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Abstract

We implement a randomized information intervention to enhance beliefs about the
productivity of effort on a cohort of undergraduate students at a UK university. The
intervention increases first-year exam grades and GPA, with an intention-to-treat effect of
0.10 of a standard deviation. The effects are larger for men, reducing the gender gap in
academic achievement by a third. The data allow us to examine the mechanisms linking the
intervention to outcomes, through changes in beliefs and academic inputs, as well as its
longer-term effects. We replicate the main results at another UK university, highlighting
the external validity of our findings.
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1 Introduction

Non-cognitive skills include personal attributes such as conscientiousness and self-control,
economic preferences such as patience and altruism, and beliefs such as growth mindset and
self-efficacy. These individual characteristics are strong predictors of educational
achievement, labor market outcomes, health, and criminality (Almlund et al., 2011; Moffitt
et al., 2011). Although sometimes labeled as traits, they are mostly referred to as skills as
there is growing evidence that they are malleable, especially in the early years (Alan & Ertac,
2018; Alan et al., 2019; Sorrenti et al., 2025). However, we know less about the
effectiveness of interventions in shaping non-cognitive skills in adolescence and early
adulthood (Kautz et al., 2014; Broda et al., 2018; Katz et al., 2022).!

This paper investigates the causal impact of a randomized information intervention
designed to enhance university students’ beliefs about the productivity of effort. These
beliefs are relevant in shaping non-cognitive skills associated with better educational
outcomes. For example, individuals who believe that effort is productive might exhibit a
“growth mindset” (Dweck, 2008), a psychological construct emphasizing that effort is
key in improving ability. At the same time, these individuals might show higher
persistence in the face of mistakes or failure, a concept related to both the growth mindset
and “grit” or perseverance (Duckworth et al., 2007).

Our study offers several significant contributions. First, we map the full chain of
impacts arising from the intervention, starting from individual beliefs about the returns
to effort, educational inputs, and academic outcomes. Specifically, we measure beliefs
about the productivity of effort using subjective expectations about the production
function of grades. In terms of educational inputs, we focus on the quantity of effort
(using self-reported study hours with attendance data records from a swipe-card
system), and its quality, unpacking what students do during their hours of study.’
Second, we analyze short and longer-term effects, as we measure academic outcomes at

the end of the first year of university and until graduation. Finally, we demonstrate the

! See also Deming (2022) for a recent review of the literature on the development of non-cognitive skills in later years.

2 With some exceptions (Oreopoulos & Petronijevic, 2019; Stinebrickner & Stinebrickner, 2008), the main evidence of the impact of
academic investments on academic outcomes focuses on attendance and study hours and for small samples of students attending a
specific course. 2
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external validity and scalability of our intervention by replicating its effects at a
different university.

We also examine the gender heterogeneity of the treatment effects. In many
countries, girls outperform boys in educational attainment, spend more time on
schoolwork, and are more likely to enroll in and complete higher education with higher
GPAs (OECD, 2015; Stinebrickner & Stinebrickner, 2012). This phenomenon, often
discussed as a “boy crisis” (Farrell & Gray, 2018; Reeves, 2022), has various
hypothesized explanations, including differential returns to education and gender
identity concerns. But a recurrent theme is that boys suffer because they have lower
levels of non-cognitive skills (Goldin et al., 2006; Lundberg, 2020).

Our data come from a rich longitudinal study, the BOOST2018 Study (Delavande et al.,
2022b), which follows a cohort of undergraduate students at a UK university. The study
includes a series of online surveys and laboratory experiments and is linked to
administrative data.> The baseline data collected during the first term after enrollment reveal
significant gender differences in terms of academic inputs and expectations. For example,
female students study 2.7 hours more per week than men, exhibit different study methods,
and express stronger beliefs about the productivity of academic effort.

The intervention, conducted in the lab under controlled conditions, consisted of an
information video followed by incentivized tasks. The first part of the video presented
scientific evidence from neurological studies that even in adulthood the brain changes in
response to learning experiences, emphasizing that the brain grows with exercise. The
second part connected the scientific evidence with suggestions about how to study more
effectively, such as using practice tests and spacing out study sessions. The video used
narratives and storytelling to enhance comprehension and engagement (Bruner, 2009).
The control students, who also attended the lab sessions, watched a different video.
Students were blind to the presence of an intervention.

Our first key finding is that the intervention was successful at improving academic

achievement. Our intention-to-treat (ITT) effect is 0.10 of a standard deviation on first-

3 Using observations on the same cohort of students during their final year at university, in Delavande et al. (2022a), we investigate how
students allocate their time between academic and extra-curricular activities.

3
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year exam grades and GPA, and a 3 percentage-point (ppt) increase in the probability of
obtaining high GPA (>70%) from a control mean of 15%. Notably, the treatment effects
are nearly twice as large for men compared to women, with men registering an increase
of 0.18 of a standard deviation for exam grades and 6ppt for high GPA. These
differences imply that our intervention was successful at reducing the gender gap in
first-year exam grades by a third. In the longer-term, we find a 7.7ppt reduction in the
ITT for the propensity to change course of study. This outcome captures students both
dropping and gaining additional components such as a year abroad or placement in
industry, as well as those changing the subject composition of their degree title. We
interpret all three types of change as capturing students’ lower persistence with their
initial choices. The ITT on graduating on time, and final GPA (conditional on
graduating on time) is not statistically significant, although we see a positive treatment
effect significant at 10% for final GPA among students who attended the lab, with a
qualitatively larger effect for men.

Our second key finding is that the intervention changed students’ beliefs about the
productivity of effort. Specifically, we find that the treatment increased students’
expectations about the productivity of attendance and study time on grades by 0.16 and 0.18
of a standard deviation, and the growth mindset score by 0.24 of a standard deviation.
As our third finding, we document a change in students’ quality of study aligning with the
intervention’s suggestions. Treated students increase the proportion of time dedicated to
self-testing, are more likely to space out study sessions, and focus on topics they
perceive to be worst at. This results in a treatment effect of 0.22 of a standard deviation on
an index of overall study quality. These changes in beliefs and quality of study are similar by
gender, however, so they are unlikely to explain the results on grades.

This leads us to consider our fourth finding. Male students who received the
intervention record higher attendance to classes and lectures (by about 0.5 hours per week)
than control students. Treated male students also study more (almost 2 hours per week) than
control students. These gender differences in the effects of the intervention on the quantity
of study are consistent with the gender difference in first-year academic achievement.
Comparisons with results from other interventions suggest that the increase in

4
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attendance among men may have been particularly important for improving their grades
(see Section 7).

Overall, these results indicate that the intervention was effective at changing students’
expectations about the importance of effort, and made all students more resilient — as
demonstrated by the lower propensity to change course of study and a higher probability of
directing effort towards more difficult topics. However, we see heterogeneous responses by
gender. Male students respond to the new information by changing both the quality and the
quantity of study, while female students only modify study quality.

As with any intervention, we question whether the effects can be replicated in different
contexts. Therefore, we implement the same intervention at another university with a
different average socio-economic background. Here the intervention was delivered through
a one-off online survey, to provide evidence about scalability. Students were randomized
into treatment and control groups, with the treatment group watching the intervention video.
Despite these differences, the treatment effect on first-year academic achievement, as well
as the gender differences, are strikingly similar to our main results.

This study raises important considerations for education policies and interventions. It
demonstrates that a light-touch, cost-effective intervention emphasizing the productivity of
effort combined with concrete study strategies can improve academic outcomes. This
finding contributes to the ongoing debate surrounding growth mindset interventions, which
features disagreement on effect size and evaluation rigor (Sisk et al, 2018; Yeager &
Dweck, 2020; Macnamara & Burgoyne, 2023). A distinctive aspect of our study is that we
address the scarcity of evidence on the causal chain from beliefs to behavior to academic
performance by providing evidence on many inputs, thus demonstrating the complete
causal pathways.* This is crucial as it is often unclear whether information interventions
successfully modify beliefs, and if so, whether these altered beliefs translate into
behavioral changes that ultimately influence academic performance.

Our findings also highlight the potential of such interventions to address the gender
gap in education. There is a growing public concern about the under-performance of

boys in educational attainment (Goldin et al, 2006; Bertrand & Pan, 2013), but

4 Exceptions include Alan et al. (2019) for elementary schools in Thrkey, and Huillery ef al. (2025) for middle schools in France.
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surprisingly little evidence on what type of policies can mitigate it.> A number of recent
studies have implemented interventions aimed at enhancing students’ growth mindset,
mostly in high school and at university (Paunesku et al., 2015; Yeager et al., 2016b;
Bettinger et al., 2018; Yeager et al., 2019). These studies have shown positive effects
on attainment mainly for at-risk or disadvantaged groups (Broda e al., 2018; Kim et
al., 2022). However, little attention has been given to the impact of these interventions
on gender differences.®

Our analysis also contributes to the rapidly growing economic literature on the
elicitation and analysis of subjective expectations (Bachmann et al., 2022). Specifically,
our work relates to research focusing on expected grades given study effort
(Stinebrickner & Stinebrickner, 2004; Tincani et al.,, 2021) and child skill formation
based on parental inputs (Boneva & Rauh, 2018; Bhalotra et al., 2024; Cunha et al.,
2022).” While Attanasio et al. (2022) intervened on parental beliefs about child skill
development, our study provides novel evidence on young adults’ beliefs about the
production function of academic achievement.

Our work proposes new ways to measure some non-cognitive skills. Individual beliefs
are typically measured through self-evaluation, but this raises concerns about accuracy
and consistency (Almlund ez al., 2011). Measurements based on vignettes, behaviors
(e.g. school absences), or incentivized or hypothetical tasks offer more promising
alternatives (Alan et al., 2019; Heckman et al., 2021). Our measures of growth mindset
are based on subjective expectations, representing non-cognitive skills through well-
defined outcomes (grades and IQ test ranking) and inputs (attendance and study hours),

thus limiting reference bias issues.

2 Our Data

2.1 The BOOST2018 Study
The BOOST2018 Study (Delavande et al., 2022b) is a longitudinal survey of undergraduate

> Some intensive multi-year non-cognitive skills programs targeting boys with behavioral issues had a positive impact on educational
and adult outcomes (Algan et al., 2014), but detrimental effects in other contexts (McCord, 1978, 2003).
® Only a few studies, which focus very specifically on achievement in mathematics or STEM subjects, report sometimes larger effect
for women (Good et al., 2003; Dar-Nimrod & Heine, 2006), but not always (Burnette ez al., 2018). Most other studies do not report
results by gender, or when they do these show no differential impact (Broda et al., 2018).
7 Also closely related to this study is work that elicits beliefs about earnings and non-pecuniary outcomes associated with counterfactual
choices of high school tracks (Giustinelli, 2016), university (Delavande & Zafar, 2019), college majors (Wiswall & Zafar, 2021)
and occupational choices (Arcidiacono et al., 2020).

6
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students who enrolled at one UK university in the academic year 2015/16, and (for the vast
majority) completed their degree in 2017/18. The institutional features of this university are
typical of other universities in England. Students choose their major and institution
jointly at the time of application, so they arrive at university to study a specific degree
program. Undergraduate degrees typically last three years. Students are required to pass
their first year in order to progress into the second. Performance in the second and third
years is used to calculate the “degree class” for the level of honors with which the
student graduates.

The sampling frame of the BOOST2018 Study comprised all undergraduate students
enrolling in the first year of an undergraduate (Bachelor’s) course in October 2015.
The target population consists of 2,621 subjects, and includes Home (UK resident)
students as well as EU and Overseas students. Following recruitment, 1,978 students had
given their consent to participate in the study (about 75% of the target sample).

Participants were interviewed 4 times a year for the 3 years of their university
course. Each year they were invited to reply to a long online survey in November and
March (60 min), a short online survey during the revision period (April), and to attend a
session at the social sciences lab in January/February. Participation in the surveys was
incentivized using monetary rewards — between £8 and £20 for online surveys and on
average £30 for the lab sessions. The online surveys were designed to collect information
on student effort, beliefs, and expectations about their future academic achievement. The
randomized information intervention was implemented during the lab session of the first
year. Figure Al presents the data collection timeline for the first year of the study.
Participation to the surveys was consistently high throughout the first year, with higher
response rates for the long online surveys (above 62%), and lower rates for the lab
session (52%).

The survey data was subsequently linked to university administrative records.
Specifically, we use here information on the student demographics (gender and age),
socio-economic status (SES) as measured by parental occupation and the university
participation rate in their neighborhood of domicile, and grades from coursework and

exams. We also have access to weekly records of attendance obtained through a swipe-

7
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card electronic system.

2.2 Our Sample

Our analysis focuses on Home or UK resident students, who represent 72% of the
overall target population. We apply this restriction to be consistent with our pre-analysis
plan which focused on Home students and aimed to explore heterogeneity by gender and
socio-economic status (SES), with information on the latter available only for Home
students.®

The main characteristics of our sample are shown in Table 1. Column 1 reports
gender, SES, age, and pre-university academic achievement (measured by tariff score)
of the Home student population enrolled in the academic year 2015/16 in any UK
university. The tariff score is a standardized measure of post-16 achievement that assigns
points to grades across different qualifications, allowing comparisons between academic,
vocational, and mixed credentials.” We compare this group to the corresponding
population in the university where the study took place (column 2), and then to our
study sample, namely the Home students who enrolled in the study (column 3). There
are some differences between the population at the study university and the overall UK
student population. In particular, the percentage of female students at the study
university is lower than nationally (47% vs. 55%) and the students enrolled at the study
university are on average negatively selected with respect to previous academic
achievement, with lower mean tariff score than that of the population of all UK university
entrants. Comparing columns 2 and 3, we see instead very small differences between the
student population at the study university and the sample of study participants.

In columns 4 to 8, we present different sub-samples used throughout the analysis. These
samples vary based on individual participation in different surveys, and are generally
representative of the study participants. The main difference is that we observe a
higher percentage of female students in these sub-samples, but this is not unusual in a

longitudinal study (Lynn & Borkowska, 2018).

8 For a description of the project see bit.ly/boost2018study. The project was funded by the UK Economic and Social Research Council
(#ES/M008622/1) and our research proposal serves as our pre-analysis plan.

° The total tariff score is obtained by assigning a numerical value to each grade and qualification and summing these values. The
standardized tariff score and quintiles shown in Table 1 are derived with respect to the population of enrollees at the study university
who have a non-missing tariff score.
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3 The Intervention

The protocol for the intervention was structured as shown in Figure 1. All study
participants enrolled by the end of the Autumn term were randomly assigned to a treated
or control group with equal probability within strata defined by age (whether a mature
student or not), department, parental socio-economic status, and tariff quintile.!® At the
beginning of the Spring term all participants, whether assigned to a treated or control
group, were sent an invitation to sign up for a lab session.

All students were told that the aim of the session was to understand their decision-making
process, and that they would be asked to play incentivized games, answer a short
questionnaire and watch a video “featuring the latest scientific evidence about what your
brain can do”. Students assigned to treated and control groups were offered different
menus of sessions such that each session contained only treated or only control students.
Session timings were randomized between treated and control groups within each day.
There were two control and two treated sessions scheduled per day every day for three
weeks, and one session of each type for two further days in a fourth week. Importantly,
students were not told that some sessions involved an intervention.

A key feature of our design is that students’ decision to attend a lab session could not
depend on whether they were assigned to the treated or control group, since they were
unaware that any difference existed between sessions. As shown in Figure 1,
participation was somewhat higher in the treated than in the control group (361 out of
682 students (52.9%) assigned to treatment attended, compared to 324 out of 681
students (47.6%); the difference is statistically significant at 5% although modest in
magnitude). Importantly, there is full balance of observed characteristics between treated
and control lab attendees (Section 4.4), suggesting that differential self-selection into
treatment is unlikely to drive our results. The structure of the lab session was identical for
treated and control groups. All students were asked to complete a set of incentivized
tasks designed to elicit several cognitive and non-cognitive traits for about 35 minutes.

All students were then shown a 10-minute video, followed by two incentivized

10 Separate strata were also defined on the basis of the ‘fee status’ of the students, i.e. whether they were Home, Overseas, or from an EU
country.

9
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comprehension tasks, three multiple-choice questions and a short writing exercise, whose
content matched the video they had seen. These steps ensured that all students, regardless
of their treatment status, had the same lab experience in terms of time, incentives, and
format, with only the information content of the video varying between groups. Details of
the protocol and incentives, and a full transcript of the intervention, including

screenshots from the treatment video, are reported in Appendix D.

3.1 Treated and Control Groups
The students in the treated group were asked to watch a video entitled “What your

b

brain can do.” The video lasted about 10 minutes and comprised images, visual text
prompts, and short academic presentations, featuring three academic psychologists
explaining evidence from a series of studies showing: (i) the structure of and purpose of
neurons, dendrites and synapses; (ii) how neural connections develop in the presence of
stimuli or after a learning experience; (iii) that training one area of the brain leads to
improvements in other cognitive domains and that the effects persist in the long run; and
(iv) that mistakes and challenge are important for learning. The messages were

reinforced with simple statements such as “Your brain is like a muscle, it grows with

exercise”.

The video then provided practical suggestions about the most effective ways of
studying, which was presented as a way to exercise one’s brain. Specifically, four study
suggestions were given relating to: (a) 7esting, including writing notes from memory,
using flashcards, completing past papers, or using textbook questions, all of which are
forms of active learning; (b) Spacing, with the message that study time on a particular
topic is better distributed among several sessions, it lasts longer and more brain
connections get formed; (c) Attending lectures and classes, which was presented as being
effective especially when complemented with other active ways of studying, such as note-
taking and completing reading assignments; (d) Avoiding bad situations, such as stress
and lack of sleep, as they inhibit formation of new brain cells and encoding of new
information, while exercise was presented as beneficial as it improves blood flow to the

brain. In the writing task that followed the video the students were asked to write a
10
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letter to a friend to explain that “ability is not fixed and what implications this has for
how he or she should study.” Providing advice to others is a “saying-is-believing”
tactic which makes the content more self-relevant and can help to internalize it
(Aronson et al., 2002).

Control students were also asked to watch a video of 10 minutes in duration. Like the
treatment video, it was entitled “What your brain can do”, featured the same three academic
psychologists, and had the same visual style. The video however focused on the
specialties of different regions of the brain, with evidence from studies showing the
implications of damage to these regions. The video contained no study suggestions, only
information about which parts of the brain are being used when undertaking certain
activities. In the writing task, students were asked to describe some functions of different
areas of the brain and what happens when brain damage occurs. The similarities between
the control and treatment video in terms of general topic (i.e. the brain), style, and
format were intentional. We wanted to minimize students’ awareness of being exposed to

different information and thus reduce potential contamination.

4 Measuring Academic Outputs and Inputs

In this section, we present our measures of academic achievement, effort, and beliefs,
and conclude with balance checks. As our data is derived from administrative records
as well as multiple surveys, the exact sample differs across measures. For ease of
exposition, the tables indicate the maximum sample size available (e.g. all respondents
to Wave 1), while the pattern of non-missing observations, calculated separately by treated
and control groups, as well as the data source (administrative, survey), are fully
described in Table A1l.

4.1 Academic Achievement

Students take between 4 and 8 modules each year, depending on their program of study,
and receive an overall grade for each module, which is a weighted average of their
coursework assessments during the year and exam results. All exams take place at
the end of the year during the Summer term. All grades are awarded on a scale
between 0 and 100, with a minimum grade of 40 required for a pass. Grades in different

modules are moderated by external examiners, with the intention that grading
11
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standards are comparable within subjects and across universities.

First-Year Outcomes — Our primary outcome of interest is the first-year exam
grade, which is a weighted average of module exam grades where different grades are
given different weights according to the number of credits associated with the module.
This is our preferred measure because the exams took place at the end of the academic year,
so after the intervention. We also consider the average grade (GPA) at the end of the
first year, which combines exam and coursework grades (some of which took place in the
Autumn term before the intervention). The GPA is expressed as a continuous variable,
and we also analyze its categorical transformations at key thresholds: obtaining a top
grade (GPA > 70), a good grade (GPA > 60), or a pass (GPA > 40) grade at the end of
the first year. Table 2 shows that students get on average an exam grade of 59, with
women doing significantly better than men. We also consider failure to progress to year
2, which concerns 16% of students, with again men faring worse. High SES and high
tariff (i.e., those above median tariff score) students also tend to perform better than their

counterparts (see Table A2).

Longer-Term Qutcomes — We examine longer-term outcomes using various
indicators. Firstly, we consider an indicator for “ever changed course of study.” A third of
those assigned to the control group do this at some point, including 20% who drop an
intended additional component (a year abroad, placement, or an integrated 4th year of
study - usually a masters year), 5% who gain a year abroad or placement year, and 8%
who change the subject composition of their course.!! In addition to the composite “ever
changed course” indicator, we examine each margin separately and explicitly report the
treatment effect on dropping an additional component, as this is the most common and
substantively meaningful form of adjustment. We interpret all three types of change
(dropping a component, gaining a component, and altering subject composition) as
capturing students’ lower persistence with respect to their initial choices, consistent with
the idea that stronger beliefs in the productivity of effort and a growth mindset foster greater

perseverance in the face of challenges.

' Complete switches of degree subject are not possible without dropping out and restarting a new degree, because higher-level
modules in a new subject will have lower-level modules in the same subject as pre-requisites. Specific examples of changes that are
possible include switching from joint-honors to single-honors degrees (e.g. “Economics and Maths” to “Economics”), from a major-
minor degree to single honors (e.g. “Economics with Maths” to “Economics”), or from joint honors to a major-minor degree (e.g.
“Economics and Maths” to “Economics with Maths”). 12
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Secondly, we use an indicator for graduating on time, which refers to students who
complete their course of study within the expected time-frame. In most cases, this is 3
years, while it will be 4 years depending on the subject and whether a student spends a
year abroad or on a job placement scheme. We take switches into and out of these
extended degree programs into account when defining on time graduation. Students
who repeat a year, restart their degree or never graduate all by definition do not graduate
on time.

Thirdly, we analyze students’ educational attainment given they graduate on time.
To calculate the final GPA, we use the university’s method for assigning the final
degree class from the second- and third-year modules only, which are given a weight of
40% and 60%, respectively. Additionally, we consider achieving a first class (GPA >
70) or a good (GPA > 60) degree.!” Table 2 shows that 70% of students graduate on
time and that the average final GPA is 64.6, with 29% of students graduating with a first
class degree. As for first year outcomes, we see that female students have better results
and are more likely to graduate on time than male students.

Finally, we present results for academic achievement in year 2 and year 3, and for exam
grades and GPA, separately, in order to assess the mechanisms behind the persistence or
otherwise of effects.

4.2 Effort

Study Quantity— We consider two measures of quantity of study: (i) weekly hours of
attendance to classes and lectures and (ii) weekly hours of study. As mentioned before,
we obtained administrative records of students’ timetables as well as weekly records of
their attendance from a swipe-card electronic system, which allows us to derive measures
of attendance that are not affected by self-reporting.!*> We compute the average weekly
hours of attendance to lectures and classes for each student over the Autumn term

(October to November) and Spring term (January to March), each of which is 10 weeks

12 These thresholds define a “degree class” and play an important role in the UK system as they are used as the main measure of
performance by prospective employers. There is a well-established and significant degree class premium on earnings. This is estimated
at 2-6 percentage points for a first class degree (70 or more) over an upper second (60-69), and a further 4-5 percentage points over a
lower second (50-59) (Walker & Zhu, 2011).

13 It is important to note that attendance is not compulsory in this institution, and in general in all UK universities. The swipe-card
system was put in place to record non-EU students’ compliance with their visa and immigration requirements. Some departments might
monitor attendance much more closely than others and can make attendance to some classes effectively compulsory. This is why in all
our analysis we take into account department fixed-effects. The measures of attendance obtained using administrative records are not error-free
(e.g. students may forget their swiping card), but they are such that it is much more unlikely that the errors in measurement are
correlated to individual characteristics. 13
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in duration. Hours of study are self-reported from the question “Not counting hours
spent in class and lectures, how many hours in a typical week during term time do you
usually study?”. This question is asked in the Autumn term (Wave 1) and Spring term
(Wave 3).!* Table 3 provides descriptive statistics for these variables for the Autumn
term, i.e. at baseline, for the whole sample and by gender. Each week students attend
lectures and classes for about 10 hours, which is 64% of their scheduled events, while they
study for 12 hours on average. The gender difference in effort is stark; female students
study substantially more (13.3 hours versus 10.5 hours per week) than male students. Table
A3 shows small significant differences by pre-university academic performance, with low
tariff students attending less.

Study Quality — We consider two sets of measures of study quality. We obtain
measures of Study Methods by asking students about how they spend their hours of
study. We ask them to allocate the total amount of study into the 5 following categories: (i)
compulsory homework (essays, exercises, etc.), (ii) reading or re-reading textbooks or
course materials, (iii) paraphrasing or making notes, copies, outlines, or annotations from
textbooks or course materials, (iv) testing themselves with questions, practice problems,
past exams or flash cards, and (v) other. We then calculate the percentage of study hours
spent on each of these activities. This battery of questions aims to distinguish between
active and passive study practices, as discussed in Appendix D4. Our analysis will focus
on active practice because this was emphasized in the intervention (this includes:
testing, compulsory homework, making notes). Table 3 shows the situation at baseline,
e.g. in the Autumn (Wave 1). On average, students spend 45% of their study hours on
compulsory homework, 19% on note taking and 9% on testing.

We also use a measure of Study Habits from Kornell & Bjork (2007), which asks
students how they plan what to study next. The question includes 5 items: (i)
whatever is due soonest/overdue; (ii) whatever I haven’t studied for the longest time;
(ii1) whatever I find interesting; (iv) whatever I feel I’'m doing the worst at; (v) I plan
my study schedule ahead of time, and I study whatever I’ve scheduled. Students
indicate frequency on a 4-point scale (Never, Sometimes, Often and Always). For

each item, we create a binary indicator that equals one for “Often” and “Always” and

14 To remove extreme outliers, we cap self-reported hours of study to 35 hours per week. This figure is 3 standard deviations above the
uncapped mean, and the cap affects only 13 observations.
14
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zero otherwise. Our focus is on whether students study ‘“whatever [they feel they
are] doing worst at”, related to the importance of making mistakes and embracing
challenges, and ‘“whatever [they] haven't studied for the longest time”, related to the
practice of spacing out study sessions, both emphasized in the intervention. Table 3 shows
that students tend to prioritize what is overdue, with 86% of students reporting that they
often or always focus on this when deciding what to study next. We also see that 56%
percent often or always study the topics in which they are doing worst, and 34% the topics

they have not studied for the longest period of time.

4.3 Beliefs

We elicit respondents’ subjective expectations about: (i) grades conditional on different
levels of effort and ability, and (ii) ability conditional on different levels of effort. The
former captures the production function of grades with respect to attendance, study or
ability. The latter are meant to measure the production function of ability with respect
to effort. In our survey, we define ability as IQ, to mark a clear distinction with academic
grades. We acknowledge that the intervention video referred to a more general notion of
ability than IQ, but for simplicity we use the term ability in what follows. Students’
expectations at baseline are measured at Wave 2, just before students are shown the video,
and later on at Wave 3 (see also Table Al), about two months after the intervention.
Subjective Expectations about Grades — Subjective expectations about how
grades change with effort and ability are elicited as follows. During the lab session,
students were asked to complete a Raven-style test, which is usually used to measure
1Q. They were told that the questions they answered were from a problem-solving task
which measured their capacity for analyzing problems, abstract reasoning, and ability to
learn. Students received no feedback on their performance. Afterward, they were asked to
indicate how their expected grade would change conditional on different levels of effort
(measured by study hours and attendance to classes and lectures) and ability (measured
by rank on the Raven-style test). Each respondent was asked to provide the expected
grade for 8 different scenarios that included 2 levels of study hours, 2 levels of
attendance, and 2 level of ability. One scenario for example was 15 hours of study per

week, 60% of attendance to lectures and classes, and a rank of 500 out of 1000 in the
15
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IQ task (see Appendix C). All scenarios were presented simultaneously in a table. The
top panel of Figure A2 shows the average expected grade for all scenarios. Students
perceive positive returns to study, attendance, and ability on grades. For example,
holding attendance and study hours at the high level, an ability rank improvement of 300
out of 1000 is perceived as leading to an average increase in grade from 60 to 74 out of
100. Similarly, holding ability and study hours at their highest levels, an increase in
attendance from 60% to 95% is perceived to increase grades from 64 to 74.

To make the analysis of these expectations data more tractable, we assume that students
use a production function of grades that has a Cobb-Douglas functional form, where
the inputs are attendance, study hours, and ability:

In g = w + wan In(attendance)+ w; In(study)+ was In(a)+ &4 (D)
where g is expected grade, attendance is weekly hours of attendance, study is weekly
hours of study, and a measures ability. The latter is a transformation of the student’s
rank into a z-score that increases with ability, scaled to have a mean of 100 and a
standard deviation of 15 (as are IQ scores).!?

We use these data to estimate an individual-level production function. Given that we
have 8 observations per student, we can estimate eq.(1) for each respondent, as in Blass et
al. (2010), and recover the individual-specific parameters {®, Wa, @s, wap} of the production
function of grades. The dependent variable is the expected grade, and we exploit
variation in the level of effort and ability generated by the scenarios, i.e. the independent
variables are the hours of study, hours of attendance, and ability scores in the associated
scenario. Table 4 shows that the average of these individual-level coefficients is in line with
the evidence from Figure A2. On average, students expect positive returns to all three
inputs: a 10% increase in attendance is expected to raise their grade by 3.1%, a 10%
increase in study hours by 2.0%, and a 10% increase in ability rank by 7.0%. There is also
interesting heterogeneity by gender. Female students perceive that attendance and study

hours have a higher productivity for grades than male students (by a magnitude of 18 to 12%

15 Specifically, for a student who report a rank of R we compute ability as ability = invnormal([(1000 - R)/1000]) x 15 + 100. Note
that the scenarios present attendance in percentages, however we transform this variable in hours of attendance by multiplying it by
the modal number of hours students are scheduled to attend, which is 12 (2 hours of lectures and 1 hour of classes/seminars per module, for
an average of 4 modules per term). This allows us to compare more directly the effect of hours of study and attendance.
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of a standard deviation), and at the same time attribute a smaller weight to ability (although
the difference is not statistically significant in this case). By contrast, Table A4 reveals no
significant differences in subjective expectations about grades by either SES or previous
academic achievement.

Subjective Expectations about Ability — We elicit students’ expectations about
the role of effort on ability. We do so by asking students their expected next year rank
(out of 1,000 students) in the problem-solving task depending on hours of study and
attendance.

Specifically, each respondent was asked to provide their expected ability rank for 4
different scenarios that included 2 levels of study hours and 2 levels of attendance (see
Appendix C for details). The bottom panel of Figure A2 shows the average expected
ability rank for all scenarios. On average, students perceive study hours and attendance
to be productive in terms of ability.

As before, we assume that students believe that the production function of ability has
a Cobb-Douglas functional form and is given by:

In a = 3 + $uu In(attendance)+ 9s In(study)+ &, 2)
where a is the ability score as defined earlier, attendance is the weekly hours of
attendance, and study is the weekly hours of study.

We use these expectations to estimate individual-level production functions. As  we
have 4 observations per person, we can estimate eq.(2) for each respondent and recover
the individual-specific parameters {9, Jur, ). Table 4 shows the average values of these

individual parameters.!®

There is a positive expected return to both attendance and
study, but the marginal returns on ability rank are perceived to be smaller than on grades.
Specifically, increasing attendance by 10% would increase ability rank by 1.6% on average
(0.9% for study hours) - while the corresponding increase in grades is 3.1% (2% for
study hours). Again, females believe that effort, in particular hours of study, is more
productive at increasing ability than their male counterparts. Overall, this indicates that

students on average expect effort to have a direct effect on grades as well as a smaller indirect

effect by increasing ability rank, and that these effects are larger for women.

16 We censor the top and bottom 1% of the distribution of the individual-specific parameters.
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Table A5 provides additional descriptive evidence. Here we show that there is a
quantitatively large association between subjective expectations about the productivity of
both study on grades (ws) and attendance on grades (w.s) with actual hours of study
and attendance, suggesting that changing beliefs has the potential to affect students’
academic inputs.

In addition to the expectations data, we also collected a measure of growth mindset at
baseline (Wave 1) and in the post-intervention survey (Wave 3). Here we rely on the growth
mindset instrument that has been validated and is widely used in psychological studies to
derive a score that varies from 0 to 60 (Dweck, 2008).!” Table 4 shows that our sample
has a mean growth mindset score of 36.7 out of 60 at baseline (Wave 1). Female students
have a higher score than male students and this difference is large (0.27 of a standard

deviation) and statistically significant at the 1% level.

4.4 Balance at Baseline

Our identification strategy relies on the random assignment of students to treated and control
groups (see Section 3). Panel A of Table 5 reports the mean of the stratification
variables for all study participants, including gender, SES and tariff scores (in quintiles).
Columns 1 and 2 show that the two groups are closely balanced at the time of
assignment. Columns 4 and 5 restrict the sample to students who attended a lab session
(Wave 2; see Figure 1). As students were unaware of the fact that some of the lab sessions
would contain an information intervention, no selection into treatment is expected.
Consistent with this hypothesis, we see that the groups remain well balanced across all
stratification variables.

In Panel B, we further assess balance in some relevant analytical samples.
Specifically, we consider the subsample of individuals who attended the lab and for
whom we have data on First Year GPA (Columns 1 and 2), or non-missing survey data
on important aspects of study quality (specifically, “Doing Worst”, see Columns 4 and

5). Across these subsamples as well, we find balance between treatment and control groups

17 Specifically, students were presented with four statements about whether ability could be changed or improved, and expressed their
agreement or disagreement using a 7-point Likert-scale. Table C1 reports the exact statements and the scores associated with each item
on the Likert scale (Dweck, 2008).
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in the overall sample as well the subsample of participant in the lab sessions.

Table 6 assesses baseline comparability using a broader set of pre-intervention
measures. These include: (i) beliefs on the growth mindset measured in Wave 1,
and subjective expectations elicited at Wave 2 prior to the intervention; (ii)
variables measuring study quantity, including Autumn term attendance from
administrative records and Wave 1 self-reported weekly hours of study; (iii) several
indicators of study quality, including different methods and habits; and (iv) non-
cognitive individual characteristics such as grit and learning orientation, which capture
academic motivation. Across all these variables we find no statistically significant
differences between treatment and control groups at the time of assignment or
treatment.

Table A1 complements these checks by examining whether outcome data availability
differs systematically by assignment status. Specifically, for each outcome used in the
analysis, Table A1 reports the share of individuals who are assigned to either the control
or treatment group (Columns 1-3) or who participate in a control or treated lab session
(Columns 4-6) and for whom the outcome variable is observed. The absence of
statistically significant differences indicates that missing patterns in administrative or

survey data are not a concern.

5 Empirical Results

5.1 The Empirical Strategy

We investigate the effect of the information intervention on academic achievement, beliefs,
effort and other inputs. We do so by estimating the following regression:

vie =+l +3yir1 +0Xi + G, A3)

where y;; is the post-treatment outcome of interest, 77 is a treatment indicator, y;.1 is
the baseline outcome, and X; is a vector of stratifying variables. Conditioning on
baseline outcomes y;.1 improves statistical power by reducing residual variance
(McKenzie, 2012), while conditioning on stratification variables ensures that estimation is
consistent with the randomization design and avoids overly conservative inference
(Bruhn & McKenzie, 2009).

When 7; is defined as being randomly assigned to the treatment group and the
19
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sample is the full study sample (see box (c) “Assignment” in Figure 1), the coefficient @
measures the Intention-to-Treat (ITT) effect, that is, the causal effect of being assigned
to treatment in the full study sample. When 7; is defined as actual treatment exposure
and the sample is students who attended the lab (see box (d) “Treatment” in Figure 1),
w measures the Treatment Effect (TE), that is, the causal effect of receiving the
intervention.

Because assignment was randomized within strata and students were blind as to whether
their lab invitation corresponded to the treated or control condition, treatment exposure
among lab participants is in principle exogenous. Our preferred estimates therefore focus
on the sample of lab participants and interprets the OLS estimate of the TE as the causal
effect of receiving the treatment among participants. This setting is different from that
of other RCTs, where there might be concern about endogenous take-up, which would
bias the OLS estimates.

However, as discussed previously, participation in the lab sessions differs modestly
by treatment and control arms, and this could alter the treatment-control balance of the
lab participant sample even when participants are blind to the presence of the treatment.
We address this concern in three ways. First, we show that within the sample of
students who attended a lab session - and within the exact subsamples used for the main
outcome tables - baseline variables are well balanced between treatment and control
groups (Table 5), and outcome non-missingness is similar across treatment arms for both
administrative and survey data (Table Al). Second, we show that the treatment effects
estimated through OLS are robust to the inclusion of controls for day and time of the
lab sessions. Third, for all our main outcomes we report ITT estimates which are
unaffected by differential lab participation rates, and show that 2SLS estimates of the
treatment effect - where treatment receipt is instrumented with treatment assignment in
the first stage - are very close in magnitude to their OLS counterparts (although less
efficient).

As our focus is on gender, for each outcome we also estimate a fully-interacted
regression using the female dummy, Fi:

vi=ow+oli+orl; X Fi+%im +3ryic1 XFi+yXi+yrXi X Fi +AF;i+ Gir.
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Table 7 and Table 8 report ITT and TE estimates on academic outcomes at the end of
the first year and at graduation. The maximum samples for these specifications
correspond to boxes (c) “Assignment” and (d) “Treatment” in Figure 1 respectively and
all data are from administrative records. For outcomes measured using survey data,
shown in Table 9 and Table 10, we focus primarily on TE estimates because the ITT
and TE samples are similar (see columns 6 and 8 of Table 1).!3

It is worth discussing two further issues related to the external validity of our estimates.
First, let’s consider the fact that our TE estimates are based on the sample of lab participants
and this differs from the population at the study university. Table 1 shows that the main
difference between lab participants (Wave 2) and the study university population is a higher
proportion of women. As we conduct all our analyses also on males and females separately,
this is taken into account. The second consideration relates to the external validity of
the I'TT estimates, where we use the entire sample of study participants. Here, we note that
the university students at our main institution and those who enroll in the BOOST2018
Study look very similar on basic demographics (Table 1), and that we will present

results from areplication study conducted at another university in Section 6.

5.2 Hypothesis about the Effect of the Intervention
The intervention provides information on the return to study effort on grades and
general ability. We therefore expect the treated students to exhibit an increase in their
subjective marginal return of effort on grades, and their subjective marginal return of
effort on ability. We also expect these students to increase effort. This increase in effort is
anticipated to translate into better grades, although this depends on the strength of the
relationship between effort and grades.

We do not anticipate gender differences in the impact of the intervention on individuals’

beliefs. However, since men start from lower perceived returns to effort, we may expect

18 As shown in Figure A1, the intervention took place during Wave 2, i.e. at the beginning of the Spring term. For most variables (e.g.,
study hours, study habits) the baseline value was measured at Wave 1, during the Autumn term. All survey-elicited post-treatment
measures were obtained at Wave 3, during the last part of the Spring term. For those, we condition on participation in Waves 1 and 3
for the ITT, while we condition on participation in Waves 1, 2 and 3 for the TE (see box (f) in Figure 1). We cannot calculate the
ITT for the subjective expectations since the baseline was measured at Wave 2 prior to the intervention. Here the TE sample conditions
on participation in Waves 2 and 3 (see box (e) in Figure 1)
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greater increase in effort for men.!

The intervention might also result in a greater
improvement in grades for men compared to women. This is due to diminishing
marginal returns in the relationship between effort and grades and the gender difference in

baseline effort levels, as well as the fact that we expect men to increase their effort more.

5.3 Effect on Academic Achievement

First-Year Outcomes — In Table 7, we consider the effect of the intervention on
various measures of academic achievement at the end of the first year. All the
specifications report the coefficient on tariff score (expressed as a continuous variable),
as a measure of baseline academic achievement since tariff summarizes educational
attainment results before students enroll at university. Panel A reports the ITT effects on
the full study sample while Panel C shows the corresponding TE on the sample of lab
attendees. We also report these results by gender, in Panel B and D for the ITT and
TE, respectively.

A key result is that that the intervention has a positive and statistically significant
impact on both first-year exam grades and GPA (columns 1 and 2). The ITT in
Panel A shows 1.2 points increase in exam grades on a scale of 0-100, which represents
a 2% increase on the control mean, and equates to 0.10 of a standard deviation. The
effect is statistically significant at the 5% level. The ITT estimates for GPA is of
similar magnitude and statistically significant at 10%. Exams are taken at the end of the
Summer term, an average of 14 weeks after the intervention, suggesting that the impact
persists at least until the end of the academic year. In relation to the distribution of
GPA, we see that the effect is concentrated at the top. The proportion of students that
achieves a top grade (GPA > 70) increases by 3ppt for the ITT estimates (statistically
significant at 10%), whereas there is a smaller and not precisely estimated change on the
probability to achieve a pass. We see no effect on failing to progress to year 2, with
small and imprecise ITT estimates.

The ITT estimate on GPA can be considered as a medium-size effect in the field of

19 Appendix E presents a simple model that highlights the relationship between individuals’ beliefs about the return to effort, study effort,
academic achievement and other potential implications of the intervention, including differences by gender. The model shows that under the
condition that the marginal cost of effort increases at an increasing rate (c’(e) > 0), individuals with lower initial beliefs about the
productivity of effort adjust their effort more when those beliefs improve.
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education, as it falls roughly at the 50th percentile of the distribution of effects found
in a number of education interventions recently analyzed by Kraft (2020).2° To put it in
perspective, an effect size of 0.20 of a standard deviation broadly represents the impact
of having a high-quality teacher (vs. an average teacher) on GPA scores (Hanushek,
2011), or prohibiting computers in the classroom (Carter ef al., 2017). In terms of later
outcomes, a 20% improvement in education outcomes has been found to increase annual
lifetime earnings by as much as 2% (Chetty et al., 2014). In the UK context, receiving a
first class degree (final GPA of 70% or above) instead of an upper second (final GPA
between 60 and 70%) yields 2% higher annual salaries (Feng & Graetz, 2017).

This effect lies within the range of impacts on academic attainment reported in
other growth mindset interventions, although many studies present effect sizes only for
targeted subgroups. For instance, Yeager et al. (2019) and Paunesku et al. (2015) document
improvements in GPA of 0.11-0.13 standard deviations in core classes for low
achievers or students at risk of dropping out in 9th grade. Among university
students, Yeager ef al. (2016a) find a 0.25 standard deviation increase in first-year
GPA among disadvantaged students at a selective college, and Broda ez a/l. (2018) find
a 0.42 standard deviation increase in first-year cumulative GPA among Latino
university students. Both studies report null effects for other subgroups. In contrast,
Oreopoulos & Petronijevic (2019) report a smaller effect of 0.048 standard deviations
for a university-based mindset intervention. Meta-analyses also point to modest but
non-negligible impacts: Sisk ez al. (2018) estimate an average effect of 0.08 standard
deviations, while Macnamara & Burgoyne (2023) find an average of 0.07 standard
deviations for interventions among post-secondary students.

As expected, the TE in Panel C is larger in magnitude. It is 1.5 point on a scale of 0-
100 (0.13 of a standard deviation) for exam grades, and 1.7 (0.16 of a standard
deviation) for GPA.?! The TE estimates strengthen the conclusion that the impact of the
intervention is focused at the top of the GPA distribution. There is a significant (at the

1% level) increase of nearly 8ppt in the proportion of students receiving a top grade

20 Kraft (2020) proposes new benchmarks based on the distribution of 1,942 effect sizes from 747 RCTs evaluating education
interventions with standardized test outcomes.

2l 1t is interesting to note that students in the treatment group are aware of their improvement as they expect a higher GPA. There is a
treatment effect of 1.55, statistically significant at 5%, for expected GPA elicited at Wave 3 (results not shown).
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(GPA > 70), while the effects in other parts of the distribution are smaller and less
precise.

Panels B and D of Table 7 examine how the treatment effect varies by gender. The
results show that the effect is larger for men compared to women, and only statistically
significant for men. For instance, Panel B shows that the ITT effect on exam grade is
0.18 of a standard deviation for men and 0.10 for women, while the ITT effect on
GPA is 0.14 for men and 0.06 for women. We reject the equality of I'TT by gender for
exam grades (p-value=0.08). Treated men also have a 6ppt increase in the probability of
getting a GPA of 70 or above compared to controlled men, whereas treated women only
experience a 1ppt increase. The TE results in Panel D reveal similar patterns.

As a robustness check, we show results from 2SLS regressions in Table A6
where we instrument treatment exposure with the variable determining treatment
assignment, which will be wuncorrelated with any wunobservable characteristics
determining participation. As we can see, the results are very similar. For example, the
treatment effect on GPA is 2.19, which is higher than the corresponding point estimate in
Table 7, but as the standard errors are relatively large the two values are statistically
indistinguishable. As we saw in the main table, we see positive effects of the intervention
on overall exam grades, GPA, and for students at the top of the achievement
distribution. The patterns by gender are also qualitatively very similar, with effects
mainly concentrated on male students.

Longer-Term Outcomes — As part of the BOOST2018 Study, we track students
until they graduate, covering a period of up to 2.5 years after the intervention. We
present our findings in Table 8. Panel A shows that the intervention significantly
reduced the likelihood of changing course and of dropping an additional component
(columns 1 and 2). The ITT indicates a 7.7ppt reduction for the probability of changing
course (from a control mean of 0.33) and a Sppt reduction in the probability of
dropping a component (from a control mean of 0.20), with marginally, but not
significantly, larger impacts for men than women.?? For reasons anticipated in Section
4.1, we interpret this finding as indicating that treated students were more resilient and

persistent in their chosen course.

22 We report the ITT and TE for the three components of changing course in Appendix Table A7. It shows a negative effect for all the
components, although the estimates are overall less precisely estimated for gaining a component and changing subject composition.
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In column 3 of Table 8, we report no effect on the probability of graduating on time,
with a very small and imprecise ITT. Regarding final GPA conditional on graduating on
time, the I'TT shows no effect in Panel A, but there is a relatively large TE in Panel
C (1.2 GPA or 0.17 of a standard deviation), which is statistically significant at 10%.
Although differences by gender are not statistically significant, the TE for males is
larger for the final GPA and graduating with a first or good degree, which aligns with

the first-year results.

5.4 Effect on Beliefs

We now focus on the TE on students’ beliefs, which are the primary target of the
intervention. For this analysis, we use as post-treatment outcomes the individual-specific
parameters of the education production functions measured at Wave 3 - the {wun, s,
wap} estimated from eq.(1) and the {3, 95! estimated from eq.(2) - while the baseline
outcomes are the same parameters estimated at Wave 2 (and collected before the
intervention). Note that for each outcome, we control for all baseline elasticities estimated
from the same equation (was, ®s wa for grade expectations and 3.4, s for ability
expectations) as these parameters are jointly estimated, and bootstrap standard errors to
account for these being generated regressors.

Columns 1 and 2 of Table 9 shows that the intervention changed beliefs about the
productivity of effort (attendance and study hours) on grades. Specifically, we see that
the perceived productivity of attendance increases by 0.067 or 0.15 of a standard deviation
(statistically significant at the 5% level) while the productivity of study time increases
by 0.048 or 0.18 of a standard deviation (statistically significant at the 1% level). The
coefficient on the treatment dummy for the productivity of ability in explaining grades
(column 3) is instead negative. Although this estimate is imprecise and relatively small
in magnitude (0.04 of a standard deviation), it suggests that ability plays a somewhat lesser
role in the subjective production function of grades for treated students, with greater weight
placed on effort-related factors such as attendance and study time. Overall, these results are
consistent with the message that effort increases academic achievement.

Columns 4 and 5 show the TE on expectations about the effect of effort on ability. The

coefficients here are much smaller, and in all cases not statistically different from zero. This
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indicates that the intervention had no effect on the beliefs that ability increases with effort,
suggesting these beliefs may be harder to shift. The difference in the TE for the two
types of expectations indicates that students’ answers are not mechanical but reflect
meaningful distinctions in their expectations.

The final column in Table 9 presents the TE for the growth mindset score and shows
a positive and statistically significant effect of the intervention on this commonly used
measure of the growth mindset (Dweck, 2008). The magnitude of the effect is
somewhat large, about 0.24 of a standard deviation. Previous research that has
implemented growth mindset interventions typically report effect ranging from 0.30 to
0.35 of a standard deviation, but these are usually measured shortly after the
administration of the treatment (Paunesku e al., 2015; Yeager et al., 2016b, 2019) — in
our study there is instead a time lag of about 8 weeks. Panel B reports separate treatment
effects by gender. The coefficients are of similar magnitude and we can never reject the

hypothesis that the intervention had a similar effect on male and female students.

5.5 Effect on Effort
We next consider the impact of the intervention on different measures of effort which
take into account the quantity or quality dimensions.

Panel A of Table 10 reports the results on weekly hours of attendance and study.
The overall TE on these outcomes is small and imprecisely estimated.”’> Panel B
however reveals meaningful gender differences. Treated men attend about 1/2 hour
more of weekly classes and lectures (or 0.11 of a standard deviation), while for women
the effect is much smaller. This is an important finding, especially since attendance is
measured using administrative records rather than self-reports. Weekly study time also
increases for male students, by about 2 hours per week, which is equivalent to a 17%
increase with respect to the mean (or 0.22 of a standard deviation). For women, the
treatment effect on hours of weekly study is actually negative, albeit not significantly

different from zero. The gender difference in the TE of hours of study is statistically

23 We also look at measures of attendance according to type of events (i.e. classes or lectures), and the results are similar to those reported
here. We also investigate whether there is any effect of the intervention on the likelihood of accessing audio and screen-share recordings
of lectures after they have happened. As for other types of academic inputs, we see that women are more likely to use this method
of study than men (16.6 of women access recorded lectures against 13.8 of men). However, we do not see any effect of the intervention on
this outcome, overall or by gender.
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significant (p=0.01).

Panel A of Table 10 also examines the effect of the intervention on indicators of
study quality. Results indicate that students exposed to the intervention spend a larger
proportion of their study time testing themselves, exhibiting a significant increase of
0.19 of a standard deviation (p < 0.05; column 5). This is consistent with the
observed reduction in the proportion of time spent on compulsory homework (though
these changes are not statistically significant; column 3). The intervention also led to
changes in how students decide what to study next. Specifically, treated students were 10ppt
more likely to study topics they had not covered for the longest duration, aligning with the
spacing strategy (column 5). Furthermore, they were 16ppt more likely to study the topics
they are doing worst at, reflecting their willingness to embrace challenges to boost their
learning (column 7).2* However, there are no significant gender differences in the impact
of the intervention on any of the study quality indicators. In some cases, the TE effects
are larger in magnitude for men (e.g. Doing Worst), in other for women (e.g. Testing),
but these differences are not large and never statistically significant. To address the
multiple hypothesis testing issues inherent in analyzing this array of outcomes, we present
alternative specifications in which we aggregate beliefs, study quantity and study quality
measures into indexes in Section 5.6. We find our main conclusions robust.

Overall, these findings suggest that the intervention affected effort, but the impact was
different according to which dimension we consider and according to gender. Both treated
male and treated female students modified the quality of their study (what they do and focus
on during their study time), seemingly following the advice provided by the intervention.
However, male students reported a statistically significant increase in the quantity of study
each week, both in term of attendance and study. The latter result is consistent with the
larger effect of the intervention on academic achievements for men seen earlier.

Because women tend to study more at baseline, we examine whether these gender
differences reflect ceiling effects by conducting a heterogeneity analysis based on baseline

study quantity (see Figure A3). The results show that high-study-quantity male students

24 Table A8 presents the TE for all components of the study methods and study habits battery. Treated students are also 7ppt more likely
to study what they find interesting, suggesting they may be more engaged with their study.
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further increased their study time, while high-study-quantity female students shifted
toward improving study quality. This pattern suggests that the observed gender
differences are unlikely to be driven by ceiling effects, but rather by distinct adjustments

in the quantity—quality tradeoff of effort across genders.

5.6 Other Results

Robustness to Multiple Hypothesis Testing — We address concerns about
multiple hypothesis testing by constructing summary indexes using the inverse-
covariance weighting method of Anderson (2008).2>  We create three indexes: a
Belief Index, combining all subjective expectations (ws and s from equations 1 and 2)
and the growth mindset score; a Study Quality Index, capturing the share of study time
devoted to compulsory homework, self-testing, making note, and habits related to
spacing (Longest) and persistence (Doing Worst); and a Study Quantity Index, defined
as total weekly hours of attendance and study. This aggregation reduces the number of
outcomes and, hence, the number of statistical tests.

The analysis of TE on these indexes is reported in Table A9, with a graphical
summary in the top-left panel of Figure B1l, which also displays the TE on a
standardized first-year exam grade. The results mirror our main results: positive TEs
on first-year exam grade, beliefs, and study quality. The top-right panel illustrates
heterogeneity by gender: effects are stronger for males in academic outcomes and Study
Quantity, but not for the Belief or Study Quality Indexes. Overall, the intervention
reduced the gender gap in first-year exam grade by 42% for the TE and 33% for the
ITT.2¢

Longer-Term Effects — Table All investigates the longer-term effects of the
intervention on beliefs, effort and academic achievement measured in year 2 and 3.%’
In Panel A we present estimates of the treatment effects using both OLS and Inverse

Probability Weighting (IPW) regressions to account for survey attrition.?® Note that

25 Weights are derived using only control group observations, so the resulting indexes have mean 0 and standard deviation 1 in the
control group by construction

26 ITT effects are reported in Table A10. We cannot report ITT effects for the Belief Index, as subjective expectations were only
measured at Wave 2.

?7We measure growth mindset twice a year and take the average of the two measures. Grade and ability expectations were measured again
only in the Autumn of the second year. So, our Belief Index is available only for year 2. We capture only some qualitative measures of
study time, as the module on study habits was not fielded beyond the first year. We report instead the Study Quantity Index, and the Study
Methods Index, reflecting the composition of study time.

28 We use stratifying variables to derive the probability of non-attrition. We then re-run the regressions using the probability of non-
attrition as weights.
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we do not find attrition to be related to the treatment, and indeed the two sets of
estimates are nearly identical. The results reveal no longer-term effect of the intervention
on beliefs, whether they are represented by the growth mindset scores or the overall Belief
Index which includes also subjective expectations. In terms of academic inputs, we find
mostly no significant differences between treated and control groups, although we continue
to see a larger effect on male when looking at the quantity of effort in year 2 and 3. We
detect no impact on year 2 academic achievement, consistent with a fade-out of the
treatment over time. In contrast, we observe a modest positive effect on year 3 GPA but
not on year 3 exam grades, possibly because the intervention’s benefits were more
relevant for sustained, self-directed tasks such as the thesis required in the final year.?®
This pattern may help explain the treatment effect on final GPA reported in Panel C of
Table 8.

Treatment Effect on Other Inputs — In order to fully understand the
mechanisms through which the intervention had an effect on effort and academic
achievement we also look at other inputs which could have been affected by the
treatment (see Appendix C). In particular, we check whether the intervention changed
students’ sleeping time or time spent exercising, as these activities were mentioned in the
intervention video as potentially important determinants of academic achievement.
Descriptive statistics on these variables are reported in Table A12, while the TE are in
Table Al13. Panel A shows no evidence of a significant treatment effect on these
variables on the whole sample. Panel B reveals a positive treatment effect on sleep and a
negative one on exercise for women, with no precise effect for men, which reinforces the
baseline differences.

We also consider the impact on other non-cognitive skills usually associated with better
academic outcomes as well as with growth mindset beliefs (Dweck, 2013).3° Columns 3
and 4 report the effect of the treatment on grit and learning orientation. Interestingly,
we see no significant impact on these skills, either in the overall sample or by gender.

Finally, the intervention did not alter the students’ perceived cost of attending lectures,

2 Unfortunately, we cannot identify these thesis modules in our data.

30 Table C2 and Table C3 report the batteries of items we use to dg¥@e these constructs
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classes or spending time studying, which we aggregate in a summary Cost Index.
Robustness and Heterogeneity Analysis — We conduct several checks in
Appendix B, addressing potential issues arising from the group structure of the lab
sessions and sensitivity to the presence of non-monotonic beliefs (Table B1); results
remain virtually unchanged. We also examine heterogeneity in treatment effects by socio-
economic status and baseline academic achievement (Figure B1), as well as by baseline
expectations about the productivity of attendance and study time (Figure B2). We find

little evidence of systematic differences across these dimensions.

6 Replication Study

When it comes to randomized control trials one important consideration is
replicability. In order to understand whether our findings would hold on a different
sample of students, and in a different setting, we conducted a replication study at
another UK university. The main characteristics of this other university are not very
different from the one in which we implemented the main study. Both are state-funded
universities and both offer a wide range of programs across different subjects. However,
the second institution is larger in size (with 5,585 target students as compared to 1,893
in the main setting) and is part of the Russell Group, a group of UK universities that
rank high according to indicators of research outputs. Therefore, its students tend to be
more positively selected in terms of initial tariff scores and to be from a more privileged
family background.

There are three main differences between the main study and the replication study
(see also Appendix D). First, while our main study allocated participants to the
treatment and control groups using a stratified sampling scheme, the replication study
used simple random allocation. This is because the replication study was a one-wave
study and we did not have prior access to information on participants’ characteristics.
Second, students were exposed to the intervention online rather than in a lab setting, and
this is a very important difference as it allows us to assess whether the intervention can
be reproduced at scale. Finally, in the replication study the control group did not watch a
video. This would be a very plausible scenario if we were to replicate the intervention
in other settings.

30
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Table A14 describes the main characteristics of the sample of participants in the
replication study. From a target population of 5,585 students, 1,706 signed-up by
consenting to be contacted for the survey (30.5% participation rate). Of these, 1,403
students started the survey (82% initial response rate), approximately half of whom
were assigned to the control group on inflow to the survey, while the other half were
assigned to the treatment condition. Only 660 students completed the survey (a 39% final
response rate among signed-up participants). The rate of completion was very different
between the treatment and control group. As we can see, 415 students in the control group
completed the survey, but this was only 245 among the treatment group. The difference in
the completion rate between treated and control is possibly explained by the fact that the
treatment arm of the study included the video (and the multiple questions with the essay
exercise), which made that version of the survey much longer. Indeed, we see that treated
students took 35 minutes on average to complete the survey, while the corresponding
average duration was 18 minutes for the control students. Despite this, we see relatively
small and, in most cases, not significant differences in the treated and control groups in
terms of their observable characteristics. This gives us no reason to suspect that those
completing the treatment protocol are more positively selected than those completing the
control protocol.3!

In Table 11, we report the results of the replication study. The analysis shows
that the intervention increased participants’ growth mindset scores by 7 points, an effect
larger than in our main study, likely because it was measured immediately after the
intervention. The positive effects of the intervention also extend to participants’
academic outcomes with results that are strikingly similar to our main study. The
intervention increased first-year GPA by almost 2 points, or 0.20 of a standard
deviation, (compared to 1.74 GPA or 0.16 of a standard deviation in the main study);
and their probability of obtaining first-year GPA of 70 or above by 9ppt (compared to
7.6ppt in the main study). Finally, Panel B of Table 11 shows that the treatment had a

similar impact on the growth mindset beliefs of men and women, but a greater impact on

31 We cannot compare the characteristics of the groups of students according to their initial assignment to the treatment or control version of

the survey, as we only obtained permission to analyze observations from students who completed the whole questionnaire.

31



Downloaded from by guest on October 16, 2026. Copyright 2026

the academic performance of male students (e.g., 3.69 GPA for men compared to 1.70 for

women), although these differences are not statistically significant.*?

These results suggest
that our intervention would likely yield similar results on different groups of students across
different institutions, and when completed independently online rather than in a lab
setting. The low overall response rate in this replication study does however demonstrate
that to reach the population at scale would require the protocol to be presented as a

compulsory activity, for example as a homework exercise in a core module for each

teaching department, delivered perhaps through a virtual learning environment.
7 Discussion

In this paper we implement a new randomized information intervention on a cohort of first
year students at a UK Higher Education institution.  The main aim of the
intervention is to change individual beliefs about the productivity of effort - measured
through study time, attendance to lecture and classes, and different study methods and
habits - in order to improve grades. A second objective is to reduce inequality in
academic achievement, which in our case manifests itself along gender lines.

We find positive treatment effects on first year educational attainment, with
significant differences by gender. These patterns are replicated in another independent
study. In exploring the mechanisms which could explain these effects, we document that the
intervention was successful at modifying students’ expectations about the effect of study
and attendance on grades. We also see a change in study habits, resulting in students
adopting more active learning methods and becoming more resilient in the face of
challenges. However, the effects on beliefs and qualitative study inputs do not differ
across male and female students and cannot therefore explain the larger increase in male
attainment. The likely explanation for this result is the differential gender response in
terms of quantity of study, where we see that only male students significantly increased
their hours of study and attendance to lectures and classes (see discussion below about
the role of attendance). This is not driven by ceiling effects affecting female students

more, but appears to reflect a different quantity-quality tradeoff in the choice of effort

32 In the replication study, we cannot differentiate those who received a grade below 40 from those who dropped out. That is why we
use the term “fail to progress”.
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inputs across genders.

In the longer term we find no effect on the probability of graduating on time or final
GPA, although treated students are less likely to change course during their study. This
indicates that the positive academic effects are concentrated in the first year, closest to
the timing of the intervention, and do not persist through to final degree performance.
This is consistent with the broader literature, which has shown that growth mindset
interventions do not exhibit long-term effects on academic outcomes (Kim ez al., 2022;
Oreopoulos & Petronijevic, 2019). One possible explanation, consistent with the
sustained environments hypothesis in Bailey ef al. (2020) is that the post-intervention
academic environment experienced by the students in our setting did not reinforce the
beliefs fostered by the intervention.

Going beyond the specific findings of this study, the analysis we conduct leads us to
reflect more generally about the factors which predict success of interventions focused on
student effort. The first consideration relates to the target population. Our heterogeneity
analysis shows differential treatment effects by gender, but not by SES or previous
achievement. As a comparison, growth mindset interventions have generally found stronger
effects on disadvantaged or low-ability students. Indeed, these interventions have often been
advocated on the ground that they can reduce socio-economic inequalities in educational
outcomes (Yeager et al., 2016b; Broda et al., 2018; Kim et al., 2022). By contrast,
many of these studies are silent about gender differences. Heterogeneity in the effects of
these interventions is most likely context-dependent, such that the effects are likely to be
stronger for groups that exert less effort, or have less strong beliefs about the productivity
of effort at baseline. In our case, the most striking differences are seen between male and

female students.

Another important consideration is whether these types of information interventions
should provide recommendations about what behaviors to adopt in order to increase effort.
There is an active debate over whether interventions aimed at adolescents should direct
students towards specific activities (Yeager & Dweck, 2020). Our intervention provides
concrete suggestions on the most effective study techniques in a setting where there is

considerable autonomy over learning practi%%s and where some students may not know
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the most effective ways to improve their performance.’® By gathering comprehensive
data on various dimensions of study effort, our study shows that students adopted some of
the practical suggestions provided in the intervention and thus sheds new light on which
aspects of effort are more likely to change in response to new information.

A third consideration is whether an increase in effort as a result of light-touch
interventions will translate into improvement in academic achievement. Our results from the
main and replication studies clearly suggest that our intervention can raise the GPA of
university students. However, this is by no means a universal finding. Oreopoulos &
Petronijevic (2019) and Oreopoulos & Petronijevic (2023) describe several light-touch
interventions aimed at increasing study time on different cohorts of students at the
University of Toronto. They find for example that an online coaching followed by two-
way text interaction led to an increase in 1.3 hours (or 0.11 of a standard deviation) of
weekly study time and an improvement in positive study behavior 0.15 of a standard
deviation. However, these improvements in study effort did not translate into any
positive effect on GPA, possibly because students would need to increase study effort
substantially more to see improvements in academic performance. Although these treatment
effects on study time are slightly lower than what we see in our context for male
students, who increased their study by 1.7 hours per week (or 0.20 of a standard
deviation), it is useful to see what would happen if we used the figures in Oreopoulos
& Petronijevic (2019) as a benchmark. Applying their estimates, a 1.7 hours increase in
study would lead to an increase of 0.84 GPA, which is about a third of the estimated
TE for males in our study (Table 7, Panel D).>* We investigate the possible reasons
behind our larger TE in Appendix F using some back-of-the envelope calculations. This
exercise suggests that the larger TE effects on GPA in our study may be mostly driven
by the increase in attendance. This points towards focusing on the potential benefits
of increasing attendance for university students as a useful mechanism to reduce differences
in outcomes and improve final grades.

From a policy point of view, our paper suggests that inexpensive and easy to

33 Incentivizing (or setting a goal for) academic inputs has more effect on academic performance than incentivizing academic
performance directly (Fryer Jr, 2011; Clark et al., 2020).

34 This number is derived from using the coefficient of study time of 0.493 in Table 9, col 4 from Oreopoulos & Petronijevic (2019),
ie., 0.493x1.7=0.84. 34
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scale-up interventions targeted at university students can help reduce the gender gap
in higher education achievement. This is under the assumption that increasing men’s
effort is welfare-enhancing. To truly test for this would require estimating the actual
production function of grades and ability, which is beyond the scope of this paper. As a
rough proxy, we find no treatment effect on students’ satisfaction with their studies,

suggesting that they did not feel worse-off by changing their effort.??

35 Students were asked to report on a scale from 0 to 100 ‘All things considered, how satisfied are you with your life at University as a
whole nowadays?’. At wave 1, men report higher satisfaction than women (71 versus 67, p-value<0.01) but there is no treatment
effect for this variable.
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Figure 1: Sample Size at Different Stages of the Intervention

(a) Eligible Population = 1,847

(b) Study Participants = 1,363

Assignment
(c) Assigned through randomization and

invited to attend the lab session
Control = 681; Treated= 682

Maximum sample for ITT
if outcomes from administrative data

Treatment
(d) = (c) and attended lab session

Control = 324; Treated= 361

Maximum sample for TE
if outcomes from administrative data

(e) = (d) and respondent at Wave 3
Control = 284; Treated= 312

Maximum sample for TE
if outcomes from subjective beliefs

(f) = (e) and respondent at Wave 1
Control = 248; Treated= 273

Maximum sample for TE
if outcomes from survey data

Notes: The figure shows the number of observations for: (a) the eligible population, (b) the sample participating in
the study, (c) those invited to the lab to attend a Treated or Control sessions (Assignment), (d) those who
attended a Treated or Control sessions (Treatment), (e) those who additionally replied to Wave 3 (post-
intervention), and (f) those who additionally replied to Wave 1 (baseline). The red boxes specify which
sample is used for the estimation of the Intention-to-Treat (ITT) and Treatment Effect (TE) in the main

results.
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Table 1: Characteristics of the Population and Study Samples of BOOST2018

All UK Study Study
Universities University Participants W1 W2 WI123 W23 W13
1) () 3) @ & © @O @
Female 0.55 0.47 0.49 0.54 056 056 056 0.55
High SES 0.50 0.49 0.53 053 052 054 053 055
Low SES 0.26 0.29 0.32 032 033 032 033 032
SES Missing 0.24 0.21 0.16 0.15 0.16 0.14 0.14 0.14
Mature (Age>21) 0.14 0.08 0.07 0.07 0.07 007 007 0.07
Tariff (Std) 0.32 0.08 0.10 0.14 0.10 0.12 0.10 0.11
Tariff Quintiles
First (Lowest) 0.32 0.16 0.17 0.17 0.17 017 017 0.18
Second 0.11 0.21 0.21 0.19 021 0.19 020 0.18
Third 0.11 0.17 0.17 0.17 0.16 016 016 0.17
Fourth 0.17 0.20 0.21 022 021 023 021 022
Fifth (Highest) 0.29 0.19 0.21 021 021 021 021 021
N 327,685 1,847 1,363 875 685 520 596 680

Notes: The first column shows the characteristics of all first-year students enrolled at any UK university and comes
from data from the Higher Education Statistics Agency (HESA). The second column shows those who enroll at the
university where the study took place, column 3 shows those who enrolled in the study. Columns 4-8 show the
different samples used in our analysis: Columns 4 and 5 restrict the sample to those who participated in Wave 1 and
Wave 2, respectively; column 6 restricts the sample to those who participated in Waves 1, 2 and 3; columns 7 and 8
refer to those who participated in Waves 2 and 3, and Waves 1 and 3, respectively. All columns show only Home (i.e.
UK resident) students enrolled during the academic year 2015/16. Socio-economic status is derived from parental
occupation. Mature students are those who start their undergraduate education at the age of 21 or older. The tariff
score is obtained by assigning a numerical value to all the post-16 qualifications that a student holds according to
the grade achieved. This variable is standardized with respect to the population of entrants at the study university
who have a valid value of the tariff score.
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Table 2: Descriptive Statistics - Academic Achievement

All Female Male
First Year Outcomes
Exam Grade 58.51 60.16 56.89%**
(12.12) (10.81) (13.09)
GPA 59.72 61.02 58 45%**
(11.86) (10.36) (13.05)
GPA > 70 0.17 0.17 0.17
(0.38) (0.38) (0.38)
GPA > 60 0.55 0.61 0.50%**
(0.50) (0.49) (0.50)
GPA > 40 0.94 0.97 0.92%*%*
(0.23) (0.17) (0.27)
Fail to Progress 0.16 0.12 0.20%**
(0.37) (0.33) (0.40)
Longer-term Outcomes
Ever Changed Course 0.29 0.30 0.28
(0.45) (0.46) (0.45)
Graduated on Time 0.70 0.75 0.65%**
(0.46) (0.43) (0.48)
Final GPA 64.57 65.13 63.94**
(7.88) (7.05) (8.68)
First (GPA > 70) 0.29 0.28 0.29
(0.45) (0.45) (0.45)
Good (GPA > 60) 0.80 0.82 0.76**
(0.40) (0.38) (0.42)
N 1363 671 692

Notes: Means and standard deviation (in parentheses) of the main outcome variables for the total sample of
study participants. The exact number of non-missing values differ slightly for each variable (see Table Al).
The variables for first year outcomes are defined as follows: Exam Grade is the weighted average of
module exam grades where the weights are the number of credits associated to the module, GPA is the
weighted average of module grades, including coursework. We also consider dummy variables for achieving a
GPA of 70, 60 or 40 out of 100 (40 is the minimum required for a Pass); Fail to Progress is a dummy
for those who either fail to achieve the grade required to pass their first year or those who achieve the
minimum grade but drop out. Longer-term outcomes are defined as follows: Ever Changed Course is a
dummy variable for students who did any of the following: dropped a year abroad, placement year, or
integrated 4th year of study from their initial degree program; gained a year abroad or placement year they were
not originally registered for; or changed the subject composition of their degree title. Graduated on time
indicates students who graduate from their degree course within the specified standard period for the credit
levels and any additional components (e.g. year abroad, placement year) actually completed; it is equal to zero
for any student who never graduates, who repeats a year or restarts their degree. Final GPA is derived from a
60:40 weighted average of third-year and second-year module grades; First (GPA > 70) and Good (GPA >
60) are dummies for the corresponding degree class. Male-female differences are tested using a two-way
t-test. * p<0.1, ** p<0.05, *** p<0.01.
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Table 3: Descriptive Statistics - Baseline Effort

All Female Male
Quantity of Study
Attendance 10.15 10.08 10.22
(4.52) (4.60) (4.44)
Study 11.97 13.25 10.49%%**
(8.61) (9.09) (7.76)
Quality of Study
Study Methods
Compulsory 0.45 0.45 0.45
(0.23) (0.22) (0.24)
Note Taking 0.19 0.20 0.17%**
(0.16) (0.15) (0.17)
Testing 0.09 0.07 0.10%**
(0.13) (0.10) (0.14)
Reading 0.22 0.23 0.23
0.17) (0.16) (0.18)
Other 0.05 0.04 0.06
(0.11) (0.10) (0.11)
Study Habits
Overdue 0.86 0.87 0.85
(0.35) (0.34) (0.36)
Longest 0.34 0.37 0.31%*
0.47) (0.48) (0.46)
Interested 0.46 0.42 0.50**
(0.50) (0.49) (0.50)
Doing Worst 0.56 0.57 0.56
(0.50) (0.50) (0.50)
Scheduled 0.24 0.25 0.23
(0.43) (0.43) (0.42)
N (Admin) 1363 671 692
N (Wave 1) 875 470 405

Notes: Means and standard deviation (in parentheses) of the variables that represent academic effort at
baseline. Attendance is from administrative records, it refers to the Autumn term of year 1 of data
collection and is available for the total sample of study participants (see Table 1). All the other
variables are collected from survey data, and are based on the sample of Wave 1 respondents (see
Table 1). N is the total number of observations, where the exact number of non-missing values
differ slightly for each variable (see Table Al). Attendance is weekly hours of attendance to
lectures and classes. Study is weekly hours of study outside lectures and classes. The Study Methods
measures are the percentages of weekly study hours devoted to the following activities: i) compulsory
homework (essays, exercises, etc.), (ii) reading or re-reading textbooks or course materials, (iii)
paraphrasing or making notes, copies, outlines, or annotations from textbooks or course materials, (iv)
testing with questions, practice problems, past exams or flash cards, and (v) other. The Study
Habits measures are binary indicators with value 1 if the individual replies “Often” or “Always”
to the following questions about what they study next: (i) whatever is due soonest/overdue; (ii)
whatever I haven’t studied for the longest time; (iii) whatever I find interesting; (iv) whatever I
feel I’'m doing the worst at; (v) I plan my study schedule ahead of time, and I study whatever I've
scheduled. Male-female differences are tested using a two-way t-test. * p<0.1, ** p<0.05, ***
p<0.01.
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Table 4: Descriptive Statistics - Baseline Beliefs

All Female Male
Growth Mindset Score 36.68 37.86 35.32%%*
(9.06) (8.89) (9.09)
Subjective Expectations about Grades
Elasticity w.r.t. Attendance 0.31 0.34 0.26**
(0.45) (0.47) (0.41)
Elasticity w.r.t. Study 0.20 0.21 0.18%*
(0.26) (0.29) (0.22)
Elasticity w.r.t. Ability 0.70 0.62 0.79
(1.77) (1.70) (1.86)
Subjective Expectations about Ability
Elasticity w.r.t. Attendance 0.16 0.16 0.14
(0.22) (0.21) (0.23)
Elasticity w.r.t. Study 0.09 0.10 0.07%#*
(0.11) (0.12) (0.10)
N (Wave 1) 875 470 405
N (Wave 2) 685 384 301

Notes: Means and standard deviation (in parentheses) of individual beliefs at baseline. All variables are from
survey data. The Growth Mindset Score is derived from questions asked at Wave 1, Subjective Expectations are
based on questions asked at Wave 2 (see Table 1). N is the total number of observations, where the exact number
of non-missing values differ slightly for each variable (see Table Al). The Growth Mindset Score is derived
using students’ responses to a battery of questions about whether their ability could be changed or improved (see
Table C1), and ranges from 0 to 60. Subjective Expectations about the productivity of Attendance, Study and
Ability with respect to Grades, and the productivity of Attendance and Study with respect to Ability are elicited
using the procedure described in Section 4.3. Male-female differences are tested using a two-way t-test. * p<0.1,

#% p<0.05, *** p<0.01.
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Table 5: Balancing on the Stratifying Variables Panel

A: Assignment and Treatment samples

Assignment Treatment
(Invited to the Lab) (Attended the Lab)

Treatment Control p-value Treatment Control p-value

Female 0.49 0.49 0.94 0.56 0.56 0.95
High SES 0.52 0.53 0.85 0.49 0.55 0.12
Low SES 0.32 0.32 0.97 0.35 0.30 0.17
SES Missing 0.16 0.16 0.76 0.16 0.15 0.73
Mature 0.07 0.07 0.91 0.06 0.07 0.59
Tariff Quintiles

Lowest 0.17 0.17 0.93 0.16 0.18 0.59
Second 0.21 0.21 0.88 0.21 0.21 0.99
Third 0.16 0.17 0.67 0.16 0.16 0.83
Forth 0.21 0.21 0.94 0.22 0.20 0.45
Fifth 0.21 0.21 0.99 0.20 0.21 0.87
N 681 682 361 324

Panel B: By availability of outcome data in the Treatment sample

Admin. Data Available Survey Data Available

Treatment Control p-value Treatment Control p-value

Female 0.56 0.56 0.92 0.58 0.54 0.35
High SES 0.49 0.55 0.14 0.51 0.57 0.19
Low SES 0.35 0.30 0.19 0.34 0.29 0.21
SES Missing 0.16 0.15 0.74 0.15 0.14 0.85
Mature 0.06 0.07 0.59 0.07 0.08 0.64
Tariff Quintiles

Lowest 0.16 0.17 0.66 0.16 0.18 0.55
Second 0.21 0.22 0.93 0.18 0.20 0.46
Third 0.17 0.16 0.84 0.16 0.17 0.73
Forth 0.22 0.20 0.50 0.25 0.20 0.22
Fifth 0.20 0.21 0.95 0.22 0.20 0.46
N 357 320 272 248

Notes: Mean of the listed variables shown by assignment or treatment status. Panel A shows
balance in the Assignment and Treatment samples. Panel B shows balance in the subsample of
those who attended the lab sessions and for whom we have non-missing administrative data on First
Year GPA (Admin. Data Available) or non-missing survey data on “Doing Worst”, one of the
aspects of Study Quality examined (Survey Data Available). All variables shown are from
administrative record sources. Reported p-values test differences between treatment and control groups at
the assignment stage or, where applicable, among lab attendees, using two-sided t-tests.
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Table 6: Balancing at Baseline

Assignment Treatment
(Invited to the Lab) (Attended the Lab)
Treated Control p-value Treated Control p-value

Beliefs

Growth Mindset Score 36.82 36.55 0.66 37.45 37.17 0.72
Subjective Expectations about Grades

Elasticity w.r.t. Attendance 0.31 0.30 0.84 0.32 0.29 0.53
Elasticity w.r.t. Study 0.21 0.19 0.41 0.21 0.19 0.31
Elasticity w.r.t. Ability 0.72 0.68 0.76 0.71 0.68 0.79
Subjective Expectations about Ability

Elasticity w.r.t. Attdance 0.16 0.16 1.00 0.15 0.16 0.75
Elasticity w.r.t. Study 0.09 0.09 0.79 0.09 0.09 0.81

Quantity of Study
Attendance 10.28 10.02 0.31 11.07 10.68 0.25

Study 11.66 12.28 0.29 11.94 12.49 0.45

Quality of Study

Study Methods

Compulsory 0.46 0.44 0.28 0.46 0.44 0.23
Note Taking 0.18 0.20 0.12 0.18 0.20 0.11
Testing 0.09 0.09 0.46 0.09 0.08 0.47
Reading 0.22 0.22 0.82 0.22 0.23 0.54
Other 0.05 0.05 0.61 0.05 0.05 0.98
Study Habits

Overdue 0.85 0.86 0.68 0.85 0.86 0.88
Longest 0.32 0.36 0.19 0.31 0.36 0.21
Interest 0.43 0.49 0.08 0.40 0.47 0.10
Doing Worst 0.57 0.56 0.73 0.56 0.54 0.66
Scheduled 0.23 0.25 0.36 0.25 0.24 0.86

Non-cognitive characteristics

Grit 3.18 3.17 0.85 3.18 3.17 0.87
Learning Orientation 4.08 4.07 0.88 4.08 4.06 0.76
N 435 437 302 277

Notes: Mean of the variables shown according to assignment or treatment status at baseline. The measures of growth
mindset and of all the measures of effort are from Wave 1, while the measures for beliefs are from Wave 2. The p-value
shown refers to the difference between the groups invited to a treatment or control session, or those who attended a
treatment or control session in the lab and is obtained using a two-way t-test.
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Table 7: Treatment Effect on First Year Academic Achievement

Panel A: ITT on All Students

(D @) (3) 4) (5) (6)
Exam GPA GPA GPA Fail to
Grade GPA =70 >60 >40 Progress
ITT 1.23%* 1.195* 0.034* 0.037 0.011 -0.015
(0.615) (0.616) (0.020) (0.026) (0.012) (0.019)
Tariff(Std) 1.548%%* 2.07%** 0.071%**  0.076*** 0.011 -0.016
(0.432) (0.380) (0.013) (0.015) (0.009) (0.013)
N 1,277 1,289 1,289 1,289 1,289 1,363
Control Mean 57.84 59.10 0.15 0.53 0.94 0.17
SD (12.25) (11.74) (0.36) (0.50) (0.24) (0.38)
Panel B: ITT by Gender
Exam GPA GPA GPA Fail to
Grade GPA >70 >60 >40 Progress
ITT on Females 0.167 0.766 0.014 0.016 0.007 -0.015
(0.775) (0.764) (0.028) (0.036) (0.013) (0.025)
ITT on Males 2.319%* 1.700* 0.060** 0.058 0.015 -0.015
(0.949) (0.971) (0.029) (0.037) (0.021) (0.029)
p-value 0.08 0.45 0.25 0.42 0.75 1.00

Panel C: TE on All Students

Exam GPA GPA GPA Fail to
Grade GPA >70 >60 >40 Progress
TE 1.522* 1.744** 0.076%** 0.044 0.017 -0.009
(0.828) (0.786) (0.029) (0.036) (0.015) (0.020)
Tariff(Std) 1.476** 1.830%*** 0.083%** 0.060*** -0.001 -0.004
(0.680) (0.526) (0.017) (0.021) (0.013) (0.015)
N 672 677 677 677 677 684
Control Mean 59.34 60.63 0.16 0.61 0.95 0.09
SD (11.31) (10.74) (0.37) (0.49) (0.21) (0.29)

Panel D: TE by Gender

Exam GPA GPA GPA Fail to
Grade GPA >70 >60 >40 Progress
TE on Females 0916 1.407 0.041 -0.012 0.022 -0.014
(1.011) (0.989) (0.038) (0.047) (0.016) (0.026)
TE on Males 2.662%* 2.385* 0.126%** 0.123%** 0.013 -0.005
(1.424) (1.332) (0.047) (0.057) (0.029) (0.033)
p-value 0.32 0.56 0.16 0.07 0.80 0.82

Notes: All models are estimated by linear (OLS) regression and control for gender, socio-economic status,
mature student status, and include department fixed effects. All models also control for baseline level of
achievement, which is represented by the standardized measure of Tariff. The estimation sample consists of all
students who enrolled in the study in Panels A and B, and of students who attended the lab sessions (Wave 2) in
Panels C and D. Heteroskedasticity- robust standard errors in parentheses. * p<0.1, ** p<0.05,

*** p<0.01.

46



Downloaded from by guest on October 16, 2026. Copyright 2026

Table 8: Treatment Effect on Longer-Term Outcomes

Panel A: ITT on All Students

Graduated on Time

(1) @) (3) “4) ©) (6)
Ever Changed Dropped a  Graduated Final First Good
Course Component on Time GPA (=70) (=60)
ITT -0.077%** -0.050%* 0.001 0.200 0.010 -0.011
(0.024) (0.020) (0.024) (0.477)  (0.028)  (0.026)
Tariff(Std) 0.009 0.009 0.015 1.595%%%  0.094%%*  (,049%**
(0.013) (0.010) (0.015) (0.316) (0.017)  (0.014)
Observations 1,363 1,363 1,363 953 953 953
Control Mean 0.33 0.20 0.70 64.57 0.28 0.80
SD (0.47) (0.40) (0.46) (7.32) (0.45) (0.40)
Panel B: ITT by Gender
(1) (2 (3) 4) () (6)
Ever Changed Dropped a Graduated Final First Good
Course Component on Time GPA (=70) (=60)
TE on -0.065%* -0.045 -0.030 -0.048 -0.014 -0.034
Females
(0.035) (0.030) (0.033) (0.588) (0.038) (0.033)
TE on Males -0.086** -0.050* 0.032 0.542 0.034 0.014
(0.034) (0.028) (0.035) (0.756) (0.042) (0.039)
p-value 0.66 0.90 0.20 0.54 0.40 0.35
Panel C: TE on All Students
Graduated on Time
(1 2 (3) 4 (%) (6)
Ever Dropped a  Graduated Final First Good
Changed
Course Component  on Time GPA  (=70) (=60)
TE -0.105%** -0.057* 0.011 1.192%* 0.046 0.024
(0.036) (0.031) (0.030) (0.612)  (0.039) (0.033)
Tariff(Std) -0.008 -0.007 0.015 1.956%%% (.105%**  (.059%**
(0.020) (0.017) (0.017) (0.347)  (0.022) (0.017)
Observations 684 681 685 544 544 544
Control Mean 0.38 0.22 0.79 64.68 0.29 0.81
SD (0.49) (0.42) 0.41) (7.11) (0.45) (0.39)
Panel D: TE by Gender
(1) ) (3) 4) (5) (6)
Ever Changed Dropped a  Graduated  Final First Good
Course Component  on Time GPA (=70) (=60)
TE on -0.092* -0.071%* 0.001 0.707 0.021 -0.023
Females
(0.049) (0.042) (0.040) (0.767) (0.050) (0.042)
TE on Males -0.121%** -0.030 0.024 1.596 0.063 0.075
(0.056) (0.046) (0.047) (1.018) (0.063) (0.051)
p-value 0.70 0.51 0.71 0.49 0.60 0.14

Notes: All models are estimated by linear (OLS) regression and control for gender, socio-economic
status, mature student status, and include department fixed effects. All models also control for
baseline level of achievement, which is represented by the standardized measure of Tariff. The
estimation sample consists of all students who enrolled in the study in Panels A and B, and of
students who attended the lab sessions (Wave 2) in Panels C and D. Outcomes in columns 3-5 are
conditional on Graduating on Time. Heteroske§6sticity-robust standard errors in parentheses.

#p<0.1, ** p<0.05, *** p<0.01.
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Table 9: Treatment Effect on Beliefs

Panel A: TE on All Students

Subj. Expect. about Grades Subj. Expect. about Ability

Growth
Mindset
Attendance Study  Abilit  Attendance Study Score
y
@) 2 (€)) ) () )
TE 0.067**  0.048*** -0.076 -0.013 0.001 2.234%%%
(0.028) (0.017)  (0.179) (0.010) (0.007) (0.698)
Subj. Expect. about Grades
Elasticity w.r.t. Attendance  0.221%** 0.029 -0.221
(0.074) (0.036)  (0.357)
Elasticity w.r.t. Study -0.183* 0.062 0.100
(0.098) (0.061)  (0.512)
Elasticity w.r.t. Ability -0.018* -0.007 0.116
(0.010) (0.005)  (0.082)
Subj. Expect. about Ability
Elasticity w.r.t. Attendance 0.138%*** 0.079***
(0.058) (0.032)
Elasticity w.r.t. Study 0.018 0.015
(0.089) (0.055)
Growth Mindset Score 0.515%**
(0.051)
N 511 511 511 590 590 520
Control Mean 0.18 0.14 0.99 0.12 0.08 35.71
SD (0.42) (0.26) (2.45) (0.17) (0.10) (9.41)
Panel B: TE by Gender
Subj. Expect. about Grades Subj. Expect. about Ability
Growth
Mindset
Attendance Study Ability Attendance Study Score
TE on Females 0.094#** 0.038 -0.122 -0.017 -0.006 2.120%*
(0.035) (0.022) (0.223) (0.014) (0.009) (0.863)
TE on Males 0.037 0.059%* -0.120 -0.001 0.010 2.033*
(0.050) (0.029) (0.351) (0.014) (0.010) (1.169)
p-value 0.39 0.50 0.95 0.42 0.24 0.95

Notes: All models are estimated by linear (OLS) regression and control for gender, socio-economic status,
mature student status, tariff quintiles, and include department fixed effects. All models also control for baseline level
of subjective expectations (measured at Wave 2) or baseline growth mindset score (measured at Wave 1), as
appropriate. In columns 1-5, the estimation sample consists of individuals who attended Waves 2 and 3. In
column 6, the estimation sample consists of individuals who attended Waves 1, 2 and 3. Columns 1-5 show
bootstrapped (500 replications) standard errors in parentheses to account for the fact that subjective expectations
measures are generated from additional regressions as described in Section 4.3. Column 6 shows heteroskedasticity-
robust standard errors in parentheses. * p<0.1, ** p<0.05, *** p<0.01.
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Table 10: Treatment Effect on Effort

Panel A: TE on All Students

Study Quantity Study Quality
1) @ 3) “) &) (0) Q)
Note Doing
Attendance Study Compulsory Taking Testing Longest Worst
TE 0.245 0.034 -0.018 0.008 0.021** 0.100%** 0.158%**
(0.169) (0.556) (0.020) (0.014) (0.010) (0.043) (0.042)
Baseline 0.781 %% 0.492%** 0.399%** 0.214** 0.157* 0.165%**  0.361***
(0.034) (0.043) (0.112) (0.096) (0.081) (0.047) (0.042)
N 672 520 502 502 502 519 520
Control Mean 8.28 10.25 0.51 0.18 0.07 0.37 0.47
SD (4.06) (8.12) (0.26) (0.17) (0.11) (0.48) (0.50)

Panel B: TE by Gender

Note Doing

Attendance Study Compulsory Taking Testing Longest Worst
TE on Females 0.123 -1.259 -0.042 0.010 0.025* 0.081 0.138%*
(0.218) (0.821) (0.028) (0.019) (0.013) (0.058) (0.056)
TE on Males 0.459* 1.754%* 0.012 0.001 0.017 0.101 0.187#**
(0.265) (0.771) (0.030) (0.021) (0.016) (0.068) (0.063)

p-value 0.33 0.01 0.18 0.75 0.69 0.82 0.56

Notes: All models are estimated by linear (OLS) regression and control for gender, socio-economic status, mature
student status, tariff quintiles, and include department fixed effects. The estimation sample for all but Attendance consists of
individuals who attended Wave 1, 2 and 3. The estimation sample for Attendance is those who attended Wave 2.
Attendance and Study are expressed in hours per week. Compulsory, Note Taking and Testing are expressed as a
percentage of total study time. Longest and Doing Worst are dummy variables equal to 1 if the students choose
Always or Often to the specific question about what they study next. Heteroskedasticity-robust standard errors in
parentheses. * p<0.1, ** p<0.05, *** p<0.01.
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