017), and it reflects a natu-
ral drop-out in the final weeks of the last high school year. Due to missing responses
on one or more prosociality items (see below) our endline sample consists of 5,371
students. The results in table A2 indicate that attrition is neither significantly re-
lated to treatment status nor to the interaction of treatment status and baseline
characteristics as achievement, gender and parental SES. Nevertheless, in the anal-
ysis we also provide results based on Inverse Probability Weights (IPW) and Lee
(2009) bounds as robustness checks.

Prosociality measure (endline): We refer to prosociality as positive other-
regarding behaviors and beliefs. To measure it, we closely follow the procedure
proposed and validated by Kosse and Tincani (2020). In order to yield a compre-
hensive measure of students’ prosociality we combine measures of three main facets:
altruism, reciprocity, and trust. Altruism reflects an individual’s willingness to ben-
efit others (without expecting anything in return), (positive) reciprocity reflects an
individual’s willingness to reward kind behavior and trust indicates prosocial beliefs
in the actions of others. To measure these facets we use the Chilean Spanish version
of the qualitative items of the Global Preference Survey (GPS, Falk et al., 2023).
Positive reciprocity was measured by the item “When someone does me a favor I am
willing to return it.” Trust was measured by the item “I assume that people have
only the best intentions.” To measure altruism we used the slightly age-adapted item
“How willing are you to help others without expecting anything in return?”.'> All
items were rated on an 11-point Likert scale. We aggregate the three (standardized)
facets of prosociality using principal component analysis (PCA). In the analyses we
use the resulting (standardized) first principal component as our measure of proso-

ciality.

2.4.3 4-year follow up

Four years after the end of school, in summer 2021, we collected a follow-up survey
in order to explore if the effects found at endline are persistent and are general,
i.e., translate to situations which are independent of the school environment. At

endline, in preparation for the follow-up, we asked the students for permission to

15The original GPS item is “How willing are you to give to good causes without expecting
anything in return?” Our focus group pre-tests indicated that “giving to good causes” is very
unusual among low SES Chilean students. To measure meaningful variations we decided to slightly
age-adapt the item.



re-contact them in order to conduct a follow-up survey. About 90% percent of the
students in the endline sample gave their permission to be contacted for a follow-up
interview and provided email addresses and/or phone numbers. The follow-up data
collection was implemented in cooperation with the same survey company as the
endline data collection and it was conducted in form of an online survey with links
distributed via email and phone numbers. As at endline, the survey did not contain
any reference to the Ministry of Education or the Chilean government in general
and was described as an independent research study by the authors of this paper.

Unfortunately, many of the originally provided email addresses and phone num-
bers were not in use anymore after four years. Nevertheless and despite the ques-
tionnaire being online, we received complete survey answers from 1,018 students,
constituting approximately 20 percent of our endline sample.'® While such a drop
in observations is not unusual when switching from a central-location in-person to
an online interview mode (as inevitable in this situation), it raises two potential
concerns for the analysis of the data and the interpretation of the results: selective
attrition and lack of statistical power.

To explore the potential issue of selective attrition empirically, as in section
2.4.2, we make use of our rich baseline data. We explore if attrition differs between
treatment and control group, and if baseline measures differentially predict attrition
in the treatment and control group. The results in table A3 indicate that attrition is
neither significantly related to treatment status nor to the interaction of treatment
status and baseline characteristics as achievement, gender and parental SES. This
indicates the absence of selective attrition based on observables. Nevertheless, in the
analysis we also provide results based on IPW and Lee (2009) bounds as robustness
checks.

While the statistical power at endline is satisfactory (post-hoc power of 0.82
( = 0.1) and 0.72 (a = 0.05)), it is not much lower in the four-year follow-up
(post-hoc power of 0.78 (a = 0.1) and 0.67 (a = 0.05)).!" There are three reasons

16For administrative reasons we were not able to offer monetary incentives for survey participa-
tion. However, at endline and follow-up, we raffled off, respectively, one and three iPads among all
participants.

1T"The power calculations for cluster randomized controlled trails were conducted as described
in Hemming and Marsh (2013). The calculations take into account: the means in treatment and
control groups, the intra cluster correlation, the average cluster size and the number of clusters
per arm. Instead of calculating the ex-post power, the same information can be used to calculate
minimum detectable differences (MDDs). At endline, e.g., the MDD for power = 0.8 and o = 0.05
is 0.12, the MDD for power = 0.7 and o = 0.1 is 0.09. At the 4-year follow-up, e.g., the MDD for
power = 0.8 and a = 0.05 is 0.18, the MDD for power = 0.7 and o = 0.1 is 0.14. Please note that
the presented values are conservative, as they are not taking into account the power gain by using
baseline controls.



why we maintain relatively high levels of power despite losing many observations.
First, to counteract the expected loss in observations, we increased the precision of
the prosociality measure by collecting more items for its identification (for details see
below). Second, given the cluster structure of our data, we did not lose independent
observations but observations within clusters.!® Third, the within-cluster correlation
decreased from 0.033 to 0.001. This is not surprising, as at follow-up, participants

are no longer exposed to the same (school) environment as at endline.

Prosociality measures (follow-up): At the 4-year follow-up we collected three
sets of items. 1.) The same set of items which we collected at endline. All of them
have a general frame and are not referring to a specific group of people (“When

7

someone...” | “I assume that people have...” | “How willing are you to help others ...”).
2.) In order to reduce measurement error, we collected a second set of validated
generally framed items, one additional item per facet. For positive reciprocity,
we used “I go out of my way to help somebody who has been kind to me in the
past” (Dohmen et al., 2009). For trust, we used “In general, one can trust other
people” (Fehr et al., 2002). For altruism, we used “Imagine the following situation:
Today you unexpectedly received 128.000 Pesos. How much of this amount would
you donate to a good cause?” (Falk et al., 2023). 3.) To be able to distinguish
between general behavior and behavior specific towards the former contestants, we
also collected items on all three facets explicitly focusing on former high school
peers. The items are adaptations of the generally framed items and read as follows:
“Please think about your former high school class peers. How willing are you today
to ...” “Return a favor to them?” (reciprocity), “Trust them?” (trust), “Help them
without expecting anything in return?” (altruism). All items were rated on an 11-
point Likert scale, except the generally framed altruism item, which was measured in
Pesos. Based on these items we construct three prosociality measures by aggregating
(sub-)sets of them using PCA:

e Joint measure of prosociality: using all items

e General prosociality: using only generally framed items

e Prosociality towards former schoolmates:  using only items with a focus on

former schoolmates

The ‘Joint measure of prosociality’ minimizes measurement error and maximizes

power. The comparison of the second and the third measure allows to answer the

8In the endline sample the average cluster size is 42 students, in the follow-up sample it is 8
students.

10



question of whether the effect on prosociality is specific to former contestants or also

applies to individuals and situations independent of the former school environment.

3 Results

In the following we present the results of our analyses. In section 3.1, we answer the
question of whether lasting competitive environments attenuate prosociality and in

section 3.2 we explore the persistence and generalization of the effect.

3.1 The causal effect of competition on prosociality

The experimental setup makes our empirical strategy straightforward. Equation 1

shows our main empirical model:

PSl = 50 + 5T'reatTr€atS + XZIB + Uis (1)

where PS; is the standardized prosociality measure of student 7 in school s. The
treatment indicator Treat, takes the value one if a school was randomly selected
to be part of PACE and zero otherwise. The vector X includes baseline measures
of achievement, gender and parental SES to increase precision of the estimates. w;
represents the error term of the model. We estimate equation (1) using OLS and
cluster standard errors at the school level.

Table 1 shows our main result at endline. In column 1 we show the raw treat-
ment effect without further controls and in column 2 we show the treatment effect
controlling for baseline measures of achievement, gender and parental SES. The
results indicate a significant negative treatment effect on students’ prosociality of
about 11 to 12% of a standard deviation. This shows that living in a more com-
petitive environment for two years during adolescence attenuates the formation of
prosociality. The effect is sizable and compares to a one standard deviation increase
in achievement or the difference between female and male students (see column 2).

As already discussed in section 2.4.2, there are no signs of selective attrition (see
also table A2). Nevertheless, in column 3 of table 1 we apply inverse probability
weighting to counteract minor imbalances.! Compared to column 2 the results are

largely unchanged, if anything, the treatment effect is slightly bigger in column 3. In

19Weights are estimated from a probit model of a binary selection indicator (indicating whether
the prosociality measure is available for endline) regressed on baseline measures of achievement,
gender and SES, the treatment dummy and the interactions of baseline measures and the treatment
dummy. See also table A2 column 3.

11



addition, we estimate treatment effects using the trimming procedure suggested by
Lee (2009). Instead of correcting point estimates based on observables, this approach
yields non-parametric bounds of effect sizes on the basis of extreme assumptions
about selection. The estimates of the bounds shown in table A4 confirm the negative
treatment effect.

In table A5 we show treatment effect estimates for the respective facets of proso-
ciality. The results indicate negative and significant treatment effects for altruism,
trust and reciprocity, irrespectively of considering original or multiple hypothesis
corrected p-values. The results indicate similar sized effects on altruism and trust,
with the strongest effect on reciprocity. This pattern indicates that living in a more
competitive environment comprehensively attenuates the formation of various facets

of prosociality.

Std. Prosociality (endline)

(1) (2) (3)
Treatment dummy -0.107** -0.120%** -0.122%%*
(0.053) (0.044) (0.045)
Achievement (at baseline, standardized) 0(.(%.0071*6#;* 0('(1)9081*6?*
Female 0.123%** 0.129%**
(0.034) (0.034)
Very low SES dummy (88?)3) (883?)
Weights No No IPW
Observations 5,343 5,343 5,343

Table 1: Treatment effect on prosociality at endline. Coefficients are ordinary least squares es-
timates. Standard errors clustered at school level are shown in parentheses. For details on the
control variables see section 2.4.1. Column 3 applies inverse probability weights which account for
potential selective attrition and are estimated from a probit model of a binary selection indicator
(indicating whether the prosociality measure is available at endline) regressed on baseline measures
of achievement, gender and SES, the treatment dummy and the interactions of baseline measures
and the treatment dummy. See also table A2 column 3. *** ** * indicate significance at the 1%,
5% and 10% level, respectively.

The laboratory experimental literature indicates gender differences in reaction
towards competition (e.g., Gneezy, Niederle, and Rustichini, 2003; Niederle and
Vesterlund, 2007; Buser, 2016). Most related to our study, Buser and Dreber (2016)
find a stronger cooperation reducing effect for males than for females after being
randomized into a competitive payment scheme in an online experiment. Table
A6 shows the treatment effects of living in a more competitive environment on
prosociality separately for female and male students. While female students are
generally more prosocial than male students (table 1, column 2), the results indicate

a more than 60% stronger treatment effect for males than for females (—0.075 vs.
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—0.127). This is in line with the findings of Buser and Dreber (2016) and indicates
that this gender-specific reaction does not only hold for short-lasting competitions

but also in high-stake long-run competitions.

3.2 Persistence and generalization of the effect

Table 2 shows treatment effects on prosociality in the 4-year follow-up.?’ In column
1 we show the raw treatment effect without further controls, in column 2 we show the
treatment effect controlling for baseline measures and in column 3 we additionally
apply IPW.

In Panel A, the dependent variable is the joint measure of prosociality. It com-
bines general prosociality and prosociality towards the former contestants. The
measure makes use of all survey items, it minimizes measurement error and max-
imizes statistical power. The coefficients shown in columns 1 to 3 demonstrate a
robust, negative and significant effect of the tournament scheme in high school on
prosociality four years later. Table A7 shows Lee (2009) bounds and also confirms
the negative treatment effect.

As the prosociality measures in Panel A of table 2 and table 1 differ, a direct
comparison of the magnitudes of the effects is not possible, unless one makes strong
distributional assumptions. However, as both analyses, at endline and at the 4-year
follow-up, show significant negative effects, the results clearly indicate persistence
of the effect of the tournament scheme. This shows unambiguously that rank-based
reward schemes can have persistent negative effects on prosociality.

To get a sense if the treatment effect is decreasing or increasing over time, we
also rebuild the endline measure of prosociality at follow-up and use it to analyze
the dynamics of the treatment effect in a panel framework. The results in table
A8 indicate that the treatment effect regarding this measure does not differ between
endline and follow-up (interaction effect of treatment and time: 0.003, p = 0.971). In
table A9 we show the results for the facets altruism, trust and reciprocity separately.
As for the composite measure, there is no significant change in the treatment effects
on the facets between endline and follow-up. This suggests that the size of the

treatment effect on prosociality is pretty stable over time.

20 A1l dependent variables are standardized using the distribution in the 4-year follow-up sample.
Using the distribution in the endline sample would largely simplify a comparison of the effects over
time, but this is not possible as the follow-up measures (see section 2.4.3) rely on items that are
not available at endline.
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Std. Prosociality (4-year follow-up)

(1) (2) (3)

Panel A: Joint measure of prosociality
-0.152%* -0.146** -0.149**

Treatment dummy (0.067) (0.063) (0.068)

Panel B: General prosociality

Treatment dumm -0.126%* -0.120* -0.128*
Y (0.072) (0.071) (0.074)

Panel C: PS towards former schoolmates

Treatment dumm -0.132%** -0.128%** -0.130%*
Y (0.065) (0.061) (0.066)

Baseline controls No Yes Yes

Weights No No IPW

Observations 1,018 1,018 1,018

Table 2: Treatment effect on prosociality four years after the end of the treatment. Coefficients
are OLS estimates. Standard errors clustered at school level are shown in parentheses. For details
on the control variables see section 2.4.1. All dependent variables are standardized using the
distribution in the 4-year follow-up sample. Column 3 applies inverse probability weights which
account for potential selective attrition and are estimated from a probit of a binary selection
indicator (indicating whether the prosociality measure is available for the 4-year follow-up wave)
regressed on baseline measures of achievement, gender and SES, the treatment dummy and the
interactions of baseline measures and the treatment dummy. See also table A3 column 3. *** **
* indicate significance at the 1%, 5% and 10% level, respectively.

Potentially, the long-run effects might be affected by the fact that a higher share
of treated students enter college and, thereby, experience a more academic and
potentially more competitive social environment also after finishing high school.
To explore if this is the case, we make use of the empirical result that, for the
subsample of students in the bottom 85% of the baseline GPA ranking of their
school, the treatment did not significantly affect the probability of college admission
and attendance.?! Therefore, in this subsample, treated students did not experience
a more academic and potentially more competitive social environment after finishing
high school. Hence, in table A10, we repeat the previous panel analysis for the
subsample of students in the bottom 85% at baseline. The results for this subgroup,
which is unaffected by potential treatment-induced college experiences, are in line
with the previous finding and indicate that the treatment effect does not differ
between endline and follow-up (interaction effect of treatment and time: 0.028, p =
0.740). This suggests that the documented long-term effects are driven by changes
in the high school environment, and not by different higher education experiences

which go along with the treatment.?? Thereby, the empirical pattern points to a

2IThe treatment effect on the probability to get a college admission for this subgroup is 0.011
(p = 0.255). For details see tables A4 and A7 in Tincani, Kosse, and Miglino (2023).

22For a detailed analysis of the treatment effects on education outcomes see Tincani, Kosse, and
Miglino (2023).
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persistent effect of a more competitive environment at high school and a change of
prosociality as a trait.

Finally, in the endline analysis (table 1), it was not possible to distinguish be-
tween effects on general prosociality or prosociality towards former contestants.
While the items used a general framing, for high school students, it is reasonable to
expect that schoolmates constitute a large share of their social environment. There-
fore, behavior towards “others” and behavior towards schoolmates has necessarily a
large overlap and is hard to distinguish. Fours years later, driven by heterogeneous
life choices, this overlap between general “others” and former schoolmates is much
weaker and a distinction is possible.?? In table 2, Panel B, we show treatment effects
on general prosociality (towards “others”), in Panel C, we show treatment effects
on prosociality towards former schoolmates, i.e. former contestants. While a direct
comparison of the coefficients in Panel B and C, would, again, require strong as-
sumptions about the underlying distributions, the fact that all coefficients in Panel B
and C are significantly negative shows that the effect of competition on prosociality
generalizes outside of the pool of immediate (former) competitors. The effect is not
only present for behavior towards former contestants, but also towards individuals

who were not involved in the competition.

4 Conclusion

We combined a large-scale randomized education intervention in Chile with a series
of tailor-made data collections and show that enduring exposure to a more com-
petitive environment persistently and generally attenuates prosociality. Based on a
4-year follow-up, we have shown, for the first time, that enduring competition does
not only change situation- and context-specific behaviors, but also future behaviors
in situations independent of the past competition. Therefore, our results suggest
that competitive environments might not only affect prosocial behavior but also
prosociality as a trait, and thus affect the lives of people at large.

We connect two important scientific and practical debates. First, we contribute
to a better understanding of the formation of prosociality by providing the first
causal evidence on attenuating environmental factors and by showing that the
late adolescence constitutes a formative period. Second, we extend the theoretical
and laboratory-experimental literature on the effects of tournament compensation

schemes by presenting the first real-world effects of enduring competition on proso-

23 At the 4-year follow-up, the correlation between ‘General prosociality’ and ‘Prosociality to-
wards former schoolmates’ is 0.475.
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ciality. Notably, a recent meta-study based on 45 short-term, online experiments
on the effect of competition and moral behavior reports a quite similar effect size of
about 0.09 standard deviations (Huber et al., 2023). Our study complements these
findings by showing the effects of a persistent competitive environment can be long-
lasting and independent of the specific context. This indicates that prosociality, as
a trait, can change in response to competitive environments. These findings are of
great practical relevance as competition among individuals is a pervasive fact of life:
relative comparisons often determine success in firms, politics, education, sports,
and many other contexts.

Moreover, our findings are of concrete policy relevance as they indicate that
percent plan policies can have unintended side-effects by lowering prosociality. This
pattern might counteract other positive effects of percent plan policies as prosociality
is generally positively related to e.g., labor market and health outcomes (Deming,
2017; Fang et al., 2022). These arguments are of particular importance in the context
under study, as Kosse and Tincani (2020) have shown a relatively strong relation
between prosociality and labor markets success in Chile.

Future research could study how negative effects of percent plan policies on
individuals’ prosociality might be avoided or at least reduced. One possibility would
be to shift the level of competition. The rules could be adapted in a way such that not
the ranking within a certain school but, e.g., the ranking within all low SES students
from a certain region decides the allocation of preferential university slots. In such a
regime, the level of within-school competition is lower, as the relative ranking within
a school is less important. Moreover, creating between-school competitions, e.g. in
form of school-level incentives for performance, might even increase within-school
cooperation (Bornstein, Gneezy, and Nagel, 2002; Goette et al., 2012; Lowe, 2021).
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Appendix

A Additional Tables and Figures

Baseline variables Mean of Difference N
Control group Treatment - Control

Student characteristics

0.001

Female 0.476 (0.054) 9,006
0.031

Age 17.54 (0.052) 9,006
7.600

SIMCE score 221.4 (5.256) 8,944
0.013

GPA (grade 10) 5.438 (0.035) 8,944
0.014

Very low SES 0.602 (0.020) 9,006

Mother’s education (years) 9.553 0.081 6,000

Y ' (0.168) ’
Father’s education (years) 9.320 0.115 5,722
r ucation (year . (0.178) ,

. . 14.33

HH income (in 1000 CLP) 284.0 (12.79) 6,018

School characteristics

. -8.50

Cohort size 66.11 (10.63) 128
0.016

Rural area 0.109 (0.054) 128

Table Al: Checks for baseline balance. The first column shows means of the baseline variables for
the control group. The second column shows the difference in means between treatment and control
group. Standard errors of the differences clustered at school level are shown in parentheses. None
of the differences is significantly different from zero at any conventional level. Data on parental
education and income were collected in form of a parental survey and contain some missings. For
details on variables and data sources, see section 2.3. *** ** * indicate significance at the 1%,
5% and 10% level, respectively.
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Available at endline (= 1 if yes)

(1) (2)

3)

Treatment dumm -0.044 -0.051 -0.011
Y (0.036) (0.036) (0.038)

. . 0.048*** 0.067***
Achievement (at baseline, std) (0.013) (0.010)
Female -0.027 0.011
(0.023) (0.025)

-0.031%* -0.025

Very low SES dummy (0.012) (0.017)
. -0.031

Treatment x achievement (0.022)
-0.070

Treatment x female (0.043)
-0.013

Treatment x very low SES dummy (0.024)
Observations 9,006 8,944 8,944
R-squared 0.002 0.013 0.015

Table A2: Test for selective attrition at endline. Coefficients are ordinary least squares estimates.
Standard errors clustered at school level are shown in parentheses. The dependent variable is one if
a student endline measure of prosociality is available, and zero otherwise. All independent variables
were collected before the treatment assignment took place. Neither the treatment dummy, nor the
interaction effects are significantly different from zero at any conventional level in any specification.
The number of observations slightly differs as baseline measures are missing in the registry data
for a few students. For details on variables and data sources, see section 2.3. *** ** * indicate

significance at the 1%, 5% and 10% level, respectively.
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Available at follow-up (= 1 if yes)

(1) (2) 3)

Treatment dumm 0.010 0.003 0.013
Y (0.012) (0.012) (0.018)
*xk KAk
Achievement (at baseline, std) 0683090 6) 0('8%407)
Female 0.016** 0.015*
(0.007) (0.009)
-0.028%** -0.018
Very low SES dummy (0.008) (0.013)
Treatment x achievement (_(()) 00? 18)
Treatment x female (88(1)2)
Treatment x very low SES dummy (_(()) 811 (?)
Observations 9,006 8,944 8,944
R-squared 0.000 0.019 0.019

Table A3: Test for selective attrition at 4-year follow-up. Coefficients are ordinary least squares
estimates. Standard errors clustered at school level are shown in parentheses. The dependent
variable is one if a student endline measure of prosociality is available, and zero otherwise. All
independent variables were collected before the treatment assignment took place. Neither the
treatment dummy, nor the interaction effects are significantly different from zero at any conven-
tional level in any specification. The number of observations slightly differs as baseline measures
are missing in the registry data for a few students. For details on variables and data sources, see
section 2.3.%** ** * indicate significance at the 1%, 5% and 10% level, respectively.

Standardized prosociality

Lower bound Upper bound
Treatment dummy -0.292 -0.006
Number of observations 8,944 8,944
Number of selected obs. 5,343 5,343

Table A4: Lee bounds of the treatment effect at endline. The bounds are estimated using the
trimming procedure suggested by Lee (2009). For the estimation, to tighten the bounds, the
sample is split by baseline achievement (median split).
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Standardized Standardized Standardized
Altruism Trust Reciprocity
(1) (2) (3)
Treatment dummy -0.073 -0.071 -0.121
Original p-values (0.093) (0.013) (0.003)
Romano-Wolf p-values [0.094] [0.032] [0.009]
Observations 5,343 5,343 5,343

Table Ab5: Treatment effect on facets of prosociality. Coefficients are ordinary least squares esti-
mates. All regressions use the standard baseline controls (achievement, female, very low SES) as in
table 1 column 2. Original p-values are shown in (parentheses), Romano-Wolf p-values are shown
in [square brackets], for details on the stepdown adjusted p-values, robust to multiple hypothesis
testing, see Romano and Wolf (2016).

Standardized Prosociality

Females Males Females Males Females Males
(1) (2) (3) (4) (5) (6)
Treatment dumm -0.075 -0.127** -0.094 -0.143*** -0.096 -0.144%**
y (0.066) (0.057) (0.061) (0.051) (0.062) (0.052)
Baseline controls No No Yes Yes Yes Yes
Weights No No No No IPW IPW
Observations 2,507 2,836 2,507 2,836 2,507 2,836

Table A6: Heterogeneous treatment effects by gender. Coefficients are ordinary least squares
estimates. Standard errors clustered at school level are shown in parentheses. The table repeats
the analyses shown in table 1 separately for female and males students. Columns 1, 3 and 5 show
the treatment effects for female students. Columns 2, 4 and 6 show the treatment effects for male
students. For details on baseline controls and inverse probability weights, see table 1. *** ** >
indicate significance at the 1%, 5% and 10% level, respectively.

Standardized prosociality
Lower bound Upper bound

Treatment dummy -0.232 -0.027
Number of observations 8,944 8,944
Number of selected obs. 1,018 1,018

Table AT: Lee bounds of the treatment effect at 4-year follow-up. The bounds are estimated using
the trimming procedure suggested by Lee (2009). For the estimation, to tighten the bounds, the
sample is split by baseline achievement (median split).
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Standardized Prosociality
(Full sample)

(1) (2)

. 0.003 0.011
Treatment x Time (0.071) (0.080)
Fixed effects Individual & Time Individual & Time
Weights No IPW
Observations 2,036 2,036

Table A8: Treatment effect over time in the full sample. Coefficients are two-way fixed effects
estimates. The regressions include fixed effects for individuals and time. Standard errors clustered
at school level are shown in parentheses. The panel covers two points in time: endline and 4-
year follow up. The prosociality measure (at both points in time) corresponds to the endline
measure as described in section 2.4.2. To construct the measure at follow-up, we use the same
three items as at endline, use the endline distribution for the standardization, and apply the PCA
weights from the PCA at endline. Therefore, we use the same measure (with the same metric) at
endline and at follow-up. Column 2 applies inverse probability weights that account for potential
selective attrition and are estimated from a probit model of a binary selection indicator (indicating
whether an individual is available for this analysis) regressed on baseline measures of achievement,
gender and SES, the treatment dummy and the interactions of baseline measures and the treatment
dummy. See also table A2 column 3. *** ** * indicate significance at the 1%, 5% and 10% level,
respectively.

Standardized Standardized Standardized
Altruism Trust Reciprocity
(1) (2) (2)
. -0.022 -0.047 0.074
Treatment x Time (0.077) (0.078) (0.070)
Fixed effects Individual & Time Individual & Time Individual & Time
Weights IPW IPW IPW
Observations 2,036 2,036 2,036

Table A9: Treatment effect over time: altruism, trust reciprocity . Coefficients are two-way fixed
effects estimates. The regressions include fixed effects for individuals and time. Standard errors
clustered at school level are shown in parentheses. The panel covers two points in time: endline
and 4-year follow up. The respective measure (at both points in time) corresponds to the endline
measure as described in section 2.4.2. To construct the measure at follow-up, we use the endline
distribution for the standardization. Therefore, we use the same measure (with the same metric)
at endline and at follow-up. All regressions apply inverse probability weights that account for
potential selective attrition and are estimated from a probit model of a binary selection indicator
(indicating whether an individual is available for this analysis) regressed on baseline measures of
achievement, gender and SES, the treatment dummy and the interactions of baseline measures and
the treatment dummy. See also table A2 column 3. *** ** * indicate significance at the 1%, 5%
and 10% level, respectively.
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Standardized Prosociality
(Sample: Bottom 85% according to GPA ranking at baseline)

(1) (2)

. 0.028 0.049
Treatment x Time (0.083) (0.087)
Fixed effects Individual & Time Individual & Time
Weights No IPW
Observations 1,408 1,408

Table A10: Treatment effect over time in the sample: Bottom 85% according to GPA ranking
at baseline. Coefficients are two-way fixed effects estimates. The regressions include fixed effects
for individuals and time. Standard errors clustered at school level are shown in parentheses. The
panel covers two points in time: endline and 4-year follow up. The prosociality measure (at both
points in time) corresponds to the endline measure as described in section 2.4.2. To construct the
measure at follow-up, we use the same three items as at endline, use the endline distribution for the
standardization, and apply the PCA weights from the PCA at endline. Therefore, we use the same
measure (with the same metric) at endline and at follow-up. Column 2 applies inverse probability
weights that account for potential selective attrition and are estimated from a probit model of a
binary selection indicator (indicating whether an individual is available for this analysis) regressed
on baseline measures of achievement, gender and SES, the treatment dummy and the interactions
of baseline measures and the treatment dummy. See also table A2 column 3. *** ** * indicate
significance at the 1%, 5% and 10% level, respectively.

Figure Al: Example of the data collection setup. The data collections were conducted by trained
field-workers during regular schooling hours. The data collection took place in form of a self-
administered paper pencil survey. During the interview students were sitting in a standardized
seating order and were not allowed to talk in order to prevent interactions.
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B Additional Analyses

B.1 Perceptions of the schooling environment by teachers

At the beginning of grade 12 the Chilean Ministry of Education conducted a survey
among class teachers in treatment and control schools. Class teachers are regular
teachers assigned to a specific classroom, who have additional tutoring responsi-
bilities (meeting with students, holding orientation classes, meeting with parents).
Data are available for 110 schools (54 control, 56 treatment). The survey includes
the item “There is a lot of competition to get the best grades in my course”. Teachers

indicated how much they agree on a 5-point Likert scale.

Table B1 shows the differences in perceived competition in schools rated by teachers
in treatment and control schools. Teachers in treatment schools perceive a 26.4% of
a standard deviation higher level of competition for the best grades in their classes
(see column 1). While in control group schools only 26.2% of teacher “agree” or
“strongly agree” with the statement above, column 2 indicates that about 40%

more teachers do so in the treatment group (see column 2: 0.109/0.262 = 41.6%).

Competition for grades (rated by teachers)

Standardized Binary
(1) (2)
0.264* 0.109
Treatment dummy (0.158) (0.076)
Observations 165 165

Table B1l: Treatment increases perceived competition (rated by teachers). Column 1 shows an
OLS coefficient. Column 2 shows an average marginal effect after Probit estimation. Standard
errors clustered at school level are shown in parentheses. The binary measure in column 2 takes
the values one if teachers rated “agree” or “strongly agree” and zero else. The estimations include
controls for the following student and teacher characteristics: shares of female and very low SES
students, school average achievement scores (at baseline), teachers’ gender and age. *** ** *
indicate significance at the 1%, 5% and 10% level, respectively.
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B.2 Perceptions of the schooling environment by students

At the beginning of grade 12 the Chilean Ministry of Education conducted a survey
among students in treatment and control schools. Data are available for more than
80% of the students in our main sample. The survey includes the following three
items regarding aspects of a competitive schooling environment: “I feel support from
my classmates when I have trouble learning or understanding something (reversed)”,
“We fight a lot when we do group work.”, “I think it is good that teachers promote
the participation of all students in class (reversed)”. Students responded using a
5-point Likert scale to indicate their level of agreement. To create a joint measure
of the perceived level of competition in the schooling environment, we aggregate
the three standardized measures using principal component analysis (PCA). In the
analysis below we use the resulting standardized first principal component as our
measure of the level of competition. While each of the three items just captures
specific aspects of a competitive environment, the idea of our approach is that the
source of the joint variation, represented by the principal component, serves as an

indicator of the perceived level of competition.

Table B2 indicates that there is a robust and significant positive effect of the treat-
ment on the level of competition in the schooling environment as perceived by stu-

dents.

Competition in school score (rated by students, standardized)

(1) (2)
0.090** 0.092%*
Treatment dummy (0.045) (0.045)
Weights No IPW
Observations 4,246 4,246

Table B2: Treatment increases perceived competition (rated by students). Coefficients are ordinary
least squares estimates. Standard errors clustered at school level are shown in parentheses. The
regressions include controls for achievement (at baseline), gender and SES. Column 2 applies
inverse probability weights which account for potential selective attrition and are estimated from a
probit model of a binary selection indicator (indicating whether the competition score is available)
regressed on baseline measures of achievement, gender and SES, the treatment dummy and the
interactions of baseline measures and the treatment dummy. *** ** * indicate significance at the
1%, 5% and 10% level, respectively.
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