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THE LONG-RUN EFFECTS OF PEERS ON MENTAL HEALTH*

Lukas Kiessling and Jonathan Norris

This paper studies how peers in school affect students’ mental health. Guided by a theoretical framework, we
find that increasing students’ relative ranks in their cohorts by one standard deviation improves their mental
health by 6% of a standard deviation conditional on own ability. These effects are more pronounced for
low-ability students, persistent for at least 14 years and carry over to economic long-run outcomes. Moreover,
we document a pronounced asymmetry: Students who receive negative rather than positive shocks react
more strongly. Our findings therefore provide evidence on how the school environment can have long-lasting
consequences for individuals’ well-being.

Mental health is a growing concern with substantial costs for the economy both in the United
States and around the world. In particular, the total costs of mental health disorders are estimated
to be as high as 2.5% of the GDP in the United States and 3.5% in Europe (OECD, 2015).
Many of these mental health issues can be traced back to symptoms during youth. About 20%
of all adolescents suffer from diagnosable mental health disorders (Kessler et al., 2007), and
this number increased by a third between 2005 and 2014 (Mojtabai et al., 2016). It is therefore
important to understand the causes and long-term consequences of mental health disorders during
school age.

In this paper, we study how a feature of the school environment—a student’s rank among their
school peers—affects mental health, and how these effects evolve over time. We motivate our
analysis from a theoretical framework in which students are uncertain about their true ability.
Students do, however, have beliefs about their ability that affect study effort. They update their
beliefs based on the results of past efforts (e.g., what they have learned about their ability) and
also based on information they receive about their ability, such as their rank in their cohort.
Receiving negative information about their ability can then lead students to reduce their belief
and in turn withdraw effort.
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We follow a rich psychological literature and interpret this belief-updating process as a key
mechanism explaining how shocks in school affect mental health. In fact, leading cognitive
(e.g., Beck, 1967) and attributional theories (Seligman, 1972) of depression as well as newer
neurocognitive models (Clark et al., 2009) emphasise the crucial role of incorrect beliefs as
a source of depression. Moreover, many common depressive symptoms can be seen either as
manifestations of these biased beliefs or as direct consequences thereof (De Quidt and Haushofer,
2016).

Based on this framework, we derive four predictions: First, negative shocks to performance
in school decrease a student’s belief about their own ability, while positive shocks increase this
belief. Second, because students refrain from exerting effort once their beliefs about their own
ability are sufficiently low, they do not receive any new informative signals, implying that negative
shocks have stronger effects than positive shocks. Third, the consequences of shocks are more
pronounced at the lower end of the ability distribution, as students attribute shocks relatively
more to their own ability. Fourth, these shocks can have persistent effects over time.

To test these predictions, we exploit idiosyncratic variation in the ability composition of school
peers as shocks to students” mental health. More specifically, for our preferred specification, we
argue that conditional on school-by-grade fixed effects and students’ own ability that ranks
within a school-grade across schools are as good as random. We thus compare the mental health
of students having the same ability and characteristics, but who happen to have different ranks
due to differences in their peers’ ability. We use data from the National Longitudinal Study of
Adolescent to Adult Health (Add Health), a survey of a representative sample of US adolescents
in grades 7-12 who were first interviewed during the 1994/5 academic year (Harris, 2018).
Importantly, Add Health repeatedly assesses students’ mental health using a well-established
measure to diagnose depressions (Center of Epidemiological Studies Depression Scale, CES-D;
Radloff, 1977). Based on this measure, we further motivate our analysis by documenting that
mental health seems to be malleable before the age of 20, i.e., when respondents are still in
school, and show that mental health stays persistent into adulthood.

We find that shocks from students’ ranks among their peers affect mental health. Increasing
a student’s rank by one standard deviation on average improves their mental health by 6% of
a standard deviation (SD). This effect is large. It is of similar size as the difference in the
mental health of children from college and non-college-educated households, or two-thirds of
the difference between students raised by both parents rather than a single parent. Furthermore,
our effect size amounts to about one-sixth to one-third of average effect sizes reported for
pharmacological treatments and positive psychology interventions targeted at well-being and
depressions (e.g., Mitte et al., 2005; Turner et al., 2008; Bolier et al., 2013).! Note, however, that
our effect stems from natural variation in the ability composition of school cohorts rather than
from targeted treatments. We confirm our results with a series of robustness checks that examine
functional form assumptions, probe the sensitivity of our estimates and assess several sources of
measurement error. Throughout, we find strong and robust support for the central prediction of
our model that shocks in school from variation in ranks among peers affect mental well-being.

Subsequently, we examine what is driving these effects. We find pronounced rank effects on
students’ beliefs about their relative intelligence and on expectations for whether they will attend

! Mitte et al. (2005) and Turner et al. (2008) conduct meta-analyses of anti-depressants and pharmacological treatments
and find average effect sizes of about 0.31 SD. Similarly, Bolier ez al. (2013) examines positive psychology interventions,
e.g., trainings, exercises and therapies aimed at increasing positive feelings, and find effect sizes of 0.20-0.34 SD for
different measures of depression and psychological well-being.
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college, supporting our interpretation of beliefs as a key mechanism for how shocks translate
into mental health. We provide further support for our modelling choices by exploring specific
facets of mental health underlying the CES-D measure. Grouping items of the CES-D scale using
principal component analysis, we observe that rank effects mainly operate through a lack of
positive attitudes and lack of motivation, rather than affecting loneliness and attributions to other
external or social factors.

We then explore the second prediction of our theoretical framework, an asymmetry of positive
and negative shocks. In line with our conjecture, we show that our results are driven by negative
shocks, i.e., having a lower rank in one’s school cohort than across students from all schools and
cohorts, rather than positive shocks where students have a better rank than expected.

Moving to our third prediction, we document that rank effects are indeed larger at the lower
end of the ability distribution. Students from the lowest decile of the ability distribution experi-
ence a rank effect that is about three times larger than the average effect, and that amounts to
approximately 0.70 SD. The rank effect then slowly fades out for higher deciles.

Next, we explore how these heterogeneous effects in own ability evolve over time. Rank effects
are persistent and last from adolescence to adulthood. In fact, we observe that rank effects for
low-ability students are at least as large in Wave IV, 14 years after baseline when individuals in
our dataset are 2632 years old, as they are in Wave I, when they were adolescents, and fade out
for higher deciles.

Finally, we investigate whether these effects carry over to other economic long-run outcomes.
We find that better mental health in adolescence is highly predictive of better economic long-run
outcomes in adulthood. While correlational, there are significant and sizeable associations of
CES-D scores and college graduation, employment status, as well as income, ever being married,
and ever being arrested conditional on a rich set of background characteristics. For example,
a standard deviation worsening of mental health is associated with a decrease in income as an
adult of approximately a third of the gender gap. These correlations therefore document the high
predictive power of mental health status in youth for achievements later in life. We also estimate
the causal effect of ranks among school peers on these long-run outcomes. Notably, we find
the same heterogeneous pattern in ability that we observed for mental health, with low-ability
individuals showing more pronounced effects than those having higher ability. Moreover, we
estimate that these effects are partly mediated by mental health in adolescence.

Our study relates to the broad literature examining the causes and consequences of poor
mental health. Previous research has shown that short-term variations in income induced by cash
transfers (e.g., Baird ez al., 2013; Haushofer and Shapiro, 2016), better residential neighbourhoods
(Katz et al., 2001) or improved early-life circumstances (Adhvaryu et al., 2019) relate to better
psychological well-being in adolescence and adulthood. Yet, the relationship between economic
outcomes and mental health is bi-directional as mental disorders can also be a cause of important
economic outcomes. For instance, low mental health limits human capital accumulation (Currie
and Stabile, 2006; Fletcher, 2010), and reduces employment and earnings (Bartel and Taubman,
1986; Frank and Gertler, 1991; Ettner et al., 1997; Stewart et al., 2003; Fletcher, 2014; Biasi
et al., 2021). We contribute to these previous studies by highlighting the consequences of the
peer composition in schools for adolescents’ psychological well-being in the short and long run.
Thereby, we propose mental health as an important channel through which shocks in childhood
and adolescence affect economic outcomes in adulthood.

This paper adds to an accumulating evidence base on the long-lasting effects of the school
environment in general, and peers in particular. Although analysing the long-run effects of smaller
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classes (Angrist and Lavy, 1999; Krueger and Whitmore, 2001; Chetty et al., 2011; Angrist et al.,
2019) or better teachers (e.g., Chetty et al., 2014; Rothstein, 2017) are long-standing and active
fields of research, only recently have studies shed light on the long-term effects of peers during
school. Carrell et al. (2018) document that having disruptive peers during childhood decreases
earnings, while Olivetti ef al. (2020) show that the labour supply of school peers’ mothers affects
females’ labour force participation in adulthood. Furthermore, several studies suggest that peers
in school have effects on educational attainment as well as major choices (as in, e.g., Gould ef al.,
2009; Bifulco et al., 2011; Black et al., 2013; Bifulco et al., 2014; Anelli and Peri, 2019) and the
formation of non-cognitive skills (Bietenbeck, 2020). We expand this literature by tracking peers’
short- and long-run effects on mental health, and simultaneously uncover similar patterns across
a broad range of economic outcomes. By focusing on long-term effects for mental health, we also
extend the small literature on contemporaneous peer effects in mental health, documenting large
spillovers in some studies (e.g., Fowler and Christakis, 2008, on contagion in social networks)
and more modest (Eisenberg et al., 2013, focusing on spillovers among roommates) or zero
effects in others (Zhang, 2018, on linear-in-means peer effects in classrooms).

Because we exploit a specific shock based on students’ ability rank in their cohort, our study
also relates to a growing literature on rank effects as a specific form of peer effects. This literature
argues that ordinal ranks affect outcomes due to social comparisons and describes this as ‘big
fish in a little pond’ effects (Festinger, 1954; Marsh, 1987). In particular, there is evidence that
such comparisons affect the job satisfaction or general well-being of individuals (Luttmer, 2005;
Brown et al., 2008; Card et al., 2012; Azmat and Iriberri, 2016). Recent papers have used these
ideas in educational contexts similar to ours, to estimate the effect of ordinal ranks on educational
outcomes (Elsner and Isphording, 2017; Murphy and Weinhardt, 2020; Delaney and Devereux,
2021; Elsner et al., 2021), subsequent earnings (Denning et al., 2021), risky behaviours and
bullying (Elsner and Isphording, 2018; Comi et al., 2021) and skill development (Pagani et al.,
2019).

While our paper shares a common empirical strategy and, in some cases, data with previous
papers from the rank effects literature, our results and focus differ significantly. Perhaps closest
to our paper is a study by Elsner and Isphording (2017), who study rank effects on educational
outcomes using the same data source. We start from a similar baseline specification, but our
results and focus differ significantly. Our analysis is motivated by a learning model in which
students learn about their ability and update their beliefs in the process. In the presence of negative
information shocks, belief updating can then translate into poorer mental health.

Based on this new mechanism, we are then able to identify a novel margin of rank effects
on mental health, introduce asymmetric effects suggesting that negative shocks are more influ-
ential and trace the evolution of our effects over time. In addition, we show that they are more
pronounced at the lower end of the ability distribution, with zero effects at the top end of the
distribution. These patterns, particularly that there could be detrimental consequences, are con-
sistent with our stylised belief-updating model, but cannot be rationalised with common ‘big fish
in a little pond” mechanisms. Thus, our results contrast previous interpretations that rank effects
exclusively operate at the top end of the ability distribution through access to better schools,
colleges, and jobs. We discuss this further in Subsection 5.7, summarising our proposed model
and results in comparison to alternative mechanisms previously discussed in the literature.

Taken together, our results provide evidence on how the school environment can have long-
lasting effects on mental health. We show that shocks not only affect immediate mental health—
especially for students of low ability—but have persistent effects over at least 14 years. Therefore,
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our results lend support to models that introduce mental health capital similar to general health
(Grossman, 1972), or as a malleable skill in line with the growing evidence on the importance
of non-cognitive skills in the development of children (Cunha and Heckman, 2008; Cunha
et al., 2010). Such models could explain why we observe long-lasting effects carrying over to
educational and labour market outcomes, which is similar to findings for non-cognitive skills (e.g.,
as shown by Heckman et al., 2006). Additionally, our results highlight two important points. First,
ranks can have negative, not just beneficial, consequences that should be considered. Second,
some features of school environments may be both unavoidable—such as ranks—and, at times,
harmful, suggesting that mitigation efforts can form important policy tools to alleviate harm
where the source is difficult to remove.

The remainder of this paper is structured as follows. In Section 1, we lay out a theoretical
framework in which students are uncertain about their ability and base their learning process on
noisy signals. We present the data we use to test our predictions in Section 2 and describe mental
health patterns over the life cycle in Section 3. Our empirical strategy and main results for Wave
I are presented in Sections 4 and 5, before we study the persistence of our results in Section 6.
Finally, Section 7 concludes.

1. Theoretical Framework

Before we turn to our empirical analysis, we want to fix ideas and outline a stylised belief-
updating model to highlight how beliefs could act as a particular channel for information shocks
to affect students’ mental health. The theoretical framework is motivated by cognitive (e.g.,
Beck, 1967) and attributional theories of depression (e.g., Seligman, 1972), which emphasise
the crucial role of biased or incorrect beliefs as a source of depression. Furthermore, cognitive
neuropsychological models of depression (Clark er al., 2009; Roiser et al., 2012) suggest a
central role for negative affective biases. We closely follow De Quidt and Haushofer (2016), and
conceptualise the belief about the returns to one’s own ability as a key mechanism translating
shocks to mental health.? In fact, many common symptoms of depression, such as pessimism, low
self-esteem, lack of motivation or sadness, can be seen either as a manifestation of biased beliefs
(as in the case of pessimism) or as a direct consequence thereof (as for the lack of motivation).

Our model builds on two features. First, students are uncertain about the return to effort
and learn about their ability based on their performance in school (for evidence of students’
imperfect knowledge about their ability and return to effort, see, e.g., R. Jensen, 2010; Zafar,
2011; Stinebrickner and Stinebrickner, 2012). Second, there are exogenous shocks affecting
school performance and students use their performance to update their prior about their ability.?
Thus, after receiving negative signals, students reduce their belief about their ability, while
positive signals increase their beliefs. Yet, updating only occurs if students exert effort to receive
a good grade. If they shirk, they will not attribute their educational success to their ability. Thus,
if the prior about ability is sufficiently low, students may refrain from exerting any effort to avoid
further negative signals. This implies that a low belief about one’s own ability or a low mental
health status may constitute an absorbing state, in which no further updating occurs.

2 In their model, De Quidt and Haushofer (2016) focus on income shocks in developing countries and additionally
consider non-food consumption, food, as well as sleep and other domains entering the utility function. Relative to their
model, ours can be seen as a simplification, translating their model to an educational context.

3 If teachers, e.g., grade their students on a curve, students’ ranks among their peers can directly affect their GPA and

school performance. In our empirical application, we will therefore exploit quasi-random variation in students’ ranks
among their peers as such information shocks.

© The Author(s) 2023.
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To formalise this intuition and derive more precise predictions, we adopt a simple educational
production function in which ‘school success’ depends on own ability, time spent studying, the
study intensity or study effort, as well as exogenous shocks. More specifically, let A; denote a
student’s ability or return to effort which is drawn from some distribution F4. For the ease of
exposition, we keep the individual index i implicit and present the model for a single individual
with ability A. Let y, denote the ‘school success’ in period . We specify the educational
production function as

v = [Ae; + A(1 —e)]s; + &,

in which school success depends on the amount the student studies, s;, and given they invest
time to study, their decision to exert high (¢, = 1) or low effort (e, = 0).* High effort yields a
return to studying equal to their ability A, while shirking yields a low return of A, assumed to be
known to the student. Moreover, school success is subject to exogenous shocks €, ~ N (O, JZ ,).
In the empirical part of our paper, we will use shifts in the rank of a student due to having better
classmates as a shock to the school success y;.>

Students are uncertain about their own ability and have priors or beliefs about their abil-
ity denoted by u,. Hence, from a student’s perspective, their ability is a random variable
A~ N(u, 03, ;). We assume that students maximise their expected utility by allocating time
between studying and leisure. While studying increases educational success, leisure also enters
positively into the utility function. Their expected decision utility function is given by

EU(ets Sts lt|Mt) = [Mtet + A(l - et)]st + d)(lt) s
——

Exp. school success Utility from leisure

in which s, and [, denote study and leisure time, respectively; total time available is normalised
to 1, such that s, + 1, = 1, and ¢'(-) > 0, ¢” < 0. Expected school success depends on the prior
about ability, u,, and the decision to exert effort, ¢, as described above.

Given this setup, a student’s optimal effort decision is

e = 1{u > A},

and, hence, we can replace [u.e; + A(1 — e])] = max{u,, A}. The optimal time spent studying
therefore equals

sf=1- ¢/71[max {M,,A}],

and is increasing in perceived own ability.

We now want to characterise how students learn about their ability. Consider students who
want to update their prior beliefs u,_; given they received a signal y,_; about their own ability.
If the students only exerted low study effort, e,_; = 0, they do not learn new information about
their ability A as studying yields a fixed return A. However, if they exerted high effort (e,_; = 1),

4 Thus, students face decisions along two margins: they decide about a quantity of studying (e.g., how many hours
are spent on studying rather than on leisure) and the quality of studying (focusing on homework or being constantly
distracted by, e.g., their smartphones).

5 As we will explain in detail in Section 4, we exploit the fact that schools only have limited size and that the ability
composition of students varies across cohorts and schools. This implies that a student with a specific ability may be
ranked highly in one cohort, but would only be a student in the middle of the ability distribution in another cohort. We
use this variation in the ability distribution as an exogenous shock affecting students’ beliefs after conditioning on own
and peer ability.
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they can learn about their ability. In that case, we can rewrite y,;_; as follows:
Vi—1 = Asi €1 = X1 €1,

where x,_; = As,_; ~ N(u—15-1, 04 ,_;s7,). Given the signal about school success, y,_1, the
students try to learn about their ability, A. Using the new notation, they want to infer the expected
value of x;_; given y,_y, i.e., the posterior E[x;_;|y;—1]:

Elx-ilyi-i] R LS
Yy 1= — ¢ FElx_ o L -
e Var(x_)+o2 Var(xzfl)-i'aszyt ]
Var(x;—1)
= Elx,_1] + s Ot = El)

Var(x,—1) + o2
2

o
Ar—1
=W—18—1+ 55—
272
Oho1 toc/s

Hence, the corresponding posterior belief 1, equals

[(A - Hr—l)sr—l + 6r—l]-

2

0411 €r—1
H’tzﬂt—l“‘ﬁ[(A_ﬂt—l)“r d ]
Oj o1 T 0¢ /87— Si—1

Given that we study mental health through a belief mechanism, the posterior belief about one’s
own ability serves as a proxy for mental health as in De Quidt and Haushofer (2016). Next, we
investigate how mental health changes through factors shifting this posterior belief.

Several results emerge. First, negative shocks (¢,_; < 0) decrease students’ beliefs about their
ability (i.e., u, decreases) and thus have detrimental effects on mental health, while positive
shocks (¢,_; > 0) benefit mental health.

PREDICTION 1. Positive shocks improve mental health, whereas negative shocks decrease
mental health.

Second, once a student’s belief 1, decreases below A, the student withdraws effort and thus
stops updating.® This implies that negative shocks may have more pronounced consequences
relative to positive shocks, as negative shocks decrease the likelihood of a student receiving in-
formative signals in the future. This asymmetry is also consistent with recent empirical evidence
on the effect of performance feedback (see Villeval, 2020, for a recent survey of the literature).
In response to achievement information, low-achieving students reduce their subsequent perfor-
mance to a greater degree than high-achieving students increase their performance (Goulas and
Megalokonomou, 2021).

PREDICTION 2. There are asymmetric effects of positive and negative shocks, with the latter
being more pronounced.

Third, the students’ study time, s;, (weakly) decreases in the belief about their ability and
low-ability students have lower priors w,—;. This implies that shocks have stronger effects for
low-ability students as the term &-1/s,_, becomes larger.

6 Barankay (2011) shows that workers receiving feedback about their rank (i.e., an information shock in our framework)
are less productive and are less likely to return to work. Evidence in line with this mechanism in relation to mental well-
being has also been found in the psychology literature. Kuppens et al. (2010) show that individuals with low self-esteem
or depressions display high levels of emotional inertia in response to emotional fluctuations relative to individuals with
normal levels of self-esteem and no depressions. Relatedly, Korn et al. (2014) document that depression is related to
more pessimistic belief updating.
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€202 YOJBIN 90 UO J8SN SPO0S) SAIJOS]|00) UO U0Jeasay 10} 8jnisu] Soueld Xe Ad 6G62£99/1.82/679/€E L/o1oIE/fo/w00 dno"olwspese)/:sdjy Wolj papeojuMOq



288 THE ECONOMIC JOURNAL [JANUARY

PREDICTION 3. The consequences of shocks are more pronounced for low-ability individuals.

Fourth, given the lower propensity to update after receiving a negative shock and stronger
effects for low-ability students, shocks have persistent effects over time and especially so for
low-ability students with priors close to A.

PREDICTION 4. The effects of shocks are persistent over time. They are more pronounced for
students with low ability.

In summary, this stylised theoretical framework predicts that if beliefs are a key mecha-
nism translating shocks to mental health—as suggested by leading psychological theories of
depression—and students have imperfect knowledge about their ability, we should expect that
negative shocks to students’ school success decrease their beliefs about their ability and even-
tually their mental health, those effects are more pronounced in the lower part of the ability
distribution, and persist over time. In the empirical part of our paper, we will test whether these
predictions hold for mental health.”

2. Data

In order to test the predictions from the previous section, we use restricted data from the National
Longitudinal Study of Adolescent to Adult Health (Add Health). Add Health is a longitudinal
study of a set of representative middle and high schools in the United States. For our analysis,
the Add Health dataset has several key features. First, it covers multiple cohorts within schools,
which we need for our empirical strategy exploiting variation within schools across cohorts.
Second, a representative set of students from each cohort is sampled. Third, students were first
interviewed in 1994/5, when the majority of students were between 12 and 18 years old, and
followed for five waves until 2016—18, when respondents were 36—42 years old. Hence, we can
follow the development of adolescents’ well-being well into adulthood. Fourth, the dataset has
a standardised test of cognitive ability and repeated measures of an established mental health
self-assessment, allowing us to trace the evolution of and effects on mental health over time. In
the following, we discuss the mental health measure in more detail and defer the discussion of
the ability measure to Section 4, where we discuss our empirical strategy.

2.1. CES-D Scores as a Measure of Mental Health

We assess mental health of students using the Center of Epidemiologic Studies Depression Scale
(CES-D, Radloff, 1977), an established screening measure to test for depression and depressive
disorders that is one of the most widely used instruments in psychiatric epidemiology. The CES-D
consists of 19 symptoms (e.g., ‘You felt sad’) and asks respondents how often each symptom
applied to them over the course of the past week. Responses are then rated on a scale from 0

7 We acknowledge that we laid out a highly stylised model of mental health with the strong assumption of fixed ability
over time. In principle, one could think of richer models that, e.g., allow effort to create stimulation for the brain eventually
improving ability. In such a model, a negative shock and subsequent effort withdrawal would reduce ability. In the next
period, the child would then have lower ability and likely an even lower rank, further amplifying the dynamics described
in the model outlined above. We think that such a refined version of the model could generate further implications that
are beyond the scope of the present paper (e.g., what happens in combination with policy interventions such as school
counselling or when moving from primary to secondary school). Rather, we view our model as a framework to show how
our empirical findings can be organised by a simplistic belief-updating model, following previous modelling attempts by
De Quidt and Haushofer (2016).
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(‘never or rarely’) to 3 (‘most of the time or all of the time’) and aggregated to a final score ranging
from 0 to 57, with higher scores indicating a higher propensity for depressive symptoms. Online
Appendix Table A.1 presents all items of the CES-D score and Online Appendix Figure A.1
shows the distribution of CES-D scores in Wave 1.

The CES-D scale is a widely used instrument to study mental health. It has been adopted to
study how far an individual’s mental health status spreads through a social network (Fowler and
Christakis, 2008; Rosenquist et al., 2011), the effect of mental health for educational attainment
(Fletcher, 2008; 2010), and the consequences of wealth shocks (Schwandt, 2018), cash transfers
(Haushofer and Shapiro, 2016) or religion (Fruehwirth et al., 2019) on mental health. Moreover, a
rich literature in psychology and psychiatric epidemiology has examined the concurrent validity
(i.e., the extent to which the CES-D and a subsequent diagnosis coincide; e.g., Lewinsohn et al.,
1997), reliability, and internal consistency of the CES-D scale (e.g., Roberts et al., 1990; Radloff,
1991), and it is frequently used in clinical practice (see, e.g., Murphy, 2011, for a review).

We further check the link between the CES-D scores in Add Health at Wave I with several
measures related to mental well-being. Panel A of Online Appendix Table A.2 documents strong
associations between CES-D scores measured in Add Health and receiving counselling in the
past year, anxiety, self-esteem and suicidal ideation. These correlations are consistent with the
validity of the scale for capturing mental health that has been established in the psychological
literature.

In the main part of our analysis, we focus on the 19-item CES-D scale as a measure of mental
health. Yet, later waves only administered a short scale comprised of a subset of the original
items. Thus, when studying the persistence of our results, we scale the CES-D scores of later
waves to obtain a comparable measure across waves. To perform the rescaling, we scale the
nine (ten) item scales of Wave III (IV) by 19/ (19/10) to match the 19 item scale administered
in Waves I and II. We confirm that these short scales are empirically comparable to the Wave
I scale. First, using data from Wave I, Online Appendix Figure A.2 shows that the short and
long versions of the CES-D scale are indeed highly correlated (o = 0.95 and 0.96 for the 9 and
10-item scale, respectively). Second, we repeat the associations between CES-D and Wave I
counselling, anxiety, self-esteem, and suicidal ideation reported in panels B and C of the Online
Appendix Table A.2. We find that both the Waves III and IV rescaled short versions continue to
be highly correlated with these measures.

2.2. Summary Statistics

Table 1 presents summary statistics of our sample in Wave 1. After dropping observations from
schools with fewer than 20 students in total and 5 students per grade, we observe 18,459 students
in Wave I, where 51% of these students are female and they are on average 15.6 years old. The
majority of students are White (53%), about 20% report at least one foreign born parent, and
34% of all students come from college-educated households with average household incomes of
$46,000. Moreover, the mean CES-D score in our sample is 11.3.

3. Stylised Facts on Mental Health Over the Life Cycle

We begin by documenting the evolution and persistence of mental health over the life cycle
using the rich information from the Add Health study. In particular, we show that mental health
manifests itself early in life and stays persistent over the life cycle. These stylised facts highlight
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Table 1. Summary Statistics.

Mean SD

Female 0.51 0.50
Age 15.63 1.70
White 0.53 0.50
Child of an immigrant 0.21 0.41
Number of older siblings 0.52 0.76
College-educated parents 0.34 0.47
Single-parent household 0.32 0.47
Household income (1000s) 46.33 45.88
Mental health (CES-D scores) 11.33 7.60
Ability (AHPVT scores) 100.17 14.67
Grade 7 0.13 0.34
Grade 8 0.13 0.34
Grade 9 0.18 0.38
Grade 10 0.20 0.40
Grade 11 0.19 0.39
Grade 12 0.16 0.37
Observations 18,459 -

Notes: This table presents summary statistics for the sample in Wave I of Add Health after
dropping observations from schools (grades) with fewer than 20 (5) students.

the importance of studying the features of the school environment as determinants of mental
health, thus motivating our subsequent analysis.

3.1. Evolution of Mental Health over the Life Cycle

Add Health data at Wave I covers respondents from different ages ranging from 11 to 19 years.
Although there are several years between the data collections of different waves, there is a
partial overlap in ages covered by different waves. This allows us to aggregate age-specific
mental health measures across waves. We do this using the rescaled CES-D scores from later
waves, as we defined in Section 2, because later waves employ a subset of the full scale (Online
Appendix Figure A.4 replicates the results in this section using weights from OLS regressions
in Wave I rather than rescaled CES-D scores with identical results). Moreover, we restrict the
sample to those respondents whom we observe across Waves I, III, IV and V to present the
evolution and persistence of mental health based on a balanced panel. To increase precision, we
aggregate age groups into two-year bins and trace the evolution of mental health measured by
CES-D scores from adolescence through midlife.

Figure 1 displays the average evolution of CES-D scores over time. We observe that CES-D
scores increase, and hence mental health deteriorates until the age of 20, i.e., during the time when
respondents are still in school, and stabilises afterwards. In the Online Appendix Figure A.3, we
present analogous figures and differentiate the evolution of mental health by gender, ethnicity,
parental education, and whether respondents were raised in a single-parent household. While there
is cross-sectional variation in mental health with females, non-White people and respondents
with lower socioeconomic status having higher CES-D scores and thus worse mental health, the
evolution over the life cycle is similar across subgroups.® In particular, we observe the same steep
increase in CES-D scores until age 20 and a relatively flat pattern afterwards for all subgroups.

8 In Online Appendix Table A.3, we quantify these cross-sectional differences with regressions relating CES-D
scores in Wave I to observable characteristics of students. Females have 0.25 SD higher CES-D scores than males,
while differences between Whites and non-Whites, between children from college-educated and non-college-educated
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Fig. 1. Evolution of Mental Health Over the Life Cycle. This figure presents mean CES-D scores at 2-year
age bands after pooling over Waves 1, 111, 1V and V, and controlling for survey wave effects. Higher CES-D
scores correspond to worse mental health. The shaded area indicates 90% confidence intervals.

This observed increase in the prevalence of depressive symptoms over the adolescent period is
consistent with a number of observations and hypotheses from the behavioural sciences. Thapar
et al. (2012) summarise the literature and describe four broad mechanisms giving rise to the
increase in mental illnesses during adolescence: (i) family and genetic factors (e.g., inherited
risk factors), (if) psychosocial risk factors (e.g., exposure to stressful life events), (iii) gene-
environment interplay (e.g., genetic pre-disposition with increasing sensitivity to adversity) and
(iv) brain development and hormonal changes with the onset of puberty (e.g., development of
emotional regulation during adolescence creating stronger emotional responses; see also Ahmed
et al., 2015).

Adbverse life events may have an important role in adolescent depression because of heightened
brain activity in the reward and danger-sensitive regions. Exposure to adversity does not neces-
sarily lead to depression. However, there is considerable evidence in the literature that family
adversity, bullying, peer rejection and a wide range of additional possible stressors, can prompt
the onset of depression and have long-term consequences into adulthood (Thapar et al., 2012;
McCormick and Green, 2013). Groups at risk appear to be those who experience multiple adverse
events, along with girls, in particular, who appear to exhibit greater differences in brain activity,
which further enhances their risk (Thapar et al., 2012). This is consistent with our observation
that girls and groups likely to have experienced multiple adverse events (e.g., minorities and
those with less educated parents) tend to have elevated depressive symptoms.

3.2. Persistence of Mental Health Over Time

While Figure 1 shows that average mental health remains relatively stable after the age of 20, it
does not tell us about persistence on the individual level. We therefore provide further evidence
on the persistence of mental health by studying the relation between CES-D scores in subsequent
waves. Figure 2 presents the distribution of CES-D scores in Waves I, III, IV and V, plotted
against the corresponding scores in the previous wave, including linear and non-parametric fits.

households, and between children raised in two-parent and single-parent families range between 6 and 10% of a standard
deviation.
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Fig. 2. Persistence in CES-D Scores over Time. This figure presents a scatter plot of CES-D and lagged
CES-D scores, as well as linear and non-parametric fits. We pool across Waves 1, 111, IV and V (note: Wave
11 is omitted because high school leavers in Wave I are not sampled during Wave 1l), resulting in a time lag

of 7 (Waves I to 111, and 11l to 1V) and 9 years (Waves IV to V).

We observe a strong autocorrelation of 0.39 in CES-D scores across waves. To put this number
into perspective, we compare this autocorrelation to test—retest statistics of CES-D scales. For
instance, Roberts et al. (1990) report one-month test—retest correlations of 0.49 and 0.60 for boys
and girls. Given that the lags between the Add Health’s waves are about seven to nine years, this
persistence in mental health is remarkable.

The long-term persistence in mental health documented here is consistent with evidence in
the psychological literature. Depressive symptoms during adolescence are linked with a high
probability of depressive problems later in life (Thapar ez al., 2012). However, to our knowledge,
very few studies have provided evidence based on nationally representative longitudinal data. In
a representative sample of a cohort in New Zealand followed from early to midlife, Caspi et al.
(2020) document that 59% of their sample experienced an onset of a mental health disorder by the
close of adolescence. Moreover, those individuals who experienced an onset during adolescence
also exhibited a greater number and variety of symptoms over time. Relatedly, Plana-Ripoll ez al.
(2019) report strong comorbidity over at least 15 years (i.e., an increased risk of developing further
mental disorders after a first one) and Momen et al. (2020) extend these findings, highlighting
an increase for subsequent medical conditions, independently of mental health disorders. Again,
the strong persistence we observe is consistent with the limited evidence available.

Together, Figures 1 and 2 provide a first indication that the school environment may have a
lasting effect on the mental health of students: Mental health seems to be particularly malleable
during adolescence and displays a strong persistence over time.

4. Empirical Strategy

In order to test the predictions of the theoretical framework in Section 1, we aim at isolating
a shock that may affect students’ beliefs about their ability. Ideally, we want to lever a shock
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that provides information about an individual’s relative ability only, holding everything else
constant. We use a particular peer effect—students’ ordinal ranks in their school cohort—as such
an information shock, which conditional on own and peer ability captures information about
the relative standing within a cohort only. In the following, we first describe how we construct
our main variable of interest, the ordinal rank of students, before we illustrate our identification
strategy.

4.1. Constructing Students’ Ordinal Ranks

We construct students’ ordinal ranks based on an assessment of their cognitive ability, which is
comparable across cohorts and schools. More specifically, we use the condensed version of the
revised Peabody Picture Vocabulary Test (PPVT-R; Dunn and Dunn, 2007) that was administered
as part of Wave I, and provides us with an objective, age-specific and standardised measure of
ability. To administer the test, respondents matched progressively difficult words spoken by the
interviewer to one of four pictures they thought best described the meaning of the word. An
advantage is that this test could be efficiently implemented and did not require specific literacy
skills to take part (Cheng and Udry, 2005).

The PPVT-R test is a well-known and established test for ability that has good internal consis-
tency and reliability among child and adolescent populations (Beres et al., 2000). It correlates with
other common ability measures such as the verbal and full scale IQ components of the Wechsler
Adult Intelligence Scale (Bell et al., 2001). With our data, we show in Online Appendix Table A.5
that the PPVT-R correlates as expected with a range of educational and labour market outcomes.
Furthermore, the PPVT-R scores are negatively correlated with Wave I CES-D scores (Online
Appendix Figure A.5a) and highly stable over time (Online Appendix Figure A.5b).

To construct a student’s ordinal rank, we first rank students based on their cognitive ability
within their school cohort by assigning them an absolute ability rank.” Due to differing school
and cohort sizes, we subsequently normalise the absolute rank to an ordinal rank by dividing by
the school cohort size:

Absolute rank — 1

Ordinal rank = - . @))]
Cohort size — 1

This results in an ordinal rank which assigns the value 1 to the highest-ranked student and O to the
lowest-ranked student. Figure 3 illustrates how this ordinal rank varies with a student’s ability.
The average ordinal rank increases in a student’s ability. Yet, as we are interested in estimating
the effect of a student’s ordinal rank on their mental health holding ability constant, we need
sufficient variation in ranks for a given ability level. Figure 3 provides some evidence that this
is indeed the case—for each ability decile in the global ability distribution, we observe sizeable
variation in a student’s local rank—but we will revisit this question in the following section after
formalising our identification strategy.

A potential confound for the interpretation of our rank measure based on Add Health’s Picture
Vocabulary Test is that neither students nor teachers learn the results of this test.'” Thus, the

9 We assign the student with the lowest ability the rank 1 and then increase the absolute rank. Thus, the higher a
student’s absolute rank, the higher their ability. To define the absolute rank, we count the number of peers with a lower
ability, implying that if two students have the same ability they are assigned an equal rank. We relax this definition in
robustness checks.

10 Alternatively, we could have used a student’s GPA to calculate ranks. Yet, this measure would have considerable
limitations. First, GPA may be comparable within a school cohort, but comparisons across cohorts and schools may be
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Fig. 3. Variation in Students’ Ordinal Ranks by Ability Decile. This figure presents the variation in ranks
for each ability decile. In particular, for each decile, boxes illustrate the 25th, 50th and 75th percentiles of
ordinal ranks, while grey lines indicate the mean ranks.

question remains how salient is our rank measure. In Subsection 5.3, we provide evidence that
ranks affect students’ beliefs about their relative ability and college-going expectations, indicating
that ranks are indeed salient to students.

Another concern is that ability was measured as part of Wave I, and hence could be determined
simultaneously with students’ ranks. Yet, evidence in the literature indicates that crystallised
intelligence—as measured by the PPVT-R—is only malleable early in life and is considered
stable from age 10 onward (Jensen, 1998). At the time of Add Health’s Wave I, when students
were on average 15.6 years old, our measure of cognitive ability can therefore be seen as pre-
determined and unaffected by features of the school environment and the students’ own or their
parents’ investments.

In order to provide empirical evidence that ability seems to be fixed, we exploit that the ability
test was administered again in Wave I1I. Online Appendix Figure A.5b shows that the association
between the two ability tests is near perfect. Yet, one might still be concerned with a potential
spillover from ranks to ability. Hence, we also test for an effect of ordinal ranks in Wave I on
ability in Wave III. As shown in Online Appendix Figure A.5c, when conditioning on Wave I
ability, which we do in all of our analyses, the effect of ranks on ability in Wave III is essentially
zero (the pattern is flat except in the extreme tails). This suggests that cognitive ability is rather
stable and pre-determined at the time of observing our sample.

Furthermore, we might be concerned that depressive symptoms shift performance in the Picture
Vocabulary Test, and therefore contaminate our ability measure and ranks. To examine such a
concern, we extend the previous idea and regress ability in Wave III on CES-D scores in Wave
I on the same controls—most importantly the polynomial in Wave I ability—as in our baseline
specifications. Online Appendix Figure A.5d shows that we do not find any link between CES-D
scores in Wave I and ability in Wave III conditional on ability in Wave 1. We do recognise
that brain development continues into adolescence and socio-emotional skills remain malleable.

difficult. Moreover, teachers have discretion about the grades of students potentially capturing confounding effects, and
the students” GPA may be affected by classical peer effects.
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Fig. 4. lllustrative Example of the Identifying Variation. This figure illustrates how variations in the ability

distribution across cohorts allows us to identify rank effects. In these examples, we fixed the minimum and

maximum of the ability distribution and allow either the mean or the variance of the ability distribution to

differ across cohorts. Students are ranked according to their ability as illustrated by the numbers in the

circles. A comparison of cohort A and B shows that holding the mean ability constant can give rise to
different ranks for individuals of the same ability. A comparison of cohorts A and C illustrates that a
variation in mean ability, but constant variance in ability, can also can give rise to different ranks. In

general, any variation (i.e., not necessarily restricted to the first two moments) in the cohort composition

can lead to a wide range of ranks for students of a given ability level. Empirically, we will therefore exploit

any variation in the cohort composition, regardless of the source of variation.

Thus, in later robustness checks, we include a control for personality in additional specifications
where we control for potential determinants of mental health.

Finally, we observe a random sample of students in each school cohort, introducing additional
sampling variation in our data. In Online Appendix F, we report results from a simulation study,
showing that such sampling variation leads our estimates to be attenuated by approximately
one-third if we observe only 10% of the students in a cohort. In our sample, for only 3.4% of
students do we observe less than 10% of their school cohort, while on average 33.8% of all
students in each school cohort are part of our sample.!" Taken together, defining ordinal ranks
using Add Health’s Picture Vocabulary Test yields a measure that is based on pre-determined
characteristics, salient to students and comparable across cohorts as well as schools.

4.2. Exploiting Within School-Cross Cohort Variation in the Cohort Composition

We aim to estimate the causal effect of a specific feature of the school environment: how does
a student’s ordinal rank in their cohort affect their mental health, holding both own and peer
ability constant. Before we discuss our empirical strategy more formally, we want to provide
some intuition for the identifying variation that we are exploiting. Consider three almost identical
students having the same characteristics and, in particular, the same ability. The only difference
between the students is that the composition of their peers in terms of ability differs, resulting in
different ranks. Figure 4 presents an example of this identifying variation. In this example, the
students of interest all have the same ability of 7 (on a 0 to 10 scale), but have different (absolute)
ranks ranging from 8 to 10 depending on the ability composition of their peers. Empirically,
we will compare the mental health of students having the same ability, but who just happen to

1T For the majority of the schools, Add Health samples about 17 students from each grade and gender for the main
sample, independently of the size of the cohort. In addition, there are 16 saturated schools, in which all students were
interviewed.
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have different peers and therefore different ranks in their respective cohorts. In general, these
differences in ranks can not only arise from differences in the mean and variance of peer ability,
but may stem from any variation in the peer composition (i.e., not necessarily restricted to
variation in the first two moments).

4.2.1. Main specification

The identifying variation illustrated in Figure 4 describes our basic identification strategy. We
follow Hoxby (2000a,b) and exploit the idiosyncratic variation in the ability distribution across
cohorts within the same school. This motivates the following empirical specification:

Yies = ¢ rankics + f(aics) + X;,B + oics + €icss (2)

in which y;.; denotes the mental health of student i in cohort ¢ and school s. rank;., is this student’s
ordinal rank within their cohort, as defined in (1), and f (a,-cs) denotes a flexible functional form
of a student’s own ability (in our application we use a fourth-order polynomial, but relax this
in robustness checks). X; corresponds to a vector of student characteristics which includes
gender, age and age-squared, indicators for race or ethnicity (Asian, Black, Hispanic, Other),
an indicator for being the child of an immigrant, the number of older siblings, indicators for
their parents’ highest degree (less than high school, high school/GED, some college, college
degree, postgraduate degree), the log of household income and an indicator for being raised in
a single-parent household. Finally, ;. denotes a set of fixed effects—at a bare minimum school
(85) and cohort fixed effects (y.)—to guide our identification as explained in the following. We
cluster standard errors at the school level.

One obvious concern with (2) is that a student’s ordinal rank is related to the average ability
within the cohort. We aim to focus on the pure information shock and do not want our rank
measure to be confounded by typical peer effects in ability. We therefore add the leave-one-out
peer ability, a_;.,, as an additional control variable, and control for 0;.; = Aa_;.s + &8s + Y. In
refinements, we add further linear-in-means peer effects and standard deviations in these peer
characteristics, to capture other dimensions and potential non-linearities in peer effects.

An additional concern is that parents may select their children’s schools based on trends in
the school ability distribution (see, e.g., Rothstein, 2006; Hastings et al., 2009, for evidence that
parents prefer sending their children to schools with high ability peers). This would potentially
bias our results. In a second specification, we therefore add school-specific cohort trends to
capture this potential source of bias. In this case, we identify the rank effect from variation in
the ability distribution within schools and across grades after taking school-specific linear trends
into account (i.e., 0;.; = Ad_jc5 + 85 + Yo + ¢ X &).

Finally, in our third, and most restrictive specification, we introduce school-specific cohort
fixed effects. Here we go a step further and control for any heterogeneity of a cohort in a given
school. We do this by introducing school-specific grade (cohort) fixed effects, i.e., 0;.; = 85 X Y,
as in Murphy and Weinhardt (2020), and discussed in further detail in Denning et al. (2021).
Using these school-by-grade fixed effects, we absorb any potential peer effects in terms of means,
variances or any higher moment. In this case, to identify rank effects, we rely on the variation
of students’ ranks within their grade (cohort) compared to grades in other schools, after all
observed and unobserved differences between school-specific grades are removed. We adopt
this specification as our preferred specification, as it more clearly removes potential unobserved
factors in school-grade groups that may correlate with rank and mental health.
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4.2.2. Identifying assumption

In order to identify the causal effect of ranks, «, the ordinal rank has to be as good as randomly
assigned. More specifically, this means that we need to assume exogeneity of ranks conditional
on a rich set of controls and fixed effects, that is,

E[Gicslrankics’ f(aics)’ Xi’ 0ics] =0.

In essence, this assumption implies that €. is uncorrelated with a student’s ordinal rank con-
ditional on their own ability, individual characteristics and a set of cohort-level controls. In the
first specification, we assume that these cohort-level controls are given by separate school and
cohort fixed effects, as well as peer effects in student ability, and, in the second, we additionally
capture school-specific time trends. Using these and individual controls, we compare students in
the same school and cohort, with similar peers, and with the same observable characteristics and
ability, but who happen to have different ranks.

Nonetheless, there might be other factors that potentially affect a student’s mental health
and rank that are unobservable to us. If such factors are present, this violates our exogeneity
assumption, and hence prevents us from estimating unbiased rank effects. Therefore, our third
specification with school-specific grade fixed effects absorbs all observable and unobservable
differences between cohorts within and across schools, and is our preferred specification. As
mentioned above, we then identify rank effects from variations in ranks within school cohorts or,
more specifically, from combinations of different shapes of the ability distribution across school
cohorts and own ability that define ordinal ranks. Below, we also report results of a sensitivity
analysis that helps to assess how severe potential confounders would have to be to explain the
effects we observe.

4.2.3. Residual variation

A natural question is how much variation is left in our rank variable after conditioning on our
set of control variables and different fixed effects. We assess this variation in Online Appendix
Table A.4. The standard variation in ranks without controls amounts to 0.28. However, since a
student’s rank and ability are positively correlated, as indicated by Figure 3, some part of the
variation may be due to ability. Moreover, as our analysis will be focused on heterogeneous
effects by ability decile, we need to ensure that there is sufficient variation in our variable of
interest in each of the deciles.

To assess this condition, we calculate the residual variation in ranks after controlling for
background characteristics and different sets of fixed effects, and we compare this to the raw
standard deviation in ranks. Online Appendix Table A.4 shows that the raw standard deviation
in ranks by decile varies between 0.09 and 0.18. Conditioning on school and grade fixed effects
and our set of baseline controls reduces this variation to 0.07-0.12. Using school-specific grade
fixed effects leaves a similar degree of variation at 0.07-0.11. Our rich set of controls and fixed
effects leaves at least 40% of the raw variation. Thus, there remains substantial residual variation
in ordinal ranks to study their causal effect on mental health.

4.2.4. Balancing tests

Finally, we perform balancing tests on our main treatment variable and other peer variables to
provide evidence that the peer composition across cohorts within schools is indeed consistent with
quasi-random peer assignment. Each cell of Table 2 presents a regression of our treatment vari-
able of interest—the ordinal ranks of students in their cohort—or another variable that should be

© The Author(s) 2023.

€202 YOJBIN 90 UO J8SN SPO0S) SAIJOS]|00) UO U0Jeasay 10} 8jnisu] Soueld Xe Ad 6G62£99/1.82/679/€E L/o1oIE/fo/w00 dno"olwspese)/:sdjy Wolj papeojuMOq



[JANUARY

THE ECONOMIC JOURNAL

298

Downloaded from https://academic.oup.com/ej/article/133/649/281/6632959 by Max Planck Institute for Research on Collective Goods user on 06 March 2023

*3[qe) AY) JO WO03I0q Y} & PAJLIIPUI SE $)03JJ2 paxy pue Ayifiqe ur [erwoukod 10pIo-y1noy
© JOJ S[OTU0D 9pN[OUT suoneoyrdads [[y "mol yoea jo Jutuurdaq ay) Je pajedIpur A[qeLrea o) uo (Afiqe 10od ur uonerrea prepuels 1o ‘Aiqe 109d pasipIepue)s “Yuel) Iopeay uwnjod
ay) ur J[qeLIeA Y} Jo uoIssaISar ajeredas e sjuasard [[90 yory ‘[AAJ] [00YOS Y} Je PaIAIsSN[d pue sasayjuared ur s1ourd prepuelS ‘10°0 > d . S0°0 > d ., 10 > d |, SaI0N

SOA ON ON SOX ON ON SOX ON ON g 9peIs X [0oyog
ON SOX ON ON SOX ON ON SOX ON spuar) oyroads-jooyos
ON SAX SAX ON SAX SAA ON SAA SA a4 u_umuw pue [ooydS
S9X S9A S9A S9A S9A SQA SOA SOA SOA \S:_D<
(000°0) (000°0) (000°0) (000°0) (000°0) (000°0) (000°0) (000°0) (000°0)
000'0— 0000 0000 000°0— 0000 0000 000'0— 000'0— 000'0— (s00uno) JySrom yurg
(1000) (800°0) (600°0) (000°0) (¥00°0) (¥00°0) (100°0) (100°0) (100°0)
000'0— L00'0— 100°0— 000°0— S00°0 9000 2000 0000 0000— PIIYO UI0q-1SI1]
(100°0) (€00°0) (¥00°0) (000°0) (100°0) (200°0) (100°0) (100°0) (100°0)
100°0 000'0— €00°0— 000°0— 100°0— €00°0— 0000— 0000— 0000 9ZIS P[OYISNOH
(200°0) (2100 (S10°0) (100°0) (000 (900°0) (200°0) (200°0) (200°0)
€000 110°0— €20°0— 0000 1000 0000 €00°0— €00°0— $00°0— sdureys pooy saareda1 pOYISNOH
(0000 (0000 (000°0) (000°0) (000°0) (000°0) (000°0) (000°0) (0000
0000 0000 0000 0000 0000 0000 000'0— +000°0— 000'0— (000°T$SN) dwoduI PloYasNoH
(1000) (600°0) (1100 (100°0) (¥00°0) (5000 (100°0) (200°0) (200°0)
1000 $10°0 9100 0000 100°0 €00°0— 200°0— 700°0— 200°0— Juared o[3uts € Aq pastey
(200°0) (800°0) (600°0) (100°0) (¥00°0) (5000 (200°0) (200°0) (200°0)
0000 9000 110°0 1000— €000 €000 0000 0000— 0000— sjuared pajeonpa-o39j0)
(€00°0) (T10°0) (€10°0) (200°0) (900°0) (110°0) (€00°0) (€00°0) (€00°0)
#0000 72070 6100 €00°0— S00'0— €000 000 — L0000 — #x800°0— AMYM
(100°0) (5000 (L00°0) (000°0) (£00°0) (€00°0) (100°0) (1000 (100°0)
+200°0 S00°0— L00'0— 0000 700°0— 1000 200°0— 1000— 200°0— Sewo]
(6) (8) (L) 9) (S) (€2) (€) (0) ()
(pas) (Kuiqe 10ad) S ('p3s) Lupiqe 1004 yuey

‘§1§9[ Surouv)pg 7 Aqel,

© The Author(s) 2023.



2023] PEERS AND MENTAL HEALTH 299

quasi-randomly assigned—peer ability and variation in peer ability—on pre-determined charac-
teristics of students as well as a fourth-order polynomial in ability and one of the three sets of
fixed effects ;..

Consistent with quasi-random assignment of peers, we observe most characteristics are not
related to our treatment variables. Only the indicator whether a student is White seems to be
associated with a higher rank. Yet, given that this association does not hold for other quasi-
randomly assigned peer variables, the number of tests performed is relatively high, and that the
coefficient is small, amounting to less than one percentile score, we interpret the balancing check
as consistent with quasi-random assignment of peers.

5. Results

How does a student’s ordinal rank affect mental health? Our theoretical framework in Section 1
generates four predictions: First, we should observe that positive (negative) shocks, in our
application proxied by ability ranks in the school cohort, benefit (worsen) a student’s mental
health. Second, negative shocks have more pronounced consequences than positive ones. Third,
rank effects are predicted to be stronger at the lower end of the ability distribution, where
students are more likely to withdraw their study effort in response to negative shocks. Finally,
the framework suggests that these effects are persistent over time. In the following, we will test
these predictions.

5.1. Average Effect of Students’ Ranks on Mental Health

We begin by studying the average effect of a student’s rank on their mental health. More
specifically, we relate a student’s mental health measured by CES-D scores to their ordinal rank
based on our main specification in (2) with standard errors clustered at the school level. We
present our results in Table 3 and Figure 5. Based on our first empirical specification controlling
for separate school as well as cohort fixed effects, and ability peer effects, column (1) shows
that higher ranks reduce CES-D scores, i.e., they improve the students’ mental health. More
specifically, moving a student from the 25th percentile to the 75th improves their mental health
by 0.8 CES-D points; increasing a student’s rank by 1 SD (0.28 percentiles) yields a 0.06 SD
improvement in mental health.

How large are these effects relative to mental health gaps due to socioeconomic differences
in mental health? In Online Appendix Table A.3, we present associations of several background
characteristics on (standardised) CES-D scores. The estimated effect size is similar to the differ-
ence in mental health of children from college-educated and non-college-educated households,
about two-thirds of the difference between White and non-White students, or the difference
between students raised by a single parent and those raised by both parents.

Another point of comparison can be based on meta-analyses of the efficacy of anti-depressants
or positive psychology interventions (Mitte et al., 2005; Turner et al., 2008; Bolier et al., 2013):
effect sizes of these interventions yield effects of 0.20-0.34 SD on outcomes such as psychological
well-being, depression and subjective well-being. Given that these are targeted interventions, we
consider the estimated effects of ordinal ranks as large. A fact that is all the more striking as it
results from natural variation in the ability composition of school cohorts, conditions on a rich set
of demographic characteristics, and removes variation from a rich set of fixed effects capturing
systematic variations between schools and grades.
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Table 3. Average Effect of Ordinal Ranks on Mental Health.
Mental health (CES-D score)

(1) 2 3 “ (O]

Panel A. Baseline effects
Rank —1.60** —1.59* —1.64** —1.62** —1.70**

(0.75) (0.75) (0.76) (0.76) (0.76)
Ability and controls Yes Yes Yes Yes Yes
Ability peer effect (mean) Yes Yes Yes Yes No
Further peer effects (mean) No Yes Yes Yes No
Ability peer effect (SD) No No Yes Yes No
Further peer effects (SD) No No Yes Yes No
School and grade FEs Yes Yes Yes Yes No
School-specific time trends No No No Yes No
School x grade FEs No No No No Yes
Mean CES-D score 11.3 11.3 11.3 11.3 11.3
Observations 18,459 18,459 18,459 18,459 18,459
R? 0.109 0.109 0.110 0.117 0.128
Panel B. Standardised effects
Rank (std.) —0.06** —0.06** —0.06** —0.06** —0.06**

(0.03) (0.03) (0.03) (0.03) (0.03)
Panel C. Role of unobservables
Oster’s § (R2,,, = 1.3R?) —-1.05 —1.23 —-1.65 —2.76 —-2.39

Notes: * p < 0.1, p <0.05,"* p < 0.01. Standard errors are in parentheses and clustered at the school level. In Panel
A, each coefficient presents a regression of CES-D scores (lower scores corresponding to better mental health) on an
individual’s percentile rank at the school level based on (2). We include a fourth-order polynomial in own ability, gender,
ethnicity, age and age-squared, an indicator for being a child of an immigrant, the number of older siblings, parental
education, logged household income and being raised by a single parent as control variables. Peer ability includes the
leave-one-out mean and standard deviation of peer ability, peer controls comprises additional peer effect terms in gender,
ethnicity and parental education. We present standardised effects of our main effect in Panel B. Panel C presents the
results from a sensitivity analysis based on Oster (2019) and quantifies how severe selection based on unobservables
would need to be for zero rank effects. To calculate §, we follow Oster (2019) and assume a maximum R,%, ax Of 1.3 times
the actual R

In the remaining columns of Table 3 we adopt further specifications to investigate the robustness
of this result. In particular, column (1) is restrictive in that it only allows for peer effects in ability.
Yet, the literature on peer effects has identified a range of different peer characteristics that
causally affect students’ performance and thereby may also affect their mental health. Examples
include the share of females, minorities or students with high socioeconomic status (Hoxby,
2000b; Lavy and Schlosser, 2011; Borbely et al., 2021; Cools et al., 2021). We add these
additional peer effect terms in column (2). Furthermore, in column (3), we also add controls for
the standard deviation in peer ability and other peer characteristics capturing potential non-linear
peer effects. Our estimates show that the rank effect is robust to the inclusion of these additional
peer effects and varies only slightly.

Our identification is based on quasi-random variation in peer ability across cohorts in a given
school. Yet, if parents select schools for their children based on trends in the ability distribution,
this might bias our results. To account for such factors that change within a school over time, we
further include school-specific time trends in column (4), which neither change the size nor the
statistical significance of our results.

In column (5), we adopt an even stricter empirical specification using grade-by-school fixed
effects, and thus not only account for linear trends in the school-specific ability composition
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Fig. 5. Average Effect of Ordinal Ranks on Mental Health. This figure presents the results from a
regression of CES-D scores (lower scores corresponding to better mental health) on students’ percentile
ranks in their cohort (higher ranks correspond to higher relative ability) conditional on a fourth-order
polynomial in own ability, gender, ethnicity, age and age-squared, being a child of an immigrant, number
of older siblings, parental education, logged household income, and being raised by a single parent, as
well as school and grade fixed effects as in column (5) of Table 3.

over time, but for any trend. Additionally, this set of fixed effects accounts for all observed and
unobserved peer effects and exploits variation within school-grades, to identify the effect of
ordinal ranks on the mental health status of students. The coefficient of interest slightly increases
in magnitude, but are wholly consistent with the other estimates. As this specification accounts
more fully for potential contamination from unobserved peer effects, we focus on it moving
forward as our preferred specification (also recommended by Denning ef al., 2021).

Taken together, the results from Table 3 document that students’ ranks among their peers
exert a causal effect on students’ mental health measured by CES-D scores in line with the
central prediction of our model. Decreasing (increasing) a student’s rank by 1 SD causes an
approximately 0.06 SD decrease (increase) in a their mental health, comparable in magnitude to
effects of ranks on test scores (0.08 SD; Murphy and Weinhardt, 2020), and to the raw mental
health difference between children with college and non-college-educated parents.

5.2. Robustness Checks

In this section, we report a series of additional analyses to probe the robustness of our finding.

5.2.1. Nonlinearity in ability

In our main specification, we adopt a fourth-order polynomial in Peabody scores to take the
relation of mental health and ability into account (see also Online Appendix Figure A.5a on
the relationship between ability and CES-D scores). Yet, one might be worried that this arbi-
trary choice drives our results. In Online Appendix Table B.2, we therefore examine different
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polynomials up to a sixth order. We find that using linear or quadratic controls in ability increases
our estimated coefficient on ordinal ranks and thus would strengthen our main result. The rank
estimates stabilise for higher-order polynomials in ability. Moreover, we also include a specifi-
cation with indicators for each level of the ability score, which non-parametrically controls for
different ability levels, and find our results remain unchanged.

In a second set of specifications, we use a data-driven approach to select the (ability) control
variables by employing a post-double selection (PDS) lasso (Belloni et al., 2014). The PDS lasso
penalises control variables, but allows valid inference on non-penalised treatment variables.
We perform two such specifications, one in which we allow penalisation terms of an eight-
order polynomial only, and one in which we additionally allow for penalisation of the set of
baseline control variables (e.g., gender, race indicators, age). Both specifications penalise higher-
order ability terms, leaving only a second-degree polynomial or a linear trend in ability, which
suggests a relatively linear relationship of CES-D scores and ability, as also illustrated in Online
Appendix Figure A.5a. More importantly, however, the estimated effects of ordinal ranks remain
unaffected and, if anything, become more pronounced.

5.2.2. Definition of peer groups

We defined peer groups based on all students in a given cohort. Yet, evidence exists that students
form friendships with similar peers (i.e., that friendship networks exhibit homophily; see McPher-
son et al., 2001; Graham, 2015, for overviews over the literature) and that they systematically
select their relevant peers from larger peer groups (Kiessling et al., 2019). This raises the question
whether the rank effects should be defined at a more local level. Hence, we explore how our
results change when we allow for differential rank effects by finer subgroups. More specifically,
we enrich our main specification and add a second rank calculated (i) within grade and gender,
(7f) within grade and race, or (iii) within grade, gender and race. Online Appendix Figure B.1
presents the results from these specifications. As can be seen from this figure, the baseline
effect remains similar across specifications and the additional ranks based on different peer group
definitions have small and insignificant effects. Hence, calculating ranks within grades seems
appropriate, and this suggests that, in our setting, the effects seem to stem from comparisons to
all peers in a cohort rather than from a specific subgroup.

5.2.3. Definition of ranks

In our definition of ranks, we calculate absolute ranks based on the number of peers with a strictly
lower ability as in Elsner and Isphording (2017), and Elsner and Isphording (2018). Yet, other
definitions are conceivable with implications for the assignments of ranks for those students who
are in the same school cohort and have the same measured ability. For instance, we could have
assigned absolute ranks based on the number of peers with a lower or equal ability rather than a
strictly lower ability. Alternatively, we could assign the mean of both methods to get at an average
rank in case of ties. In Online Appendix Table B.3, we compare these different definitions of
ranks and find that our estimates are robust to the precise definition of ranks.

5.2.4. Personality and social interactions as potential confounds

In Section 4, we provided some evidence that conditional on Wave I ability, it is unlikely that
reverse causality contaminates our rank effect estimates. Yet, it is well known that non-cognitive
skills such as self-control continue to develop during adolescence (Heckman and Mosso, 2014).
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This could capture the impact of past shocks on ability beliefs, if past shocks also directly
impact non-cognitive skill or do so indirectly through impacting past ability beliefs. Furthermore,
empirical evidence indicates that positive peer relationships can improve mental health (Eisenberg
et al., 2013) and a positive link between friendship network centrality and perceptions of social
climate (Alan et al., 2021).

To check whether these factors mediate the estimated rank effect, we include conscientiousness
as an important dimension of one’s personality, as well as Bonacich centrality as a measure of
students’ popularity. We further control for indicators of whether students have named a best
male friend who reciprocates as a friend and likewise for a best female friend. As shown in
Online Appendix Table B.4, we find that our rank effect estimates remain entirely consistent
with our baseline estimates, further alleviating concerns over the potential confounding channels
discussed here.

5.2.5. Role of unobservables

Our identification strategy assumes that a student’s rank is exogenous conditional on own ability
and school and cohort fixed effects. It is reassuring that our findings remain nearly unaffected once
we control for additional potential confounds, and when we adopt the stricter specification using
school-specific cohort fixed effects. A more formal approach to test for the role of unobservables
is to ask how severe selection based on unobservables would have to be to drive down the
estimated rank effects to zero. In order to quantify this, we follow Oster (2019) and calculate §, a
measure for the degree of selection based on unobservables relative to observable characteristics.
If 6 is larger than one, this indicates that selection on unobservables would need to be at least as
important as selection based on observables to explain our effects. As shown in Panel C of Table 3,
the magnitude of 6 is larger than one in all specifications. Given that we control for arguably the
most important factors that could bias students’ ordinal ranks and that may affect mental health
through differences in the cohort composition, these numbers imply that we would have to be
missing highly relevant variables in order for unobservables to give rise to our estimated effects.
Hence, we conclude that unobservables are unlikely to drive our estimated rank effects.

5.2.6. Sorting based on ranks

One concern is that parents may select schools based on the rank that their children would have,
violating our assumption that the rank is as good as randomly assigned. Yet, there is plenty of
evidence that parents prefer sending their children to schools with high-ability peers (Rothstein,
2006; Hastings et al., 2009; Burgess et al., 2015; Jackson et al., 2021). If this is the case, then
this is not consistent with positive sorting based on ranks, as ranks and peer ability are inversely
related.

Moreover, several patterns in our data suggest that sorting based on ranks is a minor concern.
First, in Online Appendix Figure B.2 we show that even if parents sort into specific schools
based on average peer ability, there remains high uncertainty about the resulting rank of a student
with a given ability. This implies that sorting on average ability and rank is rather difficult.
In addition, as we show in Online Appendix D, the size of the rank effect does not differ by
average school ability, and is not driven by a specific subset of students or schools having certain
characteristics.

Second, we assume that conditional on school and grade (school-by-grade) fixed effects as
well as our baseline set of controls, the variation in ranks is as good as random. Yet, as shown
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in our balancing checks in Table 2, pre-determined individual characteristics do not seem to
be systematically related to ranks, average peer ability or the variation in average peer ability,
indicating that sorting based on ranks or other peer characteristics is unlikely to explain our
results.

5.2.7. Heterogeneous effects of school ability distributions

So far, we have accounted for variation at the school-by-grade level, individual background
characteristics and flexibly controlling for ability. Yet, Booij et al. (2017) find heterogeneity
across students’ prior ability in how the distribution of classrooms in their data impacted students’
outcomes. Denning et al. (2021) point out that these interactions may correlate with rank. Hence,
omitting these factors will introduce a spurious correlation biasing our results. Their approach
is to make comparisons across classes (school cohorts in our data) that have similar, but not
identical, distributions by interacting ability with indicators for quartiles of the school mean
ability and variance distributions.

We follow this approach and interact our ability controls with quartile indicators for a school’s
average ability (variance in student ability) relative to all other schools. Our results are reported
in the Online Appendix Table B.5. We report three specifications for interacting students’ ability
with (i) school mean ability quartile indicators, (i) school variance quartile indicators and
(iii) both sets of interactions. Including these interactions, our results remain robust, despite losing
some efficiency for the exhaustive set of interactions with both mean and variance indicators.

5.2.8. Simulations to assess the role of measurement error

The Add Health data have several sources of classical and non-classical measurement error. First,
only a random subset of all students in each school is sampled introducing potential biases in our
main variable as we observe only a fraction of the cohort. Second, our ability measure may suffer
from measurement error that translates into a mis-measured rank. Third, although our analysis
above suggests that unobservables are unlikely to drive our results, they potentially distort our
estimates if there are omitted variables correlated with ability. Fourth, there may be sorting into
different classrooms based on ability within school cohorts, which we cannot observe. This would
imply that we calculate the students’ ranks based on incorrect reference groups. Fifth, and finally,
CES-D scores are aggregated from a small number of items that are scored on a scale from 0 to
3 rather than on a continuous scale.

We assess these concerns using a series of Monte Carlo simulations reported in Online Ap-
pendix F. We find that these various forms of measurement error lead to mild to moderate
attenuation of our estimates and reduced efficiency. This implies that we are likely to underesti-
mate the true causal effect of ranks on mental health.

5.3. Beliefs as a Mechanism

Our theoretical framework suggests that beliefs are a key mechanism for how shocks translate
into mental health. While this is an untestable assumption, we provide empirical support for
this modelling choice in Table 4. Specifically, Panel A (B) presents estimated rank effects
(standardised rank effects) on three different beliefs and expectations: students’ beliefs about
their relative ability, whether students aspire to go to college, as well as students’ expectations
about attending college. All three beliefs are significantly affected by students’ ranks in their
cohorts. In fact, the standardised effect sizes are nearly identical in magnitude to the effects for
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Table 4. Students’ Ranks Affect their Beliefs.

Standardised beliefs
@ (@) (3)
Belief about relative Wants to attend Expects to attend

ability college college
Panel A. Baseline effects
Rank 0.26** 0.23% 0.21*

0.12) (0.09) (0.09)
Ability and controls Yes Yes Yes
School x grade FEs Yes Yes Yes
N 18,434 18,406 18,392
R? 0.174 0.130 0.196
Panel B. Standardised effects
Rank (std.) 0.07** 0.07** 0.06**

(0.03) (0.02) (0.03)
Panel C. Mediation of rank effects on CES-D scores
Share mediated 14.7% 15.8% 19.2%

Notes: * p < 0.1, p < 0.05, ** p < 0.01. Standard errors are in parentheses and clustered at the school level. Each
specification includes all controls as in our preferred baseline specification. Panel A presents specifications in which the
dependent variable is students’ standardised belief about how intelligent they feel compared to other people of their age
(elicited on a 6-point Likert scale with 1 corresponding to ‘moderately below average’ and 6 corresponding to ‘extremely
above average’) in column (1) and students’ college-going aspirations, as well as students’ expectation how likely they
are to go to college as the dependent variables (elicited on a 5-point Likert scale with 1 corresponding to ‘low” and 5
corresponding to ‘high’) in columns (2) and (3). Panel B expresses these estimates in terms of a 1SD change in ranks.
Finally, Panel C calculates the share of the rank effect on CES-D scores that is mediated through each of the three belief
variables.

CES-D scores in Table 3: a one standard deviation increase in ranks increases beliefs by 5-7%
of a standard deviation.

Given these similar effect sizes, Panel C then asks how much of the original rank effect on
CES-D scores is mediated by each of the three belief measures. To do this, we run an auxiliary
regression, in which we enhance our main specification to estimate rank effects on CES-D scores
by including the belief measure. We multiply the coefficient on the belief with the estimated rank
effect from Panel A of Table 4. We then divide this through the original rank effect on CES-D
scores shown in Table 3. While the resulting mediating effect cannot be interpreted as causal, it
provides our best guess on how much of the original rank effect on mental health is mediated
through each of the beliefs. We find that each of the beliefs mediates between 15% and 19%
of the original effect, indicating beliefs as an important mechanism in line with our theoretical
framework.

Recent results by Pagani et al. (2019) complement these findings. Using data on Italian high
school students, they show that rank effects on personality traits seem to operate through beliefs
in the form of perceived ability and academic motivation in line with the results presented in
this section. We also check whether the rank effects translate into school performance effects.
As also shown by Elsner and Isphording (2017), we document in Online Appendix Table B.1
that higher ranks indeed lead to a better grade point average (GPA). In addition, we document
that they also decrease the likelihood of having been absent from school. These results indicate
that adolescents respond to the ability ranks in terms of their school behaviour, and these effects
seem to operate through students’ beliefs.
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Table 5. Different Facets of Mental Health.
Principal components of CES-D scores (std.)

1) (@) 3 “

Loneliness Lack of pos. attitude Lack of motivation External factors
Rank —0.07 —0.24** —0.16* 0.03
(0.10) (0.09) (0.09) (0.10)
Ability and controls Yes Yes Yes Yes
School x grade FEs Yes Yes Yes Yes
N 18,411 18,411 18,411 18,411
R? 0.095 0.100 0.047 0.045

Notes: * p < 0.1, p <0.05,"* p < 0.01. Standard errors in parentheses and clustered at the school level. The outcome
is a standardised factor (with zero mean and a standard deviation of 1) from a principal component analysis of all 19
items of the CES-D scale. We include all base controls and school-grade fixed effects as in our baseline specification of
column (5) in Table 3, and hence can compare the results to the standardised average effect in Panel B, column (5) of
Table 3.

5.4. Different Facets of Mental Health

In our analysis, we use the CES-D score based on the sum of the single items as it is commonly
used in the literature. While all of the items are related to depressive symptoms, they cover
different facets. In order to shed more light onto which facet is driving our results, we perform
a principal component analysis on the items. We then apply a Varimax rotation and predict
factor scores. As shown in Online Appendix C, this results in four distinct factors corres-
ponding to (i) loneliness, (ii) lack of positive attitudes, (iii) lack of motivation and (iv) external
factors.

Table 5 presents regressions of these different facets on the ordinal rank of students. We find
that our results are mainly driven by effects on factors capturing a lack of positive attitudes as well
as a lack of motivation rather than loneliness or external factors. Consistent with our previous
observation that rank effects operate through beliefs, we find that the effects are driven by mental
health facets capturing the general mood and motivation of students rather than social exclusion
and other external factors.

5.5. Exploring Asymmetries in Shocks

We have documented large effects from ordinal ranks on mental health. Yet, not all shocks are
similar. Prediction 2 suggests that once a student experiences a negative shock, their mental
health deteriorates and is more likely to remain in a poor condition. We now want to provide
more evidence on the asymmetry of these effects. If our conjecture is right, we should observe
that any effect is more pronounced for negative rather than positive shocks.

The previous economic literature on belief updating provides mixed evidence on potential
asymmetries when it comes to positive and negative shocks. While some studies find sup-
port for the so-called good news—bad news effect (e.g., Eil and Rao, 2011; Zimmermann,
2020) in which people react to good news about themselves, but show less pronounced
responses to negative signals, others find evidence of asymmetric updating in self-relevant
domains along the lines of our conjecture (Ertac, 2011; Kuhnen, 2015; Coutts, 2018;
Coffman et al., 2021), or no asymmetry (e.g., Buser ef al., 2018). Taken together, there does not
seem to be conclusive evidence on potential asymmetries for belief updating in the economics
literature.
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Correlational evidence from a literature in psychology focused on interactions of belief up-
dating and mental health is in alignment with our prediction. This literature finds that depressed
individuals have attentional biases for negative, but not positive, information (Gotlib et al., 2004;
Armstrong and Olatunji, 2012; Korn et al., 2014). Moreover, recent neurocognitive theories of
depression highlight the importance of negative information processing biases in the development
of depression (Roiser et al., 2012). We thus expect that negative signals, i.e., having a rank that is
lower than one might expect, leads to stronger responses in mental health than positive shocks,
as Prediction 2 suggests.

In order to differentiate between positive and negative shocks, we calculate the expected rank
of students, independently of the ability composition of their local school cohort, and compare
students having a local rank above or below this expected (global) rank.'? The idea behind this is
as follows: consider two students with identical ability. One of them is randomly assigned to better
classmates, where they have a lower rank, whereas the other has worse peers and correspondingly
a higher rank. We now investigate whether the effects of (local) ranks are more pronounced for
those receiving negative rather than positive shocks. To do this, we calculate a rank measure
similar to (1), but consider students from all schools attending a given grade. In other words, we
calculate individual i’s rank, rank;., among all students in a given cohort c, i.e., independently
of their school s. We define student i receiving a negative shock if their rank in their local school
cohort, rank;., is lower than the rank among all students in a given cohort, rank;.:

Negative shock = ]l{rankim < rankic}. 3)

We then extend (2) by adding an indicator for negative shocks as well as the interaction of
negative shocks and ranks. This allows us to study whether negative shocks differentially affect
the mental health of students compared to positive shocks.

In Table 6, we study asymmetric responses using our definition of negative shocks from (3).
Column (1) shows our baseline result of the first column of Table 3 that ranks significantly reduce
CES-D scores. We then study the causal effect of receiving a negative shock on mental health,
while abstracting from rank effects. Column (2) shows that negative shocks increase CES-D
scores by 0.38 points, corresponding to 0.05 SD. In other words, negative shocks are detrimental
to mental health.

Column (3) explores the interaction of ranks and negative shocks by regressing CES-D scores
on an indicator for negative shocks and the interactions of ranks with indicators for positive and
negative shocks. We find that once we account for ranks, the coefficient on negative shocks is
more pronounced than in column (2) and increases CES-D scores by 0.63 (0.08 SD). Moreover,
rank effects are approximately twice as large for students receiving negative shocks compared
to those receiving positive shocks and similar to our baseline estimate in column (1), although
the difference between positive and negative shocks is not significant at conventional levels
(p = 0.10).

While these results support Prediction 2, one might be concerned about the saliency of these
negative shocks. We check the robustness of our result by excluding students whose local rank is
similar to their global rank. These students may or may not receive a negative shock, depending
on small perturbations. Hence, we focus on those who receive a more pronounced positive
or negative shock. We implement this by removing those students from our sample, whose

12 1f students have unbiased beliefs to begin with, this global rank would correspond to the prior in our theoretical
framework.
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Table 6. Asymmetric Effects of Ordinal Ranks on Mental Health.
Mental Health (CES-D score)

Trimmed sample

Full sample (I1Arank! = 0.10SD(Aank))

Q) 2 3 “ (5) (O]

Rank —1.70** - - —2.34%x - -
(0.76) - - 0.79) - -

Negative shock - 0.38* 0.63* - 0.51** 0.69*

- (0.20) (0.33) - (0.24) (0.36)
Rank x negative shock - - —1.62* - - —2.21*

- - (0.97) - - (1.06)
Rank x positive shock - - —0.82 - - —1.37

- - (0.96) - - (1.04)
Ability Yes Yes Yes Yes Yes Yes
Individual controls Yes Yes Yes Yes Yes Yes
School x grade FEs Yes Yes Yes Yes Yes Yes
Mean CES-D score 11.3 11.3 11.3 11.3 11.3 11.3
p-value (no heterogeneity) - - 0.10 - - 0.11
Observations 18,459 18,459 18,459 16,865 16,865 16,865
R? 0.128 0.128 0.128 0.125 0.125 0.126

Notes: * p <0.1,™ p < 0.05, ** p < 0.01. Standard errors in parentheses and clustered at the school level. We include
all base controls and school-grade fixed effects, as in our baseline specification of column (5) in Table 3. Columns (1)—(3)
use the full estimation sample, while columns (4)—(6) drop those students whose local and global rank are relatively
similar (i.e., | Ayank| = |rankics — rankic| < 0.10SD(A,4nk))-

difference between the local and global rank is smaller than 10% of an SD, removing about
9% of our sample. Columns (4) through (6) show that the results from columns (1)—(3) become
more pronounced once we trim the sample, indicating that our results indeed seem to stem from
surprising (negative) shocks.

Finally, our definition of negative and positive shocks can just be an approximation, as we
observe noisy measurements of both a student’s ability as well as the presence of a positive
or negative shock. Ex ante, the direction of the bias is not clear. While trimming the sample
suggests that our results are indeed about surprising negative shocks, we study the role of
measurement error in more detail. In a Monte Carlo simulation reported in Online Appendix F
(see Simulation F), we find that the rank effect corresponding to positive shocks overestimates
the true effect in the presence of small amounts of measurement error, but underestimates if
measurement error becomes larger. More importantly, however, our coefficients of interest—
on negative shocks and the interaction of ranks and negative shocks—are attenuated in the
presence of measurement error, implying that we consistently underestimate the magnitude of
these coefficients.

Overall, we conclude from these results that students update more strongly in the case of
negative shocks. This asymmetry implies that rank effects on mental health do not seem to stem
from positive shocks of unexpectedly being ranked highly, but rather from negative shocks.

5.6. Heterogeneous Rank Effects

Prediction 3 suggests that the shocks to students at the lower end of the distribution are larger
than for higher-ability students. In our model, this occurs because, on the one hand, a diminished
perception of ability decreases study time, which subsequently amplifies the consequences of
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Rank Effects on Wave | CES-D scores

Ability Deciles

Fig. 6. Effects of Ordinal Ranks by Ability Decile. This figure presents the effect of ordinal ranks by ability
decile. We estimate the effects with our preferred baseline specification of controls and school-grade fixed
effects enriched by interacting a student’s rank with indicators for ability deciles. The shaded area
indicates 90% confidence intervals clustered at the school level.

exogenous shocks, and, on the other hand, this partly stems from low-ability students holding
beliefs closer to the threshold where they withdraw their study effort. If this prediction is correct,
we should observe stronger (weaker) rank effects for lower-ability (higher-ability) quantiles. We
therefore enrich our main specification given in (2) by interacting the rank with indicators for
each ability decile.

Figure 6 displays the results of this analysis graphically, while Online Appendix Table D.1
presents the corresponding regression estimates. We indeed find that rank effects are more
pronounced at the lower end of the distribution. The ordinal rank reduces the CES-D score by
5.67 points when moving a student from the bottom to the top rank, which corresponds to 0.75
SD. This effect amounts to three times the average effect, and would suffice to move a student
diagnosed with a moderate depression according to a threshold of 16 (Radloff, 1977) to the
average CES-D score of 11.3 in our sample. While the point estimates are negative for all deciles,
they are more pronounced at the lower end of the ability distribution, the estimated effects slowly
fade out and are rather small, and not significant at the top end of the distribution (coefficient of
—0.55 with a p-value of 0.60 for the tenth decile). Tests of equality between the coefficient from
the lowest decile against the average of the other deciles yields a p-value of 0.06, and comparing
effects of students with below and above median ability yields a p-value of 0.04. These results
are therefore consistent with Prediction 3 of our theoretical framework that effects should be
more pronounced for low-ability students.

One potential concern pointed out by Murphy and Weinhardt (2020) is that of multiplicative
measurement error in ability. This could lead to bias, particularly in settings such as ours focusing
on the tails of the ability distribution. Murphy and Weinhardt (2020) suggest percentilising the
ability measure to a uniformly distributed measure—e.g., the percentilised rank in one’s global
cohort—and using this as the base for school-grade rank and as the ability control. Add Health
provides a percentilised version of the PVT scores in three-month age bins. As a robustness
check, in the Online Appendix Table E.2 we report rank estimates across ability deciles based
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on this percentilised ability measure to construct ranks and as the control. Consistent with our
previous results, we observe that lower ability students experience stronger rank effects.

5.6.1. Further heterogeneities by other individual and school characteristics

Although our theoretical framework is not aimed at providing predictions for specific sub-
samples, these are nevertheless important for policymakers interested in targeting policies. In
the Online Appendix D, we study two groups of heterogeneities—based on individual charac-
teristics of students and based on school and cohort characteristics. We only observe limited
heterogeneity with respect to sociodemographic characteristics or school-/cohort-level variables.
The consequences of ranks, therefore, seem to affect the mental health of all students rather
equally.

There are three caveats here to point out. First, extending our results on asymmetry, we find
that adolescents living in poverty have a strong response to rank only when experiencing negative
shocks. Also, their response appears more pronounced relative to those not living in poverty. This
provides suggestive evidence that those who are more likely to experience multiple adverse events
are more sensitive to negative shocks. Second, we also look at this asymmetry heterogeneity by
a median split of our conscientiousness scale that we introduced in our robustness checks. The
idea here is that if adverse events have lowered resiliency (as suggested by results of Pagani
etal.,2019), this would be a mechanism whereby negative shocks matter more, and that explains
the stronger response to negative shocks by those in poverty. We find suggestive evidence that
negative shocks are indeed more pronounced for those with low conscientiousness. Third, we
also find that rank effects are stronger for those in early adolescence. Although rank continues to
exert influence at later ages, this suggests that early shocks could be more important if those are
critical periods of development where adolescents are more sensitive in their mental health. We
further discuss these points in the Online Appendix D.

5.7. Discussion of the Mechanisms

The previous literature on rank effects often posits that being ranked highly or being a ‘big fish in
a little pond’ opens up more opportunities regarding better schools, colleges and jobs. We would
expect that results consistent with such a mechanism would be more pronounced at the top end
of the ability distribution, where competition is fierce, and potentially be stronger for unexpected
high ranks. The idea behind such a mechanism is that being ranked highly yields an option value
of access to better schools.

We find the opposite: Rank effects on mental health are more pronounced at the lower end
of the ability distribution, and seem to be driven by negative rather than positive shocks. Thus,
our results on mental health are inconsistent with a ‘big fish in a little pond’ effect. Instead, we
find that consistent with our stylised model that ranks seem to operate through beliefs, negative
shocks, and withdrawal of study effort, and are stronger for low-ability students, consistent with
a growing literature in psychology (e.g., Gotlib et al., 2004; Roiser et al., 2012; Korn et al.,
2014). That being said, we think that ‘big fish in a little pond’ mechanisms are likely important
for outcomes other than mental health. In fact, when studying the long-run outcomes such as
educational attainment in Subsection 6.2, we find positive effects of ranks both at the lower as
well as the upper end of the ability distribution for educational attainment. This indicates that
mental health is one of potentially several mechanisms affecting economic long-run outcomes,
albeit a very important one.
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6. Persistence of Rank Effects

We have established that the ordinal rank exerts a causal effect on the mental health of students,
and this effect is more pronounced for low-ability students. In a next step, we now want to
explore the dynamics of these effects. To derive a prediction about expected patterns, we note
two points. First, there is a significant association between ability and mental health (see Online
Appendix Table A.3 and Online Appendix Figure A.5a). Second, students at the lower end of
the distribution experience stronger effects, and they have a higher risk of becoming depressed
as a result of negative shocks. Following our theoretical framework and evidence from the
psychological and neuroscience literature (e.g., Holtzheimer and Mayberg, 2011), we think of
depression as an absorbing state. If this is the case, we should observe that our effects are
persistent for those at-risk students as in Prediction 4. Furthermore, we examine other economic
long-run outcomes and ask about the role of mental health for these outcomes.

6.1. Long-Run Effects on Mental Health

In order to explore the long-run effects of ranks on mental health, we use CES-D scores elicited
in each of the following waves. Specifically, the Add Health data allows us to trace the effects of
ranks over time. We can study short-term persistence using Wave II looking at mental health one
year after Wave I, in 1996, medium-term persistence using Wave III approximately seven years
after the initial interview (2001/2), and long-term persistence using Wave IV, when respondents
were adults aged 26-32. Similar to Subsection 5.6, we estimate our main specification (2), but
study the heterogeneous effects of ordinal ranks by ability decile on measures of mental health
in later waves. Unfortunately, not all waves conducted the 19-item version of the CES-D, but
adopted a short version in Waves III and IV comprising a subset of the original items. To compare
our estimates from all waves to the baseline, we scale the mental health measures from the short
scales by 19/9 (Wave III) and 19/10 (Wave 1V) to correspond to the same range from O to 57 as the
full scale in Wave 1.'3

Figure 7 shows that the general pattern persists over time. Across all waves, the effect of ordinal
ranks is significant and pronounced at the bottom of the ability distribution, and insignificant as
well as smaller in magnitude for higher-ability deciles. Online Appendix Table E.1 quantifies
these effects. We find that the significant effects for the lowest ability decile persist across Waves
I to IV and amount to —5.67 to —11.64 CES-D points, and fade out for higher-ability deciles.'*
This pattern is strikingly similar from Wave I, when students are 12—18 years old, to Wave 1V,
when those students are adults of 2632 years. We also repeat these results using the percentilised
ability control, as we discussed in Subsection 5.6. We again find our results to remain highly
consistent with those discussed here, concluding that rank effects are strong and persistence for
those with low ability (see Online Appendix Table E.2).

13- Andresen er al. (1994) validate the short version of the CES-D and shows that it is comparable to the longer version.
In the context of our data, we show in Online Appendix Figure A.2 that the short and long versions of the CES-D are
highly correlated in Wave I. We therefore use scaled version to compare our results to the baseline effects documented in
Subsection 5.6. Scales based on fewer items reduce the efficiency of our estimates. Simulation F in Online Appendix F
suggests that the standard errors on our variable of interest increases by about 5%. As an alternative to simple scaling, we
also report results from a robustness check that predicts CES-D scores in later waves based on the correlation structure
in Wave L.

14 Tests of equality between the lowest and all other ability decile yields p-values of 0.06, 0.02, 0.05 and < 0.01 and
comparing ranks effects for below and above median ability students yields p-values of 0.04, 0.23, 0.07 and 0.02 for
Waves I, II, IIT and IV, respectively.
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(a) Immediate effects (Wave I, 1994/1995) (b) Short-term effects (Wave II, 1996)
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Fig. 7. Persistent Effects of Ordinal Ranks by Ability Decile. This figure presents the effect of ordinal ranks
by ability decile for each of the waves. We present the underlying regressions in Online
Appendix Table E.1. The shaded area indicates 90% confidence intervals clustered at the school level.

6.1.1. Wave V (2016-18) results and attrition
In principle, we could also lever data from Wave V, conducted about 23 years after the baseline
in 2016-18. Performing the same analysis as for the previous waves, we do not observe any
effects as shown in Online Appendix Table E.3. While this could suggest that the effects fade out
20 years after the initial shock, we think this is rather due to several problems with the data in
Wave V. First, we face selective attrition in Wave V. While neither the outcome (CES-D scores)
nor the treatment variables (ordinal rank and an indicator for negative shocks) are significantly
related to attrition status in Waves II to IV, they are so in Wave V. In particular, those individuals
who receive a negative shock, and who drive our results as shown in Subsection 5.5, are more
likely to be missing in Wave V.

Second, in Subsection 5.4 we have shown that two of four facets—the lack of a positive attitude
and a lack of motivation—drive our results. Yet, the CES-D instrument administered in Wave
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V elicited only a subset of five items rather than the full CES-D scale, with only a single item
that loads on these facets (cf. Online Appendix Tables A.1 and C.1), which reduces the power to
detect similar effects as in the previous waves.

Finally, as we will show in the next subsection, we find the same pattern observed for mental
health in a range of economic outcomes measured in Waves IV and V, suggesting that the effects
indeed last for more than 14 years. We therefore think that the mental health measure available
in Wave V does not allow us to extend our analysis. Note, however, that even if the effects indeed
fade out between Waves IV and V, our results still show that having a low rank in school worsens
mental health for low-ability students for at least 14 years.

6.1.2. Predicting CES-D scores

In our analysis, we used the available items in each wave and scaled the resulting total score
up to correspond to the full scale as in Waves I and II. While this approach is transparent, it
implicitly assumes that every available item has the same weight for the total score. Yet, as argued
in Subsection 5.4, there are different facets captured by the CES-D scale inducing potentially
different weights of the items. To acknowledge this unequal weighting, we construct a new set of
outcome measures for each wave by regressing the total CES-D score in Wave I on the available
items in the later wave (see Online Appendix Table A.1 for a list of items in each wave). In a
second step, we then use the coefficients from these regressions as weights for the items in later
waves, predict the total CES-D scores and replicate the regressions underlying Figure 7 using this
predicted outcome measure. As shown in the Online Appendix Table E.4, the resulting estimates
mirror the previous findings.

6.1.3. Using clinical diagnoses rather than self-assessments
CES-D scores are an established instrument to assess respondents’ mental health that is widely
used in clinical practice (Murphy, 2011). Yet, CES-D scores stem from a self-assessment. As an
alternative measure, we construct an indicator whether a respondent was ever diagnosed with
mental health disorders.'> We present the same ability heterogeneity for this indicator in the
Online Appendix Figure E.1 and the Online Appendix Table E.6, and observe the same pattern
as for CES-D scores: rank effects are more pronounced for low-ability individuals and fade out
with increasing ability.

These results are in line with Prediction 4, which suggested that once a negative shock reduces
a student’s belief in their ability sufficiently, they withdraw study effort and therefore avoid new
signals. As a consequence, their belief about the returns to ability remain low, positive updating is
less likely, and depressions are some form of absorbing states. In other words, their mental health
remains in a poor state and negative shocks may trigger potential vicious cycles. Therefore, our
results show that the school environment can have long-lasting effects on the mental well-being
of students over the life cycle.

6.2. Long-Run Effects on Economic Outcomes

How do these long-run effects on mental health translate into other economic outcomes? Previous
research suggests that worse mental health reduces educational attainment (e.g., Currie and

15 We use information from Wave IV and V eliciting the age of the first diagnosis of depression to construct this
indicator, and include an additional indicator for the wave the information stems from in the corresponding regressions.
Furthermore, we drop observations where the first diagnosis occurred before Wave 1.
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Table 7. Long-Run Outcomes, Mental Health, and Rank Effects.
(€] (@) 3 ) 5

Association Average Average p-value Share of rank
standardised rank rank effect (Hy: No effect mediated
Dependent variable CES-D scores effect (std.) heterogeneity) by CES-D scores
1{College graduate} —0.05%** 0.13%* 0.047%* 0.08 8%
(0.00) (0.04) (0.01) - -
log(Personal income) —0.10*** 0.27** 0.08** 0.84 8%
(0.01) (0.12) (0.03) - -
1{Currently employed} —0.02%* 0.07* 0.02* 0.02 8%
(0.00) (0.04) (0.01) - -
1{Ever married} —0.01*** 0.05 0.02 0.37 5%
(0.00) (0.05) (0.01) - -
1{Ever arrested} 0.037*** —0.01 —0.00 0.00 78%
(0.00) (0.05) (0.01) - -

Notes: * p < 0.1, ** p < 0.05, ** p < 0.01. Standard errors in parentheses clustered at the school level. Column
(1) presents the relationship of mental health measured by standardised CES-D scores in Wave I and several long-run
economic outcomes as dependent variables. These specifications control for all characteristics as our baseline specification
apart from the ordinal rank. The second column presents the effect of ranks on economic outcomes based on our main
specification, while column (3) presents the corresponding estimates using a standardised rank measure. In column (4),
we present p-values of tests of equality for rank effects of the lowest ability decile against the mean rank effect of the
other deciles. Column (5) presents shares of these effect that are mediated by mental health. To obtain this share, we run
an auxiliary regression where we add CES-D scores as an additional explanatory variable to the specification in column
(2). We then calculate the share as the product of the coefficient from CES-D scores in this regression and the rank effect
in Table 3, divided by the rank effect in column (2) of the present table. Outcomes are based on Wave V data appended by
Wave IV data if the former data is missing. We add an additional indicator to control for the wave the outcome measure
is from.

Stabile, 2006) and lowers employment as well as earnings (e.g., Fletcher, 2014), and has linked
higher ranks to higher educational attainment (Elsner and Isphording, 2017) and income (Denning
et al., 2021). We conduct two analyses to add to these results. First, we assess the correlation
between CES-D scores in Wave I and a range of long-term outcomes conditional on a rich set
of background characteristics, to provide correlational evidence on the importance of mental
health in youth for long-term outcomes. Second, we study the causal effect of ranks in Wave I
on economic outcomes in adulthood. Together with our baseline estimates, we then can calculate
how much of the long-run effects of rank are mediated through mental health.

In column (1) of Table 7, we show that a range of economic long-run outcomes—graduating
from college, household income, and being employed—as well as important non-economic
outcomes—ever being married or ever being arrested—are all significantly related to mental
health measured by CES-D scores in Wave 1. Importantly, these regressions control for a range of
other individual characteristics and, most notably, a fourth-order polynomial in ability, as well as
school-by-grade fixed effects as in our preferred baseline specification. Increasing CES-D scores
by one standard deviation, i.e., worsening mental health, is associated with a 5 percentage points
decrease in the probability of having a college degree, 11% lower income and being 2 percentage
points less likely to be employed. In addition, we also find that those individuals with worse
mental health in adolescence are also less likely to marry and are more likely to get arrested
in adulthood. Although these associations are not necessarily causal, they highlight that having
better mental health during adolescence predicts better economic and non-economic long-run
outcomes.

We then present the effects of ordinal ranks during school on these outcomes. Being ranked
higher during school significantly increases the probability of graduating from college, of being
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employed, and it increases income. More specifically, an increase of one standard deviation
in a student’s ordinal rank in school increases their likelihood of graduating from college by 4
percentage points, employment by 2 percentage points, and income by 8%. The average results on
college graduation mimic the effects found by Elsner and Isphording (2017), while our income
results are about double the size to those reported in Denning et al. (2021).'® One potential
explanation for the last finding is that we can study income at a later point in life. If having a low
rank sets people on different trajectories compared to those who have a high rank, this difference
might increase over time explaining the effects that we observe.

For the remaining outcomes, the rank effect estimates have the sign we would expect, but we
do not find evidence of ranks affecting these outcomes on average. However, as we have shown in
the previous section, there exists a pronounced heterogeneity with respect to ability. Specifically,
the consequences of ranks are more pronounced at the lower end of the ability distribution. In
Figure 8, we therefore present the corresponding estimates for economic long-run outcomes, and
report tests of equality between rank effects for the lowest ability decile against the mean rank
effect of all other deciles in column (4) of Table 7. Strikingly, we observe the same qualitative
pattern for all outcomes as for mental health: Rank effects are more pronounced for low-ability
individuals and fade out with increasing ability.

These effects are sizeable. For the lowest ability decile, increasing the rank by one standard
deviation (i.e., increasing the rank by 0.28) translates into a 9 percentage point higher propensity
to obtain a college degree, increases income in adulthood by about 13%, employment by 10
percentage points and reduces the likelihood of ever being arrested by 10 percentage points. This
confirms our expectations that ranks matter more for those of lower ability and highlights the
importance of moving beyond average effects.

We next ask how much of these long-run effects are mediated by mental health in adolescence.
Following Gelbach (2016), we decompose the rank effects for each economic long-run outcome
(eics), and calculate how much of it operates through mental health (y;.,) as a mediator, or through
other channels that cannot be attributed to mental health in adolescence (R;.s):

d ejey - 0eics 0 Yies

drankies 3 Yies d ranke + Rics.
While the resulting estimates only reflect causal estimates under very strong assumptions, they
nevertheless are suggestive for the importance of mental health as a mediator in comparison to
other channels. To operationalise this decomposition, we calculate the mediated effect as the
product of the coefficient of the average rank on mental health in Wave I with the coefficient
of mental health on long-run outcomes, which simultaneously controls for the ordinal rank. We
then express this mediated effect as a share of the rank effect shown in column (2). Specifically,
we estimate the following set of specifications (following the notation in (2))

Yies = o’ rankicx + fy (aics) + X,/:B} + 01‘)219 + ei}éx
Cics = af rankics + fe (aics) + X:ﬁe + oli‘s + Eiecs
Cics = am rankics + ym Yices + fm (aics) + X;{ﬂm + ollzls + 6;:-157
and calculate the mediated effect as a share of the rank effect as o’y /a®.
16 Elsner and Isphording (2017) also use Add Health data, but in contrast to them, we can lever data up to Wave V

rather than Wave IV, where some individuals might still be enrolled in college. Denning et al. (2021) use administrative
records for students in Texas and earnings earlier in life.
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at the school level.
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The results displayed in column (5) of Table 7 suggest that we can attribute 5-8% of the
rank effect for having a college degree, income, employment and marriage status mental health
in adolescence. Interestingly, the decomposition attributes about 79% of the rank effects on
ever being arrested to mental health. However, we caution against making conclusions on this
dimension, as this particular result appears too strong and may relate to the fact the arrest measure
is ever arrested since Wave I.

Overall, these results point in the same direction as our mental health results: experiencing
negative shocks in school can have long-lasting negative consequences on many dimensions of
life, and is particularly pronounced for at-risk students who struggle at school. Moreover, the
strong association of mental health during youth and economic long-run outcomes, as well as
the finding that long-run effects seem to be partly mediated by mental health in adolescence,
both suggest long-lasting consequences from a poor mental health state during youth. These
consequences affect an individual’s economic and general well-being over the life cycle.

7. Conclusion

What are the lasting effects of the school environment in general, and peers more specifically,
on the mental health of students? We provide evidence that mental health is malleable during
adolescence and document its persistence over time. Investigating the causal effects of students’
ordinal ranks among their peers on their mental health, we find that increasing a student’s rank by
one standard deviation improves their mental health by approximately 6% of a standard deviation.
This effect is sizeable. It is comparable to rank effects estimated for test scores (Murphy and
Weinhardt, 2020), amounts to approximately half of the effect of losing one’s job on mental
health (Marcus, 2013), and is about one-sixth to one-third of the effects from targeted medical
treatments, or positive psychology interventions on depression and psychological well-being
(Mitte et al., 2005; Turner et al., 2008; Bolier et al., 2013). Moreover, these effects appear to
operate through beliefs, are driven by negative rather than positive shocks, concentrated at the
lower end of the ability distribution, and persist over time for at least 14 years. In addition, we
find the same qualitative pattern in several economic outcomes measured in adulthood, and show
that these effects are partly mediated by mental health during adolescence.

Given that rankings are an inherent feature of life, a natural question is how the negative
consequences of ranks on mental health can be compensated. Our results and the existing literature
point in three possible directions. First, investments into schools for additional counselling and a
better school atmosphere may alleviate negative shocks in school. In fact, better support services
in school are an important mechanism for a positive link between school spending and students’
long-term economic outcomes (e.g., Jackson ef al., 2015), partly by enhancing students’ socio-
emotional development (Jackson et al., 2020). Also, cognitive behavioural therapy—a leading
therapy for depression—has, at least in part, a focus on correcting malformed beliefs (De Quidt
and Haushofer, 2017). Given that our primary mechanism is about beliefs, a better provision
of adequately trained counselling services may serve to moderate the consequences of negative
shocks.

A second direction involves prevention. In particular, there is accumulating evidence that
skill-enhancing interventions during childhood and youth can have long-lasting positive effects
(Kautz et al., 2014; Algan et al., 2016; Kosse et al., 2020; Sorrenti et al., 2020). One skill of
particular importance for the results documented in this paper is resilience. Promoting resilience
through training and targeted interventions during childhood may not only compensate for the
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immediate consequences of shocks, but protect students from being set on worse life trajecto-
ries. For instance, recent evidence by Alan et al. (2019) shows that grit, a non-cognitive skill
associated with perseverance in response to negative shocks and higher achievement throughout
life (Duckworth et al., 2007), can be enhanced through targeted instruction in primary school.
Eventually, such interventions could help to mediate the negative consequences of shocks in later
life.

Third, the asymmetry of rank effects could provide a rationale for different classroom assign-
ments within schools in an attempt to avoid the consequences of negative shocks. Yet, we want to
caution against such assignment policies. As shown in Carrell ez al. (2013), we do not understand
the consequences of reassigning students well enough to design policies that strategically exploit
peer effects. Moreover, other forms of peer effects may coexist, implying that the consequences
of different assignment rules may be ambiguous (Kiessling et al., 2021). As we show in Online
Appendix D, even if schools employ tracking regimes that group low-ability students together,
our results suggest rank effects remain, indicating a limited effectiveness of such assignment
policies in our data.

We think that studying different causes of mental health and exploring strategies to cope with
negative shocks are a fruitful area for future research. Given the rise of mental health issues
in the developed world and the wide-spread prevalence in developing countries (for a review
of the relationship of poverty and mental health, see Ridley et al., 2020), policymakers have a
high interest in understanding the causes of these issues to design policies that alleviate mental
illnesses.

Comma Soft AG & Max Planck Institute for Research on Collective Goods, Germany
University of Strathclyde, UK

Additional Supporting Information may be found in the online version of this article:

Online Appendix
Replication Package
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