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Abstract

In a natural field experiment, we provide information to students about job
opportunities and hourly wages of occupations they are interested in. The ex-
periment takes place within a widely-used career orientation program in the
Netherlands, and involves 28,186 pre-vocational secondary education students
in 243 schools over two years. The information improves students’ belief accu-
racy and leads them to change their preferred occupation to one with better
labor market prospects. Administrative data covering up to seven years after
our experiment shows that students who receive information choose and gradu-
ate from post-secondary education programs with better job opportunities and

higher hourly wages.
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1 Introduction

Each year, millions of teenagers around the world face a choice that has far-reaching
consequences, both for themselves and for society: the choice of post-secondary education
program. This choice is important for themselves, as the program from which they earn
a degree is an important determinant of future labor market outcomes (see, e.g., Bleemer
and Mehta, 2022; Ketel et al., 2016; Kirkeboen et al., 2016). It is also important for
society, as it affects future shortages and excess supply of labor in important occupations
(Smeets et al., 2025). Despite its huge importance, students often decide on their field of
study without having accurate information about the labor market prospects of different
programs (Baker et al., 2018; Hastings et al., 2016) and careers (Arcidiacono et al., 2012;
Betts, 1996).! As a result, many teenagers end up choosing programs that have a bleak
outlook, both in terms of job opportunities and wages.

Motivated by this issue, a number of experimental studies have focused on the impact
of providing information about the earnings prospects of different majors on enrollment
decisions. Students’ choices tend to move in the direction of education programs with
better labor market prospects, though the size of these effects tends to be limited, not
seldomly statistically indistinguishable from zero (see, e.g., Bonilla-Mejia et al., 2019;
Conlon, 2021; Hastings et al., 2015; Kerr et al., 2020). An explanation for this puzzling
finding may be that a large part of the differences in earnings prospects by field of
study can be explained by occupation choice (Altonji et al., 2012).2 Students seem to
be aware that occupational choices are an important determinant of earnings given a
chosen major, though they do not necessarily have accurate beliefs about magnitudes
(Arcidiacono et al., 2012). Information about average earnings by field of study may
further be misinterpreted because students overestimate the share of graduates ending
up in a major’s stereotypical occupation (Conlon and Patel, 2025). This combination
of factors suggests that information about earnings by major may be too coarse. In
this paper, we therefore put occupations front and center, and ask whether occupation-
specific information about job opportunities and hourly wages affects beliefs, preferences
over occupations, and educational choices of students.

We conduct a natural field experiment in which we provide a random selection of
students with personally targeted information about the labor market prospects of a
small set of occupations they are interested in. Such information has been shown to be
effective in motivating occupational transitions among unemployed job seekers (see, e.g.,
Altmann et al., 2022; Belot et al., 2019, 2025). Our setting provides a unique opportunity

to do so in education, as vocational education programs are strongly tied to occupations.

1See Giustinelli (2023) for a comprehensive overview of studies on students’ subjective expectations
about the returns to education.

2In line with this, the returns to skills learned in post-secondary education depend strongly on the
industry of employment (Cnossen et al., 2025).



We study whether the information leads students to correct their beliefs about the labor
market prospects of these occupations and shifts students’ preferences over occupations
immediately after the intervention, and up to one and a half year later through a post-
experimental survey. Using up to seven years of linked administrative data following the
experiment, we also study whether our information influences the set of subjects they
choose in pre-vocational secondary school, and the vocational education programs they
enroll in and graduate from. Our multi-year field experiment involves 28,186 students
at 243 different schools for pre-vocational secondary education in the Netherlands. The
students take part in the experiment in grades 8 to 10, between the age of 13 and 16.3

Our experiment is embedded in a widely-used career orientation program. In this
computer-based program, students do numerous assignments that help them discover
what they are interested in, what they are good at and, ultimately, which occupations
would be a good fit for them. As part of one of these assignments, students take an
extensive ‘skills and personality’ test that results in a short-list of twenty (out of 353) oc-
cupations that fit their abilities and interests best according to the answers they provided.
Our experiment starts right after completing this test.

Our experiment proceeds as follows. First, we ask students in which pre-vocational
secondary school specializations (i.e., set of subjects; called “profiles”) they are most
interested. Second, we show students their shortlist of twenty occupations and ask them
to select the five that they like the most. Third, we ask them to state their beliefs
about the job opportunities and hourly wages for these five occupations, and to rank the
occupations based on how much they would like to work in them. Fourth, we provide
students of randomly selected schools with information about the job opportunities and,
for a random subset of these schools, supplement that with information about the hourly
wages of the selected occupations. Our motivation for restricting information provision
to job opportunities in the first treatment is possible information overload. Processing
information about both job opportunities and hourly wages for five occupations may be
too demanding, rendering the treatment less effective. Students at the remaining schools
do not receive any information and form our control group. In a sub-randomization
arm that we explain in more detail later, we alter the ‘sender’ of the information to be
either a labor market research institute, or a specific researcher (male or female, and
experienced or less experienced) working at that institute. The identity of the ‘sender’ is
randomized within the treatment group. Fifth, students in both the treatment and control
group watch an information video about the Dutch economy that does not convey any

information about specific occupations. This gives students some time to reflect. Finally,

3In the Dutch education system, students are tracked at an early age. Grades 8 to 10 are the second to
fourth (and final) year of pre-vocational secondary education in the Netherlands. Vocational education
represents 37% of student enrollment among 15 to 19 year olds in the OECD. In the Netherlands, and
countries such as Austria, Switzerland, and the Czech Republic, this figure is above 50% as Table B1.2
in OECD (2023) shows.



we ask students to again state their beliefs about wages and job prospects and to re-rank
the occupations. These answers are our first set of outcome measures. In addition to
these data, we obtain (i) post-experimental survey data (up to one and a half year later)
on the students’ beliefs and preferences, and (ii) up to seven years of administrative data
on their education choices and graduation outcomes following their participation.

Our results are as follows. In line with the earlier studies (Baker et al., 2018; Betts,
1996; Hastings et al., 2016), we find that students have highly inaccurate beliefs about
the job opportunities* and hourly wages of the occupations that they like. They tend to
overestimate both, particularly for those occupations they like the most. Our information
intervention is effective in correcting beliefs in the short-term: immediately following the
intervention, treated students overestimate the job opportunities and hourly wages to a
lesser extent, make smaller absolute errors, and are more likely to hold correct beliefs.
The improved accuracy is mostly driven by students correcting overestimations. Our
post-experimental survey data show that these effects partly persist: those who received
the information in their final school year have more accurate expectations about the job
opportunities up to seven months later, though this does not hold for the hourly wages
and is based on a small sample.

We also find evidence that the treatment increases the likelihood that students change
their favorite occupation. If students do so, they tend to substitute the initial occupation
for one with better job opportunities and hourly wages. We do not find evidence that this
ranking persists in the survey fielded after the experiment. However, this may be driven
by selection into the survey. We find, unexpectedly, that the sample of surveyed students
differed from the full sample in the experiment. The former was less likely to change their
favorite occupation for one with better prospects during the experiment than the latter.

Using administrative data available for a subset of students containing up to seven
years of student enrollment records following the experiment, we find that our information
intervention impacts students’ vocational education enrollment decisions. Students who
receive information about labor market prospects enroll in and graduate from study
programs associated with occupations that provide better labor market prospects. Job
opportunities of chosen programs of initial choices are up to 2.4% better for treated
students, and hourly wages up to 1.4% higher. Approximately 50% of the students
in our administrative sample have graduated from vocational education at the end of
our observation window. We find that the treatment impact persists until graduation
for this group. Treated students graduate from programs with up to 3.1% better job
opportunities than control group students. The difference is smaller for the hourly wages

(1%) and not statistically significant at conventional levels. This likely reflects a difference

4We elicit beliefs and provide information about the job opportunities in a qualitative manner, so
inaccuracies may stem from students having beliefs that deviate from the truth, or not agreeing on the
terms we assign. The elicitation does have a clear order, and we show that students commonly wrongly
rank the job opportunities of occupations.



in sample composition rather than a lack of persistence; the smaller treatment impact
on the hourly wages is already visible in the initial program choices for the graduating
sample. In short, we provide evidence that the treatment has a persistent impact all
the way up to graduation from post-secondary education. This impact appears to be
mostly driven by shifts within sectors, rather than across. We show that the sectoral
composition of secondary education enrollment remains largely unchanged, though we
see a small shift away from services and education, and towards healthcare, using the
ISCED classification of education programs.

Our study contributes to a growing body of literature on the role of labor market
expectations in education choices. As stated, previous studies have invariably found
that students have highly noisy beliefs about the labor market returns of different study
programs (Baker et al., 2018; Betts, 1996; Hastings et al., 2016). There are, however,
some notable heterogeneities. Students who are more concerned with the labor market
prospects of programs are less likely to overestimate these prospects (Hastings et al.,
2016) and there is a substantial gender difference in concerns about these prospects
(Wiswall and Zafar, 2017). Men tend to care more about pecuniary outcomes, whereas
women care more about job security and flexibility. In line with this, we find in our
data that male students select occupations with better job opportunities and higher
hourly wages. However, they are also more likely to overestimate these and make larger
absolute errors. Our heterogeneity analysis shows that, in response to our treatment, male
students tend to switch towards occupations with higher wages, whereas female students
gravitate towards occupations with better job opportunities. A number of studies further
document that students from low socioeconomic status backgrounds have less accurate
expectations (Baker et al., 2018; Hastings et al., 2015, 2016), likely because they lack
access to reliable information from, e.g., parents (Bleemer and Zafar, 2018; Lergetporer
et al., 2021; Qiu, 2025). These information constraints are a plausible explanation for
why students from low socioeconomic status backgrounds attend programs with lower
expected earnings (Campbell et al., 2022). We indeed confirm that students from higher
socioeconomic status neighborhoods make smaller absolute errors and are more likely to
be correct about the hourly wages of the occupations they select. However, in contrast to
Campbell et al. (2022), we find that students from high socioeconomic status household
choose occupations with lower hourly wages. There appear no notable differences in
treatment effects between students from low and high socioeconomic status backgrounds.

Prior evidence shows that labor market conditions affect educational decisions. In
times of higher unemployment, students generally select fields of education with higher
wages and better job opportunities (Blom et al., 2021). Sector-specific local labor demand
shocks drive students to choose different community college programs (Acton, 2021) and
majors (Weinstein, 2022). Because of this response, labor market conditions have im-

portant implications for the composition of the workforce. For instance, when general



local labor market conditions are poor, individuals with higher value-added sort into the
teaching profession (Deneault, 2025). While these papers show the importance of the
labor market in shaping educational decisions, they do not speak to the issue of how best
to provide labor market information to students.

A number of field-experimental studies have tested the effects of different interven-
tions aimed at improving students’ knowledge about the returns to education. Evidence
from the Dominican Republic shows that providing students with information about the
returns to attending secondary school increases enrollment (Jensen, 2010). For the general
secondary education student population in industrialized countries, providing informa-
tion about the returns to further education does not seem to influence actual enrollment
(Kerr et al., 2020; Bonilla-Mejia et al., 2019). There is some evidence that it does increase
intended enrollment, particularly for students from low socioeconomic status backgrounds
(Oreopoulos and Dunn, 2013; McGuigan et al., 2016; Peter and Zambre, 2017).

Most closely related to our paper are a number of studies that focus on providing
information about the returns to specific study programs or institutions. These generally
find some impact on enrollment decisions, though the exact margin of impact differs.
Hastings et al. (2015) show that, after being provided with such information, students
are more likely to enroll in higher-return study programs. Similarly, Ballarino et al.
(2022) show that informed students were [ess likely to enroll in fields of study with weak
labor market prospects, though this seems to be driven by selection out of higher educa-
tion for students who would otherwise enroll in these fields. Bonilla-Mejia et al. (2019)
find no such impact, but do find that students are more likely to enroll in prestigious
institutions. Lastly, Conlon (2021) shows that students are more likely to enroll in a
study program about which the student receives information, regardless of the content
of this information. Despite the differences in context and outcome measures used, it is
worthwhile to consider how the effectiveness of our intervention compares to these closely
related information interventions. Bonilla-Mejia et al. (2019) find no effect of informa-
tion provision on student enrollment in higher education. They do find that students
who receive information are 0.5 percentage points more likely to enroll in highly selective
colleges. Despite high returns to attending a selective college (Hastings et al., 2013), the
overall impact of Bonilla-Mejia et al.’s intervention on expected earnings is likely low,
since the impact only applies to a small group of students. Conlon (2021) finds no impact
of the implemented intervention on expected earnings of chosen majors. Ballarino et al.
(2022) find that treated students are about 2 percentage points less likely to enroll in
weak fields of study, which corresponds to a 12% decrease. However, the authors do not
define what constitutes a weak field beyond stating that they yield “relatively low returns
with respect to every indicator considered”. This makes it difficult to evaluate the likely
impact of the intervention on long-term outcomes. Our results are most easily compared

to Hastings et al. (2015). They show that their intervention increases the expected earn-



ings of chosen degrees by 1.4% of the control group mean, which is in the same ballpark
as our estimates. Notably, neither Ballarino et al. (2022) nor Hastings et al. (2015)
speak to persistence until graduation. Ballarino et al. (2022) (2022) analyze the impact
of their treatment on field of study enrollment immediately following the intervention
and one year later, and Hastings et al. (2015) analyze the impact of their treatment on

® This is important, as

expected earnings up to matriculation, but not for graduation.
persistence may conceal that students are underperforming and will graduate later or not
at all. Conlon’s (2021) analysis does cover the entire duration of students’ undergraduate
program, and it is therefore likely that the estimates after four years reflect graduation
outcomes. However, Conlon’s (2021) analysis is concerned with the likelihood of choos-
ing a program about which a student received information, rather than the labor market
prospects of that program and covers an intensive margin decision conditional on already
being enrolled in college.

We contribute to the literature in a number of ways. First, by providing information
about occupations rather than fields of study, students’ interpretation of the informa-
tion is robust to potentially erroneous beliefs about occupational choice by major in the
population. Second, we focus on an important population: students in pre-vocational
secondary education. For this group of students, choosing an occupation with promising
long-term labor market prospects is particularly important as the increased focus on vo-
cational skills over general skills may inhibit adaptability later in life (Hanushek et al.,
2017). We further contribute to the literature by providing evidence on the impact of an
information treatment on the labor market prospects of programs students choose and
graduate from, rather than just those they choose initially. This is important, as stu-
dents not seldomly switch programs before ultimately graduating (see, e.g., Arcidiacono,
2004; Arcidiacono et al., 2025; Astorne-Figari and Speer, 2019; Patterson et al., 2023),
potentially negating any initial impacts of the treatment. We make another important
contribution through the richness of our data, which allows us to provide a detailed pic-
ture of how students use the information. First, the time-stamped experimental data
allows us to show how much time students spend to process the information we provide
them with, and whether the information improves belief accuracy and shifts preferences
over occupations. The design further allows us to assess whether information overload
plays an important role. Second, our survey data allows us to speak to the persistence of
these beliefs. Lastly, the high-quality administrative data enables us to follow students
for up to seven years after the experiment, and to estimate the impact of the treatment
not only on initial decisions but to also verify that these decisions are not reversed in

subsequent years and persist until graduation. A final contribution is that we can speak

SHastings et al. (2015) do estimate the impact of the treatment on the likelihood of graduating within
three years. However, this analysis does not cover the expected earnings of the degree students obtain.
Moreover, the control mean of graduating within three years is low (approximately 14%).



to the optimal timing of information interventions. We treat students in different grades;
8 to 10, specifically. This allows us to analyze what the impact of our information treat-
ment is at different stages of students’ educational careers. Students in the eighth grade
still have to decide on their pre-vocational secondary school specialization, whereas those
in the tenth grade will graduate within a year and have to soon decide on whether to go
to vocational education and, if so, which program to enroll in.

A further distinction of our paper as compared to the literature is that, with the
exception of Hastings et al. (2015), all studies mentioned above required students to
attend a presentation, take a survey, or visit a website they otherwise would not have. Our
intervention is designed within an established career orientation program actually used
as part of students’ curriculum in school, and it thus more closely matches the definition
of a natural field experiment (Harrison and List, 2004). The implementation inside of an
established platform further has the advantage that scaling up the intervention will most
likely not come at the cost of strongly reduced implementation fidelity (Larroucau et al.,
2025).

The design of our study further draws on work that shows that information coming
from role models (i.e., someone who shares background characteristics with the recipi-
ent, such as socioeconomic background or gender) impacts education decisions and effort
exertion (see, e.g., Breda et al., 2023; Del Carpio and Guadalupe, 2021; Nguyen, 2008;
Porter and Serra, 2020; Riley, 2024). Our display of the name and title of different ‘infor-
mation senders’ (the labor market research institute or a researcher from this institute,
either senior or junior, either female or male) was intended to provide a further look into
how the characteristics of a person providing information affects the degree to which it
is used. We find that the identity of the sender of the information that is mentioned in
the intervention is inconsequential for the subsequent beliefs and preference ranking of
occupations. With the benefit of hindsight, we believe that the name and title of the
information senders is too weak of a treatment to meaningfully contribute to the role
models literature and therefore refrain from drawing conclusions about their effectiveness
based on our results.

All-in-all, our study provides evidence that labor market information about careers
that students are interested in is useful in helping them choose programs that provide
better prospects upon graduation. The intervention is low-cost, as it relies on readily
available information, and easy to replicate in similar career orientation programs. The
implementation costs for programming the intervention were €39,600, or just €2.13 per
treated student at its current scale. Our partner company is currently investigating the
optimal way to implement the information intervention at different levels of secondary
education in its online career orientation platform.

The rest of this paper is structured as follows. Section 2 explains the institutional

context: the Dutch education system and career orientation practice. Section 3 shows how



we recruited schools and randomized them into treatment groups. Section 4 describes the
experimental design and implementation fidelity. Section 5 lays out the data and Section

6 presents the results. Section 7 concludes.

2 Institutional Context

In this experiment, we focus on students enrolled in pre-vocational secondary education
in the Netherlands. Pre-vocational secondary education is one of the three main tracks
of Dutch secondary education.® As the name suggests, it is vocationally-oriented and
offers a broad range of subjects. It is also the largest track in terms of student numbers:
in the 2017/2018 school year, about 53% of Dutch children in secondary school attended
pre-vocational secondary education (Dutch Inspectorate of Education, 2020). The vast
majority of pre-vocational secondary school graduates will transit to secondary vocational
education (so called ‘mbo’), in which they choose a vocational track that prepares them
to enter the labor market.”

The pre-vocational secondary education program takes four years to complete (Nuffic,
2019). At the end of the second year, students choose a ‘learning pathway’ (i.e., level of
theoretical rigor). There are four such ‘learning pathways’: the basic vocational program,
advanced vocational program, combined vocational-theoretical program, and theoretical
program (Nuffic, 2019). In the theoretical program, students mostly take general subjects.
The combined program drops one general subject in favor of four hours of vocational
training, but is otherwise the same. In the basic and advanced vocational programs,
students receive approximately 12 hours of vocational training instead of general subjects.
General subjects are taught at a lower level compared to the combined and theoretical
programs, with the level at the advanced vocational program being above that of the basic
vocational program. Within the learning pathways, students also choose a ‘profile’, which
determines the subjects they are taught (Government of the Netherlands, n.d.a).® The
learning pathway has important consequences for the opportunities for further education
at the time the student graduates. While vocational education programs are generally not
restricted to students with a certain profile, the profiles do matter in providing adequate
preparation for these programs.

At the end of the fourth year, students decide how to continue their education. No-

6Pre-vocational secondary education is known as ‘vmbo’ in Dutch. The two other tracks are higher
general secondary education (havo) and pre-university education (vwo).

"For readers unfamiliar with the Dutch education system, we provide details below.

8For the basic vocational, advanced vocational, and mixed program there are ten available profiles:
1. Building, housing and interiors, 2. Engineering, fitting out and energy, 3. Transport and mobility,
4. Media, design and IT, 5. Maritime and technology, 6. Care and welfare, 7. Business and commerce,
8. Catering, baking and leisure, 9. Animals, plants and land and 10. Services and products. For the
theoretical program, there are four options: 1. Care and welfare, 2. Engineering and technology, 3.
Business and 4. Agriculture.



tably, Dutch law dictates that students cannot leave education until they are either
eighteen years of age or have a ‘starting qualification’ (i.e., an intermediate vocational
education or senior general secondary education degree). The vast majority of students
can therefore not leave education after graduating from their pre-vocational secondary
education program. This leaves them with essentially two options: move on to vocational
education or enroll in a different (sub)track of secondary education. Graduates from all
learning pathways are eligible to enroll in vocational education. Programs in vocational
education generally train students for a specific occupation. The exact level at which
graduates can enroll depends on the chosen learning pathway. Graduates from the ba-
sic vocational program can enroll in qualification level 2 of vocational education only.
Graduates from the other three programs can enroll in levels 2, 3 and 4 (Government of
the Netherlands, n.d.b). In recent years, over 95% of students in the basic vocational,
advanced vocational, and combined vocational-theoretical program directly enroll in in-
termediate vocational education. Of the remaining 5%, approximately half enrolls in
vocational education at some later point in time. Among graduates from the theoretical
program, about 80% directly enrolls in vocational education, with an additional 5% en-
rolling at a later point in time. The remaining 15% most commonly enrolls in secondary
general education, a track that prepares students for higher vocational education (Dutch
Ministry of Education, Culture and Science, n.d.).

Schools are required by law to provide career orientation counseling to students. To
structure their counseling efforts, schools often make use of programs offered by private
companies. For this experiment, we partner with a company called Qompas, developer of
the most commonly used career orientation program for Dutch pre-vocational secondary
education. As part of the program, students complete a number of assignments aimed at
helping them learn more about themselves and the education choices they will have to
make. While students can access the program at any time, schools generally use Qompas
during their career orientation classes at set times during the school week. Usually,
students individually go through the assignments in a classroom setting. All assignments
the students complete are saved and stored in their personal file, which they are supposed
to review periodically. We implement the experiment described in this paper within the
so-called occupation assignment. While the Qompas system has a suggested order for
doing the different assignments, schools decide in which year students actually do it.
Schools usually let students do the occupation assignment in the second, third or fourth

year of education. We expand on this in Section 4.

3 Recruitment and Randomization

Qompas recruited schools to participate in the experiment. At the time of recruitment,

300 schools for pre-vocational secondary education were registered as users in the system,



which comprises about a third of all schools of this type in the Netherlands. Of these
schools, thirteen were not eligible to participate in the experiment because of missing
information. The 287 remaining schools were informed through a system message as well
as an email that an experiment would take place. Qompas informed schools that they,
together with a research institute of Maastricht University, were asked by the Ministry of
Education, Culture, and Science to do research into the effects of labor market information
on the choices of pre-vocational secondary education students. They further explained to
schools that the research would be conducted by way of an experiment within their career
orientation program. Schools also received contact details of the person responsible for
the experiment at Qompas in case they had any questions or complaints. Supplemental
Appendix A provides the original version as well as an English translation of the message.
Only a single school indicated that it did not want to be a part of the experiment. This
left us with 286 schools.

To randomize schools, we employed a stratified procedure at the school level. The
reason for randomizing at the school level instead of at the student level is twofold.
First, it reduces the risk of spillovers between students, as they generally complete their
assignments in the classroom. Second, we expected that schools would be less willing
to participate if some of their students were to be provided with information, whereas
others were not.

We randomized schools into three main groups of similar size: a control group, a
treatment group that receives information about just job opportunities, and a treatment
group that receives information about both job opportunities and hourly wages. The
latter two groups were randomly assigned to receive information from either a research
institute or a specific researcher from this institute. Columns 2 and 3 of Table 1 display
the exact division of schools assigned to the different groups. We discuss the transition
from assignment to actual participation in detail in Section 4.3.

We stratified schools on the basis of three characteristics: the number of broad profiles
offered in the school, the number of students who completed the occupation test in the
year before the experiment, and the quality of life indicator of neighborhoods the students
come from. For the available profiles, we relied on data from Qompas. Qompas also
registered the number of students who completed the occupation test in the previous
year. However, data was not available for all schools. If no data was available, we
predicted the number using the number of newly registered students in the Qompas
system and the total number of students in the school itself.” If data on one of the
two was not available, we predicted the number using just the available measure. For
the quality of life in neighborhoods students came from, we relied on the quality of life
indicator developed by the Dutch Ministry of Interior and Kingdom Relations (2018).

9Data on the number of students in the school itself is provided as open data by the Dutch education
executive agency (Dutch Executive Education Agency, 2018)
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All neighborhoods (defined by their 4-digit postal code) in the Netherlands have a score,
ranging from 1 (very low quality of life) to 9 (very high quality of life). For every school,
we calculated the weighted average quality of life indicator score of the neighborhoods
the school’s student body came from.!° If no data on the residential location of students
was available, we predicted the average quality of life indicator score using the score of
the school’s neighborhood. Note that in our experimental data, we have access to the
quality of life indicator score of the individual student’s neighborhood.

We used a block design to randomize. Because the profile choice is one of our outcome
variables and largely determines the variety of occupations the students are likely to be
interested in, we first sought balance on this dimension. We divided the schools into
three groups: predetermined choice (only one theoretical profile available), limited choice
(two or three theoretical profiles available), and an unknown number of profiles available.
Within these groups, we subsequently ranked schools based on the number of students
who completed the occupation test last year. We split these groups into three more equal
groups based on this dimension. As schools vary a lot in size, we hoped to improve
balance in terms of sample size in this way. Lastly, within each of the now nine groups,
we ranked schools on the basis of the weighted average of the quality of life indicator
score. We then further split these groups into two. Increased balance on this dimension
is important as we estimate heterogeneous effects based on the indicator. In the end, we
were left with eighteen strata.

Within each stratum, schools were randomly assigned to the different treatment
groups according to the division specified in Table 1. As not every stratum contained a
perfect multitude of six schools, not all schools could be assigned in one go. We dealt with
the unassigned schools by recreating strata as mentioned above, omitting the division in
two based on the weighted average of the quality of life indicator score. Within each
of the now nine strata, schools were again randomly assigned. For unassigned schools
arising from this procedure, we repeated the procedure once more, now stratifying only
based on the freedom of profile choice. The last ten remaining unassigned schools were
sorted based on the freedom of profile choice and then assigned based on a randomly
ordered list of the control and treatment groups. Figure B1 in Supplemental Appendix

B provides a visual representation of the procedures.

4 Experimental Design

In this section, we describe each stage of the experiment in detail in chronological order.
The accompanying Online Appendix D shows screen captures of the screens students in

each of the treatment and control groups see in the experiment.

10This information is available in the data set referred to in footnote 9.
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4.1 Occupation test

Our intervention is preceded by (and makes use of information collected in) an extensive
occupational interest test. The test was designed by Qompas and had already been
used for a number of years before our experiment. During the occupational interest
test, Qompas asks students to answer 90 questions about themselves and their attitudes
towards a number of salient occupations (e.g., waiter/waitress, mason, mechanic). The
aim of this test is to predict what sort of occupations the student might be interested
in. Based on the answers, Qompas calculates a score for each of the 353 occupations in
their system. This score represents how well the various occupations fit the student’s
preferences and abilities. Qompas subsequently uses the results of this test in a reflective

assignment that students must do, which contains our intervention.

4.2 Elicitation of baseline information

During the reflective assignment, we collect baseline data on students’ preferences and
beliefs. We ask students about their intended profile choice, which second-year students
still have to make at this point. They can pick multiple options in case they are not
sure yet. We subsequently show students the twenty occupations that fit them best
according to the test and ask them to select the five occupations they are most interested
in. Students then receive information on the day-to-day activities in these occupations.
After they read the information, we ask the students to rank the occupations in order
of how much they would like to work in them later in life. Lastly, using a slider, we
ask students to state their beliefs about the job opportunities and gross hourly wages of
the five occupations they selected.!’ The options for job opportunities are “very poor”,

“poor”, “reasonable”, “good”, and “very good”. The options for the hourly wage range
between €10.- and €26.-, with €1.- intervals.

4.3 Information provision

After we elicit the baseline preference ranking and beliefs about the labor market prospects,
we present students at schools assigned to one of the treatment groups with information
about the labor market prospects of the occupations they selected. Control group stu-
dents do not receive any labor market information. For treatment groups 1 and 2, we
provide information about the forecasted job opportunities. In treatment groups 3 and 4

we add information about the occupations’ median gross hourly wage levels. Maastricht

1'We ask for gross hourly wage because many youngsters in the Netherlands have a side job, e.g., in
a supermarket, and are likely to have a good understanding of what they earn per hour with this job.
The Dutch income tax system features a quite sizable tax-free sum. Consequently, for most youngsters,
gross earnings equal net earnings.
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University’s Research Center for Education and the Labor Market (ROA)'? provided us
with the information. As part of one of its research programs, ROA develops labor mar-
ket forecasts for the job opportunities of 113 different occupational groups over a period
of six years; in line with the time when students who take part in the experiment are
expected to enter the labor force.!> To construct the information set, we matched the
occupations in the Qompas system to these occupational groups. The job opportunities
forecasts are taken from Fouarge et al. (2017). For the hourly wages, ROA relied on
Dutch Labor Force data, matched to administrative data for 2016, the most recent year
available when we designed the experiment.

In treatment groups 1 and 3, we tell students that the information is provided by a
researcher affiliated with ROA. This sender is randomized at the individual level within
these treatments. The sender takes four different identities: inexperienced male re-
searchers, experienced male researchers, inexperienced female researchers, and experi-
enced female researchers.!* For each identity, one of four possible names is chosen. We
show the name and experience on the screen.'®> We do not explicitly mention gender, but
the names of all senders are indicative of their gender and the Dutch word for ‘researcher’
is different for men and women. We do not show pictures of the senders, so as to avoid
bias caused by appearance unrelated to status or gender. In treatment groups 2 and 4, we
do not specify a human information sender. Instead, we tell students that ROA provides

them with the information.

4.4 Video

Next, we show students in all groups a short video about work in general.'® The video
mentions neither any particular occupations nor the importance of job opportunities and
wages. The main reason to show the video is to create some time between the first and
second elicitation of beliefs for the control group. Without the video, students in the

control group would be asked to state their beliefs a second time right after the first.

4.5 Elicitation of posterior beliefs and ranking

To estimate the initial effect of the treatment on beliefs and preferences, we elicit the

students’ ranking and beliefs a second time after the video. We show students their

2ywww.roa.nl

BFor information on methods, validity, and the governance of this project, see
https://roa.maastrichtuniversity.nl/research/research-projects/project-onderwijs-arbeidsmarkt-poa.
These forecasts are used for the accreditation of new study programs and several stakeholders in the
Netherlands, including information websites for students such as https://www.studiekeuze123.nl/. The
forecasts for job opportunities reflect the expected ratio between expected future supply of labor and
demand.

1Tn Dutch: ‘beginnend onderzoek(st)er’ and ‘ervaren onderzoek (st )er’.

15With their consent, we use the actual names of ROA employees.

Y https:/ /www.youtube.com/watch?v=YJ78VDQrO3c
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initial ranking and beliefs and ask them if they want to change anything.

4.6 Elicitation of posterior intended profile choice

At the end of the experiment, we once again ask students what profile they intend to

choose. We show them their initial selection and allow them to alter it.

4.7 Implementation fidelity

While the majority of the experiment was implemented as intended, there are several
issues that affect our analyses. First, the belief elicitation sliders had a default option
during the first year of the experiment (the 2018/2019 school year): “reasonable” for
the job opportunities and €18.- for the hourly wages. Qompas removed this default
option for the 2019/2020 school year. Second, in the 2018/2019 school year, students
were able to alter their prior beliefs by returning to them after receiving the information.
Qompas corrected this error for the 2019/2020 school year. Because of these issues, we
only consider the students who went through the experiment in the 2019/2020 school
year whenever prior beliefs are relevant.

37.7% of students select five occupations for which the job opportunities are all fore-
casted to be “very bad”, “bad” or “reasonable”. We intended to suggest to those students
(in both the control and treatment groups) a set of alternative occupations with better
labor market prospects and provide information on the day-to-day activities of these oc-
cupations after the elicitation of the posterior beliefs and ranking. To treated students,
we intended to also state that the labor market prospects for their chosen occupations
are not very good, that the proposed alternatives have better prospects, and to show
these prospects. We intended not to provide this information to control group students.
However, due to a programming error, control group students who were presented with
alternative occupations also received information about the job opportunities of these
occupations, as well as about their initial set of occupations, in both years. Because of
this error, we remove all students who were suggested alternatives from our analyses us-
ing survey and administrative data. That also means we do not consider the alternative
occupations in our analysis at all. Up to and including the posterior beliefs and ranking

data, these students are included.

5 Data

This paper builds on three sources of data: (i) data collected during the experiment, (ii)
survey data collected among graduating students in the 2019/2020 school year, and (iii)

administrative data covering up to seven years after the experiment.
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5.1 Experimental sample

We collected data between September of 2018 and July of 2020, covering the 2018/2019
and 2019/2020 school years. Of the 286 school that agreed to take part in the experiment,
we received data from 249 schools. The attrition of 37 schools is not a threat to our
internal validity, as schools did not know their treatment assignment before going through
the experiment. In total, we have 40,176 observations from participating schools. After
sequentially removing school administrators (48), first-year students (1,855; exclusion
specified in our pre-analysis plan), observations without an initial ranking of occupations
(1,082), and observations with a create date before August 1st, 2018 (5,023), we are left
with 32,168 students from 244 schools. Of the 32,168 eligible students, 3,982 changed
their initial preference ranking on a different day than they created it. We remove these
students from the sample as well (‘no mutation’ restriction). This was not pre-registered,
but necessary as we cannot exclude that these students went through the experiment
multiple times, which would make our data (the set of initially selected occupations
as well as students’ beliefs) unreliable. Reassuringly, supplemental Appendix Table C1
shows that these variables are not significantly related to treatment status.

After imposing our restrictions, we are left with 28,186 students from 243 schools.
Columns 4 to 7 of Table 1 show how these numbers relate to the number of assigned
schools, with tests for differential attrition in Table C1. Table 2 shows that demographic

covariates are also balanced between the control and treatment groups.

5.2 Survey data

In addition to the experimental data collected through the career orientation program,
we conducted a survey among graduating students in the 2019/2020 school year. For this
purpose, we invited all students who took part in our experiment in their third year in the
2018/2019 school year and students who took part in their fourth year in the 2019/2020
school year. The survey was fielded between the 15" of April and the 20" of May, 2020,
around the time at which students would need to finalize their enrollment decisions for
next school year. To incentivize responses, we announced that we would raffle off 20
€25.- vouchers for a large Dutch e-tailer among survey respondents. The survey was sent
to0 9,510 students of which 1,061 responded, implying a response rate of 11%.

Again, we impose a number of sample restrictions. First, we only consider students
who went through the experiment on a single day to avoid those who returned to their
prior ranking at a later point in time (‘no mutation’ restriction). Second, we include
only students who did not see the alternative occupations (‘no alternative occupation’
restriction). After we impose our sample restrictions, we are left with 3,580 survey
invitees, and 355 respondents. In the survey, we once again ask students to state their

beliefs about the labor market prospects of the occupations they selected as well as to
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rank the occupations based on how much they would like to carry them out later in
life. Table 2 shows that answering the survey is not related to treatment status. We do
observe that male students are less likely to show up in the survey. The differences in
the average grade the students are in, and whether they took part in the 2018/2019 or
2019/2020 school year can be ascribed to the targeting of graduating students.

5.3 Administrative data

To study long-term effects of our intervention, we match our experimental data to admin-
istrative records at the Dutch Executive Education Agency (DUO). DUO is an agency
of the Dutch Ministry of Education responsible for all administrative and informational
matters related to education. DUO manages all registrations in official education pro-
grams. The data allows us to track students’ educational status at any point in the
education system. DUO matched students to their administrative records using their
name and zip code from the Qompas system. To ensure the resulting matches from this
method are accurate, we impose a number of additional sample restrictions. First, we re-
move 32 experimental observations for which we find a duplicate match. Second, we drop
students for whom the grade they are registered in differs between the administrative
and experimental data. Last, we impose our ‘no mutation’ and ‘no alternative occupa-
tion’ restrictions. Of the 17,596 students who meet the ‘no mutation” and ‘no alternative
occupation’ restrictions in our original sample, we match 9,305 (53%) to DUO’s adminis-
trative data. Table 2 shows that, like for our full experimental sample, treatment status
is unrelated to any observable characteristics for the matched sample.!” We also do not
see large differences in the characteristics of those matched and those not matched.
Through the administrative data, we are able to observe students’ educational status
from October of the academic year they went through the experiment (i.e., 2018 or 2019)
until 2025. This means we have eight years of data for students who went through the
experiment in the 2018/2019 academic year and seven years for those who went through
the experiment in the 2019/2020 academic year. For all years, we observe highly detailed
enrollment information. While students are in pre-vocational secondary education, we
observe the grade, track, subtrack, learning pathway, and profile they are enrolled in. We
observe whether students entered the general secondary track or, as the vast majority
does, vocational education. In the latter case, we observe the exact program they are

enrolled in and match it to the occupations in the Qompas system.!®

17Since the administrative data was de-identified, we cannot match the 9,305 students in the ad-
ministrative sample to the sample of 17,596 students to e.g. run multivariate regression on matching
probability.

18Fach occupation in the Qompas system is associated with a study program identifier. While useful,
it turned out that these identifiers are in most cases deprecated. To match these identifiers to current
program identifiers, we use a crosswalk provided by the Vocational Education and Industry Partnership
(2024). This crosswalk provides a list of all current and deprecated program identifiers, allowing us to
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6 Results

We now turn to the results of the experiment. Since we analyze the impact of multiple
treatments and study several outcomes, correcting for multiple hypothesis testing is ap-
propriate. For ease of exposition, we first discuss the results in Sections 6.1 to 6.5, and

then discuss correction procedures in Section 6.6.

6.1 Descriptive statistics
6.1.1 Selected occupations

Figure 1 shows the job opportunities and hourly wages of the occupations students se-
lected for their top five before the intervention. Most selected occupations have job
opportunities that are either poor (category 2), reasonable (3) or good (4). Hourly wages
generally range between €12.- and €18.-. The Figure also shows that before the inter-
ventions there is no difference between the control and treatment groups in terms of job
opportunities and hourly wages for the occupations the students selected for their top
five.

There are some interesting patterns in the selection of the occupations. Tables C2 and
C3 in Supplemental Appendix C show that male students generally select occupations
with better job opportunities and higher hourly wages than female students do. This is
in line with the finding of Wiswall and Zafar (2017) that male students care more about
remuneration than do female students. The latter finding is interesting in particular,
since the literature (see, e.g., Bleemer and Zafar, 2018; Lergetporer et al., 2021) shows
that male students are generally less informed about earnings. The tables further show
that students in the practical pathway tend to pick occupations with worse job oppor-
tunities and lower hourly wages. Given their lower level of education, the opportunities
of occupations available to them are likely worse. There is little further heterogeneity
for job opportunities, though there is some indication that students in schools with more
profiles available pick occupations with better job opportunities as their initial favorites.
For wages, there is more heterogeneity. Students in later years select occupations with
substantially higher hourly wages. The same is true for students in schools with more
profile options, although the impact is much smaller. Notably, the coefficient of the
quality of life indicator score is negative, meaning that students from high socioeconomic

status backgrounds choose occupations with somewhat lower hourly wages.

match the program identifiers in the Qompas system to the current program identifiers we obtain as
part of the survey and administrative data. Unfortunately, not all matches are 1-to-1 meaning that a
program identifier from the Qompas system can be matched to multiple current program identifiers and
vice versa. We are able to match 450 of 480 program identifiers we observe in the administrative data
to at least one program identifier in the Qompas system.
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6.1.2 Prior beliefs

Figure 2 shows the prior belief accuracy of the control and treatment groups in the two

years of the experiment. We denote the prior beliefs of individual ¢ about the job oppor-
Prior
0,3

by Oj‘d“al . We apply the same notation to the hourly wages, which we denote as W.

tunities of occupation j by O , and the actual job opportunities for that occupation
To measure belief accuracy, we first consider the difference between individual i’s be-
lief about the prospects of occupation j and its actual prospects: Off“r — Of“"al and
Wg”or — I/VJACW“Z. These differences, which we report in Figure 2, allow us to analyze
the degree of over- and underestimation of job opportunities and hourly wages. In the
2018/2019 school year, treated students show significantly more accurate expectations
about the job opportunities and hourly wages than do control group students. This is
likely due to the programming error that enabled students to correct their initial beliefs, as
discussed in Section 4.3. As stated there, we will not include students from the 2018/2019
school year in our analyses whenever we make us of prior beliefs. In the 2019/2020 school
year, when the programming error was fixed, there is no difference between the beliefs of
control and treatment group students, as shown in the panels on the right-hand side of
Figure 2.

The figure shows left-skewed distributions, which indicates that students tend to over-
estimate the labor market prospects of their preferred occupations. This observation
should be interpreted with caution, however. First, job opportunities are measured using
ordinal categories. Differences between students’ beliefs and the provided information
could thus be caused by misperceptions about the true job opportunities as well as by
differences in the interpretation of what sort of job opportunities are (very) poor, rea-
sonable and (very) good.' Second, the distribution of ‘true’ values is right-skewed, see
Figure 1. That is, occupations with very poor and poor job opportunities and hourly
wages between €10.- and €17.- are more common than occupations with good and very
good job opportunities and hourly wages €19.- to €26.-. If students’ answers tended
towards the scales” midpoints, Figure 2 may show excessive overestimations.

That said, Figure 3 does lend credibility to the idea that students overestimate the
labor market prospects of the occupations they are most interested in. The graph shows
that the overestimation of both job opportunities and hourly wages is most pronounced
for the initially highest-ranked occupation, and gradually decreases with the occupation’s
rank. There are two likely explanations for this: (i) students may attempt to justify their

occupational preferences by assigning better labor market prospects to those they have

19We can partially assess to what degree students correctly rank the job opportunities of occupations.
Specifically, we can ask in what fraction of cases students’ order their beliefs about the job opportunities
of two occupations in line with the true job opportunities according to the information we provide.
Focusing on pairs of occupations that can be ordered (i.e., do not have the same job opportunities), we
find that students correctly order job opportunities 30% of the time, believe they are equal 44% of the
time, and misorder them 26% of the time.
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ranked higher, or (ii) students may be more interested in occupations with better labor
market prospects, which would put those for which they draw higher beliefs at the top

of their ranking.?°

6.1.3 Time spent processing

A natural question to ask prior to assessing the impact of the treatment is whether stu-
dents in the treatment group actually paid attention to the information we showed them.
A sensible proxy for this is the time it took students to go from the initial beliefs elicita-
tion to the posterior ranking (i.e., the time spent on studying the information screens and
watching the video about work). To process the information provided, treated students
should take more time to get to the posterior rankings than control students, who see no
information screens. Beyond seeing whether treated students actually paid attention to
the information we provided, this exercise is also useful to see how the treatments pro-
viding information about just the job opportunities differ from those where information
about both the job opportunities and hourly wages are provided. If students spend equal

21 we expect the treatment groups

amounts of time processing each piece of information,
that received information about both the job opportunities and hourly wages to spend
up to twice as much time on processing the information as the groups that just received
information about the job opportunities.

Figure 4 shows how the time spent differs between the groups. The time spent variable
has considerable outliers, so we trim it at the 5" and 95" percentile. The control group
takes about 70 seconds from stating their initial beliefs to making the posterior ranking.
Most of this time is likely spent on watching the general video about work (Section 4.4).22
Students in the job opportunities treatment take about 14 more seconds to get to the
posterior ranking. Since the five pieces of information is the only difference between this

group and the control group, this indicates they spend on average a little under 3 seconds

20When using central tendency measures, errors in beliefs that have opposite directions may cancel
each other out. We therefore consider two additional metrics to assess the accuracy of students’ beliefs
and how these differ by a number of characteristics. First, we analyze the absolute values of the belief
errors: |OF Tior — Of“’t“‘”| and |ij”‘” - WJACt““lL Second, we analyze how often beliefs are exactly
correct (i.e., OFFior — Ogtetual — (0 and Wrier — Wwetual — (). Table C4 in Supplemental Appendix
C shows heterogeneity in belief accuracy among control group students. The table shows that male
students tend to overestimate both job opportunities and hourly wages to a larger degree than do female
students. They also make larger absolute errors and are less likely to be correct. Third-year students, but
in particular fourth-year students make fewer and smaller absolute errors than do second-year students,
suggesting students become better informed as they get closer to having to make a decision on which
program to enroll in. As shown in Figure 3, higher ranked occupations are overestimated to a much
larger degree. The difference between the number one and number five ranked occupation is almost an
entire category for the job opportunities and €1.50 for the hourly wages.

21'We define a piece of information to be an information about one characteristic of one occupation
(e.g., the job opportunities of the second-ranked occupation).

22The video lasts 1 minute and 49 seconds, see: https://www.youtube.com/watch?v=YJ78VDQr03c.
Since students in the control group on average take 70 seconds to arrive at the posterior ranking, it
follows that not all students watched the video completely.
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on each piece of information. Those students who additionally receive information about
the hourly wages spend a little over 24 seconds longer on the information than students
in the control group. F-tests show that we can reject the null hypothesis that students
in the job opportunities treatments spend as much time as those in the job opportunities
and hourly wages treatment (p<0.01), indicating that students exert additional time to
learn about the hourly wages. In fact, we cannot reject that students in the job oppor-
tunities and hourly wages treatment spend twice as much additional time studying the
information as those in the job opportunities treatment. This indicates that students
spend approximately an equal amount of time on each piece of individual information.
Note that the additional 14 to 24 seconds treated students spend to process the informa-
tion may be an underestimation of the true time they spend before they make long-term
decisions. As stated in Section 2, their file (including the results of our experiment) is

available to students, and they are supposed to periodically review it.

6.2 Short-term and medium-term treatment impact

6.2.1 Posterior beliefs

The analyses of time spent clearly show that students spend time to process the informa-
tion we provide. That still leaves the possibility that they do not understand or believe
the information. It is therefore useful to study how beliefs change immediately after
receiving the information. We preregistered our hypothesis that “We expect that the up-
dated beliefs of students in the treatment groups will be more accurate (i.e., more in line
with the provided information) than those of individuals in the control group (who did not
receive the information)”. Figure 5 shows the posterior belief accuracy for the control

group and relevant treatment groups. We denote the posterior beliefs of individual ¢
Post
7’7‘7

WZ.ZO“. The graphs show that in both years, students in both treatment groups are much

about the job opportunities of occupation j by O and that of the hourly wages by
more likely to be correct about the job opportunities, and those who additionally received
information about the hourly wages are also more likely to be correct about those. Both
of these results are largely driven by the correction of overestimations. Students who
initially underestimated the labor market prospects of their occupations react much less
strongly than those who initially overestimated them.

We further preregistered a hypothesis that “The degree to which beliefs are updated
may depend on the distance between the prior belief and information provided. Distance
and updating may relate non-linearly as higher distance may affect how reliable the student
thinks the provided information is”. Tables C5 and C6 in Supplemental Appendix C
speak to this, using the 2019/2020 cohort, where we can use students’ prior beliefs in
the analysis. Table C5 shows that the treatment impact on the posterior absolute error

increases linearly in the initial absolute error, with a further increase when the initial
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mistake was an overestimation. For being exactly correct, we do see a non-linear impact:
the largest positive impact of the treatment on the likelihood of being exactly correct
is at an overestimation of two categories. For students who initially overestimated the
job opportunities by four categories, the treatment barely has an impact. Table C6
shows a similar picture for the wages. Those who received wage information correct their
beliefs more strongly when the initial absolute error was larger, and more so if it was
an overestimation. However, those who made particularly large errors barely react: the
impact of the treatment on the likelihood of being exactly correct hits zero at an initial
absolute error of €12. Interestingly, there also seems to be a response from the group that
only receive information about the job opportunities if they were very far off initially.
Students likely infer that if they were far off on the job opportunities, they were off on the
wages as well. This makes sense, as job opportunities and wages are strongly correlated.

We further hypothesized that students “are more sensitive to information provided by
experienced senders” and “more sensitive to information provided by senders of their own
gender”. We find no support for these hypotheses. Table C7 in Supplemental Appendix
C shows that the treatment is equally effective when we state that the information comes
from an institute, or from a researcher at that institute. Zooming in on the specific
researcher, Table C8 in Supplemental Appendix C shows that neither whether the sender
was an experienced or inexperienced researcher, nor whether the sender was a male or
a female researcher matters for the degree to which beliefs are updated. This holds for
both male and female students.

Next, we study how persistent the effects on posterior beliefs are. Table C9 in Sup-
plemental Appendix C shows that beliefs about the job opportunities remain somewhat
more accurate at the time of the survey for students treated in the 2019/2020 school year
(that is, up to seven months after treatment). This does not hold for those treated in
the 2018/2019 school year (who completed the survey over a year after the treatment).
However, we cannot ascribe the difference to time since treatment alone. The reason
is that information on job opportunities and hourly wages may become more important
as students get closer to their vocational education decision. As we survey graduating
students, the students who received the information most recently were also much closer
to the end of their pre-vocational secondary school career. As such, the reason these
students better recall the information may be that they paid more attention to it, not
that they received it more recently. With our data, we cannot distinguish between these
two mechanisms. For the hourly wages, we find that treated students do not have more

accurate beliefs than the control group for both years of the experiment.
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6.2.2 Rankings

For the preference ranking of occupations, we hypothesized that the “provided labor
market information influences the students’ rankings of occupations”. Specifically, we
stated that “We will analyze whether the occupation ranked number one changes more
often between the first and second elicitation for the treatment groups than for the control
group”. Table 3 shows how the treatment affects the likelihood of students changing their
favorite occupation between the first and second elicitation. We observe that students
in the treatment group indeed change their favorite occupation significantly more often
than those in the control group. The effect size is fairly small, however. In the control
group, approximately 5.7% of students change their favorite occupation. In the treatment
groups, this share reaches up to 7.9%, or 2.2 percentage points higher. A natural question
is whether students who spend more time considering the information are more responsive
to it. This is a difficult question to answer convincingly, as the measure is influenced by
treatment status. Even so, one may assume that students who clicked through very
rapidly (e.g., took only five seconds) certainly did not take the task seriously. Figure B2
shows the coefficient on the likelihood of the student’s favorite occupation changing when
we drop students who got through the posterior ranking in less time than listed on the
x-axis. We see what one would expect: reassuringly, the coefficient becomes larger when
we drop students who spend little time, indicating that they need some time to process
the information.??

The fact that students in the treatment group change their favorite occupation (slightly)
more often does not tell the whole story, however. Table 3 also shows whether students
in the treatment group switch towards occupations with better labor market prospects.
AO;‘“““Z and AVV]-ACt““I , respectively, denote the difference in the job opportunities and
hourly wages between the number one ranked occupation at first elicitation and the
number one ranked occupation at second elicitation. If a student does not change their
favorite occupation between the first and second elicitation, AO]AC““’Z = AVV]A““‘” = 0.
Columns 2 and 4 show the effect unconditional on actually changing the number one
ranked occupation. The job opportunities in the treatment groups rise by anywhere from
0.0201 to 0.0302 categories. For the wage treatments, the hourly wages rise by about
€0.09. Notably, the coefficients for the job opportunities information treatments coef-
ficient are also positive, though only significant for one of them. The impact is likely
caused by the strong positive correlation between job opportunities and hourly wages.
Columns 3 and 5 show the change for students who did change their favorite occupation.

For students in the treatment groups, the job opportunities move up by 0.330 to 0.474

23GSince the treatment group needs to click through one more screen, their time will naturally be
slightly longer, even if they do not pause to look at the information. This means the control group
will lose students who did not take the experiment seriously more quickly, and the treatment group will
therefore be more negatively selected in this analysis. This means the change in the coefficient by time
spent is biased downwards, if anything.
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categories and hourly wages by €1.12 to €1.21. It is important to note that in both cases,
the job opportunities and hourly wages hardly move at all for control group students, see
the control mean in the third to last row of Table 3.

We further specified that we expect that “the better the news about an occupation’s
prospects compared to the news about the initial number one ranked occupation, the more
likely it is that it takes over the number one spot”. To answer this question, we estimate
a conditional logit model for the probability of assigning occupation j to rank 1, as a
function of its initial rank and the news received about the occupation (Ot — Ofrier

OActual and

and I/VJAC““” — Wiﬁ”"’”), or the information received about the occupation (
WJA“““Z). Table C10 in Supplemental Appendix C shows the results, which are in line with
our hypothesis. Column 1 shows that when treated students receive positive news about
the job opportunities of an occupation, they are more likely to rank that occupation
at number 1 at second elicitation. The impact of the wages is more muted, though
also positive. The impacts in Column 2 are larger. A 1 category increase in the job
opportunities of occupation j increase the odds of it ending up at rank 1 by 23.2% in
the job opportunities treatment. That impact is only half as large in the group that also
received information about wages (an increase of about 12%), but we also observe a large
positive impact of a €1 increase in the wages (a 9% increase in the odds). Lastly, we
stated that “Moreover, we think that the higher this occupation was originally ranked, the
more likely this is to happen as well”. Tt is clear that occupations ranked higher initially
have a larger chance of taking the top spot, but the occurrence of switches is sufficiently
rare that we are not powered to test this hypothesis.

Table C11 in Supplemental Appendix C shows there is no effect of the identity of the
information sender here either, neither for male nor female students.

We do not find evidence that treated students still prefer occupations with better
prospects in the survey. However, the sample size is small, and Columns 1 and 3 of Table
C12 in Supplemental Appendix C show that the treated students in the survey did not
switch to occupations with better prospects directly after the intervention either. Hence,
the lack of an effect at time of the survey is likely due to a lack of power and selection
into survey participation, a problem we do not face when using the administrative data

on actual education choices, to which we turn now.

6.3 Impact on educational decisions

We analyze the treatment impact on the profile choice in pre-vocational secondary school
and on vocational education outcomes. As we have not found any evidence that the iden-
tity of the sender impacts the response to the treatment, we collapse the four treatments

into two:

1. Job Opportunities Information Treatment
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2. Wage and Job Opportunities Information Treatment

This makes the interpretation of the results easier, and increases power of the individual
estimates as the sample size for each collapsed treatment is larger. For these analyses,
we rely on our administrative data sample. Tables C13, C14 and C15 show that the
heterogeneity in the job opportunities and hourly wages of selected occupations, as well
as the treatment’s initial impact on beliefs and preferences is similar for the administrative
sample and the full experimental sample. This provides reassurance that any treatment

impact on long-term outcomes operates through the same causal chain.

6.3.1 Profile choice

The outcome of interest for second-year students is whether we observe the student as
enrolled in profile P in the next school year. We pre-registered the hypothesis that “/we/
expect that the more and the better the news one receives about occupations associated
with a particular study profile compared to the news about occupations associated with
the prior intended profile choice, the more likely it is that the profile is chosen”. We
estimate a conditional logit model for the probability of choosing profile P as a function
of its attributes. We study the effects of two different attributes: (i) the news and
(ii) the average information provided about the job opportunities and hourly wages of
occupations belonging to a profile. For this analysis, we restrict the sample to students
that we first observed in their second year (i.e., before they made their profile choice).
We define the information that students received about each profile in two different
ways. First, we calculate the ‘news’ about each profile P as Op = | iep (O}f“““&ll — OE ;ior)
and Wp = Zje P (VV]-A“ual — ijﬂor). These values increase for every occupation j be-
longing to profile P for which the student received good news (i.e., they underestimated
the occupation’s labor market prospects). This variable therefore contains information
on the amount of news the student received, as well as the direction of that news. This
aligns well with our pre-registered hypothesis. The main advantage of this operational-
ization is that we can set this value to 0 for profiles not associated with any occupations
the student selected. This means it is defined for all possible profiles the student can
choose. Using Op and Wp also comes with downsides. While this method captures the
‘surprise’ element of the treatment, measurement error in the prior beliefs of the labor
market prospects of the occupations may lead to attenuation bias. Additionally, we have
to restrict the sample to the 2019/2020 treatment year. This is because prior beliefs are
essential for this analysis and a programming error led to bias in our measure of prior
beliefs in the 2018/2019 school year, as discussed in Section 4.7. As a robustness check,
we run another analysis in which we use the average information received about the job
opportunities and hourly wages of occupations belonging to a profile. Specifically, we
Zier (0 ()

> f
N ) and Wp = =8

Ny . These variables take care of the

calculate Op =
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downsides that come with the news values, but do have their own drawbacks. Beyond the
fact that it does not take prior beliefs into account, it is also problematic that these co-
variates are only defined for profiles associated with occupations that the student picked.
Together, we believe they provide a comprehensive analysis of the profile choice. The
last restriction we impose is that profile P has to be available at the student’s school.
We consider a profile P to be available if we observe at least one student enrolled in this
profile at the school.

Table 4 shows the results of the analysis, with the coefficients expressed as odds ratios.
The first three columns show the impact of the news, and the last three columns show
the impact of the average presented information. Within each set of columns, the first
column shows the overall impact. The second column shows the impact on students on
the theoretical pathway (who can choose among four profiles; see Section 2), and the third
column shows the impact for those on the practical pathways (who can choose among ten
profiles). To increase precision of our estimates, we include a dummy to indicate whether
the profile was part of the student’s intended profile choice and a set of dummies for the
number of occupations the student selected associated with the profile.

Column 1 shows that for students who received information about just the job op-
portunities compared to the control group, the odds of choosing profile P increases by
about 4% if the job opportunities were ‘underestimated’ by one category, though it is
insignificant. The estimated impact for students in the wage and job opportunities treat-
ment is smaller at an increase of about 2%, and also insignificant. The x? test shows that
the impact of the news about the job opportunities is not jointly significant among the
two treatments. We do not find any evidence that wage news impacts the profile choice
either. The same conclusion holds for students in the theoretical and practical pathway
separately.

When we move to the average information provided in Columns 4 to 6, we find a lit-
tle more evidence that the treatment impacted the profile choice. Students who received
information about both the job opportunities and wages seem to select profiles for which
they observe better average job opportunities, with the estimate being marginally signifi-
cant. The coefficient on average observed wages is negative for students in this treatment
group, which will partially offset the impact of the information, as job opportunities and
hourly wages are strongly correlated. The treatment impact appears much smaller for
students who received information about just the job opportunities. All-in-all, we con-
clude that the treatment had little impact on the profile choice of students through news

and information about the job opportunities and hourly wages.
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6.3.2 Grade retention and post-graduation extensive margin decisions

Before we turn to the study program choice, we are first interested in students’ academic
performance (i.e., are they ever retained?) and extensive margin decisions (i.e., are they
more or less likely to enroll in and graduate from vocational education or general sec-
ondary education?). This is important, since it would complicate the analysis if students
were to differ on these dimensions. Table C16 in Supplemental Appendix C shows that
this is not the case. Conditional on a set of baseline covariates, there is no significant
impact of the treatment on ever being retained (Column 1), starting general secondary
education (Column 2), starting vocational education (Column 3), or graduating from
vocational education (Column 4). However, there are notable differences in who starts
and graduates from vocational education, which is relevant for the sample of students for
whom we observe the initial program choice and the program from which they obtain a
degree. Students who took part in 2019/2020 are slightly more likely to enroll in voca-
tional education, but slightly less likely to graduate. The latter is likely explained by the
fact that they are on average one year behind the earlier cohort. Men are less likely to
graduate, while students from higher socioeconomic status backgrounds are more likely to
do so. Students from schools with more profiles available are less likely to both start and
graduate. Students who took part in their fourth year of pre-vocational secondary edu-
cation are more likely to start vocational education, though not more likely to graduate.
Lastly, students on the practical pathway start and graduate from vocational education
more often. This is not surprising, since attending different types of education is less

common for this group, as described in Section 2.

6.3.3 Study program choice

We now turn to the impact of the treatment on the study program choice. With the above
sample considerations in mind, Table 5 provides the answer to the most policy-relevant
question of the paper: do students who receive information enroll in, and graduate from,
programs associated with occupations that provide better labor market prospects? Since
our estimated treatment effects on starting and graduating from secondary vocational
education are close to zero, selective attrition is not a major concern for this analysis. A
student is coded as having chosen a program associated with an occupation if the study
program the student enrolled in had a crosswalk connection to the program identifier in
the Qompas system. Note that we do not require this match to be unique. To calculate
the labor market prospects of each program, we take the frequency-weighted average
of the labor market prospects of all occupations associated with the current program

identifier.?*

24We base the weight on the number of choice sets (i.e., top-5 occupations) the occupation was included
in.
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We consider the job opportunities and hourly wages of two programs in this anal-
ysis: (i) the first program that students enrolled in [first choice] at entry in vocational
education, and (ii) the program the students graduate from [degree obtained]. Including
both provides us with a sense of the impact of the treatment on the initial choice, while
ensuring that students are not initially picking a program with better prospects only to
later switch to the program they intended to enroll into in the first place. Beyond the
covariates listed in the regression table, all regressions contain fixed effects for each of the
occupations the students selected to be in their top five to account for initial preferences.?®

The results in Column 1 of Table 5 show that treated students initially enroll in
programs associated with occupations that provide better job opportunities; between
0.07 and 0.08 categories on average, or a 2.4% increase over the control group mean. The
impact of the two treatment types is jointly significant at the 5%-level. The same holds
true for the hourly wages of the first choice in Column 2, which increase by €0.19.- to
€0.24.-; an increase of 1.1 to 1.4% of the control group mean and also jointly significant
at the 5%-level. It may seem surprising that the coefficient on the job opportunities
treatment is positive as well but the correlation between job opportunities and hourly
wages is around 0.5. It is therefore not surprising that those who receive information
about the job opportunities and respond to it also choose programs with higher hourly
wages. Additionally, the survey evidence shows that students tend to forget about the
information provided about hourly wages more quickly, which may explain the lack of
a difference between the two treatments on this dimension. The relative impact on the
job opportunities is also about two times the size of that on hourly wages. Columns 3
and 4 show highly similar results to Columns 1 and 2, though the impact on the job
opportunities is larger (up to 3.0% of the control group mean) and the impact on the
hourly wages is smaller (less than 1% of the control group mean). Since the samples differ
between Columns (1) and (2) on the one hand, and (3) and (4) on the other, there may
still be significant attenuation of the treatment effect if graduating students initially chose
study programs associated with occupations that have much better prospects. Table C19
in the Supplemental Appendix shows that this is not the case. In fact, we see that the
labor market prospects of the programs the sample of students who graduated initially
enrolled in are highly similar to those of the programs they ultimately graduate from.
All-in-all, this is strong evidence that the treatment has an impact that persists until
graduation.

It is worth comparing the treatment effect in Table 5 to that on the immediate change

25Tables C17 and C18 in Supplemental Appendix C show the job opportunities and hourly wages of
selected occupations in the administrative sample, respectively. There is some meaningful imbalance.
The job opportunities of students’ initial favorite occupation is 2.5% lower in the job opportunities
treatment than in the control group. For wages, the imbalance is smaller (1.4% of the control mean)
but more persistent across choices. Controlling for the set of selected occupations is therefore important.
Since these occupations were selected before the treatment, this is not a threat to internal validity.
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in job opportunities and hourly wages of the number one ranked occupation in Table 3.
One might expect that, similar to the treatment impact on belief accuracy, the immediate
impact would be large but decrease over time. This is not what we find. In fact, the
results in Table 5 show a much larger impact of the treatment on the job opportunities and
hourly wages of the chosen study programs than on the number one ranked occupation.
A possible explanation for this is that students were restricted by their initial choice set in
the experimental data. These restrictions do not apply for their actual program choice.?
In response to the treatment, students may have gathered information about labor market
prospects on a broader range of occupations and, consequently, made choices associated
with better prospects. While not conclusive, Table C20 provides some support for this
explanation. The Table shows the job opportunities and hourly wages of the initially
chosen study program, with the sample split by whether the program is associated with
any of the occupations inside the student’s initial choice set or not. While the effect
sizes are larger for students who chose a program associated with one of the occupations
from their initial choice set, the estimates for those who do not are also positive and
not substantially smaller. Of course, the results in this Table should be interpreted
with caution, as the treatment likely influenced students’ decisions to choose a program
associated with one of the occupations in their initial choice set. Other explanations for
the tension between Table 3 and Table 5 are (i) that the initial post-treatment choice
is low-stakes compared to the actual program choice and students therefore take it less
seriously, introducing measurement error, and (ii) that students need some time to reflect
on the information before it influences their decision.

While we consider the results in Table 5 to be the most policy relevant, they do not
speak to the mechanism through which the treatment operates. In our pre-analysis plan,
we describe a likely mechanism: that students are more likely to pick a study program
associated with an occupation about which they receive good news. Specifically, we state
that we “expect that the better the news about an occupation’s prospects compared to the
news about the other occupations, the more likely it is that the student decides to pursue
the study program associated with this occupation”. To this end, we estimate another
conditional logit model. The outcome of interest is whether the student selected a study
program associated with occupation j. The main covariates of interest are the news and
information provided about the occupation, interacted with the treatment. Note that
this restricts our analysis to the 25% of students who picked a program associated with
one of their initial occupations of interest. Table C21 in the Supplemental Appendix
shows the results of this analysis.

Column 1 shows the impact of news about the job opportunities and wages on the

26n fact, we observe that only 28% of students who start secondary vocational education end up
picking a program associated with an occupation that appeared in their initial five, of which 54% pick a
program associated with their initial favorite.
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first choice upon enrolling in vocational education. None of the individual treatment
interaction coefficients are significant, and joint significance tests of both the impact of job
opportunities news in both treatments, and the impact of job opportunities and wage news
in the job opportunities and wage information treatment fail to reject the null hypothesis
that there is no impact. The impact on the final choice in Column 3 looks similar. Column
2, which considers only the information, and allows us to include more students in the
sample, and avoids measurement error related to inaccurate belief elicitation, shows larger
impacts. We observe that information about the job opportunities increases the odds of
picking a program associated with the occupation by 8% to 15% for the treatments, with
no discernible impact of wage information. Like before, Column 4 looks similar.

All in all, Tables 5 and C21 show that the treatment has an impact on the labor
market prospects of programs the students choose. Some of this impact appears to be
driven by switches within the initial choice set, but it is likely that the treatment also

made students more broadly aware about labor market prospects.

6.4 Impact on sectoral composition

Now that we have established that treated students actually enroll in and graduate from
programs with better labor market prospects, we study how this affects the sectoral com-
position of chosen vocational education programs. Are students moving across sectors to
enroll in programs with better labor market prospects, or do they choose more promising
programs within their initial sector of interest? One may worry that moving across sec-
tors comes at the cost of match quality in terms of skills and preferences. Note, however,
that our intervention is specifically designed to avoid this, by only providing students
with labor market information about occupations they are already interested in.

We use two sector definitions. The first is the official Dutch secondary vocational edu-
cation sector classification. In this classification, programs are divided into nine education
sectors, roughly similar to the profiles in secondary vocational education.?” The second
is its international equivalent: the ISCED-F classification. The ISCED-F classification
contains 11 broad fields.?

We conduct two analyses. First, we ask whether treated students are less likely to

choose a program in the same sector as their initial main occupation of interest. Table 6

271. Technology and the Built Environment, 2. Mobility, Transport, Logistics, and Maritime, 3. Care,
Welfare, and Sports, 4. Trade, 5. ICT and Creative Industries, 6. Food, Green, and Hospitality, 7.
Business Services and Security, 8. Specialist Craftsmanship 9. Entry-Level Programs. We include the
first seven in our analyses, as sectors 8 and 9 are rarely chosen.

281. Generic programs and qualifications, 2. Education, 3. Arts and humanities, 4. Social sciences,
journalism and information, 5. Business, administration and law, 6. Natural sciences, mathematics
and statistics. 7. Information and Communication Technologies, 8. Engineering, manufacturing and
construction, 9. Agriculture, forestry, fisheries and veterinary, 10. Health and welfare, 11. Services.
We ignore generic programs, social sciences, and natural sciences, as these are almost entirely absent in
vocational education.
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shows weak evidence for this. In Columns 1 and 2, we compare the Dutch classification
sector of the initially chosen program and the program students graduate from (respec-
tively) to the sector associated with the initial favorite occupation. In Columns 3 and
4, we use the ISCED-F classification. In both cases, the control mean is right around
50%. We find small negative effects for the job opportunities treatment, though they are
not statistically significant at conventional levels. For the combined treatment, the sign
of the point estimates are mixed and not statistically significant either. The joint tests
further do not allow us to reject the null hypothesis that the likelihood of choosing a
program in the same sector as the main occupation of interest is the same between the
control and treatment groups.

Since over 50% switch sectors in both groups, the sectoral composition could still
be affected by the treatment. Conditional on switching, treated students may switch to-
wards sectors with better labor market prospects, similar to what we observed in Table 3.
Figures 6a and 6b show that we find little evidence for this in the Dutch classification.?”
There are no significant differences in the sectoral composition of chosen programs, de-
spite notable differences in job opportunities and wages. However, Figures 6¢ and 6d
paint a slightly different picture. First, the ISCED-F classification shows larger differ-
ences in labor market prospects between sectors than the Dutch classification. We also
observe more movement in the sectoral composition in Panel 6¢ than we do in 6a. The
analyses suggest that there is some movement away from the services (in the job opportu-
nities treatment in particular) and education (in the job opportunities and hourly wages
treatment in particular) sectors and into the health sector according to the ISCED-F
classification. That said, most other sectors look unaffected. We conclude that there
is no strong evidence that our intervention generates large shifts across sectors of ed-
ucation. Rather, our intervention mainly works through changing students’ choices to
more promising occupations within sectors they were likely to choose in absence of the

intervention.

6.5 Heterogeneity

We preregistered a number of hypotheses related to treatment effect heterogeneity. Specif-
ically, we hypothesized that the treatment would have a larger impact on students from
low socioeconomic status, and when more profiles are available. Moreover, we hypoth-
esized a differential impact between male and female students. We further believe the
timing of the intervention is worth analyzing (i.e., whether students took part in their
second, third or fourth year of pre-vocational secondary education), and by school year
(2018/2019 or 2019/2020). We think the timing of the intervention is especially relevant,

29For these analyses, we run a multionomial logit with the standard set of control variables, except for
the dummies for the selected occupations. The graph shows the margins from this analysis.
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as to our knowledge, our study is the only study in which there is variation in this. We
conduct these heterogeneity analyses by splitting the sample. This means these results
can be interpreted as the impact we would have found if we had conducted the exper-
iment with the specific sample. Since we believe the analyses in Table 5 to be most
policy-relevant, we mimic this in our heterogeneity analyses. Note that the coefficients
of these heterogeneity analyses need not be the average of the overall analysis. Because
we split the sample, the coefficients of baseline covariates may also change.

Table 7 presents the results. We first observe that the treatment has a positive
impact on students from both low and high quality of life indicator score neighborhoods.
Between male and female students, it looks like female students tend towards programs
with better job opportunities following the treatment, whereas men gravitate towards
occupations with higher wages.

The timing of the intervention also shows interesting heterogeneity. The treatment
impact is largest for students who take it in their third (i.e., the penultimate) year of pre-
vocational secondary school. The smaller, mostly insignificant, impacts on second year
students despite the large sample size are in line with our findings in Table 4 showing
hardly any impact on the profile choice. The impact for fourth year students is noisily
estimated, because of the small sample size. Of course, we cannot rule out that career
orientation counselors who decide to have students take the occupation test in the third
year differ from those who take the test in the other years in other dimensions and affect
students’ study program choices in others ways. This does not threaten internal validity,
but does threaten the interpretation that the third year is the right time to do this
intervention. Between the two school years in which the intervention was conducted,
we observe that the treatment had a larger impact on wages for the 2019/2020 school
year. We do not have a strong prior for why this is the case but students who took
part in this year were obviously affected by the Covid pandemic. This may have limited
their opportunities to obtain information in other ways, and have therefore increased the

impact of the treatment.

6.6 Multiple hypothesis testing

We implement the Benjamini-Hochberg procedure for controlling the false discovery rate
(Benjamini and Hochberg, 1995). It involves ordering the p-values p; of the m tested
hypotheses such that p; < ... < p,,. One then rejects the null hypothesis for those
outcomes where the p-value is below %q*, where ¢* is the critical value (e.g., 0.05) and
1* is the hypothesis test with the highest p-value that satisfies p; < %q*. The Benjamini-
Hochberg correction has more power than the Bonferroni correction, where all p-values
are compared to %q*, which ensures that the probability of falsely rejecting any (i.e., at

least one) true null hypothesis is at most ¢*. However, this comes at the cost of a much
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higher risk of false negatives. The Benjamini-Hochberg correction controls the expected
share of false rejections in the set of rejected hypotheses. Intuitively, the Bonferroni sets
the risk that any findings are false positives. Benjamini-Hochberg controls the expected
proportion of false positives among rejected null hypotheses.

Table 8 shows how the outcomes from Tables 3, 4, 5, 6 and 7 fare under this correction.
In Column 2, we specify which outcomes are included in m and thus determine the critical
p-values. Since Tables 4 and 6 did not show any statistically significant effects to begin
with, none of the null hypotheses are rejected under the corrected p-values either. The
results in Columns 1, 2, and 4 from Table 3 are unaffected by correcting for multiple
hypothesis testing. This is not surprising, as all results are precisely estimated and the
p-value of the joint significance of the treatments is lower than 0.001 for all of them. For
Table 5, the results are somewhat sensitive to which outcomes we include. If we include
just the initial choice, the results remain significant at the 5% level for the initial choice.
For the job opportunities of the degree obtained, the results remain marginally significant
when including all outcomes in the table, but this is not the case when only Columns 3
and 4 are included. The impact on hourly wages remains insignificant. In Table 7 | only
the differential impact for students taking part in the experiment in their third year of
pre-vocational secondary education remains statistically significant; at the 5%-level for
job opportunities, and the 1%-level for hourly wages. All-in-all, the results are mostly

robust to correction for multiple hypothesis testing.

7 Conclusion

In this paper, we presented the results of a field experiment aimed at improving the
accuracy of pre-vocational education students’ beliefs about the job opportunities and
hourly wages of occupations they are interested in. In line with the literature, we find that
students’ prior beliefs are highly inaccurate. In our sample, students strongly overestimate
both job opportunities and hourly wages, particularly for their favorite occupations. This
could be innocuous, and simply the result of students rationalizing their choices. However,
if students gather noisy information and tend to gravitate towards the occupations for
which they learn the labor market prospects are best, these will often be the occupations
for which the information was least accurate in a winner’s curse fashion. This underlines
the importance of providing students with accurate information.

Our results show that providing labor market information is effective in correcting
belief errors in the short term. Survey data suggests that these beliefs stick for at least a
couple of months, but only for the job opportunities. Students who receive information
are more likely to change their favorite occupation between the first and second elicitation
of the ranking and, if they do so, switch towards occupations with better labor market

prospects. We also find clean evidence that our treatment affects actual educational
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decisions. Students who receive labor market information enroll in, and graduate from,
programs associated with occupations that provide better labor market prospects. The
effects are sizeable, particularly considering the light-touch interventions that we study.
Our intervention is relevant from a policy perspective, as it makes use of readily available
information on supply-demand ratios and can thus be easily replicated and scaled up at
low costs. Future studies may want to explore how to further improve the effectiveness of
such information. For instance, by exploring the impact of different labor market indica-
tors (such as, e.g., wage growth, flexibility, and job satisfaction) and ways of presenting

the information.
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Tables

Table 1: Treatment assignment, participation and analysis sample overview

Treatment Group Frac. of Schools | Assigned Schools | Participating Schools | Participating Students | Schools in Analysis | Students in Analysis
Control Group 1/3 96 82 10,901 81 9,259
Job Opp. Info by Researcher (Treatment 1) 1/6 47 42 5,790 42 5,098
Job Opp. Info by Research Institute (Treatment 2) /6 a7 10 5,633 10 5,133
Job Opp. & Wage Info by Researcher (Treatment 3) 1/6 13 33 4,761 38 4,231
Job Opp. & Wage Info by Research Institute (Treatment 4) 1/6 48 42 5,083 42 4,465
Total 1 286 244 32,168 243 28,186

Table 2: Balance table

Control Job Opp. Info - Researcher Job Opp. Info - Institute Job Opp. & Wage Info - Researcher  Job Opp. & Wage Info - Institute
Mean  Std. Dev Mean Std. Dev Mean Std. Dev Mean Std. Dev Mean Std. Dev P-value joint sign.

Full sample

Nmbr of Students 164.14 134.24 175.55 147.33 178.00 121.59 158.21 118.49 150.10 110.95 0.82
Share 2-3 profiles 0.30 0.46 0.29 0.46 0.25 0.44 0.50 0.31 0.47 0.74
Share unknown profiles  0.62 0.49 0.50 0.51 0.65 0.48 0.51 0.57 0.50 0.59
Male 0.52 0.50 0.52 0.50 0.56 0.50 0.50 0.50 0.50 0.46
Grade 0.64 2.45 0.64 2.55 0.68 0.60 2.48 0.67 0.84
QOL Score 1.34 6.56 1.29 6.77 1.22 1.41 6.49 1.44 0.63
Took part in 2019/2020 0.50 0.47 0.50 0.44 0.50 0.50 0.47 0.50 0.91
Practical pathway 0.47 0.39 0.49 0.46 0.50 0.50 0.42 0.49 0.38
Admin sample

Nmbr of Students 173.68  134.83  194.51 146.92 182.36 119.97 113.27 150.10 110.95 0.55
Share 2-3 profiles 0.25 0.44 0.19 0.40 0.18 0.39 0.48 0.21 0.42 0.54
Share unknown profiles 0.61 0.49 0.51 0.51 0.64 0.49 0.51 0.57 0.50 0.66
Male 0.50 0.55 0.50 0.61 0.49 0.50 0.53 0.50 0.58
Grade . 0.6: 2.49 0.66 2.53 0.68 0.59 2.50 0.67 0.63
QOL Score 6.62 1.33 6.65 1.27 6.90 118 1.46 6.47 145 0.32
Took part 2019/2020 0.50 0.50 0.45 0.50 0.43 0.50 0.50 0.49 0.50 0.42
Practical pathway 0.25 0.43 0.37 0.48 0.38 0.49 0.48 0.33 0.47 0.39
Survey sample

Nmbr of Students 200.33  109.56  192.53 162.54 212.25 129.59 197.69 129.45 121.23 0.99
Share 2-3 profiles 0.18 0.39 0.13 0.35 0.31 0.48 0.31 0.48 0.25 0.25
Share unknown profiles  0.73 0.45 0.73 0.46 0.56 0.51 0.69 0.48 0.40 0.66
Male 0.42 0.50 0.30 0.46 0.44 0.50 0.40 0.50 0.50 0.57
Grade 3.17 0.38 3.09 0.28 3.23 0.42 3.14 0.35 0.46 0.61
QOL Score 6.54 117 6.91 1.15 6.77 0.90 6.75 1.34 ] 1.28 0.60
Took part in 2019/2020  0.17 0.38 0.09 0.28 0.23 0.42 0.14 0.35 0.28 0.46 0.61
Practical pathway 0.22 0.41 0.26 0.44 0.38 0.49 0.12 0.33 0.28 0.46 0.48

Note: Nmbr of students, share 2-3 profiles, and share unknown profiles are school-level variables and
values are therefore estimated at the school level. Male, grade, QOL score, year of participation, and
basic level are individual level variables. Last column of the Table shows p-value of joint significance
tests between treatment and control groups from regression at variable level.
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Table 3: Treatment effect on changing favorite occupation and change in prospects

(1) (2) ®3) 4) (5)
Pr(Fav. Change) AQfmal  AQdal (Changed) AW el AWA®vel (Changed)
Job Opp. Info - Researcher 0.00989** 0.0201*** 0.330%** 0.0160 0.148
(0.00456) (0.00648) (0.101) (0.0188) (0.316)
Job Opp. Info - Institute 0.0145*** 0.0302*** 0.474** 0.0348** 0.490*
(0.00461) (0.00657) (0.110) (0.0150) (0.270)
Job Opp. & Wage Info - Researcher 0.0215*** 0.0279* 0.357** 0.0927*** 1.124**
(0.00540) (0.00585) (0.0950) (0.0223) (0.339)
Job Opp. & Wage Info - Institute 0.0189*** 0.0217 0.359** 0.0899*** 1.214**
(0.00558) (0.00653) (0.101) (0.0189) (0.272)
Individual characteristics Yes Yes Yes Yes Yes
Selected occupations fixed effects Yes Yes Yes Yes Yes
Observations 28186 27386 1791 27386 1791
Control mean 0.057 0.001 0.012 0.005 0.084
F-Stat Joint Sign. of Treatments 6.027 8.979 6.778 8.294 6.415
P-value Joint Sign. Treatments 0.000 0.000 0.000 0.000 0.000

Note: Results from ordinary least squares regression. Column (1) shows the probability that a student
changed their favorite occupation between first and second elicitation. Columns (2) and (3) show the
difference between job opportunities of students’ favorite occupation at second and first elicitation; for all
students and those who changed favorite occupations, respectively. Columns (4) and (5) show the same
for the wages. Individual characteristics include the year in which students went through the experiment,
their gender, quality of life indicator score, number of profiles available, the grade in which they went
through the experiment, and whether they were in the practical pathway at the time of treatment.
Selected occupations fixed effects include dummies for the initially selected occupations. Standard errors
clustered at school level in brackets; *** p < 0.01; ** p < 0.05; * p < 0.1.
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Table 4: Treatment impact on profile choice

O] () (3) (4) [G] (6)
All students | News Theoretical students | News Practical students | News All students | Info  Theoretical students | Info  Practical students | Info
Job opp. news about profile 0.932** 0.930** 0.982
(0.0286) (0.0308) (0.0417)
‘Wage news about profile 0.999 1.005 0.976**
(0.00713) (0.00727) (0.00945)
Job Opp. Info x Job opp. news about profile 1.044 1.045 1.022
(0.0446) (0.0486) (0.0615)
Job Opp. & Wage Info x Job opp. news about profile 1.015 1.004 0.998
(0.0422) (0.0521) (0.0637)
Job Opp. Info x Wage news about profile 1.000 0.995 1.027*
(0.0122) (0.0132) (0.0140)
Job Opp. & Wage Info x Wage news about profile 0.985 0.998 1.005
(0.0109) (0.0131) (0.0124)
Average observed job opportunities of profile 0.796** 0.745* 0.910
(0.0780) (0.0954) (0.125)
Average observed wages of profile 0.981 0.968 1.028
(0.0292) (0.0279) (0.0819)
Job Opp. Info x Average observed job opportunities of profile 1.030 0.990 1.124
(0.146) (0.186) (0.226)
Job Opp. & Wage Info x Average observed job opportunities of profile 1.302* 1.040 1.448*
(0.180) (0.207) (0.240)
Job Opp. Info x Average observed wages of profile 1.022 1.046 0.986
(0.0497) (0.0484) (0.117)
Job Opp. & Wage Info x Average observed wages of profile 0.933 0.935 0.932
(0.0441) (0.0411) (0.0999)
Intended prior choice 5.140™ 10.48** 4.388"* 2.906** 11,18
(0.607) (1.587) (0.534) (0.342) (2.230)
Occupation count Yes Yes Yes Yes Yes
Observations 8786 5272 4818 2660 2154
Chi-Sq Joint Sign. of Treatments x Job Opp. 1.075 0.193 4.681 0.072 5.449
P-value Joint Sign. of Treatments x Job Opp. 0.584 0.908 0.096 0.965 0.066
Chi-Sq Joint Sign. Wage & Job Opp. Treatment x Job Opp. and Wages 2.153 0.178 4.862 2.674 4.977
P-value Joint Sign. Wage & Job Opp. Treatment x Job Opp. and Wages 0.341 0.915 0.088 0.263 0.083

Note: Table shows odds ratios based on a conditional logit model with whether profile P was chosen as the outcome variable. Job opp. news and Wage news (Columns (1) to (3)) are defined
as Op = > .cp (O?C“‘al - Of;ior) and Wp = 3" cp (W-A““al - Wipjior), respectively. Similarly, the Average observed job opportunities and Average observed wages (Columns (4) to

J
_(OActual | (yyActual
(6)) are defined as Op = %}:) and Wp = %}j)

that were associated with profile P. Intended prior choice is a dummy that indicates whether a student intended to choose the profile pre-treatment. Specifications include controls for the
amount of information the student received about the profile (i.e., how many occupations associated with the profile were part of their choice set). The sample is restricted to second-year
students only. For columns (1) to (3), it is restricted to those who took part in the experiment in the 2019/2020 school year. Columns (1) and (4) show results for all students, regardless of
pathway. Columns (2) and (5) show results for students in the theoretical pathway and Columns (3) and (6) show results for students in the practical pathway. The x2-tests test the joint
significance of the two treatments interacted with the job opportunities (i.e., did the job opportunities make treated students more or less likely to pick a profile) and the joint significance
of the job opportunities and the wages for the treatment that received both. Standard errors clustered at the school level in brackets; *** p < 0.01; ** p < 0.05; * p < 0.1.

. j € P denotes an occupation associated with the profile. Np denotes the number of occupations the student picked



Table 5: Treatment impact on job opportunities and wages of chosen programs

1) 2) ®3) (4)

Job opp. first choice Hourly wage first choice Job opp. degree obtained Hourly wage degree obtained

Job Opp. Info 0.0771** 0.241* 0.0952** 0.174
(0.0360) (0.0939) (0.0437) (0.118)
Job Opp. & Wage Info 0.0724** 0.187* 0.0779* 0.0949
(0.0315) (0.104) (0.0413) (0.127)
Individual characteristics Yes Yes Yes Yes
Selected occupations fixed effects Yes Yes Yes Yes
Observations 8146 8146 4392 4392
Control mean 3.177 17.790 3.068 17.543
F-Stat Joint Sign. of Treatments 3.283 3.528 2.911 1.096
P-value Joint Sign. Treatments 0.039 0.031 0.057 0.336

Note: Table shows results from ordinary least squares regression. Columns (1) and (3) show impact
on the job opportunities of the chosen study program. Columns (2) and (4) show the impact on the
hourly wage of the chosen study programs. Columns (1) and (2) focus on the first program we observe
in the data, whereas Columns (3) and (4) focus on the program students graduated from.Individual
characteristics include the year in which students went through the experiment, their gender, quality of
life indicator score, number of profiles available, the grade in which they went through the experiment,
and whether they were in the practical pathway at the time of treatment. Selected occupations fixed
effects include dummies for the initially selected occupations. The analysis is necessarily restricted
to students who chose to go into vocational education and chose a program for which we can define
labor market prospects. The F-tests and P-values reported at the bottom of the table are for the joint
significance of the two treatments. Standard errors clustered at the school level in brackets; *** p < 0.01;
** p<0.05; * p<0.1.
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Table 6: Likelihood of chosen program in same sector as initial favorite occupation

(1)

(2)

(3)

(4)

Sector Init. Sector Grad ISCED Init. ISCED Grad

Job Opp. Info -0.0188 -0.0203 -0.00464 -0.0236

(0.0152) (0.0203) (0.0154) (0.0211)
Job Opp. & Wage Info 0.00760 0.0224 -0.00147 -0.0121

(0.0152) (0.0216) (0.0144) (0.0202)
Individual characteristics Yes Yes Yes Yes
Selected occupations fixed effects Yes Yes Yes Yes
Observations 7769 4206 8107 4378
Control mean 0.502 0.493 0.490 0.486
F-Stat Joint Sign. of Treatments 1.235 1.732 0.046 0.655
P-value Joint Sign. Treatments 0.293 0.179 0.955 0.520

Note: Results from ordinary least squares regression. Columns (1) and (2) show the likelihood of choosing
a program in the same sector as the initial favorite occupations. In columns (3) and (4), we consider the
ISCED-F categorization. Columns (1) and (3) cover the first choice we observe, while columns (2) and
(4) consider the final choice. Individual characteristics include the year in which students went through
the experiment, their gender, quality of life indicator score, number of profiles available, the grade in
which they went through the experiment, and whether they were in the practical pathway at the time
of treatment. Selected occupations fixed effects include dummies for the initially selected occupations.
The analysis is necessarily restricted to students who chose to go into vocational education and chose
a program for which we can define labor market prospects. The F-tests and P-values reported at the
bottom of the table are for the joint significance of the two treatments. Standard errors clustered at the

school level in brackets; *** p < 0.01; ** p < 0.05; * p < 0.1.
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Table 7: Treatment heterogeneity

N Job Opp. Info  Job Opp. & Wage Info  Joint

15} SE 15} SE p-value
Job opportunities
(1) Overall 8146 0.077** 0.036 0.072** 0.031 0.0393
(2) High QOL 4824  0.070  0.045  0.074* 0.039 0.1171
(3) Low QOL 3322 0.110*%*  0.051  0.084* 0.046 0.0744
(4) Few profiles 3674  0.060  0.050  0.071 0.054 0.3600
(5) Many profiles 4472 0.090*  0.049 0.090** 0.038 0.0468
(6) Female 3681 0.128**  0.052 0.104** 0.043 0.0204
(7) Male 4465  0.0561  0.045  0.061 0.042 0.2833
(8) Grade 2 5026  0.062  0.052  0.053 0.042 0.3578
(9) Grade 3 2422 0.182%*FF (0.050 0.158%** 0.050 0.0010
(10) Grade 4 698 0.069  0.180 -0.044 0.147 0.7175
(11) 2018/2019 4212 0.120** 0.048  0.074* 0.043 0.0400
(12) 2019/2020 3934  0.066  0.048 0.099** 0.041 0.0560
Hourly wages
(13) Overall 8146  0.241** 0.094  0.187* 0.104 0.0310
(14) High QOL 4824  0.225%*  0.111  0.223* 0.115 0.0672
(15) Low QOL 3322 0.343**  0.149  0.179 0.155 0.0724
(16) Few profiles 3674  0.145  0.132  0.096 0.143 0.5318
(17) Many profiles 4472 0.275** 0.124  0.230 0.142 0.0601
(18) Female 3681  0.170  0.116  0.138 0.109 0.2853
(19) Male 4465 0.334*%*%  0.149  0.257 0.165 0.0675
(20) Grade 2 5026 0.255%* 0.124  0.027 0.128 0.0871
(21) Grade 3 2422 0.391*%*  0.168 0.568*** 0.149 0.0006
(22) Grade 4 698 -0.170  0.451 0.319 0.277 0.2932
(23) 2018/2019 4212 0.169  0.132  0.134 0.132 0.4180
(24) 2019/2020 3934 0.356**F 0.134 0.311°** 0.150 0.0124

Note: Results from split sample analyses similar to those in Table 5. Controls are the same as in Table
5, except for the heterogeneity dimension of interest. The analysis is necessarily restricted to students
who chose to go into vocational education and chose a program for which we can define labor market
prospects. Standard errors clustered at the school level. *** p < 0.01; ** p < 0.05; * p < 0.1.

Table 8: Multiple hypothesis testing

Critical Value

Table Columns/Rows q*=0.01 q* =0.05 qg-=0.1

Table 3 Cols. 1, 2, 4 Reject all Reject all Reject all

Table 4 All Cols. Do not reject any Do not reject any Do not reject any
Table 5 Cols. 1, 2 Do not reject either Reject both Reject both
Table 5 Cols. 3, 4 Do not reject either Do not reject either Do not reject either
Table 5 Cols. 1, 2, 3, 4 Do not reject any Do not reject any Reject 1, 2, 3
Table 6 Cols. 1, 2 or 3, 4 or All Do not reject any Do not reject any Do not reject any
Table 7 Rows 2-12, 14-24 Reject 21 Reject 9, 21 Reject 9, 21, 24

Note: Table shows the result from applying the Benjamini-Hochberg correction to our results, for
different sets of hypotheses. Reject means that we can reject the null hypothesis in the listed column or
rOwsS.
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Figures

Figure 1: Job opportunities and hourly wages of selected occupations
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Note: graphic representation of prediction after multinomial logit estimation. Standard errors clustered
at school level.
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Figure 2: Prior belief accuracy by relevant group
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Note: graphic representation of prediction after multinomial logit estimation. Standard errors clustered
at school level. The x-axis displays the degree of overestimation. For the job opportunities, the numbers
indicate the overestimation in categories (i.e., -2 denotes an underestimation of two categories, whereas
+2 indicates an overestimation of two categories). For the hourly wages, the overestimation is displayed

in Euros. Standard errors clustered at school level.
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Note: The x-axis displays the initial rank of the occupation. The y-axis shows the degree of overestima-
tion. For the job opportunities, the numbers indicate the overestimation in categories (i.e., -2 denotes
an underestimation of two categories, whereas +2 indicates an overestimation of two categories). For
the hourly wages, the overestimation is displayed in Euros. Standard errors clustered at school level.
Estimation based on students from the 2019/2020 school year.



Figure 4: Time spent between prior beliefs and posterior ranking
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Note: Graphic representation of predictions based on ordinary least squares regression. Sample includes
only students from the 2019/2020 school year. Vertical axis denotes the time spent (in seconds) on
watching the video about work and processing the information. Standard errors are clustered at the
school level in the regression.
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Figure 5: Posterior belief accuracy by relevant group

(a) Job opportunities 2018/2019 (b) Job opportunities 2019/2020
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displays the degree of overestimation. For the job opportunities, the numbers indicate the overesti-
mation in categories (i.e., -2 denotes an underestimation of two categories, whereas +2 indicates an

overestimation of two categories). For the hourly wages, the overestimation is displayed in Euros.

Standard errors clustered at school level.
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Figure 6: Sector/ISCED composition

(a) Sectoral composition (Dutch classification) (b) Prospects by sector (Dutch classification)
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Appendix A: Recruitment Text

Dutch

ROA (Researchcentrum voor Onderwijs en Arbeidsmarkt aangesloten bij Universiteit
Maastricht) en Qompas zijn samen door het Ministerie van Onderwijs, Cultuur en Weten-
schap (OCW) gevraagd om onderzoek uit te voeren naar de invloed van arbeidsmarktin-
formatie op de keuze van vmbo-leerlingen voor een studie.

Door middel van een A /B-test in de lesmethode Qompas VMBO /Mavo gaan we onder-
zoeken of vinbo’ers bij het maken van hun studiekeuze letten op informatie over baankans
en of die informatie ertoe bijdraagt dat zij een betere keuze maken. Met deze informatie
kan Qompas haar lesmethode doorontwikkelen om scholieren in de toekomst nog beter
te kunnen helpen met hun studiekeuze.

Wij hopen dat uw school meewerkt aan dit onderzoek. Alle gegevens worden anoniem

verwerkt. Voor meer informatie kunt u contact opnemen met [REDACTED)].

English

ROA (The Research Center for Education and the Labor Market, part of Maastricht
University) and Qompas have been asked by the Ministry of Education, Culture and Sci-
ence (OCW) to do a study on the influence of labor market information on the education
choices of intermediate vocational education students.

Through an A/B-test in the Qompas system we will research whether intermediate
vocational education students take information about job opportunities into account when
making education choices and whether this information helps them make a better choice.
With this information, Qompas can further develop its platform, making it even more
helpful for students making their education choice.

We hope your school will participate in this study. All details will be processed

anonymously. For more information, you can contact [REDACTED)].
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Appendix B: Additional figures

Figure B1: Graphical Representation of Randomization
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Figure B2: Likelihood of favorite changing when those who took < x seconds are dropped
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Note: Figure shows the point estimate and confidence interval of a regression of the likelihood of a student
changing their favorite occupation on whether they are treated (i.e., a collapsed treatment dummy),
including covariates, when they have spent more than = seconds to get to the posterior ranking.
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Appendix C: Additional tables

Table C1: Sample restrictions imposed

Control Job Opp. Info - Researcher Job Opp. Info - Institute Job Opp. & Wage Info - Researcher Job Opp. & Wage Info - Institute
Prop. Prop. Prop Prop. Prop. P-value joint sign. N after imposing restriction
Administrators 0.00 0.00 0.00 0.00 0.00 0.75 40128
5 dents 0.03 0.03 0.06 0.06 0.07 0.66 38273
0.03 0.03 0.03 0.02 0.03 045 37191
0.13 0.16 0.13 0.15 0.11 0.71 32168
Create/mutate different day — 0.15 0.12 0.09 0.11 0.12 0.26 28186

Note: each column shows the proportion of observations for which the left-hand side variable is equal to
1, conditional on sample restrictions imposed above.

Table C2: Heterogeneity job opportunities of selected occupations

(1) (2) (3) (4) (5) (6)
Mean value  Rank 1 Rank 2 Rank 3 Rank 4 Rank 5
Male 0.226*** 0.0645***  0.183*** 0.272*** 0.318*** 0.318***

(0.0113)  (0.0157)  (0.0155)  (0.0158)  (0.0150)  (0.0150)

QOL score 0.00114  -0.00140  0.00460  0.00243  0.00834  -0.00780
(0.00402)  (0.00585) (0.00615) (0.00571) (0.00590) (0.00567)

2.3 Profiles Available 0.0103  0.0525*  0.0107  -0.0458  -0.0491  -0.0203
(0.0289)  (0.0264)  (0.0353)  (0.0366)  (0.0310)  (0.0419)

Unknown Profiles Available  -0.00331  0.0543*  0.0255  -0.0141  -0.0580*  -0.0235
(0.0285)  (0.0262)  (0.0349)  (0.0364)  (0.0302)  (0.0409)

3rd year -0.00144 0.00680  0.000794 -0.00439 -0.00682 -0.00197
(0.0111) (0.0176)  (0.0163)  (0.0150)  (0.0156)  (0.0155)
4th year 0.0136 0.0380 0.00394  0.00691 -0.0170 0.0412*
(0.0157) (0.0243)  (0.0261)  (0.0247)  (0.0219)  (0.0210)
Practical pathway -0.0249*  -0.0855***  -0.00966  -0.0160 -0.0142 -0.0147
(0.0106) (0.0154)  (0.0149)  (0.0168)  (0.0146)  (0.0146)
Constant 2.723* 2.840™* 2.679™*  2.692**  2.667*  2.745%*
(0.0425) (0.0469)  (0.0556)  (0.0550)  (0.0531)  (0.0595)
Observations 28186 27726 27733 27720 27634 27517

Note: Regressions at individual level. Only includes control group students. 2nd year, female students
in schools where only 1 profile is available are baseline. Standard errors clustered at the school level in
brackets; *** p < 0.01; ** p < 0.05; * p < 0.1.
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Table C3: Heterogeneity hourly wages of selected occupations

(1) (2) (3) (4) (5) (6)
Mean value  Rank 1 Rank 2 Rank 3 Rank 4 Rank 5
Male 0.904*** 0.809*** 0.991** 1.011*** 0.937*** 0.767**

(0.0253)  (0.0415)  (0.0391)  (0.0410)  (0.0356)  (0.0362)

QOL score -0.0801%  -0.0932"** -0.0595"* -0.0876"** -0.0714"* -0.0827***
(0.0107)  (0.0161)  (0.0152)  (0.0158)  (0.0147)  (0.0146)

23 Profiles Available 0.164**  0.197*  0.143* 0.120  0.196***  0.123
(0.0630)  (0.0782)  (0.0704)  (0.0737)  (0.0708)  (0.0862)

Unknown Profiles Available 0.177*** 0.240*** 0.131* 0.138* 0.163** 0.177*
(0.0614) (0.0745) (0.0700) (0.0748) (0.0679) (0.0845)

3rd year 0.182°%  0.234%*  0.183"*  0.199"*  0.137**  0.149***
(0.0343)  (0.0533)  (0.0485)  (0.0432)  (0.0401)  (0.0504)
Ath year 0415 0.535* 0474 0.341%*  0.324**  0.368"**
(0.0564)  (0.0556)  (0.0782)  (0.0983)  (0.0789)  (0.0752)
Practical pathway 0523 07207 -0.524"%  -0.531"**  -0.432***  -0.361***
(0.0352)  (0.0475)  (0.0452)  (0.0474)  (0.0469)  (0.0479)
Constant 1675 1694 1647 16.72"*  16.65"*  16.88"
(0.0935)  (0.132)  (0.120)  (0.130)  (0.118)  (0.133)
Observations 28186 27726 27733 27720 27634 27517

Note: Regressions at individual level. Only includes control group students. 2nd year, female students
in schools where only 1 profile is available are baseline. Standard errors clustered at the school level in
brackets; *** p < 0.01; ** p < 0.05; * p < 0.1.
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Table C4: Heterogeneity in prior beliefs

P @ Actual P @ Actual P (3)/1 tual P @ Actual P ® Actual P <6)A tual
rior _ ()Actua rior _ ()Actua rior ctual _  Prior _ 7 Actual 7 Prior _ 1y Actual 7 Prior _ 1y Actual _
o1 — 0f |ofrr — Of | Offer -0 =0 wh w; Wi w; | wl w; =0
2019/2020 -0.00919 0.0160* -0.00440 -0.453** 0.292*** -0.0307***
(0.0157) (0.00935) (0.00469) (0.0627) (0.0420) (0.00271)
2-3 Profiles Available 0.0549 -0.0145 0.00607 0.0693 0.0113 0.00632
(0.0422) (0.0165) (0.00933) (0.255) (0.112) (0.00641)
Unknown Profiles Available 0.0628 -0.0176 0.00815 0.000675 -0.0623 0.0158"*
(0.0387) (0.0153) (0.00844) (0.250) (0.108) (0.00648)
Male 0.0650*** 0.0494** -0.0127* 0.647*+ 0.395%+ -0.0132*+
(0.0144) (0.0102) (0.00507) (0.0748) (0.0475) (0.00406)
QOL score 0.00460 -0.00209 0.000498 -0.0290 -0.0403* 0.00330***
(0.00546) (0.00400) (0.00159) (0.0271) (0.0210) (0.00123)
3rd year 0.0203 0.00531 -0.00453 -0.0992 -0.192%** 0.00461
(0.0195) (0.0133) (0.00533) (0.0718) (0.0463) (0.00338)
4th year 0.0863** -0.0286* 0.0139* -0.384** -0.458** 0.0124**
(0.0278) (0.0152) (0.00706) (0.140) (0.0792) (0.00431)
Practical pathway 0.0178 -0.0178* 0.0161** 0.168** 0.152*** 0.000374
(0.0174) (0.00953) (0.00462) (0.0647) (0.0490) (0.00345)
Rank=2 -0.234** -0.106*** 0.0255*** -0.580"** -0.334"** 0.00537
(0.0109) (0.0106) (0.00487) (0.0337) (0.0291) (0.00390)
Rank=3 -0.430** -0.180*** 0.0385*** -0.923*** -0.516*** 0.0123**
(0.0126) (0.0127) (0.00616) (0.0376) (0.0307) (0.00455)
Rank=4 -0.613** -0.214*** 0.0509*** -1.196** -0.560*** 0.0118*
(0.0150) (0.0125) (0.00651) (0.0505) (0.0344) (0.00471)
Rank=>5 -0.821* -0.200** 0.0426*** -1.505*** -0.592** 0.0196**
(0.0201) (0.0147) (0.00762) (0.0551) (0.0414) (0.00426)
Prior occupation fixed effects Yes Yes Yes Yes Yes Yes
Observations 45184 45184 45184 45168 45168 45168

Note: Regressions at individual-occupation level. Regressions include occupation dummies. Only in-
cludes control group students, though from the 2018/2019 as well as the 2019/2020 school year. Standard
errors clustered at the school level in brackets; *** p < 0.01; ** p < 0.05; * p < 0.1.
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Table C5: Treatment effect on posterior beliefs job opportunities by prior belief accuracy

(1) (2)
|Oqut _ OActual| OPQst _ OActual =0
1,7 J 2,] J
Job Opp. Info 0.0384*** -0.0169***
(0.00917) (0.00600)
Job Opp. & Wage Info 0.0578*** -0.0283***
(0.0105) (0.00698)
|05J,TW - O]Ad“al\ 0.938*** -0.881***
(0.00899) (0.00721)
Job Opp II]fO % |O£’jrior _ Ofctual‘ ~0. 1170 0.116***
(0.0191) (0.0116)
Job Opp. & Wage Info x [Of7ior — Ofctual| -0.140*** 0.136***
(0.0171) (0.0123)
) 2
(|Of].”m“ - O]AC“’“H) 0.00153 0.203**
(0.00223) (0.00232)
) 2
Job Opp. Info x (|0{j;w - o;‘ctwq) -0.000928 -0.0341%*
(0.00593) (0.00369)
) 2
Job Opp. & Wage Info x (|Of;wr - O]Acmaq) -0.000407 -0.0391%*
(0.00547) (0.00371)
(Ofrier — Ogietual > ) -0.0119* -0.0984**
(0.00550) (0.00438)
Job Opp. Info x (OFrier — Ofetual > ) -0.0623* 0.0572*
(0.0115) (0.00730)
Job Opp. & Wage Info x (OFrier — Ogetual > ) -0.0863*** 0.0733**
(0.0136) (0.00853)
Individual characteristics Yes Yes
Posterior occupation fixed effects Yes Yes
Observations 64581 64581

Note: Regressions at individual-occupation level. Regressions contain occupation dummies. Standard
errors clustered at the school level in brackets; *** p < 0.01; ** p < 0.05; * p < 0.1.
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Table C6: Treatment effect on posterior beliefs hourly wages by prior belief accuracy

(1) 2)
‘WP‘()Sﬁ _ WA(:f,u,all W.Pvr)st _ WA{:t'u,a,l =0
2V J (2% J
Job Opp. Info 0.167** -0.0408***
(0.0315) (0.0109)
Job Opp. & Wage Info 0.307** 0.0267**
(0.0443) (0.0112)
\Wi’;”‘" - W;‘Ct“‘”\ 0.931"* -0.111%
(0.00759) (0.00198)
Job Opp. Info x \Wi’;”"’r - V[/_;“Ct““l\ -0.0404*** 0.0140**
(0.0129) (0.00340)
Job Opp. & Wage Info x |W,i{;-”‘” — WjACL““l| -0.258"* 0.0245**
(0.0298) (0.00394)
) 2
(1wErior — wpetuat)) 0.00163* 0.00770%
(0.000697) (0.000155)
) 2
Job Opp. Info x (|mg{jmr - W]Acmq) -0.00136 -0.00107++*
(0.00117) (0.000269)
) 2
Job Opp. & Wage Info x (\Wi{;"” - W]A"t“”"\) 0.00330 -0.00218***
(0.00274) (0.000317)
(WQ{;”"’“ — W]A“L““l > 0) 0.00408 -0.133%
(0.0135) (0.00392)
Job Opp. Info x (I/Viﬁ-”‘”' - V[/].A"'t““l > 0) -0.0310 0.0137**
(0.0271) (0.00538)
Job Opp. & Wage Info x (W[rior — ywhctuel > ) -0.121* 0.0395**
(0.0531) (0.00882)
Individual characteristics Yes Yes
Posterior occupation fixed effects Yes Yes
Observations 64568 64568

Note: standard errors clustered at the school level in brackets; *** p < 0.01; ** p < 0.05; * p < 0.1.
Regressions at individual-occupation level. Regressions contain occupation dummies. Treated = All
treatment groups. Wage info = Treatments 3 & 4.
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Table C7: Treatment effect on posterior beliefs by type of sender

2) (3) (@) 5 (6
()E}M _ QActual ‘()’["uw - O—kmal‘ ()f“‘”” _ ()JAmmt —0 ‘,VCM _ yyActual “,‘,11;04 _ W——km«r‘ “w[)w _ pyActual _
Job Opp. Info - Rescarcher -0.101° -0.143° 0.07497 0.206" 01457 0.00380
(0.0136) (0.0143) (0.00733) (0.0668) (0.0445) (0.00254)
Job Opp. Info - Institute 0.111% -0.144°% 0.0774** -0.109° -0.0388 0.00212
(0.0159) (0.0105) (0.00579) (0.0593) (0.0448) (0.00282)
Job Opp. & Wage Info - Researcher -0.140% -0.1467 0.0745"* -0.931" -0.967" 0.115*
(0.0139) (0.0123) (0.00559) (0.0689) (0.0584) (0.00528)
Job Opp. & Wage Info - Institute -0.130"** -0.168"* 0.0874*** -0.835" -0.942++ 0.110"**
(0.0152) (0.0110) (0.00603) (0.0672) (0.0462) (0.00415)
Individual characteristics Yes Yes Yes Yes Yes Yes
Posterior occupation fixed effects Yes Yes Yes Yes Yes Yes
Observations 136716 136716 136716 136702 136702 136702
Control mean 0.517 1.196 0.253 2.649 4.403 0.088
F-Stat Job Opp. Info - Researcher = Job Opp. Info - Institute 0.297 0.002 0.084
P-value Job Opp. Info - Researcher = Job Opp. Info - Institute 0.586 0.963 0.772
F-Stat Job Opp. Info & Wage - Researcher = Job Opp. Info & Wage - Institute 0.358 2476 3.422 1514 0.152 0.633
P-value F-Stat Job Opp. Info & Wage - Rescarcher = Job Opp. Info & Wage - Institute 0.550 0.117 0.066 0.220 0.697 0.427

Note: Regressions at individual-occupation level. Individual characteristics include the year in which
students went through the experiment, their gender, quality of life indicator score, number of profiles
available, the grade in which they went through the experiment, and whether they were in the practical
pathway at the time of treatment. Selected occupations fixed effects include dummies for the initially
selected occupations. Standard errors clustered at the school level in brackets; *** p < 0.01; ** p < 0.05;
*p<0.1.

Table C8: Treatment effect on posterior beliefs by specific sender and receiver

P W Actual P :(2) Actual P <321 ] P @ Actual P :(5> Actual P (6)4: ]
ost ctual 0s Actual ost ctual 7 Post 7 Actua rPost __ 117 Actual Post __ 117 Actual _
va - Oj |O,_j - Oj | 07%]' - Oj =0 W= -w | [ w; | Wi w; =0
Sender: Female - Low status -0.00602 -0.0123 -0.00124 0.372* 0.0312 -0.0103
(0.0253) (0.0202) (0.00924) (0.186) (0.138) (0.0181)
Sender: Male - High status -0.00348 0.0117 -0.00523 0.125 -0.0374 0.00155
(0.0266) (0.0242) (0.0113) (0.119) (0.126) (0.0160)
Sender: Male - Low status 0.00564 0.0217 -0.00315 0.0388 -0.119 0.0193
(0.0278) (0.0247) (0.0107) (0.225) (0.155) (0.0146)
Male 0.0943** 0.107*** -0.0410*** 0.564*** 0.397*** -0.0357**
(0.0274) (0.0240) (0.0105) (0.194) (0.111) (0.0159)
Sender: Female - Low status x Male -0.00398 0.0142 0.00342 -0.466* -0.246 0.0351
(0.0407) (0.0316) (0.0153) (0.247) (0.159) (0.0248)
Sender: Male - High status x Male 0.0344 -0.0127 0.00785 -0.207 -0.131 0.0259
(0.0440) (0.0400) (0.0175) (0.207) (0.185) (0.0214)
Sender: Male - Low status x Male 0.0418 -0.0176 0.0165 0.159 0.0125 0.00188
(0.0407) (0.0367) (0.0162) (0.231) (0.204) (0.0210)
Individual characteristics Yes Yes Yes Yes Yes Yes
Posterior occupation fixed effects Yes Yes Yes Yes Yes Yes
Observations 45298 45298 45298 20486 20486 20486

Note: Regressions at individual-occupation level. Regressions contain occupation dummies. Female
students with female high status sender are baseline. Regressions (1), (2) and (3) contain both treatment
groups with individual senders. Regressions (4), (5) and (6) only contain the job opp. & wage info
treatment. Individual characteristics include the year in which students went through the experiment,
their gender, quality of life indicator score, number of profiles available, the grade in which they went
through the experiment, and whether they were in the practical pathway at the time of treatment.
Selected occupations fixed effects include dummies for the initially selected occupations. Standard errors
clustered at the school level in brackets; *** p < 0.01; ** p < 0.05; * p < 0.1.
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Table C9: Medium-term treatment effect on posterior beliefs

2018/2019 2019/2020
; (1) B (2 . 3) . (4) . (%) . (6) ; (7) . (8)
|07.;_”'1 €y Of(:tual‘ 07.'7{“'1 €y Oflrtual =0 ‘wri‘;”“tgy _ V‘/jAciuul‘ qu_w;ﬂtw _ L{/jz‘lciuul =0 ‘01:7 vey OJA(:tual‘ Oi‘;‘“'l/f‘»y _ O]A(:tual =0 ‘VV7 ;wvey _ VV]Actuull Wrz.]_umey _ VV]A(Jtuul =0
Job Opp. Info 0.0595 -0.0807** 0.582** -0.0339** -0.212 0.230* 0.555 0.0561
(0.0627) (0.0360) (0.233) (0.0170) (0.138) (0.111) (0.855) (0.0646)
Job Opp. & Wage Info 0.0145 -0.0486 0.486* -0.0277 -0.291* 0.354*** -0.154 -0.0176
(0.0615) (0.0368) (0.250) (0.0238) (0.167) (0.110) (0.894) (0.0710)
Individual characteristics Yes Yes Yes Yes Yes Yes Yes Yes
Occupation fixed effects Yes Yes Yes Yes Yes Yes Yes Yes
Observations 1222 1222 1222 1222 255 255 255 255
Control mean 1.144 0.296 3.690 0.091 1.320 0.147 4.760 0.040

Note: Regressions at occupation-individual level. Regressions show belief accuracy as measured in survey. Columns (1) to (4) show impact for students who
took part in experiment in 2018/2019 and therefore took the survey more than a year later. Columns (5) to (8) show results for students who took part in
2019/2020, which means they took part at most nine months ago. Individual characteristics include students’ gender, quality of life indicator score, number of
profiles available, and whether they were in the practical pathway at the time of treatment. Grade is not included as a control variable, as it is perfectly collinear

with the experimental year (since the survey was only sent to graduating students). Standard errors clustered at the school level in brackets; *** p < 0.01; **
p < 0.05; * p <0.1.



Table C10: Impact of occupation-specific news and information on likelihood of becoming
favorite

(1) (2)

News Info
News about job opportunities 0.845**
(0.0352)
News about wages 0.983
(0.0136)
Job Opp. Info x News about job opportunities 1.155**
(0.0716)
Job Opp. & Wage Info x News about job opportunities 1.114*
(0.0662)
Job Opp. Info x News about wages 0.989
(0.0192)
Job Opp. & Wage Info x News about wages 1.032
(0.0213)
Job opportunities of occupation 1.040
(0.0329)
Hourly wage of occupation 1.009
(0.0122)
Job Opp. Info x Job opportunities of occupation 1.232%*
(0.0591)
Job Opp. & Wage Info x Job opportunities of occupation 1.121%*
(0.0542)
Job Opp. Info x Hourly wage of occupation 0.991
(0.0167)
Job Opp. & Wage Info x Hourly wage of occupation 1.091%*
(0.0197)
Prior rank 2 0.0423*** 0.0390"**
(0.00211)  (0.00135)
Prior rank 3 0.0178**  0.0153***
(0.00123)  (0.000771)
Prior rank 4 0.00946***  0.00817***
(0.000973)  (0.000657)
Prior rank 5 0.00562***  0.00597***
(0.000748)  (0.000558)
Observations 63748 135090

Note: Table shows odds ratios based on a conditional logit model with whether the student chose
occupation j as the favorite at second elicitation. Column (1) uses the news about job opportunities and
wages and is therefore restricted to the 2019/2020 sample. Column (2) uses the information provided.
Standard errors clustered at the school level in brackets; *** p < 0.01; ** p < 0.05; * p < 0.1.
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Table C11: Effect of sender on likelihood favorite occupation changing and its prospects

® @ ®) @ )
Pr(Fav. Change) AQ#<  AQfal (Changed) AWl AWA<uel (Changed)
Sender: Female - Low status 0.00163 0.00207 -0.0928 0.0280 0.405
(0.0112) (0.0162) (0.359) (0.0668) (2.851)
Sender: Male - High status 0.00389 -0.00157 -0.157 0.0968 3.861
(0.0124) (0.0161) (0.281) (0.0782) (2.573)
Sender: Male - Low status -0.00242 0.0178 0.279 0.108 1.443
(0.0127) (0.0146) (0.304) (0.0890) (2.759)
Male 0.00462 0.00172 -0.111 0.115 0.153
(0.0111) (0.0189) (0.350) (0.0828) (3.033)
Sender: Female - Low status x Male 0.00169 -0.00870 -0.221 -0.0497 -2.063
(0.0151) (0.0202) (0.456) (0.107) (3.963)
Sender: Male - High status x Male 0.000639 0.0123 0.164 -0.0201 -0.239
(0.0150) (0.0231) (0.414) (0.113) (4.078)
Sender: Male - Low status x Male 0.0222 0.000690 -0.132 -0.0376 1.920
(0.0167) (0.0212) (0.448) (0.117) (3.956)
Individual characteristics Yes Yes Yes Yes Yes
Selected occupations fixed effects Yes Yes Yes Yes Yes
Observations 9247 9082 634 4103 315

Note: Regressions at individual level. Regressions contain occupation dummies. Regressions (1), (2)
and (3) contain both treatment groups with individual senders. Female students with female high status
sender are baseline. Regressions (4) and (5) only contain the job opp. & wage info treatment. Standard
errors clustered at the school level in brackets; *** p < 0.01; ** p < 0.05; * p < 0.1.
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Table C12: Long-term treatment effect on prospects favorite occupation

Survey Experiment

1) (2) 3) (4) (5) (6)
Pr(Fav. Change) AQ#w  AWAeuel  Pr(Fayv. Change) AQjleual Ay Actual

Job Opp. Info -0.0280 -0.133 0.203 -0.0346 -0.0221 -0.0465
(0.0639) (0.131) (0.380) (0.0314) (0.0412)  (0.0936)
Job Opp. & Wage Info -0.0646 0.00637 -0.217 -0.0450 -0.0117 -0.0810
(0.0745) (0.137)  (0.426) (0.0292) (0.0321)  (0.0618)
Individual characteristics Yes Yes Yes Yes Yes Yes
Observations 299 294 294 299 296 296
Control mean 0.545 0.174 0.105 0.057 0.035 0.093

Note: Regressions at individual level. Columns (1) through (3) show impact as measured in survey. Columns (4) to (6) show impact as measured in the
experiment. Individual characteristics include students’ gender, quality of life indicator score, number of profiles available, and whether they were in the practical
pathway at the time of treatment. These regressions do not include selection occupation dummies, as the sample is too small. Standard errors clustered at the

school level in brackets; *** p < 0.01; ** p < 0.05; * p < 0.1.



Table C13: Heterogeneity job opportunities of selected occupations - Administrative
sample

(1) (2) (3) (4) (5) (6)
Mean value  Rank 1 Rank 2 Rank 3 Rank 4 Rank 5
Male 0.221** -0.0996***  0.155*** 0.282*** 0.393*** 0.389***
(0.0138) (0.0275) (0.0236) (0.0253)  (0.0230)  (0.0258)

QOL Indicator -0.00394  -0.00635  0.00116  -0.00853  0.00976  -0.0163"
(0.00398)  (0.00942)  (0.00949) (0.00808) (0.00903)  (0.00890)

Limited profile choice 0.0149 0.143**  0.0161  -0.0789*  -0.00197  -0.00216
(0.0185)  (0.0399)  (0.0330)  (0.0362)  (0.0340)  (0.0298)

Unknown profile choice  0.0355*  0.126™*  0.0482  0.0194  -0.0312  0.0178
(0.0162)  (0.0384)  (0.0323)  (0.0282)  (0.0315)  (0.0252)

3rd year 0.0269** 0.0197 0.0433* -0.0118 0.0304 0.0497*
(0.0125) (0.0279) (0.0235) (0.0266)  (0.0240)  (0.0255)
4th year 0.0449* 0.0174 0.0293 0.0535 0.0354 0.0884**
(0.0233) (0.0415) (0.0450) (0.0386)  (0.0426)  (0.0405)
Practical pathway -0.0882*** -0.127*  -0.0743** -0.0547* -0.122"* -0.0695**
(0.0147) (0.0322) (0.0238) (0.0253)  (0.0275)  (0.0275)
Constant 3.050*** 3.273%* 3.031%* 3.038*** 2.905*** 3.007**
(0.0305) (0.0693) (0.0718) (0.0592)  (0.0694)  (0.0654)
Observations 9305 9189 9212 9188 9195 9179

Note: Regressions at individual level. Only includes control group students. 2nd year, female students
in schools where only 1 profile is available are baseline. Standard errors clustered at the school level in
brackets; *** p < 0.01; ** p < 0.05; * p < 0.1.
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Table C14: Heterogeneity hourly wages of selected occupations - Administrative sample

M @ ) @ ) ©)
Mean value  Rank 1 Rank 2 Rank 3 Rank 4 Rank 5
Male 0.798** 0.442** 0.790**  0.919"**  0.957** 0.856***
(0.0377) (0.0606) (0.0562)  (0.0657)  (0.0597) (0.0687)
QOL Indicator -0.0855**  -0.0802*** -0.0685*** -0.108*** -0.0721*** -0.0953***
(0.0159) (0.0268) (0.0217)  (0.0244)  (0.0223) (0.0283)
Limited profile choice 0.236™** 0.357 0.196** 0.0519 0.270** 0.254*
(0.0680) (0.115) (0.0949)  (0.0887)  (0.0941) (0.111)
Unknown profile choice 0.217 0.286** 0.123 0.158* 0.172** 0.322%*
(0.0678) (0.119) (0.0979)  (0.0866)  (0.0790) (0.0972)
3rd year 0.269** 0.351*** 0.320%*  0.323"**  0.161*** 0.174*
(0.0461) (0.0757) (0.0796)  (0.0671)  (0.0601) (0.0690)
4th year 0.416*** 0.411* 0.564**  0.366™**  0.333*** 0.388***
(0.0746) (0.109) (0.121) (0.134) (0.111) (0.109)
Practical pathway -0.578** -0.693**  -0.578***  -0.492"*  -0.632***  -0.434***
(0.0487) (0.0805) (0.0775)  (0.0700)  (0.0802) (0.0692)
Constant 17.12% 17.34%* 16.95**  17.14™*  17.01** 17.07
(0.134) (0.224) (0.175) (0.190) (0.173) (0.232)
Observations 9305 9189 9212 9188 9195 9179

Note: Regressions at individual level. Only includes control group students. 2nd year, female students
in schools where only 1 profile is available are baseline. Standard errors clustered at the school level in
brackets; *** p < 0.01; ** p < 0.05; * p < 0.1. .
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Table C15: Treatment effect on changing favorite occupation and change in prospects -
Administrative sample

) (2) ®3) (4) (5)
Pr(Fav. Change) AQ:<el  AQ#el (Changed) AW/eual  AWAduel (Changed)

Job Opp. Info - Researcher 0.0173** 0.0251* 0.284 0.0715** 0.952
(0.00677) (0.0137) (0.307) (0.0325) (0.696)
Job Opp. Info - Institute 0.0263*** 0.0261** 0.343 0.0459* 0.629
(0.00726) (0.0114) (0.320) (0.0240) (0.676)
Job Opp. & Wage Info - Researcher 0.0264*** 0.0403*** 0.538* 0.0742*** 1.360*
(0.00864) (0.0120) (0.320) (0.0262) (0.782)
Job Opp. & Wage Info - Institute 0.0265*** 0.0335** 0.758** 0.106™* 1.885"*
(0.00892) (0.0124) (0.331) (0.0320) (0.705)
Individual characteristics Yes Yes Yes Yes Yes
Selected occupations fixed effects Yes Yes Yes Yes Yes
Observations 9305 9074 558 9074 558
Control mean 0.048 -0.004 -0.084 -0.015 -0.315

Note: Results from ordinary least squares regression. Column (1) shows the probability that a student
changed their favorite occupation between first and second elicitation. Columns (2) and (3) show the
difference between job opportunities of students’ favorite occupation at second and first elicitation; for all
students and those who changed favorite occupations, respectively. Columns (4) and (5) show the same
for the wages. Individual characteristics include the year in which students went through the experiment,
their gender, quality of life indicator score, number of profiles available, the grade in which they went
through the experiment, and whether they were in the practical pathway at the time of treatment.
Selected occupations fixed effects include dummies for the initially selected occupations. Standard errors
clustered at school level in brackets; *** p < 0.01; ** p < 0.05; * p < 0.1.

Table C16: Treatment impact on extensive margin educational decisions

1) 2) ®3) 4)

Ever retained Start gen. sec. ed. Start post-sec. voc. ed. Graduated post-sec. voc. ed.

Job Opp. Info -0.00544 -0.00838 -0.00356 0.00206
(0.00872) (0.0135) (0.0109) (0.0158)
Job Opp. & Wage Info 0.00469 -0.00175 -0.00977 -0.00328
(0.00917) (0.0134) (0.0112) (0.0167)
Individual characteristics Yes Yes Yes Yes
Selected occupations fixed effects Yes Yes Yes Yes
Observations 9305 9305 9305 9300
Control mean 0.067 0.123 0.902 0.479
F-Stat Joint Sign. of Treatments 0.681 0.233 0.391 0.054
P-value Joint Sign. Treatments 0.507 0.792 0.677 0.948

Note: Table shows results from ordinary least squares regression. Column (1) shows impact on grade
repetition in secondary school. Column (2) shows the impact on the likelihood of a student moving on
to general secondary education—a track preparing them for higher vocational education. Column (3)
shows the impact on the likelihood of starting post-secondary vocational education. Column (4) shows
the impact on the likelihood of graduating post-secondary vocational education within our observation
window. Individual characteristics include the year in which students went through the experiment,
their gender, quality of life indicator score, number of profiles available, the grade in which they went
through the experiment, and whether they were in the practical pathway at the time of treatment.
Selected occupations fixed effects include dummies for the initially selected occupations. The F-tests
and P-values reported at the bottom of the table are for the joint significance of the two treatments.
Standard errors clustered at the school level in brackets; *** p < 0.01; ** p < 0.05; * p < 0.1.
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Table C17: Job opportunities choice set administrative data

(1) (2) 3) (4) (5) (6)
Mean Job Opp. Choice Set O, Oy O3 Oy Os
Job Opp. Info -0.0158 -0.0835**  0.00257 0.00496 0.00243 -0.00651
(0.0164) (0.0351) (0.0261) (0.0281) (0.0283) (0.0293)
Job Opp. & Wage Info -0.0101 -0.0315 0.0200 -0.00858 -0.0260 0.0000723
(0.0163) (0.0357)  (0.0276) (0.0303) (0.0299) (0.0276)
Observations 9305 9189 9212 9188 9195 9179
Control mean 3.163 3.284 3.141 3.115 3.150 3.126

Note: Regressions at individual level. Column shows job opportunities of initially selected occupations.
Column (1) shows mean across the five occupations, and columns (2) to (6) show the values for occupa-
tions initially ranked 1 through 5. Standard errors clustered at the school level in brackets; *** p < 0.01;
** p < 0.05; * p<0.1.

Table C18: Wages choice set administrative data

(1) (2) (3) (4) (5) (6)

Mean Hrly Wage Choice Set Wy Wy Ws Wy Wiy
Job Opp. Info -0.174** -0.246**  -0.137 -0.125  -0.268**  -0.0856
(0.0718) (0.109) (0.0872) (0.0831) (0.0853) (0.0932)
Job Opp. & Wage Info -0.0915 -0.0776  -0.0562  -0.113 -0.190*  -0.0342
(0.0816) (0.115)  (0.0990) (0.0913) (0.0999) (0.107)

Observations 9305 9189 9212 9188 9195 9179
Control mean 17.189 17.322 17.067 17.079 17.246 17.135

Note: Regressions at individual level. Column shows hourly wages of initially selected occupations. Col-
umn (1) shows mean across the five occupations, and columns (2) to (6) show the values for occupations
initially ranked 1 through 5. Standard errors clustered at the school level in brackets; *** p < 0.01; **
p < 0.05; * p<0.1.
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Table C19: Treatment impact on job opportunities and wages of chosen programs |
Graduate sample

(1) 2 ®3) (4)
Job opp. first choice Hourly wage first choice Job opp. degree obtained Hourly wage degree obtained

Job Opp. Info 0.0905** 0.0901 0.0952** 0.174
(0.0441) (0.125) (0.0437) (0.118)
Job Opp. & Wage Info 0.0943** 0.129 0.0779* 0.0949
(0.0405) (0.125) (0.0413) (0.127)
Individual characteristics Yes Yes Yes Yes
Selected occupations fixed effects Yes Yes Yes Yes
Observations 4449 4449 4392 4392
Control mean 3.104 17.704 3.068 17.543
F-Stat Joint Sign. of Treatments 3.236 0.554 2.911 1.096
P-value Joint Sign. Treatments 0.041 0.576 0.057 0.336

Note: Sample includes only those who graduated intermediate vocational education. Table shows results
from ordinary least squares regression. Columns (1) and (2) show impact on the job opportunities and
hourly wages of the initial choice. Columns (3) and (4) show the impact on the job opportunities and
hourly wages of the program students graduated from. Individual characteristics include the year in
which students went through the experiment, their gender, quality of life indicator score, number of
profiles available, the grade in which they went through the experiment, and whether they were in the
practical pathway at the time of treatment. Selected occupations fixed effects include dummies for the
initially selected occupations. The analysis is necessarily restricted to students who chose to go into post-
secondary vocational education and chose a program for which we can define labor market prospects.
The F-tests and P-values reported at the bottom of the table are for the joint significance of the two
treatments. Standard errors clustered at the school level in brackets; *** p < 0.01; ** p < 0.05; * p < 0.1.

Table C20: Treatment impact on job opportunities and wages of chosen programs by
choice inside or outside initial top 5

Inside Top 5 Outside Top 5
(1) 2 @) (4)

Job opp. first choice Hourly wage first choice Job opp. first choice Hourly wage first choice

Job Opp. Info 0.0859* 0.254* 0.0486 0.193*
(0.0447) (0.0878) (0.0403) (0.116)
Job Opp. & Wage Info 0.0487 0.257*** 0.0503 0.168
(0.0475) (0.0897) (0.0357) (0.135)
Individual characteristics Yes Yes Yes Yes
Selected occupations fixed effects Yes Yes Yes Yes
Observations 2402 2402 5744 5744
Control mean 3.348 17.803 3.108 17.784
F-Stat Joint Sign. of Treatments 1.854 4.937 1.210 1.561
P-value Joint Sign. Treatments 0.159 0.008 0.300 0.212

Note: Sample includes only those who graduated intermediate vocational education. Table shows results
from ordinary least squares regression. Columns (1) and (2) show impact on the job opportunities and
hourly wages of the initial choice. Columns (3) and (4) show the impact on the job opportunities and
hourly wages of the program students graduated from. Individual characteristics include the year in
which students went through the experiment, their gender, quality of life indicator score, number of
profiles available, the grade in which they went through the experiment, and whether they were in the
practical pathway at the time of treatment. Selected occupations fixed effects include dummies for the
initially selected occupations. The analysis is necessarily restricted to students who chose to go into post-
secondary vocational education and chose a program for which we can define labor market prospects.
The F-tests and P-values reported at the bottom of the table are for the joint significance of the two
treatments. Standard errors clustered at the school level in brackets; *** p < 0.01; ** p < 0.05; * p < 0.1.
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Table C21: Treatment impact on choice within initial set

0] [€) ®3) (4)
First choice | News First choice | Info Degree obt. | News Degree obt. | Info
News about job opportunities 0.933 0.815***
(0.0558) (0.0592)
News about wages 1.041* 1.018
(0.0212) (0.0297)
Job Opp. Info x News about job opportunities 0.923 0.909
(0.0727) (0.0844)
Job Opp. & Wage Info x News about job opportunities 1.064 1.108
(0.0960) (0.129)
Job Opp. Info x News about wages 0.998 1.056
(0.0260) (0.0368)
Job Opp. & Wage Info x News about wages 0.977 1.000
(0.0267) (0.0378)
Job opportunities of occupation 0.920* 0.831***
(0.0443) (0.0508)
Hourly wage of occupation 1.087** 1.076**
(0.0184) (0.0285)
Job Opp. Info x Job opportunities of occupation 1.083 1.059
(0.0770) (0.0890)
Job Opp. & Wage Info x Job opportunities of occupation 1.152* 1.207*
(0.0843) (0.107)
Job Opp. Info x Hourly wage of occupation 0.984 1.016
(0.0235) (0.0367)
Job Opp. & Wage Info x Hourly wage of occupation 1.000 0.995
(0.0254) (0.0353)
Prior rank 2 0.482*+* 0.463*** 0.525"** 0.464**
(0.0345) (0.0250) (0.0605) (0.0335)
Prior rank 3 0.302** 0.283** 0.392% 0.331%
(0.0273) (0.0188) (0.0438) (0.0269)
Prior rank 4 0.236** 0.218*** 0.295** 0.256™**
(0.0258) (0.0150) (0.0413) (0.0246)
Prior rank 5 0.161+* 0.168** 0.211** 0.197*
(0.0187) (0.0135) (0.0305) (0.0212)
Observations 5519 11910 2907 6540
Chi-Sq Joint Sign. of Treatments x Job Opp. 2.943 3.848 3.583 4.709
P-value Joint Sign. of Treatments x Job Opp. 0.230 0.146 0.167 0.095
Chi-Sq Joint Sign. Wage & Job Opp. Treatment x Job Opp. and Wages 0.955 4.938 0.931 5.070
P-value Joint Sign. Wage & Job Opp. Treatment x Job Opp. and Wages 0.620 0.085 0.628 0.079

Note: Table shows odds ratios based on a conditional logit model with whether the student chose a
study program associated with occupation j as the outcome variable. Columns (1) and (2) consider the
first choice we observe, and Columns (3) and (4) consider the final choice we observe. News about job
opportunities and wages are defined as O; = Of“““l — 05 ]Tior and W; = WjACt“‘” - ij”o’” (Columns (1)
and (3)), respectively. That is, the higher this value, the better the ‘news’. Job opportunities and wage
are defined as usual: OZ'¢“e! and W¢! Dummies for the rank of the occupation in the student’s first
choice set are also included. The y2-tests test the joint significance of the two treatments interacted with
the job opportunities and the joint significance of the job opportunities and the wages for the treatment
that received both. Standard errors clustered at the school level in brackets; *** p < 0.01; ** p < 0.05;
*p<0.1.
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