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1. Introduction

Access to education has improved substantially over the last decades
in most low- and middle-income countries. However, a large proportion
of students still drop out of school before completing compulsory
education, and few continue with higher education (UNESCO, 2020).
Education-related decisions are highly consequential for the types of
careers children can pursue later in life and the living standards they
can achieve. At the same time, these decisions are not easy; they need
to be taken when children are relatively young and require substantial
guidance (Heckman and Mosso, 2014). Without adequate guidance,
students may not only have insufficient knowledge about the available
educational pathways, but may also fail to develop aspirations that
might enable them to pursue different educational and career paths
than their parents, and escape the self-perpetuating cycles of poverty
(Mani and Riley, 2021; van der Weide et al., 2024).

Personalized career guidance interventions for schoolchildren have
the potential to shape aspirations, increase educational investments and
thereby change schooling trajectories, as evidence from higher-income
countries suggests (Renée, 2025; de Koning et al., 2025; Carlana et al.,
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2022). Successful career guidance interventions typically rely on a high
degree of in-person contact, indicating that guidance is most effective
when the information provided aligns with students’ abilities and in-
terests and clearly outlines the steps required to pursue a particular
career. Thereby, goals become realistic and tangible and are more likely
to translate into educational investments. As such interventions are
costly and difficult to scale, they remain rare in low-income contexts,
but are much needed (ILO, 2024; OECD, 2025): Parents often lack
the knowledge and experience to properly support children in their
educational and career related decisions, and teachers typically lack
the incentives and resources to guide their students individually.

In this paper, we study the effectiveness of a half-day career guid-
ance workshop targeting students of Grade 9, the final year of com-
pulsory schooling, in rural Cambodia. The workshop was specifically
designed to take into account students’ individual interests and abili-
ties, while remaining scalable. During the workshop, students first work
through an interest and career exploration tool; an app that helps them
reflect on their personal interests and allows them to explore (person-
alized) information about different careers that vary in their level of

1 The information content of the careers is designed to introduce previously less known careers as well as to make possible career choices more tangible, for
example by introducing the tasks that are typically involved in the daily activities, but also by stressing their societal relevance.
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required schooling.! Students then participate in an information session
that presents paths both to higher education and to vocational training,
and discusses academic requirements for attending high school, educa-
tional costs, and financing options. This low-cost and easily-scalable
intervention aims to equip students with information about a range
of occupations to match heterogeneous abilities and interests, while
providing guidance on the next steps in their educational path, whether
transitioning to high school or into vocational training.

Cambodia is a particularly relevant context for career guidance
interventions. During the Khmer Rouge regime in the 1970s, the ed-
ucational sector was systematically destroyed. Schools and universities
were closed and educated people fled the country or were persecuted
(UNESCO, 2011). With the subsequent Third Indochina War and a
long period of internal conflict, the educational system was not recon-
structed until the late 1990s. As a consequence, education levels among
Cambodian adults are extremely low today, with severe repercussions
on younger generations. Students lack information and guidance about
career paths, and educational aspirations are often immensely unreal-
istic (Eng et al., 2014). Dropout rates are high, and the transition rate
to high school is low, especially in rural areas (Ministry of Education,
Youth and Sport, 2017).

We evaluate the effect of the intervention by exploiting the ran-
domized assignment of 37 schools to either treatment or control status,
with 1715 students participating in the study. The career guidance
workshop was conducted in early 2020, shortly before schools were
closed due to the COVID-19 pandemic. In terms of outcomes, we focus
on schooling information from student-level administrative records
collected throughout the last year of lower-secondary school and the
subsequent three years of high school, as well as on self-reported in-
formation regarding study-behavior, and educational and occupational
aspirations from a phone survey that was conducted about five months
after the intervention and during the first COVID-19 lockdown.

We find that attending the career guidance workshop had positive
effects on educational investments, which started to materialize about
eight months after the intervention took place and persisted until
high school completion. At the time of the phone survey, we find
no statistically significant treatment effects on students’ educational
or occupational aspirations, nor on their confidence in reaching these
aspirations. Students in treatment schools were also not more likely
to study during the first lockdown period than their peers in control
schools. However, treated students were 2.6 percentage points (pp)
more likely to attend the final exam of Grade 9 (3% increase over
the mean in the control group), performed better in the final exam
conditional on participating (0.22 SD) and were approximately 5.9pp
(7.9%) more likely to enroll in high school, 6.2pp (9.7%) more likely
to progress to Grade 11 one year later, 5.6pp (9.2%) more likely to
attend the midterm exam of Grade 11, and 3.9pp (7.0%) more likely
to complete high school roughly 3.5 years after the intervention took
place.

We then examine whether the intervention had differential im-
pacts by students’ ability. This is relevant as the workshop was ex-
plicitly designed to accommodate students’ individual interests and
abilities.” Using parametric and semi-parametric techniques, we exam-
ine treatment-effect heterogeneities along students’ baseline academic
performance, which we use as a proxy for students’ abilities and which
is by far the strongest predictor of subsequent schooling outcomes. We
find that for low-performing students the intervention had negative
effects in the short run (during Grade 9) on most outcomes and no
effect in the medium run (during high school), while the intervention
benefited high-performing students in both the short and the medium
run. Treated students who performed in the bottom half of the grades
distribution at baseline, studied less than their control group peers

2 For the purpose of this study, we understand student ability to capture
cognition, as well as educational investments accumulated earlier in life.
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during the lockdown period, had (weakly) lower educational and oc-
cupational aspirations, but were no less confident in reaching their
aspirations. Treated low-performers were also not less likely to attend
the final exam of Grade 9. However, they performed worse in the
exam conditional on attending. About one year after the intervention,
the negative treatment effect on low-performers disappears, as few of
them transitioned to high school in either treatment or control schools.
By contrast, students who ranked in the upper half of the grades
distribution at baseline were more likely to study during the lockdown
period, had higher educational and occupational aspirations, and were
(weakly) more confident in reaching their aspired education and occu-
pation. They were more likely to attend the final exam of Grade 9 and
performed better in that exam. High-performing treated students also
kept outperforming their peers from control schools throughout high
school and are driving the positive average treatment effects observed
in the medium run.

The intervention was interrupted midway due to the COVID-19
pandemic, which triggered a lockdown and school closures in March
2020. This resulted in a smaller number of treated schools in our
sample than what had been initially planned, and caused imbalances
in baseline grades. The small number of clusters as well as the baseline
imbalances are potential concerns to identification. To address these
concerns, we perform a wealth of robustness checks. First, we show
that average treatment effects and heterogeneities by baseline grades
are robust to randomization inference, as well as to corrections for
non-random attrition. Second, we trim outlier schools (below 10th and
above 90th percentile) in average baseline grades from the sample.
This procedure achieves balance in key variables, and if anything
increases the significance of treatment effects and of the heterogeneities
by grades. Finally, we show that the treatment effect heterogeneities
are not driven by parental characteristics nor by school characteris-
tics, and that the differential association between baseline grades and
subsequent outcomes is non-existent before the intervention took place.

The documented heterogeneities in students’ response to the career
guidance workshop by baseline grades indicate that adjustments in
students’ educational investments coincide with adjustments in aspira-
tions. One possible explanation is that the workshop allowed students
to adjust their aspirations to levels that are better aligned with their
academic performance. Participation in the workshop could have made
low-performing students aware of alternative career paths that do
not include higher education, thereby putting them in a position to
adjust their educational (and occupational) aspirations to levels that
are better aligned with their abilities and preferences. The decline in
educational investments observed among these students during Grade
9 is consistent with them adjusting their educational investments to
a level that is just sufficient to graduate lower-secondary school. By
contrast, the workshop increased educational investments and aca-
demic performance among high-performing students compared to their
control peers, which could be explained by an increase in aspirations
also triggering more effort in this group of students.

To rationalize this mechanism, we develop a conceptual framework
that defines aspirations as long-term goals, and in which students
derive a milestone utility from achieving these goals. In particular, we
combine insights from the models developed by Dalton et al. (2016)
and Genicot and Ray (2017). Our framework features a rational agent
who endogenously chooses an effort-aspiration pair that is aligned
with their individual abilities and assumes that the agent formulates
their educational aspirations to be consistent with their occupational
aspirations. Aspirations (even though endogenously chosen) are drawn
from an observed distribution of outcomes: the aspirations window.
This window may be too narrow if students lack knowledge about
career possibilities or misperceive the level of education necessary for
a certain occupation. A truncated aspirations window can then trigger
students to define educational aspirations that are not sufficiently
aligned with their innate ability or preferences. Our model can explain
why an intervention that provides students with information necessary
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to develop occupational aspirations that better align with their prefer-
ences and abilities affects educational aspirations and investments in
such heterogeneous ways.

To the best of our knowledge, this is the first paper to evaluate
a personalized career guidance intervention in a low-income context.
Our paper speaks to three strands of literature. First, we contribute to
the literature on information or mentoring interventions in educational
contexts. Much of this literature focuses on high-income countries and
evaluates the effect of providing educational and career guidance to
students from disadvantaged backgrounds (Bettinger et al., 2012; Hoest
et al., 2013; Hoxby and Turner, 2015; Goux et al., 2017; Abbiati et al.,
2018; Kerr et al., 2020; Carlana et al., 2022; Renée, 2025). Studies
that focus on low- and middle-income countries have shown that pro-
viding information about the returns to education can increase school
attendance, improve test scores, and change educational trajectories
of students (Nguyen, 2008; Jensen, 2010; Avitabile and de Hoyos,
2018).% The study most closely related to ours is Asri et al. (2025)
who investigate the impact of a career exploration program targeting
female students in urban high schools in India and find that while
the program positively affected aspirations and planning in the short-
term, it had no impact on educational trajectories. With our study, we
show that personalized information on potential career paths and their
educational requirements can indeed affect educational investments,
indicating that the lack of information about career opportunities may
lead students to sub-optimally invest in education.

Second, we contribute to the literature that investigates the role
of students’ aspirations in inducing educational investments. Most of
this literature is based on role-model interventions (Bjorvatn et al.,
2020; Bhan, 2020; Riley, 2024; Ahmed et al., 2024).* In contrast, our
intervention encourages students to explore their personal interests and
provides them with personalized information about a variety of poten-
tial career paths, making these careers more tangible. This approach
supports the students in developing more diversified occupational and
educational aspirations. Importantly, our insights may rationalize why
role-model interventions are not always successful (see e.g. Kipchumba
et al., 2023; Leight et al., 2021). Without being presented with a variety
of educational paths and career possibilities, students may not be able
to formulate new aspirations that are within their reach and may fail
to adjust educational investments.

Third, we contribute to the theoretical literature that seeks to under-
stand the reasons for aspiration failures (Dalton et al., 2016; Genicot
and Ray, 2017, 2020; La Ferrara, 2019).> Our conceptual framework
combines insights from Dalton et al. (2016) with those from Genicot
and Ray (2017), and features a rational agent that chooses optimal
effort-aspiration pairs but whose set of possible choices may be con-
strained due to information frictions. This model serves to highlight
a new type of aspiration failure. If students lack information about
career paths, their perceived set of possible effort-aspiration pairs is
overly constrained, which leads to a misalignment between educa-
tional aspirations and ability, and to the misallocation of educational
investments.®

3 Dizon-Ross (2019) studies an intervention that provides parents with
information about their children’s performance in school. She shows that the
information improves the match between educational investments made by
parents and their children’s ability.

4 For a recent review of various role-model interventions in education, see
Serra (2025).

5 The literature has so far identified two types of aspiration failures.
First, Genicot and Ray (2017) consider a situation in which aspirations are
exogenously drawn from a distribution of outcomes, the aspirations window.
In such a setting, aspirations that are too low induce suboptimal effort, and
aspirations that are too ambitious can lead to frustration because the goal
becomes unachievable. Second, Dalton et al. (2016) consider a model in which
aspirations are endogenously determined (and allowed to change over time),
but individuals fail to internalize the feedback from effort to aspirations, and
therefore choose suboptimally low aspirations.
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The remainder of this paper proceeds as follows. In Section 2, we
describe the setting and design of the intervention. The intervention’s
implementation and the data collection are described in Section 3.
Section 4 presents the empirical approach and results. Section 5 dis-
cusses the underlying mechanisms and presents a simple conceptual
framework that helps rationalize the evidence, and Section 6 concludes.

2. Setting
2.1. Education in Cambodia

The educational sector in Cambodia was systematically destroyed
by the regime of the Khmer Rouge in the 1970s, during which the
vast majority of teachers and academics fled the country or were killed
(Chandler, 2007). The reconstruction of the educational sector did
not start before the 1990s. The consequences are still visible today:
most adults have not completed primary education (United Nations
Development Programme, 2023); and while school completion rates
have increased at primary and lower-secondary level, higher-secondary
(high) school completion rates still lag behind (Huang et al., 2017).”
The gross enrollment rate in lower-secondary schools is 56.5% and
decreases to 28.1% in high schools. Furthermore, those students who
manage to transition to high school are often not able to graduate with
a diploma. During the school year of 2018-19, dropout rates in Grades
10, 11, and 12 were 14.1%, 7.2%, and 30.9%, respectively (Ministry of
Education, Youth and Sport, 2019).

Such low enrollment can be partly explained by households’ fi-
nancial constraints. During Grade 9 most of the students reach their
legal working age, 15, and can then support their family financially.
Moreover, the expected costs of attending high school could deter
students from considering further schooling. While general education
is free, students have to cover the costs of material, extra classes,
transportation, and accommodation in case the high school is located
farther away. Our data suggest that there is a lot of uncertainty involved
around these costs and that they are generally overestimated.

In addition, students seem to lack the necessary information and
guidance from their parents and teachers to make informed educational
decisions, which likely further explains the high dropout rates. Given
their lack of education, parents can provide little support to their
children in terms of homework or guidance in schooling decisions. Fur-
thermore, parents often seem to underestimate the returns to education,
most notably in low-income households (UNESCO, 2011). Overall, the
involvement of parents or other family members in students’ schooling
is very rare (Benveniste et al., 2008). Teachers, on the other side, are
not sufficiently compensated for providing personalized support and
lack adequate training.

These insights are corroborated by findings from a pilot study in
2019, for which we surveyed students about their educational and
occupational aspirations, their knowledge on career paths, and their
beliefs about the costs associated with higher education.® Our findings
suggest that students have little knowledge about potential career
paths, and that this lack of information may constrain them in their
educational decisions. Specifically, while all students were able to name
a job they would like to do in the future, the range of different jobs
mentioned is very limited. More than 85% of the students stated that

® The importance of aligning aspirations to individual abilities has been
highlighted inter alia in the context of sports (Lockwood and Kunda, 1997;
Berger and Pope, 2011).

7 The education system in Cambodia consists of six years of primary, three
years of lower-secondary, and three years of high school. The first nine years
of schooling are compulsory.

8 We conducted surveys with 200 students and focus group discussions with
32 students who were at the end of Grade 8 and held interviews with teachers,
parents, and local and international education experts.
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they would like to become a teacher, general practitioner (doctor),
police officer, or soldier.” At the same time, very few students demon-
strated a clear understanding of how to reach their career goal, ie.,
what it requires in terms of schooling and where they would be able to
pursue such studies. More than half of the students stated that they lack
information about what they can do in the future. Talking to principals
and teachers, it became apparent that future career options are not
taught at school. Teachers admitted that they find it difficult to talk
about career paths other than becoming a teacher as they have little
knowledge about alternatives.

In other countries, there seems to be a similar concentration of
occupational aspirations (Ross, 2019; Mann et al., 2020). Among ado-
lescents who participated in PISA in 2018, for example, 53% (47%)
of girls (boys) expect to work in one of the ten most commonly cited
jobs. Even in neighboring Thailand, where educational attainment is
substantially higher than in Cambodia, aspirations are quite concen-
trated, with 61% (64%) of girls (boys) mentioning one of the ten most
commonly cited jobs (Mann et al., 2020).

2.2. The career guidance workshop

The intervention was designed as a half-day career guidance work-
shop tailored to Grade 9 students who are typically around 15 years
old. The workshop caters to the diverse abilities and interests of the
students. Rather than uniformly raising aspirations, which risks encour-
aging unrealistic goals, the workshop aims to help students identify
career paths aligned with their interests and to make both familiar and
less traditional options more tangible.

The workshop consists of three main parts, the first of which is
an interest exploration tool (IET), which allows students to reflect on
their interests and preferences, and reveals the students’ congruence
with different personality types. The second part consists of a career
exploration tool (CET), in which students are provided with detailed
information about a number of different jobs that they might find
interesting. The third part is an information session on high schools and
vocational training. For the first two parts, students work individually
on a tablet (with the support of a research assistant if needed); the third
part is conducted in-person in small groups.

For the IET, students work through three personality tests that are
programmed in an electronic application. These tests are based on the
theory of vocational interest developed by Holland (1959, 1997), and
commonly known as the RIASEC model.' The theory of vocational
interest is well established in psychology and management sciences,
and posits that individuals who display personality traits that fit with
their occupation display higher job satisfaction.!! In our intervention,
the personality tests serve the purpose of encouraging students to
engage with their preferences, while allowing us to personalize the
display of career options in the CET. The tests have been adapted to
the Cambodian context by the project team in collaboration with local
experts. During the tests, students are presented with statements on
activities they might like or interests they might have (with pictures
for illustration), and are asked to select the ones most applicable to
them. The three tests differ in how statements are presented and how
students can select them. After completion of all tests, the strongest
personality types and a short description of what characterizes each
type are revealed to each student based on their answers. It takes

9 These findings are replicated for the group of students targeted by our
intervention, see Table A.1 (Figures A.1 to A.7 and Tables A.1 to A.21 are
available in Online Appendix A).

10 Holland (1997) proposes that there are six basic types of vocational inter-
ests, the “RIASEC” (Realistic, Investigative, Artistic, Social, Enterprising, and
Conventional), that describe how people interact with their work environments
and shape their career choices.

11 There is ample empirical literature that confirms this. For recent reviews,
see van Iddekinge et al. (2011) and Hoff et al. (2020).
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approximately 45 min to complete the tool. More details on the IET
are presented in the Online Appendix B.1.

For the CET, students are shown a list of 18 occupations, three
of which correspond to each personality type. For each personality
type, the list contains one occupation that requires lower-secondary
education plus some vocational training, one occupation that requires
high school, and one occupation that requires a university degree.
The list of jobs features occupations with which students are familiar,
such as teacher, police officer, and general practitioner, as well as
occupations that might not be known to the students but are relevant
in the context, i.e., agricultural technician, chef, or tour guide. The
selection was guided by discussions with our local partners. We further
ensured that all presented jobs existed in the local labor market and
that there was sufficient demand for them by cross-checking that these
occupations were reported by a sufficiently large number of workers in
the Cambodia Socio-Economic Survey of 2017.'2

The ordering of the occupations is personalized according to the
students’ strongest personality types. For each occupation, students can
read more detail on the job content and main responsibilities, as well
as the school subjects related to the occupation and the educational
requirements.'® Students can decide how much time they spend reading
about each occupation.!* For more details on the CET, see Online
Appendix B.2.

The last part, the information session, provides detailed information
on high schools and vocational training centers in the area, about the
requirements and costs related to attending either institution, as well
as scholarship possibilities. The content of this session is adapted to
the context of each lower-secondary school, and conducted in person
and interactively. For more details on the information session, see
Online Appendix B.3. At the end of the intervention day, each student
takes home a leaflet with all 18 occupations and their descriptions.
Furthermore, teachers receive a poster on educational pathways that
was discussed during the information session and are encouraged to
place it on the wall of their class room.

3. Implementation and data
3.1. Experimental design and timeline

For the implementation of our intervention, we collaborated with
Child’s Dream (CD), an international NGO that offers high school
scholarships in Northwest Cambodia. CD partners with 51 lower-
secondary schools in 8 districts across 4 provinces (Battambang, Ban-
teay Meanchey, Oddar Meanchey, and Siem Reap). The activities of
CD in these schools are limited to handing out scholarship application
materials to school principals to be distributed among interested stu-
dents. For our study, we sampled all 39 schools that had a partnership
with CD and a class size in Grade 9 above 30 students.'> We expanded
the sample by including 21 additional schools from the same provinces
that are similar in characteristics to the CD partner schools. Of these 60

12 According to that same data, about 50% of workers in the country are
wage employed. This share increases to 66% among workers below the age of
30.

13 We did not include information on earnings prospects for two main
reasons. First and foremost, we did not want students to anchor their reading
choices on the earning potential, but rather consider the job content and how
it matches their interests. Second, even if we would have wanted to include
that information, reported earnings in Cambodia’s Socio-Economic survey are
scarce and exhibit large variance within occupation. This would have likely
created false expectations.

14 Students have a total of 17 min to read the descriptions that interest them,
but can also log out earlier.

15 In very few cases, the class size was below 30 but there was more than
one class in Grade 9. In these cases, we combined two classes.
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(a) Selected Sample
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(b) Final Sample

Fig. 1. Location of treatment and control schools.

Notes: Panel (a) shows the entire map of Cambodia in the upper left, highlighting the four provinces of interest in gray. The lower right map zooms into the
four provinces, showing district borders and all initially selected treatment and control schools, marked in red and black respectively. Panel (b) highlights the
location of the treatment and control schools in the final sample, again in red and black respectively. (For interpretation of the references to color in this figure

legend, the reader is referred to the web version of this article.)

schools, 30 were randomly assigned to receive the treatment (the half-
day workshop); the remaining 30 served as control. For schools that had
more than one class in Grade 9, we randomized the class that would
receive the treatment in case of treatment schools (or serve as control
in case of control schools). Randomization was stratified by district,
but not by any school characteristics as this information was not yet
available for all schools at the time. Fig. 1(a) depicts the location of
the initial sample of treatment and control schools.'®

The implementation of the intervention started in mid February
2020. By the beginning of April, the intervention was supposed to
have been implemented in all 30 treatment schools, allowing some
time between the intervention and the application deadlines for high
school scholarships (including those awarded by CD). However, on
March 16, 2020, as a measure to prevent the spread of COVID-19,
the Cambodian government suddenly announced that all schools would
be closed effective immediately. At that time, we had conducted the
intervention in 18 schools in 8 districts. Our analysis therefore focuses
on these 18 treatment schools and the 19 control schools that are
located in the same districts (see Fig. 1(b) for the geographical location
of these schools).'” In the 18 treatment schools, 783 students out of
the 862 invited students took part in the intervention.'® Fig. 2 shows

16 We randomly allocated students into one of three treatment arms in
treatment schools: Al, A2, and A3 with respective chances 2:2:1 to study
whether information take-up and processing differs when it is made self-
relevant (see Badini et al., 2026). Students in A1 participated in all three parts
of the workshop, students in A2 participated only in the career exploration
tool (not personalized) and the information session, while students in A3
participated in the information session only. As such 80% of the treated
students participated both in the CET as well as in the information session,
which we consider to form the core of the intervention. More details on the
within-school randomization are available in Online Appendix B.4.

17 We had organized the school visits to take place consecutively across the
districts, i.e. all selected schools in one district were visited before moving to
the next district. Given that randomization was stratified by district, and the
timing of the school visits had been planned in early February, when COVID-19
was still unknown to most people, we can rule out any selection into treatment.

18 Students were informed about the workshop several days in advance,
and they were told that they were free to participate or not. Students who

the timeline of the data collection and the sample composition. The
collection of administrative data began in November 2019. At that time,
there were in total 862 students in the treatment and 853 students
in the control schools in the selected Grade 9 classes. We collected
administrative data for all students, in particular gender, age, village
of residence, as well as grades and absences for the months before
the intervention was conducted. In addition, we collected teacher and
school characteristics. On the day of the workshop, we also conducted
three short surveys: one at the beginning (workshop baseline), one
after students participated in the CET and before the information
session (workshop midline), and one right after the information session
(workshop endline).

In July to August 2020, we conducted a follow-up survey by phone.
We reached 77% of the students (n= 1327). At that time, schools
were still closed in Cambodia due to COVID-19.'° In the phone survey,
we asked students about their daily activities, their expectations, and
aspirations in terms of education and future occupation. As a token
of appreciation, students who finished the survey were eligible to
participate in a lottery, and could choose between one of two potential
prizes: phone credit or educational mentoring.

Schools reopened in September 2020 for ninth-graders, so that
students could prepare for their final exam, which took place at the
end of November 2020. The final exam grade determines whether
students are allowed to enroll in high school. In December, after the
final exams were graded, the government unexpectedly announced
that all students who had registered for the final exam would obtain
their Grade 9 diploma and would be allowed to transition to high

did not show up on the day of the workshop display overall lower academic
performance and more days of absence in the months before the intervention.
During the workshop, a total of five students left before the end. In the
remainder of this article, these five students are considered ‘treated’; results
do not change if these students are excluded.

19 Throughout the school closure, students were encouraged to study on their
own with grade-specific TV programs. Furthermore, teachers were responsible
for providing students with additional content and assignments. In a separate
study, we show that learning activities varied greatly across students (Gehrke
et al., 2023).
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Fig. 2. Timeline of the data collection.

school, irrespective of their performance in the final exam. For that
time period, we collected administrative information on participation
in the final exam, which is our marker for whether a student dropped
out during Grade 9, and final exam performance (actual grades given
by the teacher before the government announcement). We also asked
lower-secondary teachers if students requested the official transcripts
necessary to enroll in high school. This gives us an important insight
into who was intending to transition to high school (or to any other
formal education). Furthermore, we collected data on scholarship ap-
plications from CD. This information is analyzed for those schools that
partner with the NGO (28 out of 37 schools).

For tenth-graders, the new school year started in January 2021.
However, all schools were closed again for a second lockdown at the
end of February 2021 until the end of the school year in November
2021.% From the high schools, we collected data on whether students
started Grade 10 (i.e., transitioned to high school in January of 2021),
whether they continued with Grade 11 in January of 2022 after the
second lockdown, whether they attended and passed the midterm exam
of Grade 11 (two years after our intervention) as well as data on
high school completion in November of 2023. Importantly, high school
completion is contingent on participation in the final exam, but not on
the exam results.?! The main selection thus seems to take place in the
lead-up to the final exam. All in all, the data cover students’ educational
decisions more than three and a half years after the intervention.

3.2. Attrition

Of the 1715 students included in the study, 1317 were reached in
the phone survey (77% of the original sample), and between 1672
and 1697 students (97%-99% of the original sample) were tracked
with administrative data.?? Participation in the phone survey was not

20 During this second lockdown, classes were held online; however,
attendance was not tracked.

21 Those students who fail that exam (in our sample approximately 15% of
the students) need to take extra classes if they would like to continue with
university.

22 Attrition in the administrative data increases over time and is due to a
number of reasons. For very few students, lower-secondary teachers did not
know whether students had requested the official transcripts to enroll in high
school. For others, we could not determine which school they had enrolled in
(if any). And finally, during high school, some students transferred to other
schools, and we were not able to verify where. To minimize attrition in the
administrative data, we cross-checked all missing students with official records
of all students who participated in the Grade 12 graduation exam available at
province level. For a student not to appear on those lists, they would have
had to drop out of school, to transfer to a school in a different province, or
to repeat the school year. As repetition is quite low, and we observe that only

random; in particular, female students and students who performed
better in school at baseline are more likely to have participated in the
phone survey. However, we do not find that attrition is systematically
related to treatment status in either the survey or the administrative
data (see Table A.2).

In the robustness checks, we address attrition in two ways. First,
we compute Kling-Liebmann sensitivity bounds to account for missing
values. Second, we test the sensitivity of the estimated effects on the
survey-based outcomes by re-weighting the phone-survey sample with
the inverse probability of participating in the phone survey.

3.3. Sample characteristics

The intervention targeted low-income students from rural areas.
Table 1 presents student, school, and parental characteristics, as well
as the balance between treatment and control groups in terms of
these variables. This information is based on our two data sources:
administrative data collected for all students in our sample before and
after the intervention, and information from the phone survey that was
conducted with students in treatment and control schools in summer
2020.

A little over half of the students in our sample are female, and they
were on average 15 years old at the time of the intervention. Nearly all
students lived in rural areas, on average 11 kilometers away from the
district town. To reach their lower-secondary school, students needed
to travel on average 3.6 kilometers and about ten kilometers to reach
the next high school. In the phone survey, we asked students explicitly
about their parents’ education and occupation before the COVID-19
pandemic. From those students who knew their parents’ education
level, 81% (92%) reported that their father (mother) had completed
primary education or less. At least one parent is a farmer for 69% of
the students.

Baseline characteristics are overall balanced between treatment and
control schools. However, out of 19 variables for which we have
baseline values, 3 display differences in means that are statistically
significant at the 10% level. Specifically, students in treatment schools
live farther away from their school, have on average lower grades
—measured as the sum of Math, English, and Khmer (the official lan-
guage of Cambodia), averaged over the months December and January,
and standardized across schools— and are being taught by younger
teachers. The imbalance in the grade is the most worrisome as past
grades are strong predictors of future educational outcomes. As there
is substantial overlap in the grade distribution between treatment and

very few students switch schools in the first two years of high school, the most
likely outcome is that these students dropped out. Nevertheless, we treat these
observations as missing in our main specifications.
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Table 1
Balance table: Pre-intervention characteristics in treatment and control schools.
Variable All Treatment Control Treat. - Contr. Norm.
N Mean SD N Mean SD N Mean SD Diff. p-val Diff.

STUDENT CHARACTERISTICS - ADMIN. DATA

Female 1715 0.54 0.50 862 0.54 0.50 853 0.53 0.50 0.01 0.60 0.02
Age 1715 15.05 1.32 862 15.11 1.36 853 15.00 1.28 0.00 0.97 0.08
Distance to school (km) 1715 3.55 3.78 862 4.01 3.95 853 3.09 3.54 1.15 0.03 0.25
Distance to district town (km) 1715 11.33 7.44 862 9.80 6.40 853 12.88 8.08 -2.84 0.13 —0.42
Distance to high school (km) 1715 9.68 6.80 862 9.24 6.43 853 10.13 7.12 -1.10 0.49 -0.13
Pre-grade, main subjects (standardized) 1715 0.01 0.98 862 -0.22 0.96 853 0.24 0.95 —0.44 0.00 —-0.48
Avg absence (Dec&Jan) 1715 1.52 2.02 862 1.63 1.92 853 1.41 2.10 0.30 0.20 0.11
ScHooL CHARACTERISTICS - ADMIN. DATA

Class Size 1715 45.71 11.04 862 46.15 11.52 853 45.26 10.52 1.90 0.49 0.08
Teacher: Female 1715 0.33 0.47 862 0.29 0.45 853 0.36 0.48 —-0.05 0.68 -0.15
Teacher: Age 1715 32.42 6.53 862 29.86 5.34 853 35.00 6.61 —4.37 0.02 —0.86
Teacher: Has University Degree 1715 0.51 0.50 862 0.55 0.50 853 0.47 0.50 0.04 0.77 0.16
Teacher: Log Distance to School (km) 1715 1.57 1.22 862 1.80 1.17 853 1.34 1.23 0.47 0.12 0.38
High school attached 1715 0.17 0.37 862 0.14 0.35 853 0.19 0.39 —-0.02 0.89 -0.14
Partnership with Child’s Dream 1715 0.77 0.42 862 0.86 0.35 853 0.68 0.47 0.14 0.18 0.44
PARENTAL CHARACTERISTICS - PHONE SURVEY

Father completed < primary educ. 1170 0.81 0.39 581 0.84 0.37 589 0.79 0.41 0.04 0.31 0.13
Mother completed < primary educ. 1246 0.92 0.27 622 0.93 0.26 624 0.92 0.27 0.01 0.53 0.04
Any parents is farmer 1327 0.69 0.46 666 0.70 0.46 661 0.68 0.47 0.00 0.99 0.04

Notes: Treatment - Control difference, and p-values are obtained by regressing variable of interest on a treatment dummy and district fixed effects with standard
errors clustered at the school level. The pre-grade in the main subjects is the sum of Math, English and Khmer, averaged over the months December and January,
and standardized across schools. The highest achievable points in Math, Khmer, and English are 100, 100 and 50, respectively. Absences are absent days per
month. One school did not report absences, for this school the sample mean is imputed.

control students (as shown in Figure A.1), we primarily address these
imbalances through standard regression-based corrections and data-
driven approaches (double machine learning). As additional robustness
check, we also exclude the schools in the tails of the grades distribution
(class-averaged) from the sample.?

We track student outcomes after the intervention through phone-
survey answers, as well as administrative data obtained from lower-
secondary and from high schools (as summarized in Table A.3). In
terms of students’ activities during school closure, 43% of the students
strongly agreed with the statement “I kept studying during school
closure”, while only 25% reported that their main activity in the last
7 days was studying. Students’ aspirations are quite high: 13.5 years
of schooling on average. The vast majority (96%) reported to aspire
to complete at least higher-secondary education and 44% aspired to a
university degree. Similarly, a very large proportion aimed for a career
that requires higher secondary education (91%) and about one out of
three students aspired a career that requires a university degree. As
a prize for participating in the phone survey, the great majority of
students (80%) chose educational mentoring over phone credit.

Of the surveyed students, 24% reported to have applied for some
kind of high-school related scholarship. This could be either the scheme
operated by Child’s Dream, which was available at 76% of the schools
in our sample, a scholarship provided by the Cambodian government,
or other scholarships from NGOs operating locally. From the adminis-
trative records of CD, we can infer that of all the students who had the
possibility to apply for a CD scholarship (n=1317), 17% applied for it,
and 4% received it.

We use students’ participation in the final exam of Grade 9 as the
main indicator for completion of the academic year. Of our targeted
students, 13% did not attend the exam and are therefore considered
dropouts. Among those who participated in the exam, most students
performed surprisingly well. Students usually need 260 points to pass

2 It is important to note that the baseline imbalance can entirely be
explained by the COVID-19 related interruptions to the implementation. Had
we been able to implement the intervention in all 30 treatment schools, the
normalized difference in pre-intervention grades would have been 0.12, and
the p-value on the Treatment - Control difference would have been 0.58.

the exam and to be allowed to enroll in high school, and the vast
majority exceeded this threshold.

Of all students, 81% requested their official transcripts for Grade
9, which are necessary in order to be able to enroll in high school.
A smaller share of students (75%) actually started high school as
confirmed by high school teachers. An even smaller share of students
(64%) started Grade 11 a year later, and only 61% of all students who
we were able to track attended the midterm exam of Grade 11, which
49% passed in the first attempt. Finally, about 54% of students were
able to complete high school about three years and nine months after
our intervention took place.

4. Empirical analysis
4.1. Empirical approach

In order to analyze whether our intervention affected schooling
decisions, we focus on six outcomes that are self-reported and based on
answers collected in the phone survey and on six outcomes constructed
from administrative data. With the phone-survey data, we analyze
whether students strongly agreed with the statement that they kept
studying during the first school closure, as well as students’ aspira-
tions, in particular, the years of schooling students aspire to achieve,
whether the job they would like to do when they are 25 is outside the
typical reference window (i.e., it is not teacher, general practitioner,
police officer, or soldier), and the years of schooling that the aspired
occupation requires. In addition, we consider whether students rate
the probability that they will achieve their stated educational (and
occupational) aspiration as high.?* Using administrative data, we study
whether students completed Grade 9 (i.e., they participated in the
final exam), their performance in the final exam (standardized across
schools), as well as whether they enroll in high school. To study
longer-term effects, we investigate whether students started Grade 11,
whether they attended the Grade 11 midterm exam, and whether they

24 These two variables are coded as dummies that take the value one if the
stated confidence on a scale from zero to 10 is greater than 5. We use the
dummy rather than the continuous variable because of substantial bunching
in the data around the middle value.



E. Gehrke et al.

completed high school. Of each group of outcomes, the first three were
pre-specified in the pre-analysis plan (Gehrke et al., 2020), while the
latter three serve to provide deeper insights into the mechanisms at
play or to understand the persistence of the estimated effects.

Because not all students were present during the intervention, we
estimate both intention-to-treat effects (ITT) as well as treatment-on-
the-treated effects (TOT). ITT estimates rely on the original treatment
assignment, i.e., whether a student is enrolled in a school and class in
which the workshop was conducted. The specification takes the form:

Yija=a+ T +7 X0 + & + €jas (@)

where Y;;, is any of the outcomes of interest for student i in school
j and district d. T; is a dummy equal to one if the intervention
was implemented in school j and zero otherwise. X;;, is a vector of
pre-specified student and school characteristics (student age, gender,
pre-intervention grades and absence, class size, and CD partnership),
and ¢, are district fixed effects. ¢;;, is the idiosyncratic error term.
Standard errors are corrected for clustering within schools.

The TOT estimates take into account that not all targeted students
actually attended the workshop (in total 79 of the 862 students that
were targeted did not show up on the day of the workshop). To address
this, we estimate Egs. (2) in 2SLS, instrumenting Treated; with the
original treatment assignment (7).

Treated; = n+0T; + &' X;jy + ¢y + Vija (2a)
Y4 = a+ pTreated; + 7' X, ; + &4 + €i54- (2b)

In addition, we use a data-driven approach, namely double machine
learning (DML, Chernozhukov et al., 2018), to select the relevant
covariates and estimate the coefficients of interest.”> The double ma-
chine learning method follows the partialing-out lasso, yet tunes the
parameters of the lasso via cross-validation. It is generally considered
the most suitable solution for lasso-based inference (Baiardi and Naghi,
2024; Cameron and Trivedi, 2022).

4.2. Main results

Results are presented in Tables 2 and 3. We report ITT effects (Panel
A) and TOT effects (Panel B). For each outcome, we first show the
estimates that control for student and school characteristics as well
as district fixed effects as pre-specified. We then present the double
machine learning estimates. We depict standard errors clustered at the
school level in parentheses, and Anderson’s (2008) sharpened g-values
to account for the False Discovery Rate (FDR) in brackets. Our preferred
specification is shown in the even columns of panel B, and we base
inference on the sharpened g-values.

Using phone-survey data, which were collected about five months
after the intervention, we find that the intervention had no effect on
average on whether students self-report to have been studying during
the lockdown period (Table 2). We do, however, find a weakly positive
effect on students’ educational aspirations in years of schooling (0.24
additional years), as well as a weakly negative effect on the diversifica-
tion in students’ occupational aspirations (—5 pp), which implies that
treated students were less likely to name an occupation other than the
main four as their stated career goal. This result is strongly driven by
the higher likelihood that treated students mentioned ‘teacher’ as their
occupational aspiration, which had been featured as part of the career
exploration tool. When studying occupational aspirations in terms of
the years of schooling required to carry out the aspired occupation,
we find a positive effect that is comparable in magnitude to the effect

25> We use a lasso-based procedure, sometimes referred to as cross-fit
partialing-out lasso. We implement the procedure in Stata using xporegress
and xpoivregress. For the cross-fitting, we report results averaged over ten
sample splits, for each using ten folds.
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observed on educational aspirations. Overall, treated students were
slightly more confident in being able to attain the aspired level of
education or the aspired occupation. However, none of the effects
discussed above are statistically significant after correcting for the
FDR.%®

In terms of administrative outcomes (Table 3), we find that treated
students were 2.6 percentage points more likely to return to school and
attend the Grade 9 final exam after the COVID-19 lockdown (3% in-
crease over the control group mean). Conditional on attending, treated
students also performed better than control students in the final exam
(0.22 SD). These two effects are statistically significant after correcting
for the FDR only in the DML specification. The magnitude of the effect
on final exam performance is striking given that the intervention also
led to higher attendance in that exam, and the marginal students to
attend the exam were likely among the students with lower school
performance.?’ In addition, we find a positive effect of 5.9pp (7.9%)
on high school enrollment. This effect is statistically significant at
the 10% level after correcting for the FDR in both specifications, and
slightly larger (9.6pp) when using OLS with pre-specified controls for
estimation.

This positive effect on enrollment is sustained throughout high
school. Treated students were 6.2pp (9.7%) more likely to start Grade
11 and 5.6pp (9.2%) more likely to attend the midterm exam of
Grade 11. Again the OLS estimates are slightly larger than the DML
estimates, but less precisely estimated. All coefficients remain statisti-
cally significant after correcting for the FDR. Finally, treated students
were 3.9pp (7%) more likely to complete high school. Although the
effect size is somewhat attenuated (potentially because of the larger
number of missing observations), the effect is statistically significant at
conventional levels after correcting for the FDR.

Taken together, these results imply that participation in the work-
shop encouraged students to increase their educational investments.
The estimated effect sizes on enrollment and graduation are comparable
in magnitude to those found in other studies of information or career
guidance interventions. Dinkelman and Martinez A. (2014) show that
providing Chilean eighth graders with a short informational DVD about
financial aid increases college preparatory high school enrollment by
6pp. Hoest et al. (2013) find that a reform of the career guidance system
for lower secondary students in Denmark increased upper secondary
school enrollment by 4.0-6.3pp among immigrant students. Carlana
et al. (2022) show that tutoring and career counseling provided to
high-ability immigrant students in Italy increases enrollment in an
academically-oriented high school track by approximately 4pp, while
Renée (2025) finds a 10pp increase in college enrollment from a career
guidance program in Canada. Students in rural Cambodia had almost
certainly never received any form of career guidance prior to our inter-
vention, let alone guidance matched to their individual interests, which
likely explains why even a half-day workshop can have a substantial
impact at the margin.

4.3. Heterogeneities by academic performance

Given that the workshop was designed to help students formulate
aspirations that are more aligned with their abilities and interests, the
intervention’s effect on aspirations and educational investment might

26 The number of observations varies by survey outcomes as students could
refuse to answer individual survey items. We test the sensitivity of our results
to these missing values using bound analyses (see Section 4.4).

27 This raises suspicion that teachers may have become more lenient due
to our intervention. However, we do not find a statistically significant effect
on the probability of passing the final exam (see Table A.4). This attenuates
concerns that the observed effect on grades may be driven by teachers rather
than students.
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Table 2
Main results — phone-survey data.
Studied Educ aspirations Occup aspirations Occup aspirations Believes to reach Believes to reach
during lock down (years schooling) (outside ref window) (years schooling) aspired educ aspired occup
@™ ) 3) 4 %) (6) @) (©)] (©)] (10) an (12)
Panel A: Intention to Treat
Treatment Assigned 0.049 0.008 0.127 0.224 —0.064 —0.046 0.252 0.217 0.050 0.012 0.064 0.033
(0.041) (0.028) (0.133) (0.121)* (0.029)**  (0.024)* (0.135)*  (0.107)**  (0.035) (0.030) (0.031)**  (0.028)
[ 0.169] [ 0.582] [ 0.209] [ 0.153] [ 0.161] [ 0.153] [ 0.161] [ 0.153] [ 0.161] [ 0.582] [ 0.161] [ 0.226]
Panel B: Treatment on the Treated
Treated 0.053 0.009 0.138 0.242 —0.068 —-0.049 0.271 0.233 0.054 0.013 0.069 0.036
(0.043) (0.031) (0.141) (0.132)*  (0.031)**  (0.026)* (0.142)*  (0.115)**  (0.037) (0.033) (0.033)**  (0.031)
[ 0.155] [ 0.578] [ 0.197] [ 0.153] [ 0.127] [ 0.153] [ 0.127] [ 0.153] [ 0.127] [ 0.578] [ 0.127] [ 0.224]
OLS w pre-specified controls v v v v v v
Cross-fit partialing out Lasso v v v v v v
Control Mean 0.42 13.45 0.23 12.80 0.43 0.37
Observations 1296 1317 1291 1291 1291 1289

Notes: Panel A: OLS estimates. Treatment Assigned = The student’s school received the intervention. Panel B: 2SLS estimates. Treatment (participation in the intervention)
instrumented with assigned treatment status. Standard errors (in parentheses) are clustered at the school level. In brackets, Anderson’s sharpened g-values to account for the False
Discovery Rate (Anderson, 2008). In the uneven columns, we report results from OLS with pre-specified controls including student age, gender, pre-intervention grades and absence,
class size, Child’s Dream partnership, and district fixed effects. In the even columns, we report results from cross-fit partialing out lasso using 10 folds and 10 re-samples. */**/***

denote significance levels at 10/5/1 percent respectively.

Table 3
Main results - administrative data.
Attended grd 9 Final exam High school Started Attended grd 11 Graduated
final exam grade (std.) enrollment grd 11 midterm exam high school
@ ) ®3) @ ) (6) @) ®) 9 (10) an (12)
Panel A: Intention to Treat
Treatment Assigned 0.040 0.024 0.156 0.200 0.088 0.054 0.086 0.057 0.088 0.051 0.064 0.036
(0.028) (0.018) (0.151) (0.052)***  (0.036)**  (0.023)**  (0.043)* (0.025)**  (0.041)**  (0.025)**  (0.041) (0.026)
[ 0.117] [0.066] [ 0.183] [ 0.001] [ 0.117] [ 0.042] [ 0.117] [ 0.042] [ 0.117] [ 0.051] [ 0.117] [ 0.066]
Panel B: Treatment on the Treated
Treated 0.044 0.026 0.167 0.215 0.096 0.059 0.094 0.062 0.096 0.056 0.070 0.039
(0.031) (0.020) (0.159) (0.056)***  (0.039)**  (0.025)**  (0.046)**  (0.028)**  (0.044)**  (0.027)**  (0.044) (0.028)
[ 0.102] [0.066] [0.171] [ 0.001] [ 0.085] [ 0.042] [ 0.085] [ 0.042] [ 0.085] [ 0.051] [ 0.093] [ 0.066]
OLS w pre-specified controls v v v v v v
Cross-fit partialing out Lasso v v v v v v
Control Mean 0.87 0.04 0.75 0.64 0.61 0.56
Observations 1,715 1,485 1,697 1,693 1,692 1,672

Notes: Panel A: OLS estimates. Treatment Assigned = The student’s school received the intervention. Panel B: 2SLS estimates. Treatment (participation in the intervention)
instrumented with assigned treatment status. Standard errors (in parentheses) are clustered at the school level. In brackets, Anderson’s sharpened g-values to account for the False
Discovery Rate (Anderson, 2008). In the uneven columns, we report results from OLS with pre-specified controls including student age, gender, pre-intervention grades and absence,
class size, Child’s Dream partnership, and district fixed effects. In the even columns, we report results from cross-fit partialing out lasso using 10 folds and 10 re-samples. */**/***

denote significance levels at 10/5/1 percent respectively.

differ by students’ ability. We investigate this idea further by analyz-
ing treatment effect heterogeneities along students’ baseline academic
performance.?®

Figs. 3 and 4 report semi-parametric estimates (local mean smooth-
ing) of each outcome variable at all levels of students’ performance
prior to the intervention (standardized sum of grades), separately for
students in treatment and control schools. Each of these estimates
controls linearly for student and school characteristics as well as district
fixed effects (corresponding to the odd columns in Tables 2 and 3).
Parametric estimates that interact the treatment indicator with stu-
dents’ baseline performance and account both for pre-specified controls
as well as lasso-selected controls are reported in Tables A.5 and A.6,
and reveal the same pattern.

We find strong evidence for heterogeneous treatment effects. Low-
performing treated students were less likely to study during school
closure than similarly performing students from control schools. By
contrast, students who had been performing better than the median

28 We have not pre-specified any heterogeneity analysis, and this section is
exploratory by nature. We find no treatment effect heterogeneities by gender
or parental background (results available on request).

student before the intervention seem to have benefited from it; these
students were significantly more likely to be studying at the time
of the phone survey. In terms of educational aspirations, we find
evidence that low-performing students downward adjusted their ed-
ucational aspirations, while high-performing students adjusted them
upwards. A similar pattern —albeit somewhat less pronounced among
low-performing students— can be observed for occupational aspirations
when expressed in years of schooling.?” By contrast, we find no effect
on the diversification in career goals for low-performing students, yet
a negative effect for high-performers. This effect is driven by high-
performing treated students being more likely to state ‘teacher’ as
their occupational aspiration. As the intervention features high-school
teacher as occupation, students may have positively updated on the
attractiveness of this occupation. We find no clear pattern by baseline
academic performance with respect to student’s beliefs about whether
they can reach these aspirations. In terms of beliefs that students will

2 The interaction effect is statistically significant for this outcome in the
DML specification but not in OLS (see Table A.5). This attenuation may be due
to the fact that we manually coded years of schooling for all listed occupations,
which may not always be correct.
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Fig. 3. Treatment effect heterogeneity by pre-intervention Grades (1).

Notes: These figures display the weighted moving-average (bandwidth = 0.5, Epanechnikov kernel) and bootstrap confidence intervals (clustered at the level of
the school) of the dependent variable (in the figure header) over the baseline grade (sum of Math, Khmer and English grades, averaged over the months December
and January, and standardized over all schools), separately for treatment and control schools. To produce semi-parametric estimates, the dependent variable is
first partialled out from District fixed effects, as well as student controls (gender, age, average absence) and school controls (class size, Child’s Dream partnership).
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reach the aspired level of education, the intervention seems to have
had marginal but positive effects over the entire distribution of initial
grades. With respect to beliefs about reaching the aspired occupation,
the effects are again positive throughout, and most pronounced among
the lowest-performing students and those that perform somewhat better
than average.

Treatment effects are also heterogeneous with respect to participa-
tion in the final exam, and more strongly so for students’ performance
in that exam; low-performing treated students were marginally more
likely to participate in the final exam, but did perform worse than
their control-school counterparts conditional on participating. High-
performing treated students, in turn, were (up to 10pp) more likely

10

to participate in the final exam and also performed better than their
counterparts from control schools.*

The positive average effect on high school enrollment seems to
be entirely driven by better-performing students, for whom we find
substantially higher high-school enrollment rates than for similarly

30 Note that this positive effect on high performers is unlikely to be driven by
selection on performance, as we are flexibly conditioning on baseline academic
performance. It may still be the case, however, that our intervention motivated
a very specific group of students within the high performers to participate in
the exam (e.g., students with higher socio-emotional skills), which may drive
the positive effect on final exam grades.
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high-performing students from control schools. Among low-performing
students, by contrast, high-school enrollment is not differentially af-
fected. This can be explained by the fact that high-school enrollment
rates are relatively low among this group. While more than 75%
of the low-performing students participated in the final exam, only
about 60% enrolled in high school. In other words, any negative effect
on low-performing students disappears about nine months after the
intervention, as a large fraction of students performing in the lower-
end of the grade distribution would have dropped out by that time
anyway. The positive average effect throughout high school continues
to be driven by high-performing students, who were significantly more
likely to start Grade 11, to attend the midterm exam of Grade 11, as
well as to complete high school than high-performing students from
control schools.

In summary, we find considerable heterogeneities in treatment ef-
fects by pre-intervention academic performance. The negative effect on
low-performing students seems to vanish at the end of lower-secondary
school, as low-performing students were not less likely to enroll in
high school. This suggests that the intervention led low-performing
students to decide sooner against attending high school, and that
low-performing students adjusted their effort accordingly. Consistent
with that interpretation, we find that low-performing treated students
(especially those with a standardized grade below minus one) were
less likely to report in the phone survey that their main activity in the
last 7 days was studying, and to select educational mentoring (rather
than phone credit) as a prize for participating in the phone-survey (for
these and the following results see Figure A.2 and Table A.4). Low-
performing students were also less likely to apply for a scholarship
as self-reported in phone survey, and as confirmed by administrative
data from CD. However, they were not less likely to pass the final
exam of Grade 9 nor to obtain a CD scholarship, suggesting that low-
performing treated students invested just enough effort in education to
be able to graduate lower-secondary school, while their control school
counterparts studied more during Grade 9, but still did not start high
school.

4.4. Robustness checks

We perform a number of robustness checks to corroborate the main
findings, as well as the heterogeneities by student performance.

First, we investigate whether inference is sensitive to alternative
assignments of treatment status in our sample or to how we correct
for multiple hypothesis testing. The p-values on the main effects (on
high school enrollment, Grade 11 enrollment and performance, and
high school completion) as well as the treatment effect heterogeneities
(on study behavior, on educational and occupational aspirations, and
on schooling outcomes) remain similar irrespective of whether we use
randomization inference or control for the family-wise error rates using
the Romano-Wolf stepdown procedure (see Table A.7).

Second, we evaluate the robustness of our findings to selective
attrition. For the survey-based outcomes, we re-weight the sample
with the inverse of the probability of participating in the phone sur-
vey. We predict phone-survey participation with student, teacher, and
school characteristics obtained from administrative data as described
in Online Appendix C. Our main findings, as well as the treatment
effect heterogeneities by pre-intervention student performance, are
unchanged (see Table A.8). Following the strategy outlined in Kling
et al. (2007), we also calculate sensitivity bounds for our estimates
by varying the assumptions about outcomes for those students that
did not answer individual survey questions in the phone survey or
that could not be tracked throughout high school. We start with very
extreme assumptions, i.e., setting the outcome values of attritors to
the minimum value for students in the treatment arm and to the
maximum value for students in the control arm, and then relax these
assumptions step-by-step. For phone-survey outcomes, the interaction
effects on studying during the lockdown and educational aspirations
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are significant throughout, while the interaction effect on occupational
aspirations (in years of schooling) declines somewhat in magnitude,
which can likely be attributed to the larger number of missing values
in this variable. For high school-related outcomes (enrollment in high
school and in Grade 11, attendance of the Grade 11 midterm exam,
high school completion), the average treatment effects, as well as the
treatment effect heterogeneities are largely robust. Only the average
treatment effect on high school completion is insignificant in the spec-
ifications in which more extreme assumptions are taken (see Tables
A.9 and A.10). However, it is worth keeping in mind that most of the
students we could not track probably have dropped out of high school
(column (8) shows that our estimates are robust to this assumption too).

Third, we address remaining concerns regarding the imbalance in
baseline grades, and the possibility that it could be driving the ob-
served effects, given that baseline grades are strong determinants of
subsequent schooling outcomes. We first identify which schools drive
these imbalances. We find that treatment schools are substantially
over-represented among the schools with the lowest average grades
and under-represented among the schools with the highest grades.*
If we restrict the sample to the schools above the 10th and below the
90th percentiles in average grades, our sample drops to 1298 students
from 13 treatment and 14 control schools. As shown in Table A.11
baseline characteristics are mostly balanced in this subsample, and the
normalized difference in baseline grades is —0.24. We then estimate
the main treatment effects as well as treatment effect heterogeneities by
baseline grades in this subsample, and find that our results are virtually
unchanged (see Tables A.12 and A.13).**

Fourth, we study whether the observed treatment effect hetero-
geneities by performance are mere spurious correlations driven by
confounding variables that affect pre-intervention performance and
educational investments. To identify potential confounders, we em-
ploy two strategies. We first analyze potential correlates of academic
performance by regressing an extensive set of household-level and
school-level variables on academic performance while controlling for
student’s age, gender, and district fixed effects. For this we use admin-
istrative data and information from the phone survey. At the household
level, neither remoteness of the student’s village (in terms of distance
to the school or next district town) nor occupation of the parents
in agriculture are significantly correlated with academic performance.
However, we find that students’ pre-intervention grades are correlated
with parental education, and with the predicted probability (based on
the sector of occupation) that one of the parents lost their job or income
during the COVID-19 crisis (c.f. Table A.14).>® At the school level,
we find that teacher age is correlated with baseline performance, but
none of the other characteristics: class size, gender of teacher, teacher
distance to school, whether a high school is attached to the lower-
secondary school and whether the school partners with CD (c.f. Table
A.15). We then split our sample into four quartiles of student base-
line academic performance and investigate which student, school, or
parental characteristics are ever imbalanced in each of these quartiles.**
For each of the potential confounders (that are either significantly
correlated with academic performance or that ever show up as imbal-
anced), we then add the interaction of the confounder with treatment

31 We also investigate if these imbalances are driven by particular districts,
and find that they materialize in almost all of the sample districts.

32 In each of these regressions, we control for district fixed effects, as well
as student age, gender, and baseline grades, in addition to the teacher age,
the distance the teacher lives from the school, whether the school has a high
school attached, and whether the school partners with CD.

33 In previous work (Gehrke et al.,, 2023), we show that the economic
repercussions of the COVID-19 crisis affected students’ academic performance
mostly through parental income losses.

34 The variables that show up as imbalanced at the 10% level at least once
are: student gender, distance to school, high school, and to district town,
teacher age, and distance to school (log), and school partnership with CD.
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status to the main regression. For parental characteristics, we can only
carry out this exercise for the students who participated in the phone
survey and reported information on their parents’ education or job loss;
we consider these a selected sample. The analysis is therefore split in
two. We first interact treatment with parental characteristics (in Tables
A.16 and A.17).°°> Overall, our results are unchanged. In a separate
exercise, we add interactions of any other individual- or school-level
characteristic identified as potential confounders with treatment (in
Tables A.18 and A.19). Again our results are unchanged, suggesting
that none of these student, parental, teacher, or school characteristics
are driving the observed heterogeneities in treatment effects.

Fifth, we investigate if the heterogeneities we find are merely driven
by differences between treatment and control schools in how strongly
baseline grades predict subsequent outcomes.*® This seems not to be
the case, as the semi-parametric relationship between February grades
(which we were able to collect from 17 treatment schools and 14
control schools) and the main running variable (grades averaged over
December and January) are virtually identical (as shown in Figure
A.3).%

4.5. Implications of COVID-19

The intervention took place at the onset of COVID-19, which af-
fected the whole economy and brought about high levels of uncertainty.
Although there were very few reported cases of COVID-19 infections in
Cambodia in 2020, the global economic recession and travel disruptions
had severe repercussions on households. In the phone survey conducted
during the first school closure, many students reported that their par-
ents lost income or even their job due to the crisis (see also Gehrke
et al., 2023). Students were thus facing severe financial constraints,
and over 60% of the students reported that they had to start working to
support their family due to the crisis. The majority of students believed
that the crisis lowered job prospects. An even larger share indicated
being afraid of not being able to continue to Grade 10 due to the crisis,
with most fearing their family would have fewer financial resources
to support them going to school. The distribution looks very similar for
students from treated and control schools as well as for low-performing
and high performing students (see Figure A.4).

The crisis seems to also have reduced aspirations and confidence
uniformly across all students. Using data on aspirations collected im-
mediately after the intervention (for treatment schools only) and in
the phone survey roughly five months later, we find that aspired years
of schooling dropped substantially between these two surveys. This
drop is uniform across the entire baseline performance distribution. A
similar pattern holds for students’ confidence in reaching their aspired
education level (see Figure A.5). This period of high uncertainty in
the first months after the first lockdown might help explain why we
see limited impact of the intervention on aspirations and confidence,
yet stronger effects on the administrative outcomes that were collected
later. While our data do not allow us to speak to this directly, the
workshop could have supported students in treatment schools in better
coping with the disruptions.

35 In the even columns, we report our main OLS specification with in-
teraction effects for the selected sample, in the odd columns we include
parental education, parental job loss, and parental income loss interacted with
treatment status.

36 A reason may be, for example, the extent to which teachers concentrate
their efforts towards high-performing students, or conversely, those who are
falling behind.

37 Note that it is unlikely for February grades to be affected by our treatment.
While we visited nine schools in February, these visits were on the last days
of the month, and monthly grades typically reflect performance throughout
the month. Even if students responded by immediately increasing or reducing
their effort, it is not clear that this would be picked up by teachers in such a
short time.
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5. Mechanisms

The evidence presented so far suggests that the workshop increased
educational investments as well as educational and occupational as-
pirations for high-performing students, while it decreased educational
investments (at least in the short-run) as well as educational and
occupational aspirations for low-performing students. To rationalize
this treatment effect heterogeneity post hoc, we develop a model of
endogenous aspiration formation under information constraints, which
is able to capture the main patterns observed in the data. Nevertheless,
we cannot fully rule out the importance of alternative explanations,
which we discuss further below.

5.1. Endogenous aspirations and information constraints

Consider a model of endogenously determined aspirations as in
Dalton et al. (2016), and assume that students choose educational aspi-
rations and occupational aspirations that are aligned with each other.
For example, a student may want to become a medical practitioner
and knows that they need to get a university degree (in medicine) to
achieve this. Imposing that occupational and educational aspirations
are aligned with each other implies that students’ aspirations can be
formulated over educational outcomes, even if students do not derive
utility from achieving any given level of education per se but rather
from the occupational opportunities that arise from this achievement.
The utility function of a student can then be described by:

0—a
(%

with 6 being the final level of education, a € R, being the aspired level
of education, and e € [0, 1] being effort. We follow Dalton et al. (2016)
in our assumptions about the functional forms of the three additive
components of u. We assume that direct utility, 5(6), is concave and
twice differentiable with 5(0) = 0, and the coefficient of relative risk
aversion r(x) = —0b"(0)/b'(0) < 1. Milestone utility, v[(0 — a)/0], then,
is continuously differentiable with +/(0) > 0 and [/ (x)— 0" (x)(1—-x)] > 0
for all feasible values of x, with one possible formulation being an S-
shaped value function with diminishing sensitivity as in Kahneman and
Tversky (1979). The functional form of v(x) ensures that the utility
associated with satisfying any aspiration increases in the level of a.
The cost of effort, c(e), finally, is continuous, twice differentiable and
convex in e, with ¢(0) = 0.

When choosing educational aspirations, students take into account
their own preferences, while being constrained by their academic abil-
ity, ie., the rate at which educational investments transform into
educational outcomes. Similarly to Dalton et al. (2016), we incorporate
these external constraints by imposing that skills 4 € [0, ] and effort
e are complements in the production of education #. For simplicity,
assume:

3)

u = b0) + v( ) — c(e),

0= f(u,e)=(1+ pe. “4)

A rational student chooses the optimal effort-aspiration pair (e*, a*)
that maximizes utility. As in Dalton et al. (2016), we constrain possible
solutions to consistent effort-aspiration pairs, i.e., pairs in which the
aspiration equals the final outcome: a = f(u,e) = (1 + p)e.*® This
assumption, together with Eq. (4) and the functional form assumptions
concerning u are sufficient to ensure a unique solution level of aspira-
tion and effort, which is increasing in skills. The association between
aspirations and skills in optimum is weakly positive throughout and
strictly positive for interior solutions. Intuitively, each student sets
their aspirations to be high enough to incentivize effort, but not too
high (as they otherwise become unattainable and lead to frustration).
However, in our context, we find that educational and occupational

38 See Eq. (2) in their paper.
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aspirations are only modestly correlated with baseline academic per-
formance in the control group. To rationalize why our intervention
increases the correlation between educational aspirations and initial
academic performance, we have to accommodate the possibility that
information frictions constrain students in choosing the right level of
aspirations. In line with Genicot and Ray (2017), we therefore assume
that aspirations, although endogenously defined, are drawn from a
distribution of known outcomes, the aspirations window. This implies
that

a* =¥ (u,e*, F), %)

where F is the known distribution of education-occupation combina-
tions. An attenuation in the relationship between innate abilities and
educational aspirations can then arise for two reasons. First, students
lack information about career possibilities and are constrained by the
overly narrow set of occupations they know. Second, students misper-
ceive the educational requirements associated with their occupational
aspiration and mistakenly set their educational aspirations to the wrong
level. Both possibilities can lead to a truncated aspirations window,
and cause students to define educational aspirations that do not match
their abilities —too high (for low-performers) or too low (for high per-
formers)— resulting in a relatively flat relationship between baseline
academic performance and aspirations.

Importantly, if aspirations are insufficiently responsive to innate
ability, students may choose levels of investment that are individually
sub-optimal. Some students may keep investing in education, even
though their abilities do not match with higher education and they
could develop occupational aspirations that do not require higher
education, while others underinvest in education not knowing the true
educational requirements for their occupational aspiration or not being
aware of sufficiently ambitious aspirations that would match their
ability.

Such a framework explains why providing students with the neces-
sary tools to re-assess their occupational aspirations, while delivering
information about the educational requirements necessary to carry
out these jobs, helps students re-calibrate their aspirations, and adjust
educational investments accordingly. In line with the predictions of our
model, we observe a strong correlation between academic performance
and types of occupations that students read about in the CET (see Table
A.20). In particular, low-performing students spent more time reading
about occupations that only require lower-secondary education.

5.2. Alternative explanations

There are a number of alternative explanations for the observed
effects. In the following, we discuss each of these mechanisms and the
extent to which the empirical evidence supports them.

Expectations. Rather than broadening the aspirations window, the
intervention may have forced students to adjust their expectations
in heterogeneous ways. For example, the information on minimum
requirements with respect to the grades students need to obtain in order
to be able to enroll in high school, and the high standards applied
to receive a scholarship, might have led low-performing students to
realize that their academic performance does not match with a path
of higher education. In contrast, for high-performing students, this
same information may have helped them understand how well they are
qualified for higher education and given them the necessary push to
pursue this trajectory. However, we believe this mechanism is unlikely
to explain the main findings for two main reasons. First, in data from
the workshop midline survey, we already observe a strong gradient
in self-reported beliefs about high school success by baseline grades
(see Figure A.6). Information updating about high school success is
therefore unlikely to be the driver of the observed effects on aspirations
and schooling outcomes. Second, educational expectations do not adjust
in exactly the same way as educational aspirations: while we do find
that low-performing students downward adjusted their expectations,
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high-performing students (in particular those with standardized grade
above 1) were not expecting more years of schooling than those in
control schools (see bottom panel of Figure A.5), while their aspirations
and investments clearly diverged. Together, these findings suggest
that adjustments in expectations are unlikely to be the main driver
underlying our results.

Differential information acquisition. An alternative explanation may
be that different aspects of the information provided during the in-
tervention were acquired and processed by low- vs. high-performers.
For instance, low-performing students may only have absorbed and
processed the information about high school costs, while high perform-
ers processed all information accurately, including costs, scholarship
opportunities, etc. However, we find no evidence of differential cost
updating for low- vs. high-performers among treated students. In fact,
all students seem to update in the right direction (as shown in Figure
A.7).%

Discouragement. Another alternative explanation may be that the in-
tervention initially led all students to adjust their aspirations upwards,
but that low-performing students quickly realized after the intervention
that they are not able to attain the good grades required to enroll in
high school, and became frustrated, thereby adjusting their aspirations
to new, even lower, levels (as in McKenzie et al., 2022). However,
we do find a strong gradient in educational aspirations with baseline
grades already immediately in the aftermath of the intervention in
treatment schools (see top panel of Figure A.5), which suggests that
discouragement effects are unlikely to explain our findings.*’

Broadening of occupational interests. A final possibility could be that
our intervention simply broadened the set of occupations that students
are potentially interested in, similar to the mechanism described in
Belot et al. (2019). While this is consistent with increased educational
investments among the high-performers, this argument is less well
suited in explaining why low-performing students would react to the
intervention by studying less during the lockdown, and perform worse
during the final exam (conditional on attending).

6. Conclusions

This study provides experimental evidence that a half-day career
guidance workshop designed to equip students with information about
a range of occupations, and providing guidance on the next steps in
the students’ educational pathways, can improve students’ educational
outcomes. We show that the average positive effects mask substan-
tial heterogeneity by students’ pre-intervention school performance.
Treated low-performing students were less likely to study during school
closure compared to low-performing students in control schools, had
somewhat lower educational and occupational aspirations, and per-
formed worse in the final exam of Grade 9, yet they were not less
likely to transition to high school. By contrast, treated high-performing
students were more likely to study during school closure than their con-
trol group peers, had somewhat higher educational and occupational
aspirations, performed better in the final exam, and were more likely
to transition to, progress in, and complete high school.

Our findings suggest that the workshop, which is low-cost and
easily scalable, improves the quality of educational decision-making by
helping students more closely align their aspirations to their potential.
Given the high dropout rates observed during high school in our

3% In addition, cost estimates collected in the phone survey do not differ by
treatment status nor by academic performance, neither for the total cost nor
for the cost of extra classes, which most students mentioned as most expensive
part of attending high school (see Table A.21).

40 Note that aspirations reported right after the workshop were systemati-
cally higher than in the phone survey, which is likely due to the disruptive
effect of the COVID-19 pandemic. We also cannot systematically compare
treatment and control schools in this exercise, as this information was collected
in treatment schools only.
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sample, and in the country more generally, this intervention has the
potential to generate substantial efficiency gains. This effect is akin
to the productivity gains associated with improving workers’ sorting
along their comparative advantage as documented in previous work
(Papageorgiou, 2014). While we cannot rule out that the intervention
decreased human capital among some low-performing students as they
oriented away from pursuing higher education, our findings suggest
that they were not less likely to complete lower-secondary school than
their control school peers, and by adjusting their educational aspira-
tions, these students were potentially less frustrated throughout Grade
9. For high-performing students, on the other hand, our intervention
provided the incentives and information necessary to exert more effort
in lower-secondary school, allowing them to start high school at higher
rates, and apparently better prepared. The fact that the positive effect
of the intervention persisted more than three and a half years after the
workshop had taken place suggests that this could indeed be a useful
intervention to be implemented at scale.

It is important to emphasize that the average treatment effect of
an intervention of this type will essentially depend on the underlying
distribution of baseline academic performance in the student popula-
tion. In settings in which many students are well prepared for higher
education but still opt out, the average treatment effects would poten-
tially be larger. On the other hand, in regions in which few students
are equipped with the skills that are necessary to attend high school, a
similar intervention may actually have no or even a negative effect on
schooling outcomes.

Our study comes with a number of caveats. First, the study was
(unintentionally) conducted during a very specific time period. About
midway into our intervention, schools were closed for half a year due to
the COVID-19 pandemic and students had to study on their own with
little external support and with severe financial constraints as many
parents had lost income. This might have undermined the positive
effect of the intervention. Second, we were not able to track students
once they left school. We therefore do not observe what students were
doing after they dropped out, whether they started to work, what type
of jobs they pursued, and whether they enrolled in vocational training,
which would be important to understand the long run implications of
the workshop on low-performing students. This is an avenue for future
research.
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