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Abstract

Relative performance feedback (RPF) has often been shown to improve effort and per-

formance in the workplace and educational settings. Yet, many studies also document

substantial negative effects of RPF, in particular for low-achievers. We study a novel type

of RPF designed to overcome these negative effects of RPF on low-achievers by scoring

individual performance improvements. With a sample of 400 children, we conduct a

class-wise randomized-controlled trial using an e-learning software in regular teaching

lessons in primary schools. We demonstrate that this type of RPF significantly increases

motivation, effort, and performance in math for low-achieving children, without hurting

high-achieving children. Among low-achievers, those receiving more points and moving

up in the ranking improved strongest on motivation and math performance. In an ex-

ploratory analysis, we document substantial gender differences in response to this type of

RPF: improvements in motivation and learning are much stronger for girls. We argue that

using this new type of RPF could potentially reduce inequalities, especially in educational

settings.

Keywords: relative performance feedback, rankings, randomized-controlled trial, educa-

tion, gender differences
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1 Introduction

Information about peer behavior and outcomes is crucial for social comparison processes

(Festinger, 1954), social reference point formation1, and for the perception of social norms.2

Consequently, relative performance feedback has been shown to have a substantial effect

on individual perceptions, choices, and behavior, thus often being a strong and sustainable

motivator for human beings. In work-related contexts, evidence shows that, even in the

absence of pecuniary incentives, relative performance feedback (e.g., based on rankings)

can lead to increased motivation, effort, and work performance (Gill, Kissová, Lee, &

Prowse, 2019; Hannan, McPhee, Newman, & Tafkov, 2013; Blanes i Vidal & Nossol, 2011).

In other words, people are highly interested in their social ranking (“rank incentives”,

Barankay, 2012). Thus, relative performance feedback is considered a low-cost instrument

for increasing motivation, effort, and performance in firms (Blanes i Vidal & Nossol, 2011).3

In a similar vein, the provision of feedback, including relative performance feedback,

is often used in educational settings (Hattie & Timperley, 2007). Ample research has

analyzed the effects of relative performance feedback in education on effort provision,

test performance, and learning outcomes (Bursztyn & Jensen, 2015; Ashraf, Bandiera,

& Lee, 2014; Azmat, Bagues, Cabrales, & Iriberri, 2019; Azmat & Iriberri, 2010; Tran

& Zeckhauser, 2012; Megalokonomou & Goulas, 2018; Fischer & Wagner, 2018; Brade,

Himmler, & Jäckle, 2018). Tran and Zeckhauser (2012) provided evidence that students who

received rank information showed performance increases in standardized tests. Similarly,

two studies reported that performance feedback may lead to increased test performance

by (i) supporting students to form well-informed self-appraisals and providing additional

information on how effort translates into outcomes (Bandiera, Larcinese, & Rasul, 2015) and

(ii) activating an energizing competitive drive within students who gain utility (disutility)

from being ahead (behind) of others (Azmat & Iriberri, 2010).

On the other hand, relative performance feedback might also entail substantial costs

in the form of negative effects on low-achievers. This could potentially exaggerate exist-
1 Behavior and outcomes of peers are a reasonable source of individual reference point formation (cf. Haenni (2019)

for a recent empirical study of this phenomenon). In particular, observing others (or: receiving information
about others) may influence, e.g., how individuals perceive fairness (Fehr & Schmidt, 1999; Bolton & Ockenfels,
2000) and judge their subjective well-being (Veblen, 1899; Card, Mas, Moretti, & Saez, 2012).

2 Individuals derive social norms from observing others and, in consequence, alter behavior and choices accordingly
(see, for example, Cialdini, Reno, & Kallgren, 1990; Coleman, 1990)

3 A related strand of research deals with rank-order tournaments and the design of optimal labor contracts in
which compensation is based on relative rank rather than absolute levels of output (see Lazear & Rosen, 1981,
for an early contribution). Connelly, Tihanyi, Crook, and Gangloff (2014) provided a meta-analytic review of
tournament theory in management research. Empirical evidence on the effects of relative performance feedback
that is tied to tournament pay schemes is inconclusive: results range from detrimental effects on performance
and effort (Delfgaauw, Dur, Sol, & Verbeke, 2013; Hannan, Krishnan, & Newman, 2008) to effort-enhancing
effects (Eriksson, Poulsen, & Villeval, 2009; Lazear & Rosen, 1981; Prendergast, 1999).
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ing inequalities—an effect which is very likely to be undesirable in educational settings.

Indeed, when looking at the effect of relative performance feedback on performance and

learning outcomes, some studies found mixed or even detrimental effects, especially for

low-achievers: Bursztyn and Jensen (2015) found that introducing a performance leader

board into computer-based high school courses resulted in a severe performance decline

across all ability groups due to a strong desire to avoid the leader board. Megalokonomou

and Goulas (2018) showed that disclosing information on students’ relative high school

performance led to a performance improvement for high-achieving students (by about 0.15

SD), while the performance of low-achievers dropped (by 0.30 SD). Similarly, also Ashraf

et al. (2014) reported negative effects of rankings and social comparison on effort in a health

worker training program due to “self-handicapping” processes of low-ability individuals. In

addition to that, Azmat et al. (2019) found evidence of detrimental effects of the provision

of relative performance feedback on students’ learning outcomes: negative effects were

mainly driven by those subjects who initially underestimated their performance level and

subsequently showed lower effort.4

Understanding these differences in reaction to relative performance feedback along

the ability distribution is an important question in itself. In light of the frequent use

of relative performance feedback with children in educational settings5 and its potential

negative effects on low-achievers (and, as a result, on inequality), understanding the effects

of relative performance feedback and how to improve relative performance feedback for

children in educational settings is of even higher relevance. Hence, we contribute to the

literature in several ways: First, we propose a novel type of relative performance feedback,

namely scoring individual performance improvements in contrast to absolute performance;

we designed our method to overcome previously evidenced negative effects of relative

performance feedback on low-achievers. Second, we analyze the effects of this new type of

relative performance feedback by conducting a randomized-controlled field study in primary

schools (in contrast to many natural experiments in this literature)—thereby, we achieve a

maximum of control while exogenously varying the type of feedback received in an externally
4 Moreover, several studies showed negative effects of relative performance feedback on outcomes in the area of

risk-taking (e.g., Linde & Sonnemans, 2012; Dijk, Holmen, & Kirchler, 2014; Kirchler, Weitzel, & Lindner, 2018)
and social behavior (e.g., Charness, Masclet, & Villeval, 2014; Kuziemko, Buell, Reich, & Norton, 2014)—this
was not the focus of the present study but we report some (null) results on these areas in the SOM, see Section
A.2.

5 The introduction of e-learning systems into schools that apply game-based feedback systems relying on relative
performance feedback (point systems, rankings, high-score lists, etc.) accelerates the prevalence of relative
performance feedback in educational settings even more (gamification, e.g., Sailer, Hense, Mayr, & Mandl,
2017; Deterding, Dixon, Khaled, & Nacke, 2011), and it has been noted that it is in particular certain features
of digital learning environments such as instantaneous or visual feedback provision that are conducive to
the effectiveness of these tools for improving learning outcomes (see, e.g., der Kleij, Feskens, & Eggen, 2015;
Dobrescu, Faravelli, Megalokonomou, & Motta, 2019).
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valid setting. Third, we also contribute to filling a gap in this literature by providing field

evidence on the effects of repetitive and continuous relative performance feedback over a

period of several weeks in an externally valid classroom setting.Therefore, we can account for

the dynamic effects of relative performance feedback provided over time. Fourth and finally,

we examine a broad range of important outcomes in the educational context, measured in a

highly standardized computer-based way, such as motivation, effort, and learning outcomes

(and also some “softer” outcomes such as (self-reported) perceived stress, self-efficacy, and

liking of competition). Hence, we are able to provide a comprehensive picture of the effects

of relative performance feedback and to better understand channels and mechanisms of

potential treatment effects.

To this end, we introduced a mathematics e-learning software package into primary

schools, applying a class-wise randomized-controlled trial (RCT) design. Class-wise random-

ization generates lower statistical power than within-class randomization; it is, however,

the only feasible way of implementing such a study without creating fundamental spill-over

problems and having children learn about their treatment condition (which would create

a whole range of severe methodological problems). Treatment and control group used

the same e-learning software, with an identical user interface, the same content, and the

same frequency and saliency of feedback. The e-learning software in the treatment group

only differed with regard to the provision of relative performance feedback in form of a

ranking, while children in the control group received solely private, individual performance

feedback (see Figure 1). Feedback in both groups, treatment and control, was based on

a point system that relied on scoring individual performance improvements rather than

giving points for absolute performance. The concept of this type of feedback was developed

to mirror pedagogical guidelines in primary school that encourage teachers to evaluate

individual improvements in contrast to absolute performance, in order to put them into a

growth mindset (cf., e.g., Claro, Paunesku, & Dweck, 2016).

Importantly, treatment and control group use exactly the same point system—thus,

differences in outcomes can only be attributed to the fact that children in the treatment

group continuously received relative performance feedback about their peers in the form of a

ranking, while the control group only learned about individual performance. Note that this

experimental design does not allow us to infer insights on the effects of providing feedback

on performance improvements compared to (classical) absolute performance feedback. In

contrast, with this study we want to take a first step in learning about the effect of relative

performance feedback using feedback on performance improvements in order to overcome
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Figure 1: Mathematics E-Learning Software in Treatment and Control Condition

Notes: The left screenshot shows the treatment group condition with relative performance feedback. This feedback condition
consisted of a leader board indicating the rank, the individually designed avatar, the first name, and the number of points gained
by all children in the class. The right screenshot shows the control group condition with individual performance feedback. This
feedback condition only consisted of the child’s individually designed avatar, the name, and the individual number of points.

the observed negative effects of classical relative performance feedback on low-achievers.6

Note that under the hypothesis that feedback on performance improvements has motivating

effects for low-achieving children, any treatment effect of relative performance feedback

we observe in our setting would come on top of this (hypothetical) basic motivation effect

of scoring performance improvements (because children in the control group also received

feedback on performance improvements).

About 400 third-graders in 20 classes at seven primary schools in Germany used this

mathematics e-learning software over the course of five weeks for 15 lessons (see Figure 2).

We randomized on class-level and within schools. Each lesson consisted of a compulsory

part in which several math modules were first practiced (without the possibility of earning

points) and then evaluated for points (in a test mode called “Sprint”). Points were based on

individual performance improvements compared to previous Sprints. After that, children

had the opportunity to voluntarily practice the math tasks (without the possibility of earning

points). We measured the outcomes of our study directly before (pre-treatment evaluation

wave) and after the five-week treatment period (post-treatment evaluation wave) using

highly standardized, objective test measures as well as teacher and child questionnaires.
6 An alternative experimental design would compare classical relative performance feedback (i.e., scoring absolute

performance) with our new type of relative performance feedback. While we acknowledge that this design could
yield interesting insights, we deliberately decided not to use it, for two main reasons: On the theoretical side, we
did not want our new type of feedback points to be confounded with the relative performance feedback. In other
words, comparing classical relative performance feedback with our new relative performance feedback would
yield differences in both, individual feedback (i.e., many or few points received) as well as the relative ranking
of children in class (and the dynamic development). Our experimental design can account for this by shutting
down the channel of differences in points received: children in treatment and control group receive exactly the
same individual feedback, the only thing we add for the treatment group is relative ranking information. The
second reason is on the practical side: The majority of principals and teachers (at least in the primary schools
in Germany we recruited for our experiment) expressed a very negative attitude towards “classical” relative
performance feedback in our very first discussions about the study. Thus, to avoid selective study participation
as well as the problem that differences in teachers’ attitudes might affect treatment effects (because teachers
could not be blind to treatment in a setting like this), we decided to compare our new type of feedback using
individual feedback vs. relative performance feedback. We also considered that a third (or fourth) treatment cell
was not feasible due to limited statistical power.
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Figure 2: Timeline of the Field Study

Notes: Each day represents one school lesson of 50 minutes. During the math training, children had to do math tasks in 11
different math modules (M1–M11); please refer to Figure S10 for an overview of the math modules). Each module was repeated
four times on four different days. A more detailed version of this timeline can be found in the SOM, Figure S1.

Additionally, we also collected data on children’s behavior while they used the mathematics

e-learning software.

Our main results are as follows: Despite our limited statistical power, we are able to

detect significant improvements for low-achieving children in the treatment group compared

to the control group. Our new type of relative performance feedback strongly boosted

motivation and effort for low-achievers. Further, this increase in motivation and effort seems

to translate into improvements in actual learning outcomes, namely math performance.

Importantly, these positive effects for low-achievers are not associated with costs (i.e.,

lower performance) for middle- and high-achievers. Among low-achievers, those children

that (i) receive higher numbers of points or that (ii) can improve their ranking over time

show strongest increases, supporting the notion that the relative performance feedback

(i.e., the ranking) is the key driver of our treatment effects on low-achieving children.

Self-reported ratings by the children indicate an increase in perceived stress for the low-

achievers in the treatment group but also show increases in self-efficacy in math and

higher liking (i.e., a more positive attitude) of competition in general. Interestingly, we

report strong gender differences in reactions to our new type of relative performance

feedback: girls adjust their motivation and effort, and thus show strong improvements

in math performance (but also report higher perceived stress), while boys report higher

self-efficacy and a more positive attitude toward competition. Overall, our findings suggest

that relative performance feedback about performance improvements could be a powerful

tool to ameliorate inequalities, especially in educational settings.

The remainder of the paper is structured as follows: First, we report our exact experi-

mental procedures (Section 2), followed by our results (Section 3). We discuss our findings

in Section 4 and conclude in Section 5. Further details, figures, and tables can be found in

the Supplementary Online Material (SOM, Sections A–C).
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2 Materials and Methods

2.1 Procedures

We recruited seven primary schools with 20 third-year classes and around 400 children

for participation in the study. At the beginning of the school year, third-year children

worked for 15 school lessons (five weeks, three lessons per week, in regular teaching lessons)

with a mathematics e-learning software package that we specifically developed for this

study. All lessons were conducted by trained research assistants in a highly standardized

manner, using game-like interactions embedded in the software and audio-visual, automated

instructions. Every child was seated in front of an individual notebook computer, used

an external mouse to interact with the software, and had a headset to listen to the audio

instructions.

The study consisted of three parts: two evaluation waves (pre- and post-treatment

measurement) and a training phase (see Figure S1). This design allowed us to (i) increase

the precision of our estimates by including baseline scores for each respective outcome, and

(ii) to better control for non-perfect randomization. Baseline measurements took place in one

school lesson prior to the first training lesson (but within the same week); post-treatment

measurements also lasted for one school lesson and were conducted after the last training

lesson (but within the same week).

In the training phase, children could earn points for their achievements in the math

tasks. In contrast, evaluation waves were incentivized with “gold coins” (note that the gold

coins were only used in the evaluation waves; they did not influence the point system or the

ranking used in the training phase—neither did the number of points have any influence on

the number of golden coins children received). Gold coins could be used as currency to buy

one toy at the end of the study, with a larger number of coins allowing the child to choose

from a larger selection of toys.

2.2 Participants

When our study began, there were 404 children in the 20 participating classes. We were

able to gain consent from 399 parents for study participation, resulting in a participation

rate of 98.8%. On average, children were 8.61 years old (SD = 0.48); 53% of the children

were male. Class size ranged from 18 to 24 children. Of our 399 children in the sample,

we had to exclude 16 from our analyses because teachers and/or our research assistants

indicated that their language level was not sufficient to understand or use the e-learning
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software for the study.7 Therefore, the final sample size was n = 383; however, for five

children there was information missing about their grade (Math or German) and, thus,

in our main results, sample size is reduced to n = 378. Table S3 in the SOM reports the

complete sample characteristics of our study.

2.3 Randomization

Randomization was implemented (i) at the class level, (ii) within schools, and (iii) stratified

based on the socioeconomic status (SES) of the school district. Table S4 shows that the ran-

domization process was successful, as the experimental groups did not differ on important

sociodemographic variables. Importantly, there was also no significant difference in the

number of low-achieving or high-achieving children between the treatment and the control

group. Comparing baseline levels of the outcome variables for treatment and control group

(see Tables S5–S6), we also see that for all outcomes but one (Math Multiplication/Division)

randomization was successful. Given the number of outcomes measured, it is not surprising

that we found one outcome variable to be significantly different between our experimental

groups (nonetheless, we control for baseline scores of the respective outcomes in all our

estimations).

2.4 Treatment

We designed and developed the mathematics e-learning software specifically for the present

study. It consisted of 11 math modules that repeated and practiced the curriculum of the

second grade (basic arithmetic operations). Over a period of five weeks, children trained

three days per week, one school lesson (50 min) per day. On each training day, they used

three different math modules, with each module consisting of a prescribed training phase

to practice on the task, a testing phase (Sprint) that was relevant to gather points, and

a voluntary practice phase in which children could do additional training tasks. In total,

every math module was repeated four times on four different days (Sprints 1–4).

Both treatment and control group used exactly the same learning software with the

same user interface, functionalities, weekly schedule, and math modules. The software

differed only in one single feature, which was the relative component of the performance

feedback. The control group was presented only with individual performance feedback,
7 As reported by our research assistants, most of these children were refugees and had arrived in Germany

only recently. For some of them, teachers actually allowed them to use the software, whereas other teachers
gave them different tasks to work on during the training lessons. However, we decided to exclude all these
children from our analyses because many outcome tasks including the questionnaires required a certain level of
language proficiency which was clearly not met by these children.
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i.e., children were permanently shown the cumulative points that they achieved by solving

math problems in the test mode (Sprints). In contrast, the software in the treatment group

provided children—in addition to the individual performance feedback—with a permanently

visible and dynamic ranking of all children in their class, showing individual points and

ranks for all children. The ranking was dynamic in a sense that it was constantly updated

during the school lesson in which children were using the software. In both groups, feedback

was displayed prominently on the right-hand side of the screen to provide the feedback

information as saliently as possible. Screenshots of the experimental conditions can be

found in Figure 1.

2.5 Point System

The basis for the implementation of performance feedback in both experimental groups

during the math training was a point system based on children’s performance improvements

(measured as time improvements) over the four repetitions of each math module (i.e.,

Sprints 1–4). Thus, the higher the improvement, the more points the child could earn.8

To be able to measure and compare performance improvements across tasks, children,

and classrooms, we had to identify an easy and continuous measure of performance in math

tasks. We decided to use the time children needed to correctly solve a given set of tasks.

Solving these type of simple math tasks quickly and without errors is an important learning

goal in primary school and is a key prerequisite for acquiring more advanced math skills.

Note that providing a wrong answer caused a waiting time; hence, children had no incentive

to guess without doing the calculations first.

In a first step (Sprint 1), we evaluated the individual baseline performance in each math

module measured as the absolute time children needed to finish a set of tasks. The Sprint

was successfully finished if all tasks were answered correctly within the given time frame

of 180 seconds. The ranking for Sprint 1 worked as follows: the fastest child in class was

ranked first and received 10 points, while the slowest child was ranked last and received

one point. In between, children were given points (integer numbers) based on their relative

rank in the class distribution. If ties occurred, children received the same number of points.

Consequently, the baseline measurement (Sprint 1) ranked children according to their

absolute performance.

The following three Sprints (i.e., Sprints 2–4) in each math module were used to elicit

performance improvements and rank children accordingly: the child who improved most
8 We discuss the potential issue of differences in points earned for low- vs. high-achievers in the section on

“Robustness Checks” on p. 17—in a nutshell, this seems not to be an issue.
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compared with his or her average previous performance was ranked first and received 10

points. Children who did not improve or stagnated with regard to the time they needed

were assigned one point. Similar to Sprint 1, children were given between 1 and 10 points

based on their relative rank in the class distribution.

Children collected points cumulatively over the period of five weeks, i.e., they received

feedback about the number of points (1–10) achieved from a specific Sprint and these points

were added to the points collected in previous rounds. The display on the right-hand side of

the screen (see Figure 1) showed this total number of points (control group) or the public

leader board with all total numbers of points in class in descending order (treatment group).

While collecting the points cumulatively over time likely increases external validity (as

it mirrors how these leader boards and ranking are usually constructed), one might be

worried that dynamics in rank changes slow down over time. We analyzed this looking at

the mean standard deviation of average ranks over time (and across subgroups of children);

Figure S9 in the SOM reports that, while dynamics slow down after the first three days of

the intervention (as one would expect with a cumulative point system), there is substantial

dynamics in ranking up until the end of the intervention period. This is most likely driven

by the continuous introduction of new math modules which generate new potentials for

improvements for all children. Also, there is no difference in ranking dynamics across

the three subgroups of children, i.e., low-achievers have (on average) the same standard

deviation in average rank as middle- or high-achieving children.

2.6 Outcome Measures

We collected a broad range of outcome measures pre- and post-treatment in a highly stan-

dardized and incentivized way. To measure the treatment effects on children’s motivation,

we used a computer-based motivation task designed to capture intrinsic motivation, teacher

ratings on children’s motivation, self-rated motivation (as rated by the child), as well as the

number of tasks solved voluntarily within the e-learning software and the time spent on

these tasks (note that, in contrast to all other measures, voluntary practice tasks are mea-

sured during the intervention). In order to measure transfer effects on learning outcomes

we used two conceptually different sets of math tasks, namely addition and subtraction as

well as multiplication and division. The two sets of math tasks were designed to be very

different from the training tasks used during the intervention but, at the same time, aimed

to measure exactly the math competencies trained during the intervention (see Figures S10

and S11 in the SOM for the differences). Finally, we report results for self-rated outcomes
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in a child questionnaire for perceived stress, somatic problems, self-efficacy in mathematics,

and their liking of competition in general. A detailed description of data collection methods

and outcomes can be found in the SOM in Section A.3.

To identify low-achievers (or high-achievers) in school, we needed information on a broad

range of school-related abilities and behaviors of a child based on a long period of time.

Hence, we derived our classification into low- and high-achievers based on teacher-reported

grades (at baseline) as they integrate information on children’s school achievements over

time.9 The grading scale in primary school ranges from 1 (very good) to 6 (insufficient), and

grades lower than 3 are a very clear signal of low performance. For example, parents would

strongly react to a grade of 4 (or worse), whereas grades from 1–3 are mostly seen as the

“normal” range. We classify children with a “bad” grade prior to treatment (lower than 3)

as “low-achieving” children (n = 99) and children with a very good grade (i.e., 1) prior to

treatment as “high-achieving” children (n = 114). The remaining children are classified as

“middle-achieving” children (n = 165).

2.7 Data Analysis

We use OLS regressions to estimate treatment effects. Specifically, we regress post-

treatment levels for our outcomes on a dummy variable indicating treatment status. To

analyze the treatment effect across the ability distribution, we include treatment interaction

terms for low- and high-achieving children as well as dummies for low- and high-achieving

children. Thus, the reference category is middle-achieving children in the control group. In

addition, we control for school fixed effects, gender, age, pretreatment grades in Math and

German (as rated by the teacher), and baseline levels of the respective outcome10 to increase

precision. By including baseline scores as controls, we effectively estimate within-child

changes for the respective outcome. We cluster standard errors at the class level and

because we have only a small number of clusters (i.e., 20 classes), we use a conservative

correction method known as “biased-reduced linearization” (BRL, Bell & McCaffrey, 2002),

which is more conservative than the standard cluster-robust variance estimator. To compare

effects across outcomes, all outcomes were standardized to mean = 0 and SD = 1 (see a
9 We think that grades are much better indicators of low- and high-achievers than the baseline tests for math

abilities because we want to identify the children that usually experience their everyday school life as low-
achievers. The baseline tests in math (Addition/Subtraction and Multiplication/Division), however, capture only
(some components of) math abilities, while lacking (i) other academic abilities such as language skills as well as
(ii) important noncognitive skills such as self-control or grit. Also, (iii) grades indicate performance levels over a
much longer time horizon than a test on one specific day.

10 Note that there is no baseline score for voluntary practice tasks during training. Moreover, we did not collect
baseline scores for perceived stress as rated by the child (we collected baseline scores for all other child-rated
outcomes). Hence, in the OLS regression analyses of these cases, we cannot control for baseline scores.
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short description of outcomes in Section 2.6 and full details in the SOM (Section A.3). Data

analysis was conducted using Stata 15 SE and R (version 3.2.5).

3 Results

We identify the effect of our new type of relative performance feedback by comparing children

of low-, middle- and high-ability type in a classroom who received relative performance

feedback, with children in a classroom who received only individual performance feedback

(of the same type), within the same school.

We begin by analyzing treatment effects on motivation and effort (see Table 1). For

the motivation test task and teacher-rated motivation, we find a strong and significant

heterogeneous treatment effect for low-achieving children (0.47 SD (p = .034) for the

motivation test, 0.43 SD (p = .008) for teacher-rated motivation). The linear combination

of the interaction effect with the treatment dummy, indicating the difference between the

subgroup of low-achieving children in the treatment group and the low-achieving children in

the control group, is substantial and highly significant—apparently, low-achieving children

in the treatment group perform 0.34 SD (p = .026) better in the motivation task and are

rated 0.47 SD (p = .094) higher on motivation by their teachers. Effects on middle- and

high-achieving children are smaller and statistically insignificant. Child-rated motivation

seems somewhat increased for low- and high-achieving children but the effects are not

statistically significant. For children’s effort displayed within the e-learning software

(measured as the number of tasks solved voluntarily or the time spent on these tasks),

our results seem to confirm the findings for motivation: there is a strong and significant

heterogeneous treatment effect for low-achieving children (0.39 SD (p = .044) for number of

tasks, 0.41 SD (p = .078) for time spent on voluntary practice); the linear combination with

the treatment effect is, however, not significant.11 Overall, results confirm that this type of

relative performance feedback improved motivation and effort for low-achieving children

without hurting middle- and high-achieving children.

Result 1: The treatment strongly boosted motivation and effort for low-achieving children.

For test outcomes, teacher ratings, and voluntary practice, low-achieving children showed

large increases compared with the control group. Effects for self-rated motivation point in

the same direction.

11 Yet, coefficients are substantial in size with up to 0.34 SD. Note that for this outcome, we are not able to control
for baseline values; thus, estimations are presumably more noisy.

11



Table 1: Effects of Relative Performance Feedback on Motivation, Effort, and Math Perf.

Motiv. Task Teac-r Mot. Child-r Mot. Vol. Tasks Vol. Time Math Add/Sub Math Mult/Div

Treat ◊ Low 0.469** 0.428*** 0.258 0.388** 0.411* 0.364 0.742**
(0.221) (0.160) (0.248) (0.192) (0.232) (0.306) (0.289)

Treat (Mid) -0.132 0.046 -0.064 -0.179 -0.069 -0.250 -0.309
(0.155) (0.231) (0.214) (0.175) (0.179) (0.209) (0.210)

Treat ◊ High 0.233 0.030 0.249 -0.228 -0.157 0.365 0.399
(0.213) (0.223) (0.272) (0.256) (0.228) (0.260) (0.250)

School FEs Yes Yes Yes Yes Yes Yes Yes

Controls Yes Yes Yes Yes Yes Yes Yes

Treat + 0.337** 0.474* 0.194 0.209 0.342 0.113 0.433*
Treat ◊ Low (0.150) (0.282) (0.206) (0.199) (0.301) (0.211) (0.234)

N 378 378 361 378 378 378 378

Notes: OLS regressions with post-treatment level of the respective outcomes as regressand. “Treat + Treat ◊ Low” refers
to the linear combination of the coefficients for “Treatment” and the interaction of “Treatment” with “Low-Achievers”; it indi-
cates the difference between low-achieving children in the treatment group and low-achieving children in the control group.
Standard errors in parentheses are clustered at the class level and corrected for small number of clusters using biased-reduced
linearization (BRL, Bell & McCaffrey 2002). * p<.10, ** p<.05, *** p<.01

Next, we ask whether these improvements in motivation and effort in the e-learning

software for math actually translated into improved learning outcomes for math.12 This

is of crucial importance as one might be worried that the treatment might have increased

motivation and effort—but only for playing a computerized “game” that has no relation to

actual educational outcomes. However, this seems not to be the case in our setting. In the

right-hand columns of Table 1, we report the results for our two math tests, measured after

the treatment. The subgroup of low-achievers displays a strong and significant heteroge-

neous treatment effect on Math Multiplication/Division (0.74 SD, p = .011). The difference

between low-achievers in treatment and control group for this learning outcome is large and

significant at the 10-percent level (0.43 SD, p = .065). For Math Addition/Subtraction, the

coefficient is positive but not significant.13 Apparently, high-achievers are not hurt by this

type of relative performance feedback—if anything, they also improve their performance.

For this specific outcome, effects of the treatment on middle-achievers point in a negative

direction—however, similar to the high-achievers, none of the coefficients are statistically

significant.
12 Note that the task used to measure the learning outcome was different from the tasks used during the treatment

period (math training); cf. Section A.3 in the SOM for details. Children received no feedback during evaluation
waves and performance did not affect ranking as children could not score points in evaluation tasks.

13 The fact that improvements for low-achievers seem to transfer to actual improvements in educational outcomes
is supported by findings on teacher-rated math abilities and math grades, see Section A.2 in the SOM.
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Result 2: Improved motivation and effort for the low-achievers translated into improved

learning outcomes in math. While effects on the Math Addition/Subtraction tasks are not

statistically significant, improvements for the Math Multiplication/Division tasks are large,

and low-achievers in the treatment group perform significantly better than low-achievers

in the control group with improvements amounting to about 80% of the initial gap between

low- and middle-achievers in this task.

To quantify the size of our treatment effect, we can compare the improvement of the

low-achieving children in the treatment group with the initial ability gap in Math Multipli-

cation/Division between low-achieving and middle-achieving children. Prior to treatment,

low-achievers perform on average 0.54 SD worse than the group of middle-achievers. Thus,

by improving their scores on Math Multiplication/Division by 0.43 SD, our treatment closed

about 80% of the gap between low- and middle-achieving children in this specific math task.

Is this increase in math performance (and motivation) actually driven by the new

type of relative performance feedback we use in this study? In order to investigate the

channels through which our treatment worked, we tested the following hypothesis: Are

effects of relative compared with individual performance feedback stronger for children who

receive more positive feedback in terms of the amount of points earned? To avoid trifold

interactions, we simply restrict the sample to children who earn an above-median number

of points on days where only performance improvements matter (i.e., days when no Sprint 1

occurs, see Figure S1 in the SOM). Conducting the same analyses as in Table 1 using the

restricted sample (n = 183, including 67 low-achievers), all coefficients of the interaction term

(treatment x low-achiever) become substantially larger and most are significant, despite

the sample size being reduced by more than 50%. The linear combinations indicating the

difference between low-achievers in the treatment group and those in the control group

are large and significant: treated low-achievers who receive above-median levels of points

perform 0.43 SD better on the motivation test (p = .026), are rated 0.44 SD higher on

motivation by their teachers (p = .082), they practice more voluntarily (0.41 SD, p = .042),

and they perform better in the Math Multiplication/Division task by 0.67 SD (p = .027)—

compared with low-achievers who receive above-median levels of points in the control group

(all results are reported in Table S7 in the SOM).

Trying to pin down the mechanism of the treatment even closer, we analyzed whether

children who were able to improve their rank during the time of the intervention were

also the children who improved most on the outcome measures. We computed the average
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Table 2: Effects of Relative Performance Feedback on Child-rated Outcomes

Perc. Stress Somatic Probl. Self-efficacy Liking Competit.

Treat ◊ Low 0.271 -0.122 0.451 0.518***
(0.188) (0.246) (0.280) (0.178)

Treat (Mid) 0.086 0.037 -0.108 -0.246**
(0.184) (0.189) (0.132) (0.101)

Treat ◊ High -0.209 -0.022 0.070 0.137
(0.295) (0.191) (0.168) (0.169)

School FEs Yes Yes Yes Yes

Controls Yes Yes Yes Yes

Treat + 0.357*** -0.085 0.343 0.273*
Treat ◊ Low (0.130) (0.140) (0.240) (0.158)

N 363 360 360 360

Notes: OLS regressions with post-treatment level of the respective outcome as re-
gressand. “Treat + Treat + Treat ◊ Low” refers to the linear combination of the coef-
ficients for “Treatment” and the interaction of “Treatment” with “Low-Achievers”; it
indicates the difference between low-achieving children in the treatment group and
low-achieving children in the control group. Standard errors in parentheses are clus-
tered at the class level and corrected for a small number of clusters using biased-
reduced linearization (BRL, Bell & McCaffrey 2002). * p<.10, ** p<.05, *** p<.01

rank14 on days 1–7 and on days 8–15 of the training (see Figure 2) and restricted the sample

to children who improved their average rank from the first half to the second half of the

intervention (n = 163, including 54 low-achievers). Results are even more striking than

for the analyses using points earned: low-achievers in the treatment group who improved

their rank in the second half of the intervention compared with the first half are 0.74 SD

better in the motivation test (p < .0001), are rated 0.61 SD (p = .045) higher on motivation

by their teachers, do 0.48 SD (p = .035) more voluntary practice tasks, and perform 0.71 SD

(p = .020) better in the Math Multiplication/Division task (all results reported in Table S8

in the SOM).

Importantly, both these findings (i.e., for more points earned and rank improvement)

cannot be interpreted as a causal effect because the number of points earned as well as the

ranking are likely to be endogenous to the treatment condition.Despite this, we believe that

our findings offer strong supportive evidence that this type of relative performance feedback

is potentially very motivating and beneficial for low-achievers.

We also asked children to rate themselves on a number of dimensions (see Section A.3 in

the SOM for details). In contrast to teachers, children can be viewed as blind to treatment.15

We asked children how much stress they felt, whether they had somatic problems, how

much self-efficacy they felt with respect to math, and how much they generally liked
14 Note that we can compute the (theoretical) rank for both treatment as well as control group children; yet,

children in the control group never saw their actual rank. However, by using this theoretical rank we can create
the perfect “control group within the control group” for this specific analysis.

15 Clearly, children were aware that they participated in a study but they did not know about the different
treatment conditions and, thus, it is unlikely that their ratings were biased because they would have preferred
the control condition or vice versa.
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to compete with others. Results from self-reported questionnaires always have to be

interpreted carefully but because we have baseline and post-intervention results (except for

the question on perceived stress), we can analyze changes in self-reports within child. Again,

results demonstrated substantial heterogeneous treatment effects for the low-achieving

children (see Table 2). The subgroup of low-achieving children differed significantly between

treatment and control group: children in the treatment group perceived more stress (0.36 SD,

p = .006); at the same time, they did not report more somatic problems. Moreover, with

respect to self-efficacy in the area of math, both the heterogeneous treatment effect for low-

achievers as well as the difference between treatment and control group for low-achieving

children was substantial but only close to statistical significance (0.45 SD with p = .109

and 0.34 SD with p = .154, respectively). When asked how much they liked to compete

with others (in general, not specifically using this software), low-achieving children in the

treatment group agreed much more strongly than low-achieving children in the control

group. The heterogeneous treatment effect amounted to 0.52 SD (p = .004); the difference

between low-achievers in treatment and control group was 0.27 SD (p = .085). For the

attitude toward competition we also report a significant negative treatment effect on

middle-achievers (0.25 SD, p = .016). Taken together, results from the child questionnaire

emphasized the heterogeneity of treatment effects for low-achieving children—however,

they also point to a potential cost of relative performance feedback in terms of perceived

stress (although this does not translate into somatic problems, at least not in the short run).

Result 3: Low-achieving children reported higher perceived stress and displayed higher

liking of competition. The increase in perceived stress does not translate into somatic

problems. Also, we find suggestive evidence for higher self-efficacy among low-achievers.

Previous studies have documented gender differences in response to relative performance

feedback, mostly indicating stronger reactions for female subjects (Megalokonomou &

Goulas, 2018; Azmat et al., 2019). At the same, our treatment introduced competition-like

elements and a longstanding literature (see Niederle, 2016, for an overview) demonstrates

substantial gender differences in competitiveness, already in childhood. For example, in a

setting with children (in a similar age range as the present study) who learn their relative

performance, Gneezy and Rustichini (2004) show that boys improved their performance on

a non-incentivized task in a competitive setting (compared to a non-competitive setting).

Thus, based on this literature one could expect that the improvements we documented in

Results 1–3 would be stronger for boys. Therefore, it is of great interest whether there are

gender differences in the reaction to the new type of relative performance feedback studied
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Figure 3: Gender Differences in Treatment Effects on Motivation and Math Performance

Notes: The figure is based on OLS regressions from Table 1 with post-treatment level of
the respective outcomes as regressand, estimated separately for boys and girls. Within the
group of low-achieving children, there are n = 60 boys and n = 39 girls. Dots show the
linear combination of the coefficients for “Treatment” and the interaction of “Treatment”
with “Low-Achievers”; they thus indicate the difference between low-achieving boys/girls
in the treatment group and low-achieving boys/girls in the control group for each respective
outcome (measured in SD of the outcome). Error bars show 95%-confidence intervals based
on standard errors clustered at the class level. * p<.10, ** p<.05, *** p<.01

in the present paper. We conducted an exploratory analysis of gender differences and find

the following:

Result 4: There are strong gender differences in the effect of the treatment on low-achievers.

Within the subgroup of low-achieving children, mostly girls show improved motivation and

increased math performance, but also report higher perceived stress. Low-achieving boys,

in contrast, increase on self-rated self-efficacy in math and the liking of competition.

We report findings for gender differences in treatment effects on motivation, effort, and

math performance for low-achieving children in Figure 3. Because there were only 60 boys

and 39 girls in the group of low-achieving children, we lost considerable power compared

with our main results. However, we still report statistically significant differences between

low-achieving children and their peers when looking at boys and girls separately. Specifically,

treatment differences for low-achieving children in motivation seem mainly driven by girls

(see Figure 3). Both for the motivation test as well as teacher-rated motivation, the difference
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between low-achieving children in the treatment group and low-achieving children in the

control group is significant for girls (0.48 SD, p = .037; 0.69 SD, p = .002) and smaller and

insignificant for boys. Child-rated motivation displayed a similar pattern, but the treatment

difference for girls misses statistical significance (0.31 SD, p = 0.111). Similarly, differences

in effort measured as the time spent for voluntary practice tasks are mainly found for

girls but do not reach significance (0.43 SD, p = 0.163). However, increased motivation

for low-achieving girls apparently translated into strong and significant improvements for

Math Multiplication/Division (0.66 SD, p = .090).

We also analyzed child-rated outcomes from Table 2 for gender differences (see Figure S4

in the SOM). Low-achieving girls were also those who reported higher stress levels (0.44 SD,

p = .007). In contrast, low-achieving boys reported higher self-efficacy in math but the effect

remains insignificant (0.68 SD, p = .101); they also stated a more positive attitude toward

competition (0.58 SD, p = .015).

Overall, these findings point to important gender differences in how (low-achieving)

children react to relative performance feedback of this type. The fact that we see strong

behavioral changes for girls but not (or less strong) for boys relates to recent findings

that providing information and relative performance feedback might diminish the gender

gap in competitive environments (Ertac & Szentes, 2011; Wozniak, Harbaugh, & Mayr,

2016; Alan & Ertac, 2018), and could also, when combined with the fact that girls tend

to underestimate their math abilities while boys tend to be overconfident (OECD, 2013),

speak to the persistent gender gap observed for math abilities across many different

education systems (see, for example, Guiso, Monte, Sapienza, & Zingales, 2008; OECD,

2014). Yet, girls’ self-reports about higher levels of stress (in line with a longstanding

literature documenting gender differences in reaction to stress, see for example Taylor et al.,

2000) also point to potential problems with relative performance feedback on improvements.

Thus, further research should focus on analyzing this heterogeneity with respect to gender

more closely.

Robustness Checks

To further support our findings, here we discuss some potential threats to the validity of our

results. First, one could be worried that low-achieving children were especially motivated

and outperformed their peers because the middle- and high-achieving children somehow

“gave up” on the e-learning software. To check this, we plotted the performance of these

three subgroups of children (low-, middle-, and high-achieving children; grouped based on
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their grades at baseline) and compared their development over time during our intervention

period. Results in Figure S5 in the SOM show that performance in the math tasks was

closely linked to grades: (i) children with better grades outperformed their peers in all 11

modules played during the intervention, (ii) this sorting in absolute performance (i.e., time

needed to solve the Sprints) remained surprisingly stable over time, and (iii) especially

children with good grades continuously improved their performance and became faster

within each module over time. Hence, we conclude that all children spent considerable effort

during the intervention period and that improvements for low-achieving children were not

driven by negative effects on the part of middle- and high-achieving children. Second, given

that children knew that they were rewarded for improvements in performance, one could

generally worry that children might have strategized by being intentionally slow in the

first Sprint. To engage with this argument, we provide Figure S6 in the SOM in which

we present the average time needed in the first Sprint of each module. Evidently, there

is no systematic increase in average time needed for the first Sprint over time; therefore,

it is extremely unlikely that children played strategically. In addition, we see that for

performance in the first Sprint of each module, sorting between different subgroups of

children remained stable over time and that there were no differences between treatment

and control group with respect to development over time and sorting into subgroups.16

Both figures already indicate a third and final concern discussed here. Is it possible that

low-achieving children were more motivated, simply because they had the possibility to earn

many more points than the rest of their peers? In other words, did the calibration of points

for the feedback leave other children “without a chance”? In order to check for that, we

provide Figures S7–S8. Recall that in the first Sprint of each module, children were ranked

according to their absolute performance within class (earning 1–10 points). In consequence,

we see in Figure S7 that the ranking for the first Sprint closely mirrors the distribution of

grades. For Sprints 2–4, however, points were distributed based on individual improvements

(relative to average prior performance in this module). Accordingly, in the second Sprint the

distribution of points more or less flipped around. Yet, already in Sprint 3 the picture was

less clear and in Sprint 4 children seemed to earn points rather independent of their initial

grade. To see how the ranking positions might have evolved, we also present cumulated

points for each module in Figure S8—apparently, in Sprints 3–4 children’s cumulated
16 There is a jump in time needed between modules 1 and 2, but both modules were played on the very first day

in varying order (children could choose their preferred order). Moreover, as the absolute time needed for each
module is hard to compare between modules, additional analyses confirmed that there were no systematic
differences for the average improvements (measured as the difference between time in the first Sprint and the
average time in Sprints 2–4) in time needed when comparing the different modules or the different subgroups
of children.
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number of points was more or less independent of their grade prior to the treatment. We

interpret Figures S7–S8 as supportive evidence that our calibration of the feedback system

was successful in (i) achieving ranking positions relatively independent of prior ability and

(ii) in allowing for dynamic development of ranking positions over time. Overall, as our

main results reveal, our new type of relative performance feedback was able to increase

motivation and performance for low-achieving children without negatively affecting middle-

and high-achieving children.

To further corroborate the robustness of our results, we also estimated our models

excluding additional control variables, namely gender, age, and teacher-rated grades in

Math and German prior to the treatment. Results of these analyses can be found in the SOM,

Tables S9–S10. Qualitatively, all our findings are robust to excluding additional control

variables; however, some coefficients are no longer statistically significant because standard

errors become somewhat larger (loss in precision), and effects sizes become somewhat

smaller, indicating non-perfect balance with respect to the control variables excluded here.17

4 Discussion

Management scientists, behavioral economists, and psychologists have devoted much at-

tention (i) to the design of relative performance feedback systems, and (ii) to the effects

of such social comparison information on individual choices and behavior. Results are in

general inconclusive; yet, many studies find detrimental effects for low-achievers. However,

in the field of empirical educational research there is a clear lack of evidence on the various

effects of relative performance feedback, especially with regard to classroom settings. This

is remarkable, because gamified e-learning software is increasingly used even in early

educational stages and because potential negative effects of relative performance feedback

on learning outcomes of low-achievers would exacerbate educational inequalities.

Our results show that relative performance feedback does not always entail negative

effects for low-achievers. For low-achieving children our treatment improves motivation,

effort, and performance on math tasks. In turn, we do not find significant negative effects on

middle- and high-achievers. An important question is why the gains for low-achievers

on math performance are large and statistically significant only for Math Multiplica-

tion/Division, but not for Math Addition/Subtraction. A potential explanation is based

on the fact that the e-learning software was designed to practice content in math which
17 It is not surprising that balance was not perfect, given that we could only randomize between 20 classes. See

Section 2.3 for further details on randomization.
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children learned towards the end of second grade (in contrast to teaching new content, see

Section 2.4). While multiplication and division is still actively taught in the beginning of

third grade, addition and subtraction (of numbers up to 100) is more or less settled. Thus,

even for low-achievers there might be more opportunities to improve their performance in

Math Multiplication/Division than in Math Addition/Subtraction.

In order to capture any negative effects of the treatment on other domains that are

usually considered important in classroom environments, we also carefully measured

children’s risk-taking and social behavior with a set of outcomes (see SOM, Section A.3).

Confirming the teachers’ impressions (see Table S12), there were no negative effects of

the treatment on risk-taking or social behavior (see SOM, Section A.2 and Table S11

for details). Yet, child-rated questionnaire items indicate that low-achieving children

perceive the relative performance feedback as more stressful compared with the individual

feedback, which would be a serious concern in educational applications. At the same

time, low-achievers report more confidence in math and show a more positive attitude to

competition—effects that one would generally evaluate very positively in school-related

settings.

In addition to our main findings, we would like to highlight the importance of the results

from our exploratory analysis of gender differences for low-achieving children. In line with

the findings by Gneezy and Rustichini (2004), we find a more positive attitude toward

competition for boys than for girls in the child questionnaire at baseline. Similarly, we

observe a strong gender gap in math performance in our baseline results (see Ellison &

Swanson, 2010; Fryer & Levitt, 2010). If we look at the gender differences for low-achieving

children, we see that our data reveal clear differences in responses by girls and boys. Figure

3 reveals that most treatment effects on actual behavior were driven by girls. These findings

are in line with stronger reactions for females to relative performance feedback documented

in Megalokonomou and Goulas (2018) and Azmat et al. (2019, although in this study, gender

differences were not significant). Also, taking into account the gender differences for our

self-reported measures, the evidence is very suggestive for boys being overconfident, as

they are the ones to indicate higher levels of self-efficacy and liking of competition after the

intervention (see Figure S4), while not (substantially) improving on any behavioral measure

such as motivation or learning outcomes (see Figure 3).

Clearly, in our study gender differences are limited to the specific type of relative perfor-

mance feedback we provide, and, importantly, to the specific subject used in the e-learning

software, namely mathematics. This difference in the subject (or, the task) might also
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explain the differences in our results compared to Gneezy and Rustichini (2004) (they show

that boys could improve in a running task in a competitive vs. non-competitive environment).

Yet, in line with our findings, recent evidence shows that teaching the importance of effort

in achievement (which is very much related to our performance improvement feedback)

combined with performance feedback can eliminate the gender gap in a mathematics task

for elementary school children (Alan & Ertac, 2018). Hence, as we have already noted when

reporting our results, our findings could also partially help in explaining and closing the

persistent gender gap observed for math abilities across many different countries.

More generally, our treatment effect size should be a lower bound of the true treatment

effect of relative vs. individual performance feedback because, naturally, children in the

control group also had some information about their relative performance (for example, by

talking to their peers or occasionally seeing other children’s screens). Similarly, if children in

the control group (partially) understood the scoring mechanism, they also received “relative”

feedback because they could infer from a high number of points that they did better than

their peers (and vice versa).18 Therefore, the control group also receives some relative

performance feedback but, clearly, with a much lower intensity, frequency, and scope than

in the treatment group.

Finally, based on our study design, there are a few limitations we would like to highlight.

First, the results of our study have to be qualified as short-term findings because we measure

all outcomes directly after the treatment. At the same time, the treatment itself must be

qualified as being rather short and of low intensity compared with the actual use of e-

learning software in educational practice, e.g., for a full school year. Recent evidence also

suggests that relative performance feedback in an educational setting can have surprisingly

long-lasting effects (although, for a college student sample, see Brade et al., 2018). Thus,

the effects of using relative performance feedback over a longer period of time might be

even stronger than in the present study. Likewise, we should note that long-run effects

of feedback on performance improvements in itself have to be studied further because

improvements on a given task are certainly limited (on the other hand, by regularly

changing the task—similar to our different “modules” in the e-learning software—this effect

could be circumvented).

Second, owing to our class-wise randomized design, our statistical power is rather low.

Although we still report a number of statistically significant findings, standard errors are

comparatively large and we cannot rule out that true effects sizes are substantially smaller
18 It seems rather unlikely that children in third grade understood this complex scoring mechanism, including the

differences between Sprint 1 and Sprints 2–4. However, unfortunately we do not have any data on whether and
how children actually understood the scoring mechanism.
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(or larger). This is especially true for our exploratory analysis of gender differences for

which sample size is smaller—still, results are statistically significant even in this small

sample and display a consistent pattern; thus, chance findings seem very unlikely. However,

further studies using larger samples should shed more light on these gender differences in

response to relative performance feedback on performance improvements. A related issue

is that, although none of the effects on middle- and high-achieving children is statistically

significant (except for the self-rated liking of competition for middle-achieving children, see

Table 2), some coefficients are relatively large and indicate that there are potential effects

of the treatment for which we do not have sufficient power to detect them. For example,

high-achieving children in the treatment group seem to practice less on the voluntary tasks,

and they also appear to slightly improve their math performance in both sets of math tasks

(i.e., Addition/Subtraction and Multiplication/Division). Middle-achieving children, in turn,

seem less motivated, show somewhat decreased math performance, and also report less

liking of competition than middle-achieving children in the control group; hence, we need

more research in order to analyze how this type of relative performance feedback affects

outcomes along the ability distribution.

Third, our findings have to be qualified not only with respect to the type of relative

performance feedback but also regarding the specific setting in which we apply our treatment.

We observe treatment differences when using an e-learning software in a specific subject

(mathematics) and for a specific age group (about 8–9 years). Furthermore, children in

a classroom know the other children who are in front of (or behind) them in the ranking,

and this might make a difference for how they assess the relative performance information

provided. In fact, children might even have a prior about other children’s general math

ability in school and might contrast this with the information they see in the ranking

displayed in the e-learning software. While we argue that this is a very natural setting,

especially when using e-learning software in the education system, it clearly constitutes a

major difference to other studies using relative performance feedback, for example, with

nationwide rankings for high school students (Megalokonomou & Goulas, 2018).

Fourth, because we randomized on class-level, a potential concern is that the effects of

teachers are confounded with the treatment. Thus, varying attitudes of teachers toward the

treatment could clearly influence how they evaluate children and could, potentially, also

influence their behavior, e.g., how and what they teach. While we fully acknowledge this

concern with respect to the teacher ratings, we argue that most of our measures come from

within the e-learning software and could not be influenced by the teacher. The fact that we
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find large overlaps between the “objective” measures from within the e-learning software

and the subjective, non-blind measures from the teacher questionnaire makes us confident

that the results of our study capture actual effects of our treatment and are relevant to

more general “class-room behavior”, not only those specific to the outcome tasks used in the

software.

5 Conclusion

Overall, our study provides first important evidence for the causal impact of a novel type of

relative performance feedback for children in primary school age across the ability distribu-

tion. We conducted a randomized-controlled trial with about 400 children in regular teaching

lessons and children used an e-learning software providing repetitive and continuous feed-

back on performance improvements over a period of five weeks. Our experimental design

isolates the causal effect of relative vs. individual performance feedback on performance

improvements on a broad range of outcomes using highly-standardized, computer-based

tests and child- as well as teacher-questionnaires.

We report strong reactions of low-achieving children in the treatment group in terms

of improved motivation and effort. Our evidence suggests that improved motivation and

effort transferred to actual learning outcomes (i.e., math performance). The importance

of the type of feedback for our findings is highlighted by the fact that children receiving

more points and children who can improve their (average) ranking show the strongest

improvements. Low-achieving children indicated higher levels of perceived stress but also

increased self-efficacy in math and a more positive attitude toward competition. Finally,

even with our relatively small sample, we report strong gender differences in the reaction

of low-achieving children to this type of relative performance feedback in mathematics.

Specifically, improvements in motivation, effort, and math performance seem mainly driven

by girls; boys indicate higher self-efficacy and a more positive attitude toward competition.

Thus, future research should focus on the effects of relative performance feedback that

accounts for performance improvements in contrast to absolute performance levels. Sim-

ilarly, gender differences in the reaction to relative performance feedback, especially for

(low-achieving) children, deserve further investigation. On the application side, consider-

ing this type of relative performance feedback seems to be a promising path to reducing

inequalities in education—both with respect to low-achievers as well as to the gender gap in

mathematics. In light of the fast-growing use of e-learning software, already used in early

educational stages, it is of key importance to consider the evidence on relative performance
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feedback when designing rankings, leader boards, etc., as motivational components of

these applications. More broadly, the use of feedback on performance improvements could

also be a useful tool to foster motivation and effort in workplace environments in which

relative feedback on absolute performance can have negative effects at the lower end of the

ability distribution (e.g., settings with very experienced and inexperienced workers). Fur-

ther research should also focus on the dynamics and longer-term consequences of relative

performance feedback on performance improvements.
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A Supplementary Text

A.1 Descriptive Statistics

In Figures S2 and S3, we present histograms for all outcome measures prior to the treatment

(W1) and after the treatment (W2). Most outcomes seem well-distributed and have sufficient

variance; however, for math performance our outcome task suffers from ceiling effects.

Because we were afraid that low-achieving children might also be the ones who still have

“room to improve” on the math tasks, which could partially explain our heterogeneous results

for this subgroup, we conducted the following robustness check: we identified all children

with “room for improvement” and analyzed whether there is a heterogeneous treatment

effect for this subgroup. Findings are presented in Table S13; there is no significant

treatment effect for this subgroup. Given these results and in light of the fact that findings

for motivation and teacher ratings also point in the same direction, we conclude that this

ceiling effect for our measures of learning outcomes in math is not driving our findings.

A.2 Further Results

Table S11 also reports results for risk attitudes and social behavior—a set of outcomes for

which previous studies found detrimental effects of relative performance feedback; many

teachers also expressed concerns that the treatment might have negative effects in these

domains. Therefore, we also wanted to evaluate the effects on these types of behavior

and used several tasks to measure them (see Section A.3 for details on tasks). Using

combined measures19 for all tasks concerning risk and all tasks concerning social behavior,

we report no effects of the treatment on either dimension along the ability distribution.

Most coefficients are close to zero (if anything, low-achieving children take fewer risks but

the effect is not statistically significant).

In addition to our test outcomes, we also asked teachers to rate the relevant outcomes

for their children in class, both prior to treatment as well as post-treatment (see Section A.3

for details on measurement). Results for analyses using these ratings as an outcome are

reported in Table S12. Two concerns make results on teacher ratings difficult to interpret.

First, teachers were not blind to treatment, thus, their ratings might (partially) also reflect

their attitude to the treatment (or the control group type of software). Second, as the

treatment was randomized between classes, the treatment might have shifted the whole
19 We combine the different measures into a single index because we want to account for measurement error and

avoid problems with multiple testing. Effects are very similar when looking at the tasks one by one.
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distribution within a class, which is hard to observe for the teacher (or hard to disentangle

from a general time trend). Therefore, we are cautious in interpreting the results on teacher

ratings; we do, however, report them to provide a complete and transparent picture of the

effect of our treatment.

Generally, results for teacher-rated outcomes largely mirror our findings for test out-

comes. While none of the treatment interactions is significant, teachers do rate low-achieving

children in the treatment group better on math abilities than the comparable children in the

control group. Results for grades in math point in the same direction but are insignificant.

For risk attitudes and social behavior, there are no differences in teacher ratings between

the two experimental conditions. Finally, for teacher-rated stress there is no significant

difference between the treatment conditions. All in all, teachers largely confirm the results

of our test outcomes, which supports the notion that the effects of this type of relative

performance feedback do not only affect the outcome tasks we measure but, to some extent,

seem to generalize to everyday classroom behavior.

A.3 Detailed Description of Outcome Measures

We applied several standardized data collection methods to measure the treatment effects

on the outcome variables. On the one hand, we observed children’s behavior during the

math training phase.

Voluntary practicing in mathematics e-learning software. Each day, after having

completed the compulsory part of the math training, children had the opportunity to do

additional, voluntary math tasks. Here, we measured the number of voluntarily solved

math tasks (Vol. Tasks) and children’s voluntary training time (Vol. Time) to evaluate

children’s motivation to practice.

On the other hand, we measured outcomes in the two evaluation waves before and

after the training phase. We used highly standardized elicitation methods with automated

video-based instructions. In order to account for the young age of our subjects, we mainly

implemented game-based elicitation methods with an age-appropriate interface design.

Every task was explained beforehand to the children with a video sequence and an audio

explanation. Importantly, these measures in the two evaluation waves were not linked

to the point system in the math training phase and entailed neither relative nor private

31



performance feedback (but were incentivized, see Section 2.1). The following methods were

used to evaluate our outcomes.

Math Addition/Subtraction & Multiplication/Division. To measure the treatment

effects on learning outcomes, we implemented two sets of math tasks on basic arithmetic

operations (Math Addition/Subtraction and Math Multiplication/Division). Each task con-

sisted of 10 single-choice tasks with four response options. Children were informed that

they should try to answer the tasks as fast as possible. Providing a wrong answer caused

a waiting time. The sequence of the tasks was randomized to prevent cheating. However,

every child had to answer the same tasks. The type of task was very different from those in

the training phase. Thus, our outcome depicts untrained math performance. The number of

correctly answered tasks was interpreted as math performance (see Figure S11). Note that

both sets of tasks were elicited at baseline and post-intervention, and we control for baseline

performance in all our analyses. Therefore, we effectively analyze individual improvements

on each set of tasks (see Section 2.7 for details on the estimation strategy).

Motivation Task (Brandstätter, 2005). The Objective Achievement Motivation Task (Objek-

tiver Leistungsmotivationstest; OLMT) is a test to measure children’s intrinsic motivation.

Children were presented with a 4x4 grid with squares and circles. The task was to count the

number of circles for each grid. Children had to solve as many grids as possible by filling in

the respective number of circles in an input field on the screen within a time frame of 120

seconds. If a child put in the right answer, the next grid was displayed. Importantly, children

could not earn coins in the OLMT, and thus the game was not incentivized. Children played

three different rounds of the OLMT in sequential order and each round lasted for 120

seconds (round 1: doing your best, round 2: setting individual goals, round 3: competing

against a fictitious other person). The total number of correctly solved grids was used to

measure intrinsic motivation (see Figure S12).

Child Questionnaire. To elicit children’s self-reported motivation, perceived stress, so-

matic problems, self-efficacy, and their liking of competition (i.e., a positive attitude toward

competition), we implemented a computer-based questionnaire. Overall, children had to

answer 20 questionnaire items in which they had to state whether they agreed or disagreed

with a certain statement (see Table S1). All statements were read aloud and children

listened to the instruction via their headphones. We implemented five age-appropriate
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and icon-based response options (Icon 1 = strongly disagree, Icon 2 = disagree, Icon 3 =

neither agree/nor disagree, Icon 4 = agree, Icon 5 = strongly agree [from left to right], see

Figure S19). While the statement was read aloud, the response options were disabled. This

guaranteed that all children carefully listened to the whole statement before entering their

answer.

Index Risk Attitude. We combined three different measures of risk attitudes into an

index for risk attitudes by summing the standardized scores from the following tasks. First,

we conducted the Balloon Analogue Risk Task (BART, Lejuez et al., 2002). Here, children

were sequentially presented with 10 balloons on the computer screen. They could earn

coins by pumping up each balloon (with mouse clicks). Each click inflated the balloon

incrementally and with each click one point was added to a contemporary account. If

children decided to stop pumping up the balloon, the points in the temporary account

were moved to a permanent save account. Otherwise, if participants reached a randomly

determined maximum number of pumps, the balloon exploded. This resulted in a loss of all

points accrued for this balloon(see Figure S13). Second, we used the “Devil’s Task” (Slovic,

1966) to elicit risk behavior. Subjects were presented with an array of 10 closed treasure

chests on their computer screen. They could earn coins by opening these treasure chests

(with mouse clicks). They were informed that nine chests contained a reward (one point)

and one box contained a “devil”. Each click on one of the chests containing a reward added

one point to a contemporary account. If children decided to stop opening chests, the points in

the temporary account were moved to a permanent save account. Otherwise, if participants

drew the devil, they lost all points accrued for this round. The game was played over seven

rounds(see Figure S14). Third, we implemented a standard Lottery Task in which children

received an endowment of 10 coins. They could decide how many coins to invest in a lottery.

Children could move coins from the safe coin stack (on the left) to the lottery coin stack (on

the right) by clicking on arrows. The lottery consisted of two cards: a loss card (sad smiley)

and a win card (happy smiley). If subjects drew the loss card they lost all coins at stake. If

they drew the win card the coins at stake were doubled(see Figure S15).

The index of risk attitudes was calculated as an unweighted average of the number of

clicks on balloons in the BART, the number of opened chests in the Devil’s Task, and the

number of coins set in the lottery (all values standardized to mean = 0 and SD = 1).
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Index Social Behavior. Similarly, to proxy social behavior (toward classmates), we

computed an index comprised of standardized values of three different decisions children

had to take. We conducted a Trust Game (Berg, Dickhaut, & McCabe, 1995) in which two

children interacted as truster and trustee. To determine which children interacted, every

child was randomly and anonymously matched to a classmate. First, children had the

truster role and they were informed that they played with a classmate (trustee) in their

class. Children received an endowment of 10 coins. They had to decide how many of these

10 coins to send to their anonymous classmate. Each coin that the child entrusted to the

other child was doubled. Further, children were informed that the trustee, in a second

step, could send some or all of these received coins back to them(see Figure S16). In the

receiving situation of the trust game, children had the trustee role. The trustee first saw

the number of coins that had been entrusted to them (already doubled). Then they decided

on how many coins to return to the anonymous classmate. Children could decide to send all,

some, or no coins back to the truster. If the truster initially did not send any coins children

got the information that their matched partner did not send any coins and the decision

was skipped(see Figure S17).In addition, we used a standard Dictator Game (Kahneman,

Knetsch, & Thaler, 1986) to measure children’s willingness to share with an anonymous

classmate. First, children received an initial endowment of 10 coins. Second, they had to

decide how to split the 10 coins between themselves (dictator) and an anonymous child in

class (receiver). Children were randomly and anonymously matched to a classmate(see

Figure S18).

The index of social behavior was calculated as an unweighted average of the number sent

in the Trust Game, the share returned in the Trust Game (if available), and the number

sent in the Dictator Game (all values standardized to mean = 0 and SD = 1).

Teacher Questionnaire. Teachers received a paper-based questionnaire that they filled

out during the two lessons in which evaluation waves took place (before and after the

training phase). Within the questionnaire they were asked to state how much they agreed

with a statement about every child in their class. In addition, we asked for each child’s

current grade in Math and German. Please refer to Table S2 for the questionnaire items.
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B Supplementary Figures

Detailed Timeline of the Field Study

Figure S1: Timeline of the Field Study
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Descriptive Statistics

Figure S2: Distribution of Outcome Variables prior to Treatment (W1)

Figure S3: Distribution of Outcome Variables after Treatment (W2)
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Gender Differences

Figure S4: Gender Differences in Treatment Effects on Child-rated Outcomes

Notes: The figure is based on OLS regressions from Table 2 with post-treatment level of
the respective outcomes as regressand, estimated separately for boys and girls. Within the
group of low-achieving children, there are n = 60 boys and n = 39 girls. Dots show the
linear combination of the coefficients for “Treatment” and the interaction of “Treatment”
with “Low-Achievers”; they thus indicate the difference between low-achieving boys/girls
in the treatment group and low-achieving boys/girls in the control group for each respective
outcome (measured in SD of the outcome). Error bars show 95%-confidence intervals based
on standard errors clustered at the class level. * p<.10, ** p<.05, *** p<.01
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Performance over Modules in Math Software

Figure S5: Average Time Needed in Sprints 1–4, Children Grouped by Grade

Notes: We classified children with a very good grade (= 1) as “Good” (N = 114). Children with a grade higher than 3 were classified
as “Bad” (N = 99). All the others were classified as “Middle” (N = 165). Grades range from 1 (very good) to 6 (insufficient).

Figure S6: Average Time Needed in Sprint 1, Children Grouped by Grade and Treatment Status

Notes: We classified children with a very good grade (= 1) as “Good” (N = 114). Children with a grade higher than 3 were classified
as “Bad” (N = 99). All the others were classified as “Middle” (N = 165). Grades range from 1 (very good) to 6 (insufficient).
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Figure S7: Points Received in Sprints 1–4 for each Math Module, Children Grouped by Grade

Notes: We classified children with a very good grade (= 1) as “Good” (N = 114). Children with a grade higher than 3 were classified
as “Bad” (N = 99). All the others were classified as “Middle” (N = 165). Grades range from 1 (very good) to 6 (insufficient).

Figure S8: Accumulated Points Received in Sprints 1–4 for each Math Module, Children Grouped by
Grade

Notes: We classified children with a very good grade (= 1) as “Good” (N = 114). Children with a grade higher than 3 were classified
as “Bad” (N = 99). All the others were classified as “Middle” (N = 165). Grades range from 1 (very good) to 6 (insufficient).
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Development of Dynamics in Ranking over Time

Figure S9: Mean Standard Deviation of Average Rank over Time for the Treatment Group

Notes: To analyze whether the cumulative point system led to distortions in the dynamics of rankings, we plot the mean standard
deviation of the average rank during a three day time window for the treatment group. Dots constitute the mean standard
deviation of the average rank for low-, middle, high-achievers, using the standard deviation of a child’s average rank across all
modules conducted during the three days (i.e., mostly nine modules). The figure shows that, while the dynamics in ranking
position clearly decreases from days 1–3 to days 13-15 (which is an inherent feature of the cumulative point system the ranking
is based on), there is no substantial difference for dynamics in ranking across the three subgroups of children. Also, after the first
three days, dynamics of the ranking remains fairly stable and even seems to slightly increase towards the end of the intervention
period.
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E-Learning Software

Figure S10: Math Modules in the E-Learning-Software
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Figure S11: Screenshot of the Single-Choice Math Task

Figure S12: Screenshot of the Objective Achievement Motivation Test (OLMT)
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Figure S13: Screenshot of the Balloon Analogue Risk Task (BART)

Figure S14: Screenshot of the Devil’s Task
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Figure S15: Screenshot of the Lottery Game

Figure S16: Screenshot of the Trust Game—Sending Situation
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Figure S17: Screenshot of the Trust Game—Receiving Situation

Figure S18: Screenshot of the Dictator Game
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Figure S19: Screenshot of the Child Questionnaire
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C Supplementary Tables

Table S1: Child Questionnaire

ID Question
Motivation, (Wilde, Bätz, Kovaleva, & Urhahne, 2009)

1 Math lessons are fun.
2 I think the math lessons are interesting.
3 Math lessons are enjoyable.

Perceived Stress, (Wilde et al., 2009, pressure/tension dimension)—only asked post-treatment
4 I felt under pressure while doing the MATHE-KIDS tasks.
5 While doing the MATHE-KIDS tasks I felt nervous and strained.
6 While doing the MATHE-KIDS tasks I worried if I could do a good job.
7 Concerning the Sprints I was afraid of performing worse than my classmates.

Somatic Problems, (Snoeren & Hoefnagels, 2014)
8 Last week I had problems sleeping (e.g. did not sleep well, woke up at night, could not fall asleep).
9 Last week I had a stomach ache.
10 Last week I was not hungry although I did not eat a lot.
11 Last week I had headaches.
12 Last week I felt tired and weak.

Self-Efficacy, (Schwarzer & Jerusalem, 1999)
13 I am able to solve difficult problems in class. I just have to try hard enough.
14 It is easy for me to understand new topics in class.
15 Sometimes I get a bad grade. However, I know that I can become as good in school as I want to.
16 If my teacher explains topics very quickly, I cannot keep up (Reverse Scored).

Attitude toward Competition, (Smither & Houston, 1992)
17 I like to compare myself and my performance to my classmates.
18 In games or competitions I just try not to be last.
19 In games or competitions I always try to end up first.
20 I love to compete with others.

Table S2: Teacher Questionnaire

ID Please rate child X on a scale from 1 to 4.
Motivation

1 X is motivated.
2 X has fun during lesson.

Math Abilities

3 X is good at math.
Risk

4 X is risk-seeking.
Social Behavior

5 X behaves in a social manner.
6 X is cooperative.

Grades: Please indicate the child’s grade from 1 (“very good”) to 6 (“insufficient”).
5 Grade in Math for X.
6 Grade in German for X.
Notes: 1 = strongly disagree, 2 = disagree, 3 = agree, 4 = strongly agree
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Table S3: Descriptive Statistics for Full Sample

Mean SD Min Max N

Treatment 0.49 0.50 0 1 399
School 1 0.14 0.34 0 1 399
School 2 0.19 0.39 0 1 399
School 3 0.16 0.37 0 1 399
School 4 0.10 0.30 0 1 399
School 5 0.14 0.35 0 1 399
School 6 0.11 0.32 0 1 399
School 7 0.16 0.37 0 1 399
Male 0.53 0.50 0 1 399
Age (in years) 8.61 0.48 6.7 11 399
Grade Math (at baseline) 2.40 1.16 1 6 393
Grade German (at baseline) 2.60 1.14 1 6 387
Low-achiever 0.26 0.44 0 1 378
High-achiever 0.30 0.46 0 1 378

Notes: The number of observations for teacher grades is lower due
to missing information on teacher questionnaires.

Table S4: Randomization for Sociodemographic Variables

(1) (2) (3) (4) (5) (6)
Male Age Grade Math Grade German Low-Achiev. High-Achiev.

Treatment -0.004 0.068 0.179 0.130 0.090 0.052
(0.037) (0.060) (0.169) (0.238) (0.077) (0.080)

School FE Yes Yes Yes Yes Yes Yes

Observations 399 399 393 387 378 378

Notes: OLS regression with sociodemographic variables as regressand. Standard errors in parenthe-
ses clustered on school level. We further control for school fixed effects (School FE).
* p<.10, ** p<.05, *** p<.01

Table S5: Randomization for Outcomes Prior to Treatment I

(1) (2) (3) (4) (5)
Motiv. Test Teac-r Motiv. Child-r Motiv. Math Add/Sub Math Mult/Div

Treatment -0.081 -0.037 -0.029 -0.227 -0.294**
(0.140) (0.150) (0.084) (0.153) (0.110)

School FE Yes Yes Yes Yes Yes

Observations 378 378 376 378 378

Notes: OLS regression with baseline score of the respective outcomes as regressand. Standard er-
rors in parentheses clustered on school level. We further control for school fixed effects (School FE).
* p<.10, ** p<.05, *** p<.01

Table S6: Randomization for Outcomes Prior to Treatment II

(1) (2) (3)
Child-r Somatic Prob Child-r Self-eff. Child-r Liking Comp.

Treatment -0.070 -0.032 0.036
(0.070) (0.094) (0.103)

School FE Yes Yes Yes

Observations 375 375 375

Notes: OLS regression with baseline score of the respective outcome as regressand.
Standard errors in parentheses clustered on school level. We further control for
school fixed effects (School FE). * p<.10, ** p<.05, *** p<.01
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Table S7: Mechanism—Results for Children with High Number of Points for Improvements

Motiv. Task Teac-r Mot. Child-r Mot. Vol. Tasks Vol. Time Math Add/Sub Math Mult/Div

Treat ◊ Low 0.666** 0.458*** 0.096 0.570*** 0.630** 0.400 0.977**
(0.285) (0.153) (0.334) (0.212) (0.286) (0.475) (0.381)

Treat (Mid) -0.239 -0.015 0.112 -0.161 -0.025 -0.206 -0.307
(0.209) (0.236) (0.253) (0.268) (0.293) (0.294) (0.265)

Treat ◊ High 0.179 0.058 0.151 -0.249 -0.322 0.057 0.252
(0.397) (0.207) (0.371) (0.312) (0.342) (0.336) (0.312)

School FEs Yes Yes Yes Yes Yes Yes Yes

Controls Yes Yes Yes Yes Yes Yes Yes

Treat + 0.427** 0.442* 0.208 0.410** 0.606 0.195 0.670**
Treat ◊ Low (0.190) (0.253) (0.208) (0.200) (0.394) (0.294) (0.300)

N 183 183 177 183 183 183 183

Notes: OLS regression with post-treatment level of the respective outcome as regressand. The sample is restricted to chil-
dren earning points above the class-median for days with points earned only for performance improvements. “Treat + Treat
+ Treat ◊ Low” refers to the linear combination of the coefficients for “Treatment” and the interaction of “Treatment” with
“Low-Achievers”; it indicates the difference between low-achieving children in the treatment group and low-achieving children
in the control group. Standard errors in parentheses are clustered on class level and corrected for small number of clusters
using biased-reduced linearization (BRL, Bell & McCaffrey 2002). * p<.10, ** p<.05, *** p<.01

Table S8: Mechanism—Results for Children who Improved Rank

Motiv. Task Teac-r Mot. Child-r Mot. Vol. Tasks Vol. Time Math Add/Sub Math Mult/Div

Treat ◊ Low 1.119*** 0.542*** 0.299 0.595*** 0.574* 0.944* 1.274***
(0.318) (0.192) (0.326) (0.216) (0.312) (0.555) (0.442)

Treat (Mid) -0.384 0.071 -0.153 -0.112 0.070 -0.456 -0.569*
(0.244) (0.246) (0.212) (0.214) (0.270) (0.401) (0.340)

Treat ◊ High 0.683** 0.035 0.626* -0.496* -0.483* 0.467 0.552*
(0.324) (0.234) (0.317) (0.294) (0.245) (0.421) (0.309)

School FEs Yes Yes Yes Yes Yes Yes Yes

Controls Yes Yes Yes Yes Yes Yes Yes

Treat + 0.735*** 0.613** 0.147 0.483** 0.644 0.487 0.705**
Treat ◊ Low (0.199) (0.303) (0.274) (0.227) (0.424) (0.334) (0.299)

N 163 163 158 163 163 163 163

Notes: OLS regression with post-treatment level of the respective outcome as regressand. The sample is restricted to children
who improved their average rank from days 1–7 compared with days 8–15, see Figure S1). “Treat + Treat + Treat ◊ Low”
refers to the linear combination of the coefficients for “Treatment” and the interaction of “Treatment” with “Low-Achievers”;
it indicates the difference between low-achieving children in the treatment group and low-achieving children in the control
group. Standard errors in parentheses are clustered on class level and corrected for small number of clusters using biased-
reduced linearization (BRL, Bell & McCaffrey 2002). * p<.10, ** p<.05, *** p<.01
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Table S9: Main Results for Motivation, Effort, and Math Perf. without Additional Controls

Motiv. Task Teac-r Mot. Child-r Mot. Vol. Tasks Vol. Time Math Add/Sub Math Mult/Div

Treat ◊ Low 0.394* 0.418*** 0.220 0.347* 0.354 0.280 0.651**
(0.213) (0.155) (0.261) (0.191) (0.224) (0.291) (0.281)

Treat (Mid) -0.127 0.045 -0.065 -0.179 -0.063 -0.231 -0.295
(0.152) (0.230) (0.213) (0.183) (0.187) (0.200) (0.206)

Treat ◊ High 0.253 0.035 0.224 -0.213 -0.150 0.368 0.415*
(0.206) (0.221) (0.251) (0.232) (0.212) (0.261) (0.248)

School FEs Yes Yes Yes Yes Yes Yes Yes

Treat + 0.267 0.464* 0.155 0.168 0.290 0.049 0.357*
Treat ◊ Low (0.168) (0.277) (0.209) (0.211) (0.307) (0.198) (0.214)

N 378 378 361 378 378 378 378

Notes: OLS regression with post-treatment level of the respective outcome as regressand. We only control for school fixed ef-
fects (School FE) and baseline measure for outcome score. “Treat + Treat + Treat ◊ Low” refers to the linear combination of
the coefficients for “Treatment” and the interaction of “Treatment” with “Low-Achievers”; it indicates the difference between
low-achieving children in the treatment group and low-achieving children in the control group. Standard errors in parenthe-
ses are clustered on class level and corrected for small number of clusters using biased-reduced linearization (BRL, Bell &
McCaffrey 2002). * p<.10, ** p<.05, *** p<.01

Table S10: Main Results for Child-rated Outcomes without Additional Controls

Perc. Stress Somatic Probl. Self-efficacy Liking Competit.

Treat ◊ Low 0.333* -0.076 0.439* 0.599***
(0.197) (0.244) (0.246) (0.194)

Treat (Mid) 0.071 0.032 -0.115 -0.261**
(0.191) (0.188) (0.136) (0.107)

Treat ◊ High -0.201 -0.026 0.104 0.102
(0.298) (0.190) (0.173) (0.169)

School FEs Yes Yes Yes Yes

Treat + 0.404*** -0.043 0.324 0.338**
Treat ◊ Low (0.131) (0.140) (0.208) (0.169)

N 363 360 360 360

Notes: OLS regression with post-treatment level of the respective outcome as regres-
sand. We only control for school fixed effects (School FE) and baseline measure for
outcome score. “Treat + Treat + Treat ◊ Low” refers to the linear combination of the
coefficients for “Treatment” and the interaction of “Treatment” with “Low-Achievers”;
it indicates the difference between low-achieving children in the treatment group and
low-achieving children in the control group. Standard errors in parentheses are clus-
tered on class level and corrected for small number of clusters using biased-reduced
linearization (BRL, Bell & McCaffrey 2002). * p<.10, ** p<.05, *** p<.01
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Table S11: Results for Risk and Social Outcomes

Index Risk-taking Index Social Behavior

Treat ◊ Low -0.360 0.008
(0.250) (0.222)

Treat (Mid) 0.057 -0.106
(0.146) (0.177)

Treat ◊ High -0.147 0.086
(0.207) (0.188)

School FEs Yes Yes

Controls Yes Yes

Treat + -0.303 -0.099
Treat ◊ Low (0.199) (0.165)

N 370 368

Notes: OLS regressions with post-treatment level of the re-
spective outcome as regressand. “Treat + Treat + Treat ◊
Low” refers to the linear combination of the coefficients for
“Treatment” and the interaction of “Treatment” with “Low-
Achievers”; it indicates the difference between low-achieving
children in the treatment group and low-achieving children
in the control group. Standard errors in parentheses are clus-
tered on class level and corrected for small number of clus-
ters using biased-reduced linearization (BRL, Bell & McCaf-
frey 2002). * p<.10, ** p<.05, *** p<.01
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Table S12: Results for Teacher Ratings

Teac-r Math Ability Teac-r Math Grade Teac-r Risk Teac-r Social Beh. Teac-r Stress

Treat ◊ Low 0.065 0.228 0.091 0.013 -0.050
(0.141) (0.174) (0.237) (0.225) (0.253)

Treat (Mid) 0.168 -0.026 -0.219 0.078 0.175
(0.134) (0.093) (0.171) (0.188) (0.236)

Treat ◊ High -0.038 0.042 -0.094 -0.047 -0.058
(0.142) (0.115) (0.209) (0.162) (0.196)

School FEs Yes Yes Yes Yes Yes

Controls Yes Yes Yes Yes Yes

Treat + 0.233** 0.202 -0.128 0.091 0.125
Treat ◊ Low (0.099) (0.146) (0.256) (0.237) (0.242)

N 360 378 378 378 378

Notes: OLS regression with post-treatment level of the respective outcome as regressand. “Treat + Treat + Treat
◊ Low” refers to the linear combination of the coefficients for “Treatment” and the interaction of “Treatment”
with “Low-Achievers”; it indicates the difference between low-achieving children in the treatment group and low-
achieving children in the control group. Standard errors in parentheses are clustered on class level and corrected
for small number of clusters using biased-reduced linearization (BRL, Bell & McCaffrey 2002).
* p<.10, ** p<.05, *** p<.01

Table S13: Robustness Check with Room for Improvement in Math Tasks

Math Add/Sub Math Mult/Div

Treatment -0.037 -0.058
(0.081) (0.082)

Treat x Room 0.075 0.384
(0.326) (0.334)

School FEs Yes Yes

Controls Yes Yes

Treat + 0.038 0.326
Treat ◊ Room (0.310) (0.341)

N 378 378

Notes: OLS regressions with post-treatment level
of the respective outcome as regressand. The
dummy for “Room for Improvement” is one if a child
does not score 10 points in the math task at base-
line. “Treat + Treat x Room” refers to the linear
combination of the coefficients for “Treatment” and
the interaction of “Treatment” with “Room for Im-
provement”; it indicates the difference between chil-
dren with room for improvement in the treatment
group and those in the control group. Standard er-
rors in parentheses are clustered on class level and
corrected for small number of clusters using biased-
reduced linearization (BRL, Bell & McCaffrey 2002).
* p<.10, ** p<.05, *** p<.01
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