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Abstract

This study presents causal evidence on the impact of self-esteem on procrastination, using
a field experiment with college students. Leveraging a novel high-frequency dataset from a
learning app, I randomly assign students to a self-esteem booster, a goal-setting intervention,
or a control group, with treatments delivered through weekly notifications. I find that students
who receive the self-esteem booster procrastinate less, while the goal-setting intervention has
no effect. The results differ by gender: male students benefit from the self-esteem booster,
while female students show reduced study effort. These effects persist in the months after
the intervention, supporting a habit-formation mechanism. Finally, students in the self-esteem
booster group also report higher levels of self-esteem and lower levels of procrastination in

surveys.
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1 Introduction

In everyday life, people procrastinate on many tasks. Writing a dissertation, going to the gym,
paying taxes. Several studies have investigated how people ‘put off an impending task to a later
time even when such practice results in counterproductive and needless delay’’ (Schraw, Wadkins,
and Olafson 2007).

Universities are an ideal setting to study procrastination. Approximately 46% of college stu-
dents identify as serious procrastinators (Solomon and Rothblum 1984), with 80% to 95% having
experienced procrastination at some point in their academic lives and 50% regularly procrastinating
on academic tasks (Steel 2007). Procrastinators are also more likely to have mental health issues
and worse academic performance, although evidence mostly comes from correlational studies (Xu
2021; Arnold 2023). Nevertheless, understanding how to reduce procrastination has direct impli-
cations for productivity and human capital accumulation.

Procrastination has traditionally been studied as a problem of self-control, in which people
procrastinate because they undervalue the potential future benefits of completing an unpleasant task
compared to the immediate costs of doing it. This has been modeled in the form of quasi-hyperbolic
discounting in S — ¢ models (e.g., Laibson 1997; O’Donoghue and Rabin 1999; Hyndman and
Bisin 2022) or as a dual-self problem (Fudenberg and Levine 2006). These models suggest that
commitment devices, such as binding deadlines and goal setting, should mitigate procrastination.
However, empirical evidence on these interventions is mixed, suggesting that commitment devices
alone may be insufficient to overcome self-control problems (Burger, Charness, and Lynham 2011;
Bisin and Hyndman 2020; John 2020)1.

Research in psychology has shown a link between self-esteem and procrastination. In partic-

ular, procrastination can be used as a self-handicapping strategy (Ferrari and Tice 2000). When

!Clark et al. (2020) and Van Lent and Souverijn (2020) found positive effects of goal setting interventions on aca-
demic performance. Similarly, Ariely and Wertenbroch (2002) observed improved performance among MBA students
with external deadlines. However, the results did not replicate in a recent lab experiment (Hyndman and Bisin 2024).
Burger, Charness, and Lynham (2011) and Campos-Mercade, Thiemann, and Wengstrém (2025) found negative ef-
fects of using commitment devices on performance. More generally, setting goals has different effects that depend on
individuals’ beliefs (Abel et al. 2025; Strulov-Shlain and Wellsjo 2025).
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individuals face tasks whose outcomes reflect on their ability, delaying effort can be used to protect
self-image: failure after low effort signals insufficient effort rather than low ability. This mechanism
predicts that interventions that boost self-esteem should be especially effective for people with low
self-esteem, who are more prone to self-handicapping procrastination.

In this paper, I test these predictions by estimating the causal effect of self-esteem on procrasti-
nation through a field experiment with college students. I leverage a novel dataset from a learning
app to measure procrastination, and combine it with university administrative data and survey data.
Students in the experiment are randomized into three groups: the Booster group, the Goals group,
and the Control group. Students in the Booster group receive weekly notifications containing posi-
tive messages about their study time. Students in the Goals group receive notifications about setting
goals for their study time. Finally, students in the Control group do not receive additional notifica-
tions.

I find that boosting self-esteem increases effort in the app. The treatment increases the number
of correct answers, total answers, and distinct answers. On the other hand, the Goals treatment has
non-significant effects on usage. Looking at outcomes one semester after the intervention, students
in the Booster group continue to exhibit higher effort, suggesting a habit formation mechanism.
Heterogeneity analysis reveals that the effect of the self-esteem booster is driven by male students,
with female students reacting to the treatment by reducing their study effort. These results are in line
with previous interventions in education (Smithers 2015; Clark et al. 2020; Delavande et al. 2023;
Campos-Mercade, Thiemann, and Wengstrom 2025).

The main contribution of this project is that, to my knowledge, it is the first study to estimate the
causal impact of self-esteem on procrastination. Previous literature relied on correlational measures
(e.g., Lay 1986; Tice and Baumeister 1997; Schuenemann et al. 2022), which may yield biased
estimates due to reverse causality if higher procrastination reduces self-esteem. I address this by
exogenously boosting self-esteem in a controlled experiment. This design relates to interventions by
Hall, Zhao, and Shafir (2014), who found positive effects of self-esteem on cognitive performance,

and Bursztyn et al. (2018), where increasing self-esteem reduced the demand for status goods.



I also contribute to the literature on self-control problems, which are prevalent across different
domains. DellaVigna and Malmendier (2006) examined gym-members; Cadena et al. (2011) and
Kaur, Kremer, and Mullainathan (2015) studied workers; Thaler and Benartzi (2004) and Ashraf,
Karlan, and Yin (2006) analyzed the phenomenon in the context of savings. I extend this work by
showing that boosting self-esteem can serve as an effective substitute for commitment devices.

The granularity of the data allows me to estimate the evolution of the treatment effect over
time. This is particularly relevant for procrastination, given its dynamic nature. In a lab experi-
ment, recording behaviors over long periods captures these dynamics (e.g., Augenblick and Rabin
2019; Fedyk 2024), but requires substantial resources and increases experimental fatigue. In the
field, Burger, Charness, and Lynham (2011) tracked study patterns over a semester, but required
monitored library logins which could introduce demand effects. In my setting, participants likely
perceive the notifications as a standard app update, helping to mitigate such effects. In addition,
I observe repeated measures of study behaviors, while other field experiments were conducted in
settings in which individuals can only procrastinate once (e.g., submitting a term paper in Ariely
and Wertenbroch 2002 or completing an experimental task in Bisin and Hyndman 2020).

Finally, I examine both the short-run effects during the intervention and the long-run persis-
tence one semester later, after all students had switched back to the standard version of the app.
While previous studies rarely estimate long-term impacts, my setting allows me to shed light on the
mechanisms of habit formation, similar to the approach of Giuntella, Saccardo, and Sadoff (2024)
to study the effect of sleep on academic performance.

I provide a comprehensive analysis of student productivity along two dimensions. First, focus-
ing only on traditional outcomes (e.g., grades or dropouts) would provide partial evidence, given
the role that effort plays in academic performance. In this sense, my study is similar to Cotton
et al. (2020) and Gneezy et al. (2019), which focused on students’ effort rather than only on perfor-
mance. Second, previous studies have mainly looked at beliefs. Training emotion-focused strategies
has shown effectiveness in reducing perceived procrastination in a randomized experiment (Eckert

et al. 2016). However, these results are based on validated scales to assess procrastination, which



may not accurately reflect actual behavior (Piedmont et al. 2000). In this study, I am able to over-
come previous data limitations and identify effects on both perceived and actual procrastination by
having access to data on study effort in a high-stakes setting.

The results of this study have practical implications for educators. They suggest that interven-
tions providing periodic positive feedback or boosting self-esteem can effectively reduce procrasti-
nation and drive academic productivity. Importantly, these interventions do not require expensive
ed-tech infrastructure; they can be implemented through standard teacher-student interactions. As
such, they offer a feasible and scalable tool to foster human capital accumulation across different
educational settings and grade levels (List 2022).

The remainder of the paper is structured as follows. Section 2 outlines the theoretical frame-
work. Section 3 describes the setting. Section 4 presents the experimental design. Section 5 de-
scribes the data. The main results are presented in Section 6, while validity checks and mechanisms

are discussed in Section 7. Finally, Section 8 concludes.

2 Theoretical Framework

In this section, I introduce a theoretical framework to motivate the experimental design and illustrate
the mechanism linking self-esteem to procrastination. Specifically, I bridge the gap between the
traditional 8 — ¢ models of time-inconsistent preferences (e.g., Laibson 1997; O’Donoghue and
Rabin 1999) and recent findings on ‘‘ego utility’’ and fragile self-esteem (e.g., Bénabou and Tirole

2002; Készegi 2006; Kbszegi, Loewenstein, and Murooka 2022).

2.1 Traditional 8 — 6 model

Consider a student facing an intertemporal choice regarding study effort. Assume the student must
choose between studying for seven hours on March 1 (Option A) or eight hours on March 14 (Op-
tion B). In a standard model of time-inconsistent preferences, the student prefers the ‘efficient’’

outcome (Option A) when asked on February 1; however, once March 1 arrives, these preferences



reverse, leading him to delay the task. This phenomenon, known as present bias, implies that indi-
viduals give stronger relative weight to the present moment relative to any future moment. Formally,
this is modeled using (3, 6) preferences. The utility of the student at time ¢, evaluating a stream of

payoffs (uy, us41, ..., ur), is given by:

T-t
Ui = u, +,BZ 0 Urr

=1

where 0 < B < 1 captures the present bias (short-run impatience) and 6 < 1 represents the
standard exponential discount factor (long-run patience). The parameter S generates the preference
reversal: from the perspective of February, both March 1 and March 14 are in the future and are
discounted equally by S, so the student chooses the lower cost (7 hours). However, when March 1
arrives, the cost of studying is immediate (#,) and is not discounted by £, while the future cost on
March 14 is discounted by S.

Standard theory distinguishes between naifs (who are unaware of their future self-control prob-
lems) and sophisticates (who are fully aware). A sophisticated student, anticipating his future re-

versal, would ideally use a commitment device to force himself to study on March 1.

2.2 A -6 model with self-esteem dependence

Consider now a variation of the decision problem. Before the student decides whether to study on
March 1, he receives a notification on his phone that he failed a previous, unrelated exam. Under
the standard 8 — 6 model, preferences are exogenous and stable; this ‘‘sunk cost’” news regarding
a past event should not alter his discount factor or his optimal decision regarding the next exam.

However, psychological research suggests that decision-making is state-dependent, specifically
regarding mood and self-esteem (K&szegi, Loewenstein, and Murooka 2022). Moreover, K8szegi
(2006) argue that individuals derive utility not only from consumption or leisure but also from their
ego utility—their beliefs about their own ability.

This introduces the mechanism of self-handicapping. Assume the student believes the outcome



of an exam depends on both ability (a) and effort (e). A failure after high effort can be interpreted
as a signal of low ability (| @), which is psychologically painful. Conversely, a failure after procras-
tination (low effort) creates a ‘‘noisy’’ signal; the failure can be attributed to lack of effort rather
than lack of ability, therefore protecting the student’s self-image.

To incorporate this psychological mechanism into the traditional g — ¢ model, I propose that the
present-bias parameter is not fixed, but rather a function of the agent’s current state of self-esteem,

denoted by s. The utility function is rewritten as:

T-t
Ui(s) = s+ B(s) ), 6 thrsr
=1

Here, B(s) represents the *‘self-esteem dependent’” present bias”. I assume that 8'(s) > 0.
High Self-Esteem: As s increases, 8(s) — 1. The individual feels secure in their ability, has less
need for ego-protection (self-handicapping), and exhibits behavior closer to standard exponential
discounting.

Low Self-Esteem: As s decreases, 3(s) falls. The immediate utility of ‘‘protecting the ego’’ (by
delaying work to make the signal of ability noisier) creates an increase in impatience, that can
therefore lead to procrastination.

To capture the ‘‘fragility’’ in self-esteem described by Kd&szegi, Loewenstein, and Murooka
(2022), I assume s shifts between two states: a confident state § and a fragile state s. If an individual
receives a negative shock (e.g., the failed exam notification), s shifts from § to s. Consequently,
B(5) drops to B(s). The cost of immediate effort now outweighs the discounted future benefits not
just because of laziness, but because the immediate ‘‘ego cost’’ of potentially proving oneself a
low-ability type is too high. Therefore, contrary to the standard model, an exogenous shock to self-
esteem exacerbates present bias, making self-handicapping procrastination the optimal strategy for
the agent to preserve their remaining self-esteem.

The model therefore yields a key testable prediction: boosting self-esteem should shift some

2Evidence that 8 is not a fixed trait is also provided by Augenblick, Niederle, and Sprenger (2015), who documented
that the same individuals exhibit present bias in the domain of real effort, but not in the domain of monetary payoffs.
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agents from S(s) to B(5), reducing their propensity to procrastinate. My experiment is designed to

test this hypothesis.

3 Background

3.1 Academic Setting

The university. The University of St. Gallen is a public Swiss institution offering bachelor’s, mas-
ter’s, and doctoral programs in business, law, economics, and computer science. It enrolls roughly
10,000 students and is recognized as the leading business school in Switzerland and among the top
10 in Europe, according to the Financial Times (FT European Business School Rankings 2025).
The university is located in the capital of the canton (state) of St. Gallen, in eastern Switzerland, a
region with a population of approximately 540,000.

The assessment year. Admission to the bachelor’s program requires completion of the first year,
known as the assessment year, which is offered in two tracks based on the language of instruc-
tion: German or English. All students take courses in business administration, economics, law,
and mathematics, each consisting of a Fall semester course (September—December) and a Spring
semester course (February—May), each with a two-week midterm break.

Grades range from 1 to 6, with 6 as the highest and 4 as the passing grade. Grades are weighted
by course credits to calculate total weighted credit points. Students failing an exam receive negative
credit points proportional to the shortfall from the passing grade. To pass the assessment year, stu-
dents must accumulate at least 240 weighted credit points and have no more than 12 negative points.
Students may repeat the year once if they fail, but credits cannot be carried over; failing a second
time prevents them from enrolling in the same program anywhere in the country. Therefore, this
high-stakes framework makes the assessment year a particularly suitable context for investigating

study effort.


https://rankings.ft.com/rankings/3042/european-business-school-rankings-2025

3.2 Data Partner

Brian AG is a Swiss company that provides educational services to universities and schools. Brian
is a learning platform where professors can upload study materials (e.g., flashcards, questions).
Students can access the Brian app from smartphones and tablets.

The app uses gamification to increase student engagement with the topics (see Figure A.1 for an
example of the interface). In particular, the interface of the app resembles a journey, with different
milestones that are represented by each topic. To complete a milestone, students need to answer
20 questions. Students are allowed to answer as many questions as they want, and they can also
answer the same question multiple times. In the app, students see real-time feedback on whether
the answer is correct or not, and they also see their progress in the app (i.e., the share of answered
questions), the total number of correct answers and the ranking for the course, computed based
on the points. Students register with their university email and select a nickname for their profile,
therefore a student knows her position in the ranking, but only knows the position of the peers for
which she knows the nicknames.

Using Brian is recommended by lecturers but is voluntary and does not influence course grades.
Introduced in 2020 in the Business Administration A course, the app remains most extensively used
in this course and is reported to be helpful in course evaluations. In this study, I analyze study be-
havior in Business Administration A and Economics A (Fall semester) and Business Administration

B (Spring semester).

4 Experimental Design

4.1 Treatments

Students were randomly assigned to three conditions: Booster, Goals, and Control. 1 used a simple
randomization method to assign all eligible students to the three treatment arms (cf. Section 5 for

a description of the experimental sample).



Booster. Students in the self-esteem booster group received the standard version of the app until the
start of the experiment (the last Sunday of the term break). After that, they received every Sunday
at 1pm for 11 weeks (up to the last Sunday before the Business Administration A exam) a positive
notification on their app usage. In particular, they received the following message ‘‘Great job! You
studied X minutes last week for Business Administration. Keep up the amazing work!’’, as shown in
Figure A.2. If students never opened the app during the week, they did not receive the notification.
Goals. Students in this treatment arm received the standard version of the app until the midterm
break. After that, every Sunday at 1pm for 10 weeks, a notification was sent about their goals to use
the app the following week. In particular, they received the following message ‘Take control of your
week. How many minutes do you plan to study on Brian next week in Business Administration?’’.
If they clicked on the notification, an input box would open in the app, allowing them to set their
goal for the week. Figure A.3 displays the notification and the input box.

Control. Students in the control group received the standard version of the app, without additional

notifications. This group provides a baseline to identify the causal effect of the treatments.

4.2 Timeline

Figure A.5 presents the experimental timeline. The experiment took place during the 2024/2025
academic year, covering both the Fall and Spring semesters. The Fall semester began in mid-
September and continued until Christmas, with a two-week break at the end of October. The cor-
responding exam period started in mid-January and ended in mid-February. The Spring semester
ran from mid-February to mid-May, with a two-week break at the end of March. The Spring exam
period began in mid-June and concluded in mid-July.

I complemented the analysis with three survey waves. The baseline survey was conducted from
the end of September until mid-October, the midline survey from mid-December until mid-January,
and the endline survey from the end of April until the end of May.

The intervention started on the last Sunday of the term break in the Fall semester and lasted

for 11 weeks, until the last week before the Business Administration A exam. During the Spring
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semester, no intervention was conducted; therefore, all students returned to the standard version
of the app. Short-run effects are defined relative to the Fall semester, immediately following the

intervention, while long-run effects are defined relative to the Spring semester.

5 Data

5.1 Brian

I used data on the usage of the app, in particular the number of questions answered, the number of
correct answers, the time spent on every answer, the ranking on the app, and the time and day when

the students used the app to answer a question.

5.2 Surveys

I conducted three surveys. A baseline survey during the first weeks of the Fall semester (before
the start of the experiment), a midline survey during the last weeks of the Fall semester (before the
exam period), and an endline survey during the last weeks of the Spring semester.

Participation in the surveys was voluntary. To complete the surveys, a QR code was shown in
class during lecture time. The survey was advertised by faculty members, and the link to the survey
was also available on the university platform where students access study materials. Reminders
were sent via email only for the endline survey. To incentivize participation, in each wave, 3 students
who completed the survey were randomly selected to win 100 CHF (around 120 USD) each.

I collected the following information: demographics, parental education, overconfidence, ex-
pected grade in Business Administration. Moreover, I use validated scales to measure self-esteem
(Rosenberg’s Self-Esteem Scale, Rosenberg 1965), procrastination (a short version of the General
Procrastination Scale, Sirois, Yang, and van Eerde 2019), and time management (a short version of
the Time Management Behaviors Scale, Peeters and Rutte 2005). Each scale produces an aggregate

score by summing item responses, with higher values indicating higher levels of the underlying trait.
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The General Procrastination Scale includes items such as ‘‘In preparing for some deadlines, I often
waste time by doing other things’’, or ‘I often find myself performing tasks that I had intended to do
days before’’. The Rosenberg’s Self-Esteem Scale includes items like ‘‘I feel that I have a number
of good qualities’” or ‘‘On the whole, I am satisfied with myself’’. Finally, the Time Management
Behaviors Scale contains items like ‘I feel in control of my time’’ or ‘‘I finish top-priority tasks

before going on to less important ones’’. For the text of the surveys, see Appendix A.3.

5.3 University

Data on place of residence, gender, and language of study were obtained from the university’s

administrative records.

5.4 Sample Description

All students in the 2024/2025 assessment year (N=1,825) were eligible®. Exclusions were applied
to students who had not downloaded the app at the time of randomization or who had notifications
disabled. The randomization sample consists of 1,646 students, representing 90 percent of the
eligible population.

Table A.1 reports summary statistics for the experimental sample and the rest of the students
enrolled in the assessment year. On average, students in the experiment are more likely to be en-
rolled in the German track (63% versus 44%), but other demographic characteristics such as gender
and place of residence are balanced. As expected, students in the experiment have a higher baseline
usage of the app. This reflects the inclusion criteria, as only students who had downloaded the app
and enabled notifications were included in the experiment. Indeed, only 2 out of 178 students in
the non-experimental sample had used the app before the randomization.

Summary statistics for the experimental sample are reported in Table 1. On average, a large

share of the students (83%) had a Swiss address as their residence when they applied to university,

3T was not able to link one student with administrative data from the university, therefore the overall sample I used
in the analysis consists of 1,824 students.
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and more than 50% are enrolled in the German track (63%). Finally, only 38% of the sample
consists of female students. Regarding the baseline survey, 70% of the students have a parent with
at least a bachelor’s degree, and the average expected grade in the Business Administration A is 4.9
(in Switzerland 6 is the highest grade and 4 is the passing grade).

There is no evidence of selection into treatments, as reported in Table 2. For each baseline
characteristic, I regress the variable on the treatment dummies and report the p-value of the F-test
for joint significance. Both administrative covariates (gender, place of residence, and language
of study) and survey measures (self-esteem, procrastination, time management, expected grade in
Business Administration A, parental education) are statistically balanced across groups. Because
the baseline survey was conducted prior to randomization and students were randomly assigned to
the treatment arms, the groups are comparable at baseline.

Students had the possibility to disable the notifications. However, a small share of students
stopped receiving the notifications during the experiment, as displayed in Figure A.4. In particular,
in the last week of the experiment, only 6% in the Booster group and around 1% in the Goals group
did not get the notifications.

Despite the relatively low survey take-up rate (440 students participated in the three waves,
representing approximately 26% of the experimental sample), there is no evidence of selection into
survey waves by treatment arms, demographics, or baseline app usage, as displayed in Table A.2.

The only significant difference across waves is a higher proportion of German-track students in

the baseline sample (78%) compared to the midline (57%) and endline (58%) samples®.

“This likely reflects differences in data collection: the baseline survey was advertised during lecture time in the
German track, whereas subsequent waves were advertised during lecture breaks. This was due to the fact that lecturers
in the German track had more dedicated class time to allocate to data collection at the start of the academic year
compared to the end of the Fall (midline) and Spring (endline) semesters.
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Table 1: Summary statistics for experimental sample

Variable Count Mean SD Min Max
Female 1646 0.38 0.48 0.00 1.00
Swiss 1646 0.83 0.38 0.00 1.00
German Track 1646 0.63 0.48 0.00 1.00
Brian User 1646 1.00 0.00 1.00 1.00
Total Answers 1646 812.07 965.56 0.00 7203.00
Total Correct Answers 1646 580.87 735.58 0.00 5469.00
Total Distinct Answers 1646 430.88 443.08 0.00 3845.00
Procrastination 274 26.78 6.16 13.00 45.00
Self-Esteem 274 37.68 6.75 18.00 50.00
Time Management 272 3414 620 15.00 49.00
Expected Grade 271 4.90 0.47 3.50 6.00
Parental education: higher than bachelor 270 0.70 0.46  0.00 1.00

This table reports summary statistics for baseline variables for individuals in the experiment. The

variables refers to the period before the randomization. Procrastination, self-esteem, time

management, the expected grade in Business Administration A, and parental education refers to the
baseline survey. Students that failed the attention check in the baseline survey and that did not answer
the questions on procrastination and self-esteem were excluded from the sample.

Table 2: Balance Table: students in the experimental sample by treatment arm

Variable Booster Goals Control P value (F test)
Female 0.38 0.37 0.38 0.968
Swiss 0.82 0.82 0.84 0.500
German Track 0.63 0.65 0.61 0.310
Total Answers 821.45 776.75 840.96 0.525
Total Correct Answers 591.34 560.71 591.99 0.718
Total Distinct Answers 438.03 41690 438.71 0.645
Procrastination 26.45 26.79  27.16 0.734
Self-Esteem 37.30 38.38 3743 0.512
Time Management 3472 3448  33.18 0.194
Expected Grade 4.92 4.85 4.92 0.483
Parental education: higher than bachelor  0.68 0.68 0.72 0.809
N (experimental sample) 548 574 524

N (baseline survey) 100 84 90

This table reports means for baseline variables for individuals in the experiment by treatment arm. The
variables refers to the period before the randomization. Procrastination, self-esteem, time management,
the expected grade in Business Administration A, and parental education refers to the baseline survey.
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6 Results

6.1 Effect of self-esteem booster on study effort

To assess the impact of the treatment arms, I estimate the following regression:

Y = a + B11{Booster;} + B,1{Goals;} + yX; + w; + &iz,

where Y;; denotes the outcome of student i in week 7. Outcomes include (i) number of correct
answers, (ii) total number of answers, (iii) number of distinct answers in the app. X is a vector of
student level controls measured at baseline, including gender, country of residence at enrollment,
language of study, preusage of the app. Week fixed effects (w;) are included in the model, and the
standard errors are clustered at the student level.

The coefficients 8; and S, capture the ITT effects of assignment to the Booster and Goals
interventions relative to the Control group. Overall, there is no evidence that Goals increases effort
in the app, as displayed in Table 3. On the other hand, students assigned to the Booster group provide
more answers overall in the app, more distinct answers, and answer more questions correctly. The
estimated effects across these outcomes are consistently around 0.04 standard deviations.

Shifting levels of effort might have no impact on procrastination, if the effect is driven by stu-
dents studying more on one specific day. Therefore, I run a separate OLS regression per week to
estimate the dynamics of the ITT. Figure 1 shows the evolution of the effect of the Booster on
the number of answers across the weeks when the intervention took place. Despite negative/null
effects during the beginning of the intervention (when students were exposed to a low number of
overall notifications compared to subsequent weeks) and during the Christmas holidays, the coeffi-
cients are positive and statistically significant for almost every week, suggesting that students in the

Booster group were procrastinating less. In particular, students in this group gave on average 50

5Given that students could disable the notifications, the estimated effects should be interpreted as intention-to-treat
(ITT) effects
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Table 3: Effects of Treatment on Weekly Outcomes

Correct Answers Total Answers Distinct Answers

Goals 0.009 0.013 0.002
(0.016) (0.016) (0.017)
Booster 0.042%*%* 0.040%** 0.049%%**
(0.017) (0.016) (0.018)
Observations 70778 70778 70778
Week FE Yes Yes Yes
Controls Yes Yes Yes

Clustered SEs Yes (Student) Yes (Student) Yes (Student)
*p <0.1, ** p <0.05, *** p <0.01

Each column reports OLS estimates with week fixed effects and standard errors clus-

tered at the student level. All regressions control for student gender, nationality, lan-

guage of study, and baseline usage of the app. Outcome variables are standardized.

more answers per week in the last two weeks of the intervention, when the exposure to the treatment
was the highest.

When decomposing this effect between the short run, when students are exposed to the treat-
ment, and the long run, when all students switch back to the Control group, it can be observed that
the overall effect is driven by the long run. Comparing the estimates in Figure 2, there is evidence of
some habit formation mechanism that is taking place, with students in the Booster group increasing
their effort in the app when exposed to the intervention (although not statistically significant), and

continuing to use the app more in the Spring semester.
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Effect on Total Answers

-50

Figure 1: Effect of the Booster treatment on the number of Total Answers, estimated separately for each week of the
experiment. The estimates were derived using OLS regressions with robust standard errors. All regressions include
controls for gender, language of study, and baseline usage of the app.
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Figure 2: Effect of Booster on number of total answers, number of correct answers, and number of distinct answers.
Each coefficient is the OLS estimates with week fixed effects and standard errors clustered at the student level. All
regressions control for student gender, nationality, language of study, and baseline usage of the app. Outcome variables
are standardized. The effects are estimated separately by semester, in the Fall semester the intervention was imple-
mented, and in the Spring semester all students switched back to the control group.

6.2 Effect heterogeneity

To explore gender differences, I conducted a preregistered heterogeneity analysis by estimating

interactions between treatment indicators and a female dummy:

Y = a + B11{Booster;} + B1{Goals;} + p1{Female;} + 6, [I{Boosteri} X l{Femalei}]

+6, [I{Goalsi} X l{Femalei}] +yX; + w; + &i1,

where Y;; denotes the outcome of student i in week ¢. X; is a vector of student level controls
measured at baseline, including country of residence at enrollment and language of study. Week
fixed effects (wy) are included in the model, and the standard errors are clustered at the student level.

Results in Table 4 highlight substantial heterogeneity. Overall, the effect is driven by male
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Table 4: Effect heterogeneity by gender of treatment on weekly outcomes

Correct Answers Total Answers Distinct Answers

Goals 0.027 0.027 0.005
(0.027) (0.026) (0.029)
Booster 0.076%** 0.066%** 0.076**
(0.027) (0.024) (0.030)
Goals X Female -0.077* -0.075%* -0.049
(0.041) (0.039) (0.046)
Booster x Female —0.095%* —0.082%* -0.076
(0.042) (0.039) (0.047)
Observations 70778 70778 70778
Week FE Yes Yes Yes
Controls Yes Yes Yes
Clustered SEs Yes (Student) Yes (Student) Yes (Student)

*p <0.1, #* p <0.05, *** p <0.01

Each column reports OLS estimates with week fixed effects and standard errors clustered
at the student level. All regressions control for nationality and language of study. Outcome
variables are standardized.

students, who react to the self-esteem booster by increasing their effort in the app, while the inter-
vention has negative effects on women. The Goals treatment has no effect on male students, while
it has negative effects on female students. These results are in line with previous interventions in
education that found differential effects by gender (Smithers 2015; Clark et al. 2020; Delavande
et al. 2023; Campos-Mercade, Thiemann, and Wengstrom 2025).

On the other hand, there is no evidence of different effects based on whether the student was
registered at a Swiss address at enrollment, as displayed in Table A.3. This heterogeneity analysis
was preregistered, based on the institutional setting, where students coming from a Swiss high-
school are automatically admitted to the university, while other students need to pass an entry test.
Therefore, students coming from a non-Swiss high-school might be more motivated or have higher

ability. In this analysis, [ used place of residence as a proxy for having a Swiss high-school diploma.
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7 Validity Checks and Mechanisms

7.1 Effects on beliefs

The self-esteem booster is motivated by the idea that students with low self-esteem may use pro-
crastination as a self-defensive mechanism. By increasing self-esteem, the intervention is expected
to reduce procrastination. To verify whether the observed effects operate through this mechanism,
I examine self-reported measures of self-esteem and procrastination.

I first conduct a manipulation check by comparing self-esteem scores across the Booster, Goals,
and Control groups. As shown in Figure 3, self-esteem was balanced across groups at baseline.
Following the intervention, students in the Booster group reported significantly higher self-esteem
in the midline survey (approximately an 8% increase in the score), but a non-significant effect in
the endline survey. This pattern is consistent with the intervention being delivered over a single
semester, and the endline survey capturing a semester where all students had experienced the same
conditions. By comparing the control averages across survey waves, it seems that the effect of the
self-esteem booster consists in counteracting the strong reduction in self-esteem between the start
and the end of the Fall semester (from 37.43 to 34.91).

I then examine self-reported procrastination in the surveys. Figure 4 illustrates the evolution of
reported procrastination across the three survey waves, with students in the Booster group reporting
lower levels of procrastination in the endline survey. In particular, the effect corresponds to around
a 7% reduction in the score.

Finally, students in the Goals group follow similar trends compared to those in the Control
group, both in terms of reported self-esteem and procrastination. Therefore, only the self-esteem

booster had an impact on both behaviors in the app and beliefs in the surveys.
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Control mean: 37.43 Control mean: 34.91 Control mean: 36.35

(2]

IN

Effect on self-esteem relative to Control

Baseline Midline Endline
- Booster Goals

Figure 3: Effect of Booster and Goals on reported self-esteem. Each coeficient is the OLS estimates with robust
standard errors. Reported procrastination is measured using the Rosenberg Self-Esteem Scale (Rosenberg 1965). For
the full text of the survey, refer to Appendix A.3.

7.2 Spillovers

The estimation of the ITT could lead to biased results in case of spillovers. This could happen
if students study in groups and the treatment assignment of one student would affect the effort
of another student in the same group. For example, a student in the Control group may become
discouraged if he sees a peer in the Booster group receiving a notification praising his effort, leading
the Control student to question his own performance and potentially decrease his study effort.

To test for spillovers, I leverage randomly formed groups to which students were assigned during
a mandatory orientation week. These groups have been proved to be relevant for friendship net-
works, major choices, GPA and dropout rates (Thiemann 2022). Students were assigned to these
groups of average size 24 based on a stratified randomization on gender and whether or not they
completed high school in Switzerland. During the mandatory orientation week, they spent 60 hours

together, and had to prepare a presentation on a case study that took place on the last day of the
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Control mean: 27.16 Control mean: 26.36 Control mean: 28.75

Effect on procrastination relative to Control

Baseline Midline Endline
- Booster Goals

Figure 4: Effect of Booster and Goals on reported procrastination. Each coefficient is the OLS estimates with robust
standard errors. Reported procrastination is measured using the Short General Procrastination Scale (Sirois, Yang, and
van Eerde 2019). For the full text of the survey, refer to Appendix A.3.

week.
Table A.4 presents the results of a regression of study effort on the treatment indicators, control-
ling for the share of treated peers within the orientation week group. Given that these coefficients

are not statistically significant, there is no evidence supporting the presence of spillovers.

7.3 Salience of the app and engagement

Another potential concern is that the observed effects are not driven by increased self-esteem, but
rather by greater salience of the app. Students in the Booster group receive weekly notifications,
which could increase exposure to the app relative to the Control group and mechanically boost
engagement. However, students in the Goals group also receive weekly notifications, so any salience
effect should similarly affect this group.

The different effects of the Goals treatment compared to Booster suggest that the positive impact

of the self-esteem booster is unlikely to be due only to increased app salience. Moreover, students
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in the Booster received on average fewer notifications than those in Goals, given the design of the
intervention. In particular, students in Booster only received the notification in case they studied
for at least 1 minute in the app, while those in the Goals group received it independently of their
effort. However, results are different both in terms of observed behaviors (in Table 3) and beliefs
(in Figure 3 and Figure 4).

To further explore this mechanism, Figure A.6 plots the average number of answers per hour
on Sundays, when notifications are sent, in the weeks when the intervention took place. The post-
notification usage trajectories show opposing, non-statistically significant trends: after receiving the
notification, usage increases for students in the Booster group but decreases for those in the Goals
group. These patterns indicate that the effect of the self-esteem booster is not simply a mechanical

consequence of app reminders.

7.4 Self-esteem booster and treatment intensity

Being assigned to the Booster treatment does not automatically translate into receiving 11 self-
esteem boosters during the experiment. In fact, if a student never opened the app for one week, no
notification would be sent. Moreover, the perceived impact of the message may vary with weekly
effort. For example, receiving a message praising a student for studying only four minutes may not
effectively boost self-esteem.

Figure A.7 displays, for each week, the share of students in the Booster group who studied less
than five minutes and the share who did not receive the notification. The proportion of students
studying fewer than five minutes is low and stable over time, whereas the share of students who did
not receive a notification is higher but decreases over the semester. If these subgroups attenuate the
treatment effect, the estimated I'TT should be interpreted as a lower bound for both app-based study

effort and self-reported survey outcomes.
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8 Conclusion

This study investigates the relationship between self-esteem and procrastination by testing whether
an intervention that increases self-esteem can reduce procrastination. I conducted a randomized
controlled trial with first-year students at the University of St. Gallen, in collaboration with a learn-
ing app.

The results indicate that the self-esteem booster increased study effort in the app, with the effect
mainly driven by male students. Students in the Booster group also exhibit more effort in the six
months after the intervention. However, students in the Goals group do not react to the treatment
by increasing their effort.

These findings have important implications for the design of educational interventions. Inter-
ventions intended to increase academic productivity need to account for gender-specific responses,
as effects are heterogeneous across students. In addition, the results suggest that low-cost interven-
tions—such as periodic positive feedback—can have positive long-term effects on student effort.

One limitation of this study is that the analysis focuses on online learning. Future studies should
also analyze offline learning to provide a more comprehensive framework. However, given the
proliferation of learning platforms, I expect future generations to spend an increasing amount of
time using new learning tools, making this context highly relevant. In an ideal setting, a researcher
would have access to both online and offline learning data. In my setting, this could have been
possible if library access data were available, assuming students primarily study there. However,
since students do not scan their student cards to access the library, it is not possible to objectively
quantify offline effort in this study.

Regarding external validity, future studies should replicate the findings of this study. While the
theoretical framework suggests that these results should generalize, individuals in other settings
might respond differently for two reasons. First, students in the assessment year have recently tran-
sitioned to a new learning environment; they are still adapting their learning strategies and may
be more willing to change them (Dai, Milkman, and Riis 2014). Second, compared to other pop-

ulations, college students may attach greater weight to academic performance in their self-image,
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given the strong implications of a degree for future earnings and social status.

As already discussed in Section 7, not all students assigned to the Booster group received the full
exposure to the treatment. Future interventions incorporating teacher-delivered positive messages
could overcome this problem, as face-to-face interactions might have higher treatment compliance
compared to in-app notifications.

Finally, this study contributes to the economic literature by demonstrating a causal link between
self-esteem and effort. A natural extension would be to investigate the effect of boosting self-esteem
in other settings where individuals might engage in self-handicapping strategies to protect their self-
image—such as newly hired workers or freelancers working on a first project with a new client. For
instance, a freelancer faces a trade-off: high effort increases the chance of future work, but low effort

provides a self-protective excuse (blaming effort rather than ability) if the contract is not renewed.
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A.1 Tables

Table A.1: Balance Table: students in the experimental sample vs. other students

Variable Experimental Sample Other Students Diff.
Female 0.38 0.32 0.06
(0.0 (0.04) (0.04)
Swiss 0.83 0.83 -0.00
(0.01) (0.03) (0.03)
German Track 0.63 0.44 0.19%%*
(0.01) (0.04) (0.04)
Brian User 1.00 0.01 0.99%**
(0.00) (0.01) (0.01)
Total Answers 812.07 0.26 811.817%%*
(23.80) (0.19) (23.80)
Total Correct Answers 580.87 0.13 580.73%%*%*
(18.13) (0.10) (18.13)
Total Distinct Answers 430.88 0.25 430.63%**
(10.92) (0.18) (10.92)
Number of students 1646 178

This table reports means and standard errors (in parentheses) for baseline variables for
individuals in the experiment and individuals not in the experiment. The variables refers to
the period before the randomization. Only students that had downloaded the app and had
notifications enabled were included in the experiment.
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Table A.2: Balance Table: students in the experimental sample by survey wave

Variable Baseline Midline Endline P value (F test)

Female 0.46 0.45 0.44 0.908
(0.03) (0.04) (0.04)

Swiss 0.78 0.82 0.83 0.292
(0.03) (0.03) (0.03)

German Track 0.72 0.57 0.58 0.001***
(0.03) (0.04) (0.04)

Total Answers 987.88  952.66 929.44 0.830
(66.99) (87.17) (67.57)

Total Correct Answers  711.18  666.95  660.60 0.754
(50.37) (65.55) (51.71)

Total Distinct Answers  506.55 517.53 510.09 0.976
(30.61) (39.96) (30.42)

Treatment: Booster 0.36 0.34 0.34 0.869
(0.03) (0.04) (0.03)

Treatment: Goals 0.31 0.30 0.36 0.426
(0.03) (0.04) (0.04)

Treatment:Control 0.33 0.35 0.30 0.564
(0.03) (0.04) (0.03)

N 274 128 186

This table reports means and standard errors (in parentheses) for baseline variables
for individuals in the experiment by survey wave. The variables refers to the period

before the randomization.
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Table A.3: Effect heterogeneity by place of residence of treatment on
weekly outcomes

Correct Answers Total Answers Distinct Answers

Goals -0.009 -0.009 0.008
(0.051) (0.045) (0.056)
Booster -0.036 -0.030 -0.012
(0.049) (0.044) (0.056)
Goals x Swiss 0.007 0.007 -0.026
(0.056) (0.050) (0.061)
Booster X Swiss 0.092%* 0.078 0.071
(0.054) (0.049) (0.061)
Observations 70778 70778 70778
Week FE Yes Yes Yes
Controls Yes Yes Yes

Clustered SEs Yes (Student) Yes (Student) Yes (Student)
*p <0.1, ** p <0.05, *** p <0.01

Each column reports OLS estimates with week fixed effects and standard errors clustered

at the student level. All regressions control for gender and language of study. Outcome
variables are standardized. Swiss is a dummy variable indicating that the student was

registered at a Swiss address at enrollment.
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Table A.4: Effects of Treatment on Weekly Outcomes

Correct Answers Total Answers Distinct Answers

Goals 0.007 0.011 —-0.007
(0.017) (0.018) (0.018)
Booster 0.038** 0.035** 0.048**
(0.018) (0.017) (0.020)
Share of treated peers (Goals) -0.125 —0.125 —0.131
(0.092) (0.085) (0.097)
Observations 64715 64715 64715
Week FE Yes Yes Yes
Controls Yes Yes Yes
Clustered SEs Yes (Student) Yes (Student) Yes (Student)

*p <0.1, ¥* p <0.05, *** p <0.01
Each column reports OLS estimates with week fixed effects and standard errors clustered at the student
level. All regressions control for student gender, nationality, language of study, and baseline usage of the
app. Outcome variables are standardized. The share of treated peers is computed by using the randomly
formed groups during the mandatory orientation week. Only students that attended the orientation week

in the academic year 2024/2025 were included in the analysis.
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A.2 Figures
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Figure A.1: Brian’s interface showing the course page, an example of a question, and the home page.

BRIAN 1h ago

Great job!

You studied for [X] minutes last week for Business
Administration. Keep up the amazing work!

Figure A.2: Text of notification of the Booster treatment.

X

How many minutes do you plan to study on Brian next
week in Business Administration?

BRIAN 1h ago Your future self will thank you for the time you commit today.

Take control of your week

Minutes

How many minutes do you plan to study on
Brian next week in Business Administration?

Figure A.3: Text of notification of the Goals treatment and input box.
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Figure A.4: Cumulative share of students in the treatment arms that did not receive notifications by week of the
experiment.
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Figure A.5: Timeline of the Experiment.
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Figure A.6: Change in the average number of answers on Sundays by hour relative to the time of the notification.
Only Sundays during the experiment are included.
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Figure A.7: Evolution of the share of users in the Booster treatment that studied less than 5 minutes (low effort) or
0 minutes (zero effort) by week of the experiment.
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A.3 Surveys

Here I report the text of the survey. The order of the questions related to procrastination, self-
esteem, time management, and the attention check was randomized. Self-esteem is measured using
the Rosenberg Self-Esteem Scale (Rosenberg 1965), procrastination is measured using the Short
General Procrastination Scale (Sirois, Yang, and van Eerde 2019), time management is measured

using the Short Time Management Behaviors Scale (Peeters and Rutte 2005).
* What is your matriculation number?
* What is your date of birth?

* Procrastination: On a scale from 1 to 5, where 1 means ‘‘Strongly Disagree’’ and 5 means

“‘Strongly Agree’’, please indicate your level of agreement with the following statements:

In preparing for some deadlines, I often waste time by doing other things
— I am continually saying ‘‘I’ll do it tomorrow’’

— I often have a task finished sooner than necessary

— I generally delay before starting work I have to do

— T usually accomplish all the things I plan to do in a day

— I usually take care of all the tasks I have to do before I settle down and relax for the

evening

— Even with jobs that require little else except sitting down and doing them, I find they

seldom get done for days
— I often find myself performing tasks that I had intended to do days before

— T usually buy even essential items at the last minute

* Self-Esteem: On a scale from 1 to 5, where 1 means ‘‘Strongly Disagree’” and 5 means

““‘Strongly Agree’’, please indicate your level of agreement with the following statements:
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I feel that I am a person of worth, at least on an equal plane with others
I feel that I have a number of good qualities

All in all, I am inclined to feel that I am a failure

I 'am able to do things as well as most other people

I feel I do not have much to be proud of

I take a positive attitude towards myself

On the whole, I am satisfied with myself

I wish I could have more respect for myself

I certainly feel useless at times

At times I think I am no good at all

* Time Management: On a scale from 1 to 5, where 1 means ‘‘Seldom true’’ and 5 means

‘“Very often true’’, please indicate the extent to which the following statements apply to you:

I feel in control of my time

I review my daily activities to see where I am wasting my time

I break complex, difficult projects down into smaller manageable tasks

I set short-term goals for what I want to accomplish in a few days or weeks

I set deadlines for myself when I set out to accomplish a task

I'look for ways to increase the efficiency with which I perform my work activities
I set priorities to determine the order in which I will perform tasks each day

I review my goals to determine if they need to be adjusted

I finish top-priority tasks before going on to less important ones

I make a list of things to do each day and check off each task as it is accomplished

37



 This is a question to check whether you are paying attention and reading the questions care-

fully. Please select both “‘strongly disagree’” and ‘strongly agree’’ to continue

* What grade do you expect to receive in Business Administration? Please report a number

from1to6

* Onascale from 1 to 5, where 1 means ‘‘Not at all certain’” and 5 means ‘Extremely certain’’,

how certain are you about your previous answer?

* In relation to your grade in the Business Administration course, how do you think you will

rank compared to others in your cohort?

* On average, how many minutes per day do you spend studying Business Administration?

Please provide a specific number.

* What is the highest level of education of your father?

* What is the highest level of education of your mother?

Note that there were some changes in the text of the surveys. In particular, the baseline survey
also asked whether the student was employed or not. In both the baseline and midline surveys,
parental education was recorded through a single question, without distinguishing between the lev-
els of mother and father education. For a separate research project, in the midline and endline
surveys, some additional questions were included. The questions asked about friends at the uni-
versity, social comparison, and parental expectations. The questions about the expected grade and
ranking in the course were related to Business Administration A in the baseline and midline surveys,

and to Business Administration B in the endline survey.
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