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Abstract

University dropout is costly, making it a policy priority to identify factors that
predict dropout. Using a survey experiment with incoming first-year students
linked to long-run administrative outcomes, we assess which information im-
proves dropout prediction beyond standard university records. A small num-
ber of targeted, study-specific survey items—especially motivation and expecta-
tions about degree completion—substantially improve predictive performance.
By contrast, widely used measures of general preferences and traits (such as
grit and self-control) add little incremental value—a result that we qualitatively
replicate in a large population. Our findings suggest inexpensive, scalable ways
to improve dropout predictions.
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1 Introduction

Dropout from higher education remains a pervasive and costly issue. In the United
States, roughly 40 percent of students fail to complete a degree within six years of
enrollment (de Brey et al., 2021), and dropout rates across OECD countries average
around 32 percent (OECD,) 2022). While some students may benefit from dropping
out—particularly when it reflects a well-informed match correction—policymakers
and educational institutions are primarily concerned with the broader costs of
dropout for individuals higher education institutions and societyﬁ Identifying
factors that predict dropout is therefore important for informing policies aimed at

reducing dropout.

Previous research has singled out past academic performance as the most important
predictor of educational achievement and dropout (e.g., Rothstein, 2004; Cyrenne
and Chan, 2012; Bettinger et al., 2013). Over the last two decades, non-cognitive
skills have also been recognized as being as predictive of lifetime outcomes as IQ
and various achievement tests (Heckman et al., 2006; Borghans et al., 2008} Almlund
et al., 2011). This evidence has motivated an increasing interest in collecting and

using measures of non-cognitive skills at entry to identify students at risk.

However, it remains unclear which types of measures — among non-cognitive skills,

socioeconomic background, and indicators of students” motivation and expectations

!Dropout without any formal university degree is associated with worse economic outcomes,
including lower lifetime earnings (Zimmerman), 2014; Ost et al., 2018); and any kind of dropout is
associated with higher debt burden (e.g. Chatterjee and Ionescu, [2012).

2Universities are vulnerable to students dropping out of a program or leaving the institution
without a degree because, next to fees paid by students, public funding depends on the number of
enrolled students and often also graduation rates (for an overview Kalamova et al.} 2020). Dropout
also affects the reputation of study programs and institutions, and causes mismatches between stu-
dent body and capacity.

30btaining a higher education degree is associated with larger tax payments, lower crime, better
health, and lower mortality (e.g.,|[Lange and Topel, [2006; Oreopoulos and Petronijevic| [2013; Heckman
et al., [2018) as well as other non-pecuniary benefits (e.g. |Oreopoulos and Salvanes, 2011) and may
lower income inequality (Hershbein et al.,|2020). While on average returns to a university degree are
high, this is not necessarily the case for all (e.g., [Heckman et al., 2018; Webber, 2016) and students
might only learn about mismatches after experiencing whether a university program aligns with
their expectations (e.g., Stinebrickner and Stinebrickner, 2014a). While allowing for some degree of
experimentation might be optimal (e.g., [Stinebrickner and Stinebrickner} 2014b)), information frictions
account for a non-trivial share of dropout (Arcidiacono et al., 2025).



— are actually useful for predicting dropout once the information already available in
administrative records, especially prior grades, is taken into account. This question
matters for two reasons relevant for policy and practice. First, university administra-
tions already observe some baseline information for incoming students; additional
data collection is only justified if it adds meaningful predictive content beyond these
readily available inputs. Second, many non-cognitive batteries are lengthy and can

raise privacy concerns or suffer from low response rates, which limits their value.

We address the question of which types of measures help to predict dropout by
combining an entry survey experiment for 616 first-year students enrolled in busi-
ness and social science degrees at Aarhus Universityﬁ with Danish national admin-
istrative records that allow us to follow educational outcomes for eight years after
enrollment. The dataset includes questionnaire measures and incentivized tasks
capturing economic preferences and behavioral traits, as well as study-related mo-
tivation, expectations, and socioeconomic characteristics. We assess which of these
measures improve the prediction of dropout beyond the information typically avail-
able to a university administration. Throughout, we use the term non-cognitive skills
broadly to encompass preferences, behavioral biases, and other characteristics, to

distinguish them from cognitive skills.

Our analysis builds on data typically available to university administrations, in-
cluding gender, age, high-school grade point average (GPA), priority ranking of
programs, and, of course, the program enrolled in. We refer to this as the Ba-
sic information set and extend it in three different ways: First, the information
set NoNCcoG augments Basic with measures of non-cognitive skills, encompassing
(i) a broad set of preferences and traits (such as self-control, grit, overconfidence,
loss aversion, narrow bracketing, competitiveness, strategic thinking, and cognitive
reflection), and (ii) self-regulation strategies related to studying. Second, the infor-

mation set ExPECT augments Basic with a range of survey questions on students’

% Aarhus University is Denmark’s second-largest university and consistently ranks among the top
150 universities worldwide (Rector’s Officel [2024)).



expectations about their future earnings and study completion, reasons for their ma-
jor choice, and their motivation for the chosen studies. Third, the information set
BACKGR augments Basic with survey data on students’ socioeconomic background

and their financial situation. Finally, ALL combines all information sets.

For each of these information sets, we build predictive models and compare their
performance in predicting dropout. In addition, we identify the importance of indi-
vidual variables that are included in the broader sets. We rely on machine learning
techniques because they capture non-linear relationships and interactions among
variables and provide robust predictions in settings like ours, where the ratio of

predictors to observations is high (e.g., Mullainathan and Spiess, |2017).

Our main analysis focuses on dropout from the bachelor program. Yet, unlike most
of the previous literature, the link between university administrative records and
Danish national administrative data allows us also to disentangle three major cate-
gories of dropout and test robustness of our results to different dropout definitions
(see, e.g., Tinto, 2012): program dropout (dropping the degree program in which the
student originally enrolled), institution dropout (leaving the university originally en-
rolled in without a degree), and system dropout (leaving the higher education system

without obtaining any bachelor’s degree).

Across these alternative dropout definitions, the overall findings are that (i) previ-
ous academic performance (high school GPA) is by far the most important predictor
of dropout, (ii) simple, self-reported measures of study expectations and motivation
add substantial predictive value—most clearly for program dropout and, for institu-
tion dropout, mainly relative to models that use GPA alone, (iii) study-specific self-
regulation strategies provide complementary information for distinguishing stu-
dents who are least likely to persist in their studies, and (iv) behavioral traits and
preferences (such as, for example, self-control, grit, competitiveness or loss aver-
sion) add little incremental value for predicting dropout once basic administrative

information is included.



This last finding is surprising for two reasons. First, one might expect general mea-
sures of preferences and traits to subsume context-specific questions about motiva-
tion, expectations and study habits. Second, the literature documents robust correla-
tions between traits such as grit or self-control and academic performance, especially
grades. Our data confirm these correlations for both prior grades and university
grades. Yet, these measures show little correlation with dropout itself. This contrast
highlights an important distinction: predicting grades and predicting dropout are
different challenges, likely because dropout reflects additional margins—fit, con-

straints, and persistence—that are not well summarized by broad trait batteries.

We also address two potential concerns about interpretation. One concern is that
administrative information may already absorb much of the predictive content of
preferences and trait measures, for instance if traits are largely reflected in prior
grades or other readily observed inputs. Another is selection: survey participation
and university enrollment may generate a sample in which broad non-cognitive
batteries have limited variation or limited relevance. We find little evidence that any
of these mechanisms account for the main patterns in our results. In particular, we
replicate the qualitative finding that broad preference and trait measures, such as
grit and self-control, add little predictive value in an additional, much larger dataset

from a broader population, using a related educational completion outcome.

Taken together, the practical implication is that predicting dropout may be easier,
and less intrusive, than is often assumed. Institutions can largely rely on existing
administrative information and gain additional accuracy by adding a small number
of short, targeted questions on motivation and expectations about completion, and
possibly few study-specific self-regulation questions. Because such questions can
be collected during the routine communication that institutions already have with
incoming students, this approach is scalable at low cost and avoids privacy concerns

associated with lengthy batteries that collect more sensitive information.

Finally, to shed light on why a simple motivation measure is predictive of dropout,



we draw on an additional dataset linking motivation to study time. Many students
invest fewer hours than programs typically require, and study effort is correlated
with self-reported motivation. A plausible mechanism consistent with our findings
is that students who report low initial motivation invest fewer study hours, which
can generate early knowledge gaps and ultimately raise dropout risk. This per-
spective aligns with the view that reducing dropout may require interventions that

effectively increase student effort (Oreopoulos and Petronijevic, 2019).

The remainder of the paper is organized as follows. Next we discuss related liter-
ature. Section |2 describes the institutional setting. Section [3| presents the data and
experimental design. Section [4 outlines the empirical strategy, Section [f presents the

results, Section [p] discusses mechanisms and robustness, and Section [7] concludes.

Related literature We contribute to the burgeoning literature investigating the
role of non-cognitive skills in predicting educational outcomes, and in particular
dropout. Our machine learning approach allows us to systematically study the pre-
dictive power of a broad set of non-cognitive skills, motivation and expectations
that may relate to university dropoutﬁ Previous studies either did not take past
academic performance into account (Burks et al., 2015), focused on different edu-
cational settings (Backes-Gellner et al., 2021} |Almads et al., 2016a) or on a narrow
set of non-cognitive skills, namely measures of grit, conscientiousness, and locus of
control (Caviglia-Harris and Maier, 2020; [Saltiel, [2020; [Duckworth et al., 2019). By
contrast, we jointly consider a broad battery of preference and trait measures to-
gether with study-specific motivation and expectation measures, while drawing on

detailed administrative information.

Our results are in line with [Caviglia-Harris and Maier| (2020), who find that non-
cognitive skills do not relate to university dropout, but to GPA. In contrast, Saltiel

(2020) finds a relation between dropout and non-cognitive skills; and [Duckworth

>Machine learning has also been used to predict educational outcomes, see Pefia-Ayalal (2014) for
an overview of this literature and [Berens et al.| (2018) for a recent example. However, non-cognitive
skills are typically not incorporated in this literature.



et al| (2019) find a relation between grit and timely graduation for students in a

highly selective elite military academy.

Our research is also related to the literature that examines the impact of past educa-
tion performance and non-cognitive skills on academic outcomes other than dropout
(e.g., Nichols et al., 2018} Beattie et al., [2019; Yu et al., 2020; Bjerre-Nielsen et al.,
2021). [Bjerre-Nielsen et al. (2021) rely on several data sources to examine which
data best predict grades at a Danish university. Next to administrative data, they
rely on a range of survey measures, such as the Big Five, locus of control, self-
esteem, and self-efficacy, as well as cell phone network data. They find that adding
the behavioral survey measures and network data does not improve predictability
relative to using only the administrative data. Yu et al.| (2020) follow a similar ap-
proach, but do not rely on validated psychological scales or elicited preferences for
the non-cognitive skills. They also find little support for the predictive power of
the survey measures (or network data). Beattie et al. (2019) focus only on the best
and worst performing students. For these selected student samples they find that
low effort provision and procrastination are good predictors of low academic per-
formance. Nichols et al|(2018) follow a similar strategy as Beattie et al.| (2019), but
consider a more restrictive set of non-cognitive skills (Big Five, grit, and locus of

control).

Taken together, this literature suggests that while non-cognitive skills are often cor-
related with academic performance, their incremental value for predicting dropout-
—especially beyond prior grades and administrative information—remains un-

clear. Our paper directly addresses this gap in a unified predictive framework

2 Institutional background

Three key aspects of the Danish higher education system warrant attention. First, all

Danish universities are public and offer tuition-free education to students from Eu-



ropean Union (EU) member states. Danish students additionally receive around

$1,000 USD in monthly financial support through the State Educational Grant
(SEG)f|

Second, admission capacities in Danish universities are constrained. There are two
admission systems, ‘quota 1” and ‘quota 2’, with the former relying solely on high
school GPA, while the latter also considers additional criteria. Universities admit
around 10 percent of students via the ‘quota 2’ system. The application process is
centralized with students ranking their top eight institution-degree pairs (such as
“Economics at Aarhus University”). After the application deadline, candidates are
sorted according to their GPA and admitted to the highest-ranked program on their
list that is still available, if any. This is the sole offer that applicants receive, and to

enroll within the current academic year, they must accept this offer.

Third, most bachelor programs in Danish universities last three years and consist of
two semesters each year. Students enroll full-time and typically follow a fixed course
structure for the first two years. Transferring to another study program requires
going through the centralized annual application procedure, which limits mid-year

switching due to the structured curriculum.

3 Data and experimental design

3.1 Data
3.1.1 Sample

All 2,747 first-year students at the Faculty of Business and Social Sciences at Aarhus

University in Fall 2013 were invited to participate in our survey experimentﬂ Stu-

The SEG is limited to 70 months of support. Students must not fall behind in their studies by
more than 12 months and face a cap on how much they can earn besides the SEG. EU students are
eligible for the SEG if they work more than 40 hours per month.

7Our target sample matches the actual cohort with the exception of a few students who were
enrolled after we were given the list of incoming students by the university. Our list included a few



dents were enrolled in Economics, a variety of Business programs, Law, Political
Science, or Psychology. A total of 616 students completed the survey (a 22.42 per-
cent response rate). In Appendix we present data describing selection into the
survey. While we observe certain differences, such as participants being somewhat
less likely to drop out and more likely to complete a master’s degree, these patterns
align with previous studies (e.g., Epper et al,, 2022; Hvidberg et al.,, 2023), which
find that individuals who choose to participate can differ from those who do not.
Accordingly, we employ several approaches to test the robustness of our results to

selection, as described in Section [6}

3.1.2 Student records and national administrative data

We link the data from the survey experiment to two other administrative data
sources. First, student records from Aarhus University provide us with students’
semester-by-semester enrollment status and the set of background variables that a
university administration would typically have access to for incoming students, in-
cluding gender, age, high school grade point average (GPA), high school type (or
foreign degree), high school graduation date, and whether the study program was
ranked highest by the student in the university application form or was assigned
a lower rank. We also construct program fixed effects to account for unobserved
differences across study programs (for example, due to different GPA admission
cutoffs). Second, national administrative data from Statistics Denmark allow us to
track students’” educational trajectories for more than eight years after enrollment,

until the end of 2021, even if they drop out of their initial study program.

3.1.3 Outcomes

We consider the three major categories of dropout as our outcome variables (see,

e.g., Tinto} 2012). First, program dropout occurs if a student leaves the study pro-

students who then did not end up starting their studies. These are excluded.



gram originally enrolled in without obtaining a bachelor’s degreeﬂ This is our
main outcome variable. Second, institution dropout occurs if a student leaves Aarhus
University without obtaining a bachelor’s degree. Finally, system dropout occurs if
a student does not complete any bachelor’s program of at least three years” dura-
tion at a Danish university or a university college. Because institution and system

dropout are less frequent, they are secondary outcome variables.

3.2 Experimental design

The survey experiment consisted of several incentivized tasks and a questionnaire.
The full instructions of the survey are reproduced in Appendix |A.9l”| We first moti-
vate the different measures collected and then describe the procedure used to elicit

them.

3.2.1 Motivation for the different measures

The set NoNCOG consists of several measures of non-cognitive skills. The first sub-
set of non-cognitive skills broadly relate to perseverance, including psychological
scales on grit (Duckworth et al.,[2007) and self-control (Tangney et al., 2004) that are
important correlates of academic outcomes in different educational settings (Shoda
et al., (1990; Duckworth and Seligman, 2005; Duckworth et al., 2007, 2012; |[Eskreis-
Winkler et al 2014; Golsteyn et al., 2014; [Figlio et al, 2019). Because studying often
requires costly effort to secure gains that lie in the future, we measure willingness to
exert effort in a tedious real-effort task that generates payment several weeks later.
To manage self-control problems in studying, students may employ self-regulation
strategies, such as goal setting (see, e.g., Locke and Latham) 1990; |Clark et al., 2020),

motivational bracketing (Koch and Nafziger, 2016, 2019), or hard commitment de-

8To transfer to another study program (even within the same university) the student must again
go through the annual centralized application process described in Section

9The study was notified to the Central Denmark Region Committees on Health Research Ethics
(the IRB in charge), who did not require it to undergo ethical review (Reference number 1-10-72-20-13
85/2013).

10



vices (Bryan et al., 2010).

Our second subset of non-cognitive skills encompasses several preference measures.
First, we elicit participants’ risk preferences, and, more specifically, their loss aver-
sion. Karle et al. (2022) observe that loss aversion relates to worse exam strategies
and outcomes. Since repeated low exam performance may lead to dropout, more
loss-averse students may be more likely to withdraw. Second, we elicit the will-
ingness of students to select into competition (Niederle and Vesterlund, 2007). Par-
ticipation in competition not only reflects risk preferences and confidence (Gillen
et al., 2019; Van Veldhuizen, 2022), but is also predictive of exam performance (Ors
et al., 2013; Pekkarinen, [2014; Jurajda and Miinich, 2011), education and occupation
choices (Buser et al., 2014, 2017, [2022|, 2024; | Almas et al., 2016b), as well as income

or income expectations (Reuben et al., 2017; Buser et al., 2024).

Our third subset of non-cognitive skills includes behavioral biases that induce sub-
optimal choices. First, we elicit a measure of overconfidence. Overconfidence may
lead students to exert suboptimal study effort or to choose a poorly matched ma-
jor. Second, we include measures of narrow bracketing due to cognitive limitations,
which may lead to suboptimal decisions (e.g., [Rabin and Weizsdcker, 2009). For
example, individuals who see a bad grade in isolation from the rest of their study

performance, might be more demotivated and hence more likely to drop out.

Our fourth subset of non-cognitive skills includes measures of strategic thinking and
cognitive reflection. Fe et al.| (2022) observe a relation between strategic sophistica-
tion and educational outcomes. Cognitive reflection (Frederick, 2005) is related to a
variety of outcomes and preferences (e.g., Iaylor, 2020). Students who score higher
in these domains may better anticipate the consequences of their choices and thus

be less likely to drop out.

The information set ExpECT augments Basic with a range of survey questions on stu-
dents” expectations about their future earnings and study completion, reasons for

their major choice, and their motivation for the chosen studies. For example, Kunz

11



and Staub| (2020) report a relationship between beliefs about completing an educa-
tion and actual completion. Several studies document associations between univer-
sity enrollment or major choice and beliefs about pecuniary and non-pecuniary ben-
efits of education (Wiswall and Zafar, 2015; Patnaik et al., 2021 Boneva and Rauh),
2017; Boneva et al 2022). However, according to a study by |Arcidiacono, (2004) sort-
ing appears mainly driven by preferences—differences in monetary returns matter

very little.

The information set BACKGR augments Basic with survey data on students’ socioe-
conomic background and their financial situation, incorporating elements identified
as influential for educational success, such as parental college education (e.g., Almas
et al.,2016a), access to Danish student grants and loans, other means of financing the
studies, and liquidity constraints (e.g., Joensen and Mattana, 2021} Dynarski et al.,

2023).

3.2.2 Non-cognitive skills

Competitiveness. Following the literature based on |[Niederle and Vesterlund
(2007)), we elicited this measure using a real effort task. Specifically, students were
required to count the number of zeros in tables with zeros and ones (Abeler et al.,
2011). In the first stage, participants had three minutes to count as many tables
as possible and earned DKK 0.5 (about USD 0.09) per table. In the second stage,
students were informed that they would again have three minutes to count the
number of zeros in up to 40 tables. Before counting, they could choose whether to
be paid based on their own performance, or to compete with others” performance.
If they chose the first option (No Competition), they received DKK 0.5 per correctly
counted table. If they chose the second option (Competition), they received DKK 1
per correctly counted table if they correctly counted more tables than one randomly

selected student in round 1. Ties were randomly resolved.

12



Overconfidence. After the choice between Competition and No Competition, and
before doing the actual counting task, we also asked students to guess the per-
centile rank of their performance in round 1 relative to the performance of the other
students in round 1. They received DKK 5 if they guessed their rank correctly.
Comparing their believed rank to their actual rank provides us with a measure of

overconfidence.

Effort measure. The real effort task also gives us a measure of how willing a stu-
dent is to invest immediate effort in a boring task in exchange for a payment a
couple of weeks later. We include in our analysis the first round of counting, which

is uncontaminated by the competition choice.

Self-control and grit. Several questions measured how self-controlled and gritty
students are and which self-regulation strategies they employ. First, we included
two psychological scales: the 13-item brief self-control scale (Tangney et al., 2004)
and the 8-item grit scale (Duckworth et al,, 2007). Second, we included 21 ques-
tions on general and study-specific self-regulation strategies that students may use
or endorse (such as personal goals and deadlines, or hard commitment devices like
mandatory hand-in requirements). Based on a principal component analysis of these
21 questions, parallel analysis (Horn, [1965; [Patil et al., 2008) suggests five compo-

nents, which we extract and include in our analysis (see Table |A.7).

Risk preferences. We elicited risk preferences using incentivized choice lists to
recover certainty equivalents (Farquhar, 1984; Bruhin et al., 2010). In our analysis, we
use a non-parametric index of loss aversion. Full details on the elicitation procedure

and the construction of the index are provided in Appendix

13



Narrow bracketing. We included a set of questions on narrow bracketingm The
tirst question is based on Tversky and Kahneman|(1981), where decision makers face
two decisions that jointly determine their payoff and need to choose between two
lotteries for each decision. The decision was incentivizedﬂ Typically, a large frac-
tion of decision makers choose a lottery combination that is first-order stochastically
dominated by another possible combination (Iversky and Kahneman, 1981; Rabin
and Weizsacker, 2009). Such choice errors can be explained by narrow bracketing

together with loss aversion.

Further, students were asked which kind of small scale insurance (cycle, phone,
baggage, travel, computer/laptop) they ever bought. One explanation for buying
small scale insurance is narrow bracketing in conjunction with expectation based
reference dependence preferences (Sydnor, 2010). Similarly, whether students divide
their monthly budget into several separate budgets or not is indicative of narrow

bracketing in terms of narrowly defined mental accounts (Heath and Soll, 1996).

The final question in this block builds on Kahneman and Tversky|(1984)’s “lost ticket
versus lost money” scenario. They observed that many participants were willing to
repurchase a concert ticket after losing an equivalent amount of cash (here DKK
100), but far fewer were willing to do so after losing the ticket itself. This suggests
that buying a ticket creates a narrow, topical mental account for the concert, where

the cost of the lost ticket is charged—but not the lost cash.

Cognitive reflection and strategic sophistication. Students completed the three-
item cognitive reflection test by Frederick (2005), consisting of simple math exercises
where the impulsive answer is wrong. Students received DKK 2 for each correct

answer.

Further, we elicited a measure of strategic sophistication using a beauty contest

0These data were also used in Koch and Nafziger| (2019) to examine theories that classify nar-
row bracketing phenomena either as errors due to cognitive limitations or strategies to achieve self-
control.

1One randomly chosen student was paid for both decisions. To cover any possible losses, this
participant received an extra 100 kr. endowment.

14



game (e.g., Nagel, 1995). Students chose a number between 0 and 100, knowing
that the other participants did the same. The average of all entered numbers was
then computed and multiplied by two thirds. The student whose entry was closest
to this number won DKK 200. Applying iterated elimination of strictly dominated
strategies leads to the unique Nash equilibrium, where all players choose 0. A lower

chosen number thus is indicative of deeper strategic reasoning.

3.2.3 Expectations and motivation related to the study program

The survey included a range of questions about how students selected their study
subject (interest, job opportunities, recommendations, fits talents, did not know),
whether it was their most desired subject, whether students were certain about their
choice, as well as their motivation and satisfaction with the studies. In addition,
we asked about expectations and beliefs associated with future outcomes, such as
future earnings after graduating, expected study length for the respective degree,
the relationship between obtained grades and income, and the likelihood that a

student obtains a bachelor’s or master’s degree in the respective subject.

3.2.4 Socioeconomic background and appearance

This part of the survey collected information on students’ socioeconomic back-
ground that may help predict dropout, such as whether parents have attended
college, access to Danish student grants and loans, other means of financing the
studies, and the extent to which a student is liquidity constrained. In addition, we
included questions related to self-perception of attractiveness and physical strength,
height and weight (which we aggregate as body mass index) because prior research
links these characteristics to labor market outcomes (e.g., [Rooth, 2011; Scholz and

Sicinski, 2015).

15



3.3 Experimental procedures

Students were invited by email and informed that they could earn money by com-
pleting an online survey on their own computer in either Danish or English and that
it would take approximately 60 minutes to complete the study Invitations were
sent in five consecutive waves within the first weeks of the semester. Students who

did not start or did not complete the survey received reminders.

Average earnings were DKK 148 (USD 27). Upon accessing the study, students
were presented with an overview of the study and its procedures. Additionally,
the students were requested to grant their consent to allow us to link their data
with student records and national administrative data. In order to receive payment,
students had to complete the entire survey, which consisted of several incentivized
tasks in addition to a fixed payment of DKK SOH Students were informed that
payments would be made two to six weeks after completion, via a standard system
through which public institutions can transfer money using the recipients” social

security number.

4 Empirical strategy

We frame student dropout prediction as a binary classification task and use machine
learning algorithms to estimate models that predict dropout risk. We carry out
a comprehensive analysis by comparing the performance of five distinct machine
learning algorithms. Our objective is predictive rather than causal. Accordingly, we
focus on out-of-sample performance (using the nested cross-validation procedure

described below) rather than structural interpretation of individual coefficients.

12 A software filter restricted smartphone access.

13Students who completed the survey could earn an additional DKK 200 by participating in a
follow-up study eliciting time preferences with the procedure outlined in |Augenblick and Rabin
(2019) and described in Epper et al|(2018). These measures are not used in this study because only
314 students completed them.

16



4,1 Predictive models

For conciseness, we focus in the main text on results from XGBoost (Extreme Gradi-
ent Boosting; Chen and Guestrin, 2016). The algorithm successively builds models to
minimize prediction errors from previous iterations. XGBoost is widely used in re-
search and industry because it balances accuracy with computational efficiency. Ap-
pendix provides further details on XGBoost and the four alternative models—
a standard logistic regression model, LASSO, neural network, and random forest.
These models differ in their flexibility to capture linear and non-linear relationships,
allowing us to assess whether more complex algorithms outperform simpler models

in predictive accuracy.

4.2 Nested cross-validation

We apply nested cross-validation (CV)—also known as double cross-validation
(Stone, 1974)-when estimating all models. Nested CV mitigates overfitting by
separating model selection, hyperparameter tuning, and performance evaluation,
thereby providing a more reliable estimate of the model’s generalizability (Varma

and Simon, 2006). Details of the procedure and hyperparameter tuning are pro-

vided in Appendices[A.3]and

4.3 Evaluation of the model performance

Evaluating the performance of predictive models involves comparing predicted out-
comes to realized outcomes while balancing Type I (false positive) and Type II (false
negative) errors. We rely on the Area Under the Curve (AUC), a widely adopted met-
ric for binary classification tasks. The AUC equals the probability that the model
assigns a higher predicted dropout risk to a randomly selected student who drops

out than to a randomly selected student who does notﬁ Because all models are

4Specifically, the AUC measures the area under the Receiver Operating Characteristic (ROC) curve.
A point on the ROC curve represents the true positive rate for a given false positive rate. AUC
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evaluated on the same individuals, their ROC curves (and hence their AUC esti-
mates) are statistically dependent. We therefore use DeLong’s test for two correlated
ROC curves, which compares paired AUCs using a nonparametric estimate of the
covariance structure of the underlying U-statistics (DeLong et al., 1988; Rainio et al.,

2024).

In practice, each individual contributes a single out-of-sample predicted dropout
risk per model, obtained from the outer fold in which the individual serves as part
of the validation set. We pool these out-of-fold predictions across individuals to
compute AUCs and apply DeLong’s test to compare paired predictions across mod-

els.

We further corroborate the conclusions drawn from the AUC analysis in Appendix
A.5.2.1| using precision-recall curves and the corresponding Precision-Recall Area Un-

der the Curve (PRAUC) metric, which is robust to imbalanced outcomes.

5 Results

5.1 Descriptive statistics on dropout

Figure (1| provides descriptive statistics on the different categories of dropout for the
616 students who took the survey. Of these, 438 students (71.1 percent) obtained a
bachelor’s degree in the program for which they were enrolled, whereas 178 stu-
dents (28.9 percent) dropped out of their program. Of these, 45 students completed
another bachelor’s degree at Aarhus University. Hence, considering dropout at the
institution level, 133 students (21.6 percent of the 616 students) left Aarhus Uni-
versity before obtaining a degree. Of these, 70 students completed a bachelor’s
program of at least three years” duration at another Danish university or university
college. This leaves 62 students (10.1 percent of the 616 students) who dropped out

without completing any university degree. Given the sample size, our main focus is

aggregates over all such possible classification thresholds. See Appendix for further details.
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Figure 1: Categories of dropout

Started a bachelor program 100% (N=616)

Completed the program 71.1% (N=438)

Program dropout 28.9% (N=178)

b,

Institution dropout

21.6% (N=133)

1
System dropout ! 510.1% (N=62)

Notes: Categories of dropout: Program dropout (a student drops the study program originally enrolled
in), institution dropout (a student leaves the university without a degree), and system dropout (a student
leaves the Danish higher education system without any bachelor’s degree). 616 students completed
the survey—among 2,747 students starting a bachelor program at the Faculty of Business and Social
Sciences at Aarhus University in the fall of 2013 (a 22.42 percent response rate). Study areas include
several business and economics programs, law, political science, and psychology.

on program dropout, but we also report results for institution and system dropout

to illustrate robustness and provide a more complete picture.

5.2 Predictive performance

This section compares the gains in predictive performance when additional informa-
tion sets (i.e., groups of variables or “features”) are included in the models beyond
high school GPA and indicators for the enrolled bachelor program. We start with
the Basic information set that includes variables typically available to university
administrations. Next, we separately add the information sets listed in Table (1} We
focus on the results for XGBoost. The other machine learning algorithms perform

similarly to XGBoost (see Appendix|A.5.2).
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Table 1: Information sets

Set Explanation

GPA High school grade point average and dummies for the bachelor pro-
gram entered

Basic GPA (including program dummies) + additional features typically
available to universities for incoming students (e.g., gender, age, type
of high school, priority ranking of the program)

BACKGR  Basic + additional information from survey questions on students’
background (e.g., education of mother and father, appearance)

Expect  Basic + additional information from survey questions on students’
expectations and study motivation (e.g. see footnote[17)

NoncoG Basic + additional measures related to students’ cognitive and non-
cognitive skills (e.g., Brief Self-Control Scale, cognitive reflection, grit,
loss aversion)

A1L All features combined in one set

Predicting dropout

Figure [2| compares the AUC across the different information sets, separately for
each of the three dropout categories. Table |2 reports pairwise AUC comparisons
based on the DeLong test (DeLong et al., 1988; Rainio et al., [2024). The top panel
of Figure [2| shows results for program dropout. Adding the Basic information set to
the baseline model with only high school GPA and program dummies increases the
AUC from 0.66 to 0.67, yielding no statistically significant improvement. Adding
the student background characteristics in BACKGR yields a similar AUC (0.67). In
contrast, ExrecT increases the AUC to 0.73; similarly, NoNcoG increases the AUC
to 0.71—Dboth statistically significant improvements. The highest AUC of 0.75 is

obtained with ALL.

The middle panel of Figure 2| examines the predictive performance for institution
dropout. Here, the Basic set significantly improves prediction over the GPA baseline,
increasing the AUC from 0.64 to 0.70. None of the other information sets offer sta-
tistically significant gains beyond Basic. BACKGR and NoNcoOG even slightly reduce

predictive performance relative to Basic, suggesting that these additional variables
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Figure 2: Model performance with different information sets (XGBoost)

Program dropout

AUC
665775

GPA BASIC BACKGR EXPECT NONCOG ALL

Institution dropout

AUC
665775

T T T T T T
GPA BASIC BACKGR EXPECT NONCOG ALL

System dropout

AUC
B 65775

T T T T T T
GPA BASIC BACKGR EXPECT NONCOG ALL

Notes: Model: XGBoost. All information sets to the right of Basic include the Basic features (see
Table[I). AUC captures the probability that the model ranks a randomly selected student who drops
out more highly in terms of dropout risk than a randomly selected student who does not drop out.
It takes values between 0 (all predictions are wrong) and 1 (all predictions are correct).

add limited signal in this setting and may introduce noise or overfitting.

The bottom panel displays results for system dropout. Here, only ALL yields a (bor-
derline) statistically significant gain relative to the GPA baseline, reaching an AUC
of 0.71. Relative to Basic, both BAckGr (with an AUC of 0.69) and ALL provide a

(borderline) significant improvement.

Overall, for institution and system dropout, adding the NoncoG information set
does not improve predictive performance relative to Basic. Because institution and
system dropout are rarer outcomes, these null effects should be interpreted with
caution. For program dropout, NoNcoG does add predictive power, but the anal-
ysis in Section shows that the gain is driven primarily by study-related self-
regulation components and overconfidence rather than by the broad preference and
trait measures (self-control, grit, competitiveness, risk preferences, cognitive reflec-

tion, strategic sophistication, or narrow bracketing). This pattern, especially the
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Table 2: Test of pairwise AUC differences (XGBoost)

Program dropout

AUC GPA Basic BackGr Expect NoNcoGc ALL
GPA 0.6583 - 0.011 0.016 0.074*** 0.053** 0.088***
Basic 0.6698 - 0.005 0.063"*  0.041* 0.076***
BAackGr  0.6745 - 0.058* 0.037* 0.071**
Exprect  0.7327 - -0.022 0.013
Noncoc 0.7112 - 0.035
ALL 0.7458 -

Institution dropout

AUC GPA Basic BackGr Expect NoNcoGc ALL
GPA 0.6415 - 0.059**  0.009 0.069**  0.010 0.041
Basic 0.7008 - -0.050** 0.010 -0.050* -0.019
BackGr  0.6510 - 0.060"*  0.000 0.031
Expect  0.7107 - -0.060* -0.028
Noncoc 0.6510 - 0.031
ALL 0.6822 -

System dropout

AUC GPA Basic BackGr Exrect NoNcoGc ALL
GPA 0.6479 - -0.010  0.044 0.007 0.027 0.060"
Basic 0.6377 - 0.054"  0.017 0.037 0.070"
BackGr  0.6921 - -0.037 -0.017 0.016
Expect  0.6548 - 0.020 0.053
NonNcoG 0.6747 - 0.033
ALL 0.7078 -

Notes: Each panel reports the Area Under the ROC Curve (AUC) in column 2 and the
pairwise differences in the AUC between XGBoost models, based on DeLong’s test for two
correlated ROC curves, in columns 3 — 8. Cells above the diagonal show AUC(column)
— AUC(row); positive values therefore indicate that the model in the column achieves
higher predictive performance than the model in the row. GPA, Basic, BACKGR, ExPEcT, and
Noncog refer to the information sets defined in Table I} ALL includes all features. Signifi-
cance levels: Tp < 0.10, *p < 0.05, **p < 0.01, ***p < 0.001.

limited contribution of the preference/trait measures, contrasts with prior evidence

linking these measures to other academic outcomes, which we discuss in Section [6]

In contrast, the results in Figure 2| and Table 2| show that survey-based measures

of students” expectations and motivations for their specific study program provide
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important additional information for predicting program dropout beyond the in-
formation already captured in the Basic information set. For institution dropout,
these measures improve predictive performance relative to a model using only high
school GPA and program dummies, but they do not yield statistically significant

gains beyond Basic.

Since the expectation and motivation measures are tailored to a particular insti-
tution, it is perhaps unsurprising that they offer little predictive value for system

dropout, where students leave higher education entirely.

Another notable result is that the BACKGR information set does not improve pre-
dictive performance over the Basic set. The only exception is for system dropout,
where it yields a marginally significant gain. The latter suggests that socioeconomic
background may play a more important role in explaining complete withdrawal

from higher education than in predicting within-institution outcomes.

5.3 Identification of at-risk students

To provide a sense of how well the machine learning models perform when rank-
ing students in terms of dropout risk, Figure 3| shows the extent to which the risk
classification by the predictive model correlates with actual dropout from the pro-
gram. The x-axis captures the risk ranking assigned by XGBoost. Decile 1 contains
those students predicted to be among the 10 percent with the lowest dropout risk
and decile 10 contains those students predicted to be among the 10 percent with the
highest dropout risk. The y-axis measures the proportion of actual cases of dropout

(true positives) in a decile (the response rate).

The dotted line at 28.9 percent marks the overall average program dropout rate. That
is, a model that perfectly identified dropout would assign all dropout cases to the
three highest risk deciles. In this case, the response rate would be 1 for the deciles
10 and 9 and close to 1 for decile 8. What we actually see is that among the students

assigned to the highest risk decile 10, around 65 percent do drop out of the program.
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Figure 3: Response rates for program dropout (XGBoost)
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Notes: XGBoost model using the full feature set ALL (see Table . Deciles capture the risk ranking
assigned by XGBoost: decile 1 contains the 10 percent of students with the lowest predicted dropout
risk and decile 10 contains the 10 percent of students with the highest predicted dropout risk. The
graph shows the response rate, which measures the proportion of actual cases of dropout (true
positives) in a decile. The dotted line shows the 28.9 percent dropout rate at the program level for
the entire sample.

Further, the response rate generally declines from the highest-risk decile 10 to the
lowest-risk decile 1, although not strictly monotonic. Overall, students assigned a

higher predicted risk rank exhibit substantially higher realized dropout rates.

Appendix complements this analysis with lift curves—another way of visu-
alizing the ability of a predictive model to identify at risk students. Overall, these
analyses suggest that machine learning models applied to our data achieve econom-
ically meaningful out-of-sample predictive performance. In Appendix we also
report corresponding analyses for institution and system dropout and compare the
different machine learning algorithms. Due to the smaller sample sizes, the predic-
tive models are less reliable in predicting dropout in these settings, in particular, for

system dropout.
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5.4 Feature importance

Machine learning models are often criticized as opaque ‘black boxes” (e.g. Burrell,
2016). To unveil the complex layers of machine learning models, the concept of
feature importance has emerged (e.g., Doshi-Velez and Kim, 2017; Lundberg et al.,
2020). It assesses and ranks the variables, or ‘features’, in a dataset based on their
impact on the predictions of the model. Permutation Feature Importance (PFI) and
SHapley Additive exPlanations (SHAP) are two widely applied measures that have
the advantage of being model independent. That is, they can be applied across
diverse machine learning models, providing a consistent way to interpret and com-
pare models. For conciseness, we focus here on the SHAP measure introduced by
Lundberg and Lee| (2017), as it has the advantage over PFI that it takes into account

the interaction effects between features/'5]

A variable with a higher SHAP feature importance has a stronger impact on the
model’s prediction@ Figure {4 shows the ranking of SHAP feature importance for
the XGBoost model predicting program dropout using the full feature set ALL, mea-
sured by the absolute SHAP value. It represents the magnitude of a feature’s con-
tribution to the model’s prediction, irrespective of the direction of the influence
(positive or negative). The figure displays the ten features that contribute most to

the prediction of program dropout.

High school GPA (HS GPA) is by far the most important feature—confirming the
general insight from the previous literature (see the introduction). Two survey mea-

sures from the ExpecT information set are highly influential (|SHAP| = 0.24 and 0.19,

15The general patterns are robust to using the PFI measure as an alternative (see Appendix .

16SHAP builds on a concept from cooperative game theory that Shapley| (1953) developed for
assigning to each player a value based on the contribution that the player has to the total payoff
when taking into account all possible coalitions that players may form. In the case of SHAP, a
‘player’ is a feature, the ‘total payoff’ is the prediction for a particular coalition, and a ‘coalition’
is a subset of features. The Shapley value of a feature is computed as the average of its marginal
contributions across all possible coalitions of all features. The marginal contribution is the difference
in the prediction when we include the feature and when we do not. This means that SHAP not only
considers the main effect of a feature (i.e., its contribution to the prediction in isolation) but also
interaction effects with other features. In this way, SHAP allocates the value for the total prediction
among the input features.
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Figure 4: Feature importance for predicting program dropout (XGBoost)
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|SHAP value|
Notes: Model: XGBoost using the full feature set ALL (see Table . Top 10 feature importance in
terms of absolute SHAP value for program dropout. Components of the full feature set ALL: Black is

included in the GPA / Basic set, light blue is included in BACKGR, dark gray is included in ExpEcT,
and light gray is included in NoNcoG.

respectively): students’ certainty about completing a degree at Aarhus University
(BeliefAUldegree) and their motivation for the enrolled study program (Motivated)m
These two simple, self-reported measures of study motivation and degree comple-
tion expectations add substantially more to the predictive power of the model than

any of the variables capturing students’ background or non-cognitive skills.

Questions related to specific, study-related self-regulation strategies (included in
NonNcog) also contribute to the prediction of program dropout. These are captured
by some of the five principal components (C1,C2,...,C5) derived from responses
to 21 questions, relating, for example, to the use of, or preference for, external com-
mitment devices (such as mandatory hand-in requirements and project deadlines)
and to setting specific goals for study behavior (for example, attendance at lec-
tures, participation in study groups, and completion of homework). More broadly
these measures capture good study habits and an understanding of what studying

at university entails. Among the other non-cognitive skills, only overconfidence is

7BeliefAUdegree: “I am very certain that I will finish my studies at Aarhus University with a bachelor’s
or master’s degree”. Motivated: “I am very motivated for my studies”. Both are assessed on a 5-point
Likert scale: Not like me at all, Not much like me, Somewhat like me, Mostly like me, Very much
like me.
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important for predicting dropout.

How satisfied a student is with the study program in which the student is enrolled
(Satisfied) and body mass index (BMI) also contribute to dropout prediction. This
latter finding aligns with empirical studies linking physical attractiveness to labor

market success (e.g., Rooth, |2011; Scholz and Sicinski, 2015).

In Appendix we report corresponding analyses for institution and system
dropout. Overall, these results show that across all three dropout definitions (i)
academic performance (GPA) dominates dropout prediction, (i) the simple self-
reported expectation measures from footnote [17| add substantial predictive value,
especially for program dropout and institution dropout, (iii) self-regulation strate-
gies related to studying provide additional, complementary information that can
help distinguish students who are least likely to persist in their studies, and (iv)
measures of preferences and traits (such as grit and self-control) add little value in
predicting dropout. The next section examines potential mechanisms and presents

further robustness analyses.

6 Discussion and mechanisms

6.1 The role of motivation

A central pattern in our results is that measures of expectations and study-related
motivation are among the most informative predictors of program dropout. This
section discusses an interpretation that is consistent with that pattern and presents
auxiliary evidence on one plausible channel, effort investment, using a separate

cohort for which study hours are observed.

One interpretation is that study motivation predicts dropout because it is related
to subsequent study effort. In our main survey experiment, we do not observe

study hours, so we cannot directly test this channel within the original cohort. To
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provide suggestive evidence, we administered the same motivation measure to a
different cohort of students at the same faculty on the first day of their studies. In
the final weeks of the first semester, we asked these students how many hours they
studied per week on averagem Motivation at study start is positively correlated
with self-reported weekly study hours several months later in a bivariate regression
(B = 2.18"*, SE=0.61, N=442). This estimate implies roughly 9 additional study
hours per week when moving from the lowest scale point (1) to the highest scale
point (5) on the motivation measure. Because this evidence is correlational and
drawn from a different cohort, we interpret it as corroboration of a plausible channel

rather than as a causal mechanism in the main sample.

We also observe that average study effort is low. Students report spending around
32 hours per week on lectures and self-study combined, whereas full-time students
should spend around 37-40 hours per week according to the European ECTS system.
Thus, the average student studies almost one full working day less per week than
program requirements imply. Moreover, around 44 percent of students study 30
hours or less per week. Such low effort plausibly contributes to early knowledge

gaps and, in turn, to higher dropout risk.

The broader idea that the effort margin is important aligns with [Oreopoulos and
Petronijevic (2019). They document that students study on average five to eight
hours less than what they think is optimal and discuss that the gap relative to pro-
gram requirements can be even larger They evaluate a set of soft interventions
aimed at increasing study effort and find some positive effects on students” well-
being and ambitions. However, interventions increase average study time by only
about two hours per week, an increase on the order of 10 hours per week would
likely be needed to generate economically meaningful improvements in grades ac-

cording to Oreopoulos and Petronijevic| (2019). Together, these findings suggest that

18 As we do not have a measure for number of work hours per week in the dataset for our survey
experiment, we rely on survey data from the 2022 student cohort in the Business program at Aarhus
University. These data were collected as part of a different study.

90reopoulos and Petronijevic (2019) cite evidence that students spend approximately 15 hours per
week on self-study outside of lectures, whereas study programs typically stipulate at least 25 hours.
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reducing dropout may require interventions that materially increase study effort

rather than marginal nudges.

Finally, the effort-investment interpretation is not the only explanation consistent
with our findings. Motivation, and related measures of study self-regulation, may
also proxy for unobserved constraints (e.g., time, financial stress, competing work
demands) or for match quality between student and program. Under this alterna-
tive view, these measures predict dropout not because they causally raise effort, but
because they capture early signals of mismatch or constraints that also reduce ef-
fort. Distinguishing between these interpretations would require either richer time-
varying data on effort and constraints in the main cohort, or exogenous variation in

inputs that plausibly shifts effort.

6.2 The role of expectations

Students” entry expectations about completing their degree (see footnote are
among the most informative predictors of subsequent dropout. While it may seem
intuitive that stated completion beliefs predict realized completion at the same insti-
tution, the result is not tautological: expectations are often biased, and individuals
frequently mispredict their own future behavior and outcomes (e.g., DellaVigna and
Malmendier, 2006; Williams, 2008; Stinebrickner and Stinebrickner, 2014a). Consis-
tent with Wiswall and Zafar (2021), we nonetheless find that elicited expectations
contain substantial predictive content. The predictive power of entry expectations
in our setting suggests that the expectation measure captures information about per-
ceived fit, anticipated constraints, or other determinants of persistence that are not

fully reflected in administrative variables.

These findings raise the question of why students enroll in a program for which
they report relatively low completion expectations or low motivation. One can-

didate explanation is limited access to preferred programs@ However, the Basic

2In our data, 86.7 percent of the students got admitted to their first priority, 8.6 percent of students
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information set includes the priority ranking of the enrolled program, and prior-
ity is not among the most important predictors once expectations and motivation
are included (see Section [5.4). Moreover, priority is only weakly correlated with
motivation (B = —0.08"*, SE=0.03) and not significantly correlated with expecta-
tions (8 = —0.06, SE=0.04) and the R?> < 0.01 in both cases. This pattern suggests
that expectations and motivation are not merely proxies for not being admitted to a
first-choice program; instead, they likely reflect perceived match and/or anticipated

constraints that are orthogonal to the priority measure.

Taken together, the evidence indicates that elicited expectations at entry summarize
a distinct component of dropout risk, one that is informative even when expectations
are imperfect and even when administrative measures and simple program-choice

proxies are observed.

6.3 The role of preferences and traits

Study effort and habits plausibly matter for dropout. Yet, it is surprising that the
preference and trait measures in the non-cognitive skills set NoncoG contribute
little to predicting dropout in our setting. This pattern appears both in the SHAP
values in Section 5| and in the bivariate correlations between the preference/trait
measures and dropout (Table [A.8). One might have expected these measures to be
more helpful for predicting dropout than the survey questions on study motivation
and expectations, because preferences and traits are general constructs that should
be able to explain, for example, motivation@ Our results, however, suggest that for
dropout the specificity of the motivation and expectations questions allows them to

capture nuances that the more general constructs do not capture.

Our finding that traits like grit and self-control do not improve the prediction of

to their second priority, 2.8 percent of students to their third priority, and 2.0 percent of students to
their fourth or lower priority.

ZlIndeed, we observe that motivation is correlated with grit (8 = 0.57***, SE=0.06) and self-control
(8 = 0.47***, SE=0.06) with an R? of 0.14 and 0.11, respectively. That is, at least to some extent,
motivation measures a similar construct as these general behavioral traits.
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dropout (and do not correlate with it) also appears to contrast with evidence linking
these traits to other academic outcomes (see the introduction). This relation has
mainly been established for grades among adolescents. In line with the literature,
we also find in our sample that grit and self-control correlate with high school grades
(Table [A.8). This suggests that the measures behave as expected in our sample and
that it is unlikely that our dropout results are driven by, for example, grit being
perceived differently in Denmark than in the US or by our sample being special

(e.g., Danish university students being selected in a specific way).

It should be noted that the relation between grit and outcomes is established to
a lesser extent for academic outcomes of university students than for adolescents.
In particular, there has been little research on the association between university
dropout and, for example, grit. Consistent with our findings, Caviglia-Harris and
Maier (2020) also find that grit and conscientiousness do not relate to dropout.
Duckworth et al. (2019) do find a correlation between grit and timely completion,
but timely completion is not the same as dropout, and their sample-students of the
elite West Point military academy-may differ substantially from ordinary university

students.

Overall, our measures of grit and self-control behave as expected with respect to
grades, suggesting validity rather than noise. A potential reason why they are not
predictive for dropout from the university could be that those students who drop
out come mostly from the lower end of the high school GPA distribution, and that
for these students ability is the key driver and non-cognitive skills matter less for
the decision to drop out. This explanation is consistent with high school GPA be-
ing the most important variable for predicting dropout. Another, complementary
explanation could be that high school GPA (or, more broadly, the variables in the
Basic information set) is a sufficient statistic for the preference measures and traits,
and that the latter therefore provide no new information to the prediction model.

It could also be that our sample simply is specific, or that university students in
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general are special because they are a selected group@ We investigate this further

in the next sections and find little evidence for either of these potential explanations.

6.3.1 Is high school GPA a sufficient statistic?

A potential explanation of our result that measures of preferences and traits add
little value to predicting dropout is that high school GPA (or certain variables of
the Basic information set) are sufficient statistics for these measures. For example,
prior research pointed out that math grades correlate with IQ (e.g., Deary et al.,
2007). Yet math (and other) grades also correlate with traits, such as self-control
(e.g., Duckworth and Seligman, 2005). Table shows that several of the measures
of preferences and traits are correlated with high school GPA in our study. However,
we find that the R? in regressions of high school GPA on individual non-cognitive

skills is generally low (all below 0.03).

To assess whether variables from the Basic information set (such as high school
GPA or whether the study program was the first priority of the student) absorb
the information in the non-cognitive skills variables, we also test how predictive
performance changes when we include only age, gender and program dummies
in addition to the non-cognitive skills (NoncoG w/0 Basic information set) and

compare its performance to the model using the Basic information set.

Table shows that, compared to a model including just age, gender, and program
dummies, predictive performance does not significantly improve when using the
NoNcoG w/o Basic information set, which adds the non-cognitive skills variables
but not high school GPA and other variables from Basic such as priority. For program
and institution dropout, the NoncoG w/o Basic model performs significantly worse

than the Basic model, whereas for system dropout predictive accuracy is on par with

ZLira et al. (2022) observe that how participants answer the grit scale also depends on their refer-
ence group. Such a bias might also explain our findings. Yet, they observe that the reference group
bias does not arise for incentivized measures of perseverance. When considering the feature impor-
tance we have seen that in our context neither the incentivized, nor the unincentivized measures
have much predictive power—suggesting against reference group bias as an explanation behind our
findings.
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the Basic model.

Hence, rather than the Basic features being a sufficient statistic for the preference
measures and traits, the reason for the limited predictive power of preferences and
traits appears to be simpler: these measures are largely unrelated to dropout in our

sample (see Table [A.8)

6.3.2 Is selection into the survey driving the results?

Another possible reason why measures of preference and traits do not add value in
predicting dropout could be selection into the survey, as discussed in Section 3.1.1]
Students who select into the survey are less likely to drop out (we can observe edu-
cation trajectories from administrative data even for non-participants). It is also pos-
sible that students who select into the survey have, for example, higher self-control
and grit than those who do not respond. If the relationship between these skills
and dropout differs between survey participants and the full population, selection
could attenuate the predictive value of traits in our estimation sample. Note, how-
ever, that survey participants also have higher GPA and might be more motivated

for their studies, and these variables still matter for predicting dropout.

To directly address selection, we run logit regressions where we reweigh each obser-
vation based on propensity scores estimated on observed covariates (see also Epper
et al.| (2020)). Doing so creates a weighted sample that matches the covariate distri-
bution of non-participants on observed characteristics. Figures - compare
the predicted dropout probabilities for the original sample with the weighted sam-
ple and show that both closely correspond to each other. Hence, we conclude that it

is unlikely that selection into the survey is driving our findings.

6.3.3 Is selection into university driving the result?

Beyond selection into the survey, selection into university could in principle explain

why preference measures and traits add little predictive value: university students
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may be more homogeneous in these traits than the general population, so there is
less usable variation left to predict dropout. At the same time, our earlier results
show that several traits, such as self-control and grit, still correlate with high school
GPA for our university sample. This suggests that the measures capture meaningful

variation and are not trivially “washed out” by selection.

To assess directly whether the distribution of these measures looks unusually com-
pressed, we compare the distributions of grit and self-control in our sample to (i)
a general population sample from the US and (ii) a large Danish sample of 9th
graders@ Figure shows that the distribution of grit among university students
is shifted to the right relative to the broader populations—which is expected given se-
lection into university. Yet, the overall range and shape are similar. The distribution
of self-control in our sample is also comparable to the US general population sample
(see Figure[A.33). Both distributions are lower than for the 9th graders, which likely
reflects age differences rather than extreme selection. Overall, these comparisons
speak against the idea that selection into university mechanically eliminates varia-
tion in grit and self-control to an extent that would explain their weak predictive

content for dropout.

A second, complementary concern is that our main sample size might not be large
enough to detect the incremental predictive value of traits and preferences if these
effects are small. To address both concerns—selection into university and statisti-
cal power—we replicate a closely related exercise in a much larger and less selected
population sample. Specifically, we use data from Hvidman et al. (2024), who con-
ducted and evaluated an intervention targeting pupils in 9th grade of Danish lower
secondary schools. They administered a survey among all 9th grader at the par-
ticipating schools for three cohorts in Spring 2017, 2018, and 2019 (N=16,233), of

23US sample: 299 participants, representative of the US population in terms of sex and age, col-
lected on Prolific Academic in June 2024. 9th graders: 13,698 Danish 9th grade pupils from Hvidman
et al|(2024) (see below for further details on this sample).

“19th grade is the penultimate year of the 10-year compulsory schooling. In Denmark, it would be
referred to as 8th grade, because counting starts from grade zero instead of 1st grade.
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whom 13,698 completed the survey@ The survey is linked to Danish national ad-
ministrative data containing subsequent educational outcomes through the end of

2024.

The survey included a broad set of non-cognitive skills measures that partly over-
laps with our NoNncoG information set (including grit, self-control, and survey mea-
sures of risk preferences)@ The measures are based on questionnaires (not incen-
tivized tasks). While this sample is too young to evaluate university dropout, it
contains a closely related educational completion outcome: whether a pupil com-
pleted academic upper secondary school within four years of graduating from lower
secondary school. This is the case for 64.13 percent of the sample; the main alterna-

tive outcome within four years is vocational education (26.63 percent)@

We replicate our main approach by constructing three information sets, Basic,
NonNcogG, and BACKGR, and testing whether NoNcoG or BACKGR separately increase
predictive power beyond BASIC@ Table reports the results. Given the large
sample size, even tiny differences are statistically significant. However, the substan-
tive pattern mirrors our main analysis: the non-cognitive skills variables in NoNcoG
add very little predictive value for completion of academic upper secondary school
within four years, and the same is true for adding background variables from
BACkGR. In contrast, adding Basic information on academic performance to age

and gender increases predictive accuracy more than thirty times as much as addi-

ZThe study involved a pre- and post-survey. We use data from the post-survey and impute post-
survey values from the pre-survey in case of missing observations. Without imputation, we have
12,305 observations.

26Specifically, the study of Hvidman et al|(2024) includes: grit, the self-control scale for children
Tsukayama et al|(2013), mindsets |Dweck! (2006), self-concept Judge et al.| (2003), the strengths and
difficulties questionnaire for adolescents |Goodman et al.| (1998), as well as a survey-based measure
of risk preferences [Dohmen et al|(2011), and questions on time preferences from [Vischer et al.|(2013)
and the GSOEP.

2’Upper secondary school lasts for most programs 3 years in Denmark. Yet, a large fraction of
pupils (48% in our sample) take a voluntary additional year of schooling after lower secondary
school—either at a school or at boarding schools (“efterskole”) that in addition to a basic academic
curriculum often focus on specific activities like sports or music.

28Gimilar to the classification in Table [} Basic contains information on age, gender, school start-
ing age, and academic performance (the grade point average in the final year of lower secondary
school and national standardized tests from 6th grade in math and Danish); NoNcogG contains the
non-cognitive skills measures described in footnote and BACKGR contains information on the
educational attainment of the mother and father.
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tionally including the preference/trait measures in Noncog, and around fifty times

as much as additionally including the background variables in BACKGR.

Taken together, these results make it unlikely that our main finding is driven pri-
marily by selection into university. Instead, the evidence is consistent with a broader
conclusion: for educational completion outcomes, measures of prior academic per-
formance contain substantially more predictive content than additional batteries of
general preferences and traits, even in much larger and less selected populations.
This reinforces the paper’s central implication for measurement design: if the goal
is early risk stratification, the highest returns come from prior performance mea-
sures and targeted, domain-specific elicitation (e.g., expectations and motivation),

rather than from expanding broad trait and preference batteries.

7 Conclusion

This paper asks a practical and policy-relevant question: what information improves
the early identification of students at risk of dropping out of university, beyond what
administrations already observe at entry? Using an entry survey experiment for
616 first-year students at Aarhus University linked to Danish administrative records
that track educational outcomes for eight years, we compare the predictive content
of a set of realistic “information sets”. Starting from GPA (high-school GPA and
program dummies) and Basic (standard administrative information), we evaluate
what is gained by additionally collecting ExpPEcT (expectations and study motiva-
tion), NoNcoG (a broad set of skills, preferences, traits, and study self-regulation
measures), BACKGR (socioeconomic and financial background), and ALL (the union

of all measures).

Three main conclusions emerge. First, prior academic performance is the single
most important predictor of dropout, consistent with a large literature. Second, a

small number of targeted, study-specific questions, especially motivation and expec-
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tations about completing the degree, adds substantial predictive information beyond
administrative records, particularly for dropout from the initially enrolled program.
Third, and more unexpectedly, widely used measures of general preferences and
traits (such as grit, self-control, and risk preferences) add little incremental value
for predicting dropout once basic administrative information is included. The pre-
dictive gains from the broader NoncoG information set are driven primarily by
measures closer to the study process, self-regulation strategies and overconfidence,
rather than by the trait and preference measures. These patterns also appear in
our replication exercise using a larger, independent dataset and related educational
completion outcome, suggesting that the findings are not an artifact of the specific

sample or measurement context.

Universities can improve dropout predictions at low cost by augmenting existing
administrative data with a handful of short questions about students” expectations
and motivation (and, potentially, a small number of items capturing study self-
regulation). This approach is scalable and avoids the logistic and privacy challenges
associated with lengthy batteries that collect sensitive information. At the same
time, the results caution against interpreting broad non-cognitive batteries as uni-
versally informative for all academic outcomes: measures that predict grades need
not predict dropout, which plausibly reflects additional margins such as perceived

tit, constraints, and persistence.

Several limitations point to directions for future work. First, our evidence speaks
to prediction, not the causal effects of interventions triggered by predictions; the
next step is to test whether support targeted using the most informative low-cost
measures can reduce dropout in a cost-effective way. Second, while the replication
supports the qualitative patterns, additional work across institutions and cohorts
would help characterize external validity. Third, because prediction-based targeting
can generate distributional and ethical concerns, an important agenda is to evaluate
how early-warning systems perform across student subgroups and how targeting

rules should be designed to balance efficiency, equity, and transparency.
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Overall, the paper’s contribution is to clarify which inputs matter for forecasting
dropout in a realistic institutional setting: existing administrative data go a long
way, but inexpensive, study-specific measures of expectations and motivation con-
tain decisive additional information, whereas standard preference and trait batteries

contribute little incremental value.
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Appendix

A.1 Elicitation of risk preferences

We elicited certainty equivalents (ce) for nine binary lotteries of the form (x1, p1; x2):

the lottery pays x; with probability p; and x; otherwise.

The lotteries were presented in three different outcome domains (gain, loss, mixed)
and grouped so that they imply equivalent terminal outcomes w1 = w + x1 and wp =

w + x2. We refer to these groupings as “lottery configurations” (see Table |A.1).

Table A.1: Lottery Configurations

Lottery Configuration 1

Domain ID w xq X p1 Wi W

loss 1 8 0 -80 050 80 0
mixed 2 40 40 -40 050 80 O
gain 3 0 80 0 050 80 O

Lottery Configuration 2

Domain ID w xq X p1 Wi W

loss 4 160 -40 -120 0.50 120 40
mixed 5 80 40 -40 050 120 40
gain 6 0 120 40 050 120 40

Lottery Configuration 3

Domain ID w xq X p1 Wi W

loss 7 160 0 -160 050 160 O
mixed 8 8 8 -80 050 160 O
gain 9 0 160 0 050 160 O

Upon entering this part of the survey, students faced nine choice lists. In each choice
list, they made a sequence of binary choices between alternatives A and B. Under
A, students got an amount of money for sure. Under B, the amount of money they

received was uncertain, and it was equally likely that the student received DKK x



or DKK x;, where x; > x5. Each choice list contained 21 rows. Alternative B was
fixed within a list, while the sure amount under A increased from x, to x; across
rows. We induced a unique switching point by asking students to mark the lowest

sure amount of money at which they preferred A over B @

Some lotteries involved losses. Therefore, each question included an endowment of
DKK w (shown at the top of the page): any loss was deducted from w and any gain
was added.

Incentives followed standard procedures: at the end of the experiment, we drew
(i) one list to pay at random and (ii) one of the 21 rows to count. If the student
had chosen A in that row, they received the sure amount; if they had chosen B,
the computer randomly selected x; or x;. In addition, the student received the

endowment w for that list.

We derive a single nonparametric index of loss aversion from the switching behavior
in the mixed-domain lotteries (lottery IDs 2, 5, and 8) (for related approaches see

Fehr and Goette (2007) and Gachter et al. (2022)).
Let ce denote the certainty equivalent implied by the switching point in a given

choice list. We compute the relative switching point:

- ce — Xo

sp =

1

X1 — X2

This normalization implies that sp = 1 when ce = x; and sp=0 when ce = x,.

We then apply a monotone transformation to obtain a normalized loss-aversion in-
dex for each mixed lottery, defined as 7 = 1 — 2 - sp. This transformation maps the
switching point onto a symmetric scale such that # = 1 indicates maximum loss
aversion, 7 = —1 indicates maximum gain seeking, and # = 0 indicates neither loss
aversion nor gain seeking. Intuitively, switching earlier to the sure option (a lower

value of sp implies higher loss aversion).

2 A screenshot of the task is part of Appendix



Because we elicit the mixed lottery once in each of the three configurations (lottery
IDs 2, 5, and 8), we construct a more robust measure of loss aversion by aggre-
gating across these three observations. Specifically, we define the average index as
m= % (Wig=2 + Nid=s + Mig—=g). This aggregation reduces the influence of idiosyn-
cratic reporting and errors at the single-choice-level list, since such errors are partly

averaged out across configurations. In our analysis, we use this aggregated index 7

as our measure of loss aversion.

We also exploit the full set of nine lotteries to derive parametric (structural) measures
of loss aversion by estimating prospect-theory value functions following Kobberling
and Wakker| (2005), using individual-level maximum likelihood estimation as in Ep-
per et al.| (2011). We consider two specifications: a piece-wise linear specification of
the value function where we only estimate the loss aversion parameter (specification
1), and a flexible specification which, in addition, estimates value function curvature

parameters for both gains and losses (specification 2).

For subjects whose estimation converges, we assess concordance between the esti-
mated loss-aversion parameter A and our nonparametric index 77 using Spearman
rank-correlation tests. The resulting rank correlations are 0.676 (p-value of approxi-
mately zero) for specification 1, and 0.998 (p-value of approximately zero) for spec-

ification 2, respectively.

A.2 Predictive models

We carry out a comprehensive analysis by comparing the performance of five dis-
tinct machine learning algorithms. First, we include a standard logistic regression
model. Due to its simplicity and transparency, this model is widely used in binary
classification problems. Despite its linear nature, it often performs well for relatively
simple tasks with a limited number of variables, henceforth referred to as features—

in line with the machine learning lingo. This model serves as a baseline for our



comparison, allowing us to assess the performance of more advanced algorithms in

relation to this standard method.

Second, we apply LASSO (Least Absolute Shrinkage and Selection Operator), an
extension of linear regression that incorporates regularization techniques to address
overfitting (Iibshirani, 1996). LASSO applies a penalty term that shrinks coeffi-
cients, encouraging sparsity and leading to a simpler, more interpretable model.
This means that variables with little predictive power may have their coefficients set
exactly to zero and be effectively removed from the model. This algorithm is partic-

ularly useful for handling high-dimensional data and addressing multicollinearity.

Third, moving towards a more flexible and non-linear model, we examine the neu-
ral network algorithm (LeCun et al,, 2015). Inspired by the structure of the human
brain, neural networks consist of layers of interconnected units known as 'nodes’
that transform inputs in a hierarchical manner. It is particularly effective for cap-
turing complex, non-linear relationships in high-dimensional data. While the above
methods employ linear models, neural networks can be imagined as a vast intercon-

nected system of equations where each of the equations is fine-tuned.

Fourth, we include the random forest algorithm (Breiman, 2001). Rather than rely-
ing on a single algorithm, it is an ensemble learning method that constructs multiple
decision trees to improve the overall prediction. Each tree is trained on a random
subset of the data and considers a randomly chosen subset of variables at each split.
It is notable for its robustness against overfitting and its capability of handling both

categorical and numerical variables well.
Fifth, we include the XGBoost, as described in the text.

Suppose we consider three variables: high school GPA, motivation, and risk aver-
sion, each with varying predictive importance. For the logistic regression and
LASSO, each variable gets a coefficient based on its influence on dropout predic-
tion. Logistic regression linearly combines these coefficients with the actual variable

values for each student. LASSO does the same but with a twist: it penalizes less



influential variables and potentially eliminates them from the model. For instance,
if risk aversion has no predictive power in terms of dropout risk, the model may

assign its coefficient a value of zero and remove it.

Neural networks take a different approach. They consist of multiple layers of nodes,
each transforming the data and passing information forward. Instead of explic-
itly defining interactions, the model learns them automatically through hidden lay-
ers. For example, it may implicitly capture how GPA and motivation jointly influ-
ence dropout risk, even if we do not specify this interaction in advance. As data
flows through these layers, the network gains a comprehensive understanding of
how GPA, motivation, and risk aversion, individually and in combination, influence

dropout risk.

Random forest constructs multiple decision trees, each trained on a random subset
of the data. For instance, some trees might primarily capture the impact of GPA,
while others focus on the relationship between motivation and risk aversion. By
aggregating the predictions of all trees, the algorithm manages to encapsulate varied
patterns within the data. Building on the concept of tree-based models, XGBoost
builds decision trees sequentially, with each new tree correcting errors made by the
previous ones. For instance, if an initial tree misinterprets the dropout likelihood
for students characterized by low GPA but high motivation, subsequent trees in the

sequence strive to solve this error.

A.3 Nested cross-validation

Nested cross-validation (CV) involves the use of two levels of cross validation: an
outer loop and an inner loop. The outer loop estimates the performance of the model
on unseen data, while the inner loop optimizes the model’s hyperparameters. This
separation ensures that the performance estimation is independent of the tuning

process. More specifically, in the outer loop, the data are divided into multiple folds,



using k-fold CV. The model is trained on a subset of the data and evaluated on the
remaining fold. This process is repeated for each fold, yielding performance metrics
for each iteration. In the inner loop, within each fold of the outer loop, a separate CV
is performed to fine-tune the model’s hyperparameters. This ensures that the model
is optimized for each subset of the data, further enhancing its predictive capability.
We use five outer as well as inner folds to balance computational efficiency with

rigorous model evaluation.

A.4 Hyperparameter tuning

Hyperparameters are tuned using random search within the inner loop of the nested
cross-validation procedure described in Appendix Random search is well suited
to high-dimensional tuning problems, where exhaustive grid search quickly be-
comes computationally infeasible, and has been shown to identify high-performing
configurations efficiently (Bergstra and Bengio, 2012). For each model and each
outer fold, 20 hyperparameter configurations are randomly sampled and evaluated
using five-fold cross-validation within the inner loop. The configuration that maxi-
mizes the inner-loop performance metric (AUC) is selected and subsequently used
to train the model on the full outer-fold training sample. The fitted model is then

applied to the held-out outer-fold test data to generate out-of-sample predictions.

All models are estimated using the off-the-shelf implementations provided by the
caret package in R, which handles cross-validation, random hyperparameter search,

and model fitting in a unified framework.

Table summarizes the hyperparameters that are tuned for each algorithm. The
random search procedure relies on caret’s default hyperparameter generators for
each algorithm. Accordingly, we report the set of tuned hyperparameters rather

than imposing or claiming fixed tuning bounds.

To illustrate the resulting heterogeneity in selected hyperparameters, Table



Table A.2: Tuned hyperparameters by algorithm

Algorithm Tuned hyperparameters

Logistic regression (glm) None

LASSO/Elastic net (glmnet) Mixing parameter &

Penalty parameter A

Neural network (nnet) Number of hidden units (size)

Weight decay (decay)

Random forest (rf) Number of variables considered at each split (mtry)

Learning rate (77)
Maximum tree depth (max_depth)
Regularization parameter ()

XGBoost (xgbTree) Column subsampling ratio (colsample)
Minimum child weight (min_child)
Subsampling ratio (subsample)

Number of boosting rounds (nrounds)

Notes: Hyperparameters are tuned via random search within the inner loop of the nested
cross-validation procedure using five-fold cross-validation. For each model and outer fold,
twenty randomly sampled hyperparameter configurations are evaluated in the inner loop,
and the configuration that maximizes inner-loop AUC is selected.

reports the XGBoost hyperparameter configurations selected by inner-loop cross-
validation for each information set and outer fold in the program dropout analysis.
This table highlights that optimal configurations vary across both folds and infor-
mation sets, underscoring the importance of fold-specific tuning within the nested

cross-validation framework.

A.5 Model performance

A.5.1 Background on Receiver Operating Characteristic and Area

Under the Curve

In this section we define a few concepts that are relevant for evaluating model per-
formance in a binary classification problem like ours. A model classifies cases in the

data as either positive or negative, in our setting ‘dropout” or ‘non-dropout’. Such a

7



Table A.3: XGBoost hyperparameters selected by inner-loop cross-validation
(program dropout)

Information set ~ Fold 7 max.depth v colsample minchild subsample nrounds
1 0.020 5 629 0.443 9 0.492 676
2 0.101 2 644 0.686 13 0.871 87
GPA 3 0.147 10 554 0.645 0 0.681 644
4 0.147 1 554 0.645 5 0.787 974
5 0.147 10 554 0.645 0 0.681 644
1 0.250 8 890 0.466 4 0.960 664
2 0.006 6 693 0.484 2 0.405 779
Basic 3 0.118 7 343 0.406 6 0.721 300
4 0.227 8 235 0.647 11 0.897 207
5 0.174 8 423 0.642 1 0.518 600
1 0.031 7 693 0.588 5 0.576 847
2 0.096 10 947 0.309 2 0.309 498
BACKGR 3 0.482 8 8.04 0.509 2 0.822 721
4 0.343 5 270 0.640 2 0.775 16
5 0.482 8 804 0.509 2 0.822 721
1 0.031 7 693 0.588 5 0.576 847
2 0.116 8 548 0.426 7 0.859 540
ExpECT 3 0.018 7 752 0.369 0 0.766 259
4 0.295 10 750 0.602 3 0.646 520
5 0.018 7 752 0.369 0 0.766 259
1 0.031 7 693 0.588 5 0.576 847
2 0.046 5 473 0.684 1 0.843 618
Noncog 3 0.381 1 373 0.458 2 0.882 899
4 0.272 9 475 0.694 1 0.546 786
5 0.381 1 373 0.458 2 0.882 899
1 0.031 7 693 0.588 5 0.576 847
2 0.029 7 670 0.478 0 0.640 766
ALL 3 0.270 9 953 0.675 8 0.835 829
4 0.029 7 670 0.478 0 0.640 766
5 0.270 9 953 0.675 8 0.835 829

Notes: For each information set and outer fold, the table reports the XGBoost hyper-
parameter configuration selected by inner-loop cross-validation (five-fold CV, random
search with 20 candidate configurations). Information-set definitions follow Table



classification can correctly label cases where dropout occurs as true positives or cor-
rectly label cases where non-dropout occurs as true negatives. False positives occur
when non-dropout students are incorrectly classified as dropouts, while false nega-

tives occur when actual dropout students are incorrectly classified as non-dropouts.

The Receiver Operating Characteristic (ROC) visualizes the tradeoff between true
positives and false positives. The x-axis of the ROC represents the false positive
rate, which captures the proportion of non-dropout cases incorrectly classified as
dropout. The y-axis represents the true positive rate, which is the proportion of
actual dropouts correctly identified by the model. Each point thus relates true posi-

tives to false positives at a given classification threshold.

The Area Under the Curve (AUC) presents an aggregate measure of performance
by aggregating across all possible classification thresholds on the ROC curve. Intu-
itively, it captures the probability that the model ranks a randomly drawn student
who drops out higher in terms of dropout risk than a randomly drawn student who
does not drop out. The range of the AUC is from 0 to 1, where 0.5 corresponds to
random ranking, 1 corresponds to perfect ranking, and values below 0.5 indicate
that the model ranks dropouts systematically lower than non-dropouts (i.e., worse

than random).

While there is a substantial share of students who drop out at the program and
institution level, only 10.1 percent of students drop out at the system level. In
situations where one class is much more frequently observed than the other, a low
false positive rate may reflect the abundance of correctly classified non-dropouts
rather than strong dropout detection, which can mask poor performance on the

minority class (dropouts).

Precision-recall curves and their associated PRAUC (Precision Recall Area Under
the Curve) metric provide a robust alternative criterion when data are imbalanced
(e.g., Davis and Goadrich, 2006). Precision is the proportion of correctly predicted

dropouts out of all predicted dropouts. Recall measures the proportion of true pos-



itives that are correctly identified by the model. By comparing precision and recall,
PRAUC emphasizes the model’s ability to identify the minority class (dropouts),
ensuring that dropout predictions are not overshadowed by the large number of

non-dropout cases.

Therefore, as a robustness test, in Appendix |A.5.2.1| we use the PRAUC metric to

corroborate the conclusions drawn from the AUC analysis in Section

A.5.2 Predictive performance
A.5.21 Predicting dropout

PRAUC. To further corroborate the conclusions drawn from the AUC analysis, in
Section we also consider the PRAUC (Precision Recall Area Under the Curve)
for the different predictive models as a robustness check—a metric which performs
well with imbalanced data (see Appendix [A.5.T). Figure largely mirrors the
findings of Figure

For program dropout (top panel of Figure [A.T), adding expectations and study mo-
tivation (Exrect) yields the largest improvement relative to Basic. The broader
non-cognitive information set (NoNcog) also increases PRAUC relative to Basic,
but the gain is more modest than for Expect. The full feature set (ALL) performs

best overall.

For institution dropout (middle panel of Figure[A.I), the main gain comes from mov-
ing from the GPA-only baseline to Basic. Adding Expect or ALL yields small ad-
ditional improvements beyond Basic, whereas BACKGR and NoNcoG achieve lower
PRAUC than Basic, consistent with these variables adding noise or overfitting in

this setting.

For system dropout (bottom panel of Figure [A.1), PRAUC levels are low across all
specifications, reflecting the rarity of the outcome. The full feature set (ALL) per-

forms best. No other information set delivers an improvement relative to Basic.
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Comparison of machine learning algorithms. In this section, we compare the pre-
dictive performance of the five machine learning algorithms—a standard logistic re-
gression model, LASSO, neural network, random forest, and XGBoost. These mod-
els vary in their ability to capture linear and non-linear relationships. Nevertheless,
Figures[A.2]-[A.5] (AUC) and Figures[A.7-[A.9 (PRAUC) indicate that the algorithms
generally perform similarly. However, Figures (AUC) and (PRAUC) re-
veal that logistic regression is somewhat worse when incorporating many features

compared to the performance of the other algorithms.

A.5.3 Identification of at-risk students

Lift curve. Figure [A.15] complements the analysis in Section by showing the
corresponding lift curve. The lift curve plots the cumulative share of all program
dropouts captured as one moves through the sample, ranked from highest to lowest
predicted dropout risk. A steeper curve indicates better model performance, while
a line tracking the upper boundary of the gray box would represent perfect predic-
tion. For example, targeting the 20 percent of students with the highest predicted
risk identifies 39 percent of all dropouts. Likewise, if we were to target the 100 stu-
dents with the highest predicted risk (approximately 16 percent of the sample), 59 of
them would be actual dropouts, corresponding to around 33 percent of all observed

dropouts.

Comparison of machine learning algorithms. Figures - plot the re-
sponse rates for all machine learning models for the different categories of dropout.
Figure |A.12| shows that there are similar patterns across models as the ones for XG-

Boost shown in Figure

Figure considers institution dropout. Overall, 21.6 percent of students drop
out of the university. A perfect model therefore would have assigned all actual

dropouts to the two highest risk deciles 9 and 10. We actually see that around 45

11



percent of those assigned to the highest risk decile 10 do drop out of the university,
but the different machine learning models vary in terms of their performance. The
logistic regression model performs relatively poorly for the highest risk decile 10

and deviates also from the ideal staircase pattern of the response rate.

Figure considers system dropout, i.e., leaving higher education without any
bachelor’s degree. Overall, 10.1 percent of students do so. A perfect model therefore
would have assigned them to the highest risk decile 10. In that case the response
rate would have been 75 percent in decile 10. The actual response rate is around
20 percent in that decile. Again, model performance varies. The logistic regression
performs poorly for the top decile and it does not produce the staircase pattern in

response rates across deciles. LASSO also faces the latter issue.

Appendix Figures [A.16 and [A.17] show the corresponding lift curves for institution

and system dropout, respectively. The interpretation is analogous to Figure For
institution dropout, targeting the 20 percent of students with the highest predicted
risk identifies 39 percent of all dropouts, while targeting the 100 students with the
highest predicted risk (about 16 percent of the sample) captures roughly 33 percent
of all observed dropouts. For system dropout, the corresponding figures are 35
percent and 32 percent, respectively. In both cases, the models exhibit sizeable lift
relative to random assignment, especially for program dropout, indicating that the

predicted probabilities meaningfully rank students by their dropout risk.

Overall, these results suggest that machine learning models applied to our data are
useful for predicting dropout at the program and institution level in the part of
the data not used for training the model. The models perform less satisfactorily
when it comes to system level dropout, though one should note that the number
of “positives” here is small as only 62 students leave without a bachelor’s degree.
Another possible reason is that dropout at the system level might be more likely to

occur for very idiosyncratic reasons, such as unexpected illness.
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A.5.4 Feature importance

Figure shows the ten features that contribute most to the prediction of insti-
tution and system dropout according to SHAP feature importance. Across all three
dropout definitions, high school GPA is by far the most important feature. Its con-

tribution is similar in magnitude across dropout categories.

For institution dropout, degree completion beliefs (BeliefAldegree) is the second most
important variable (|SHAP| = 0.21), while motivation is still ranked fourth for this
outcome (|[SHAP| = 0.12). This pattern is intuitive: the BeliefAUdegree item refers to
completion at the university level and therefore relates more closely to institution
dropout, whereas Motivated targets commitment to the specific study program. As
expected, both measures are less important for system dropout, though BeliefAUdegree
still shows up. In addition, FamilyRecommended, indicating whether family or friends
recommended the student to choose the subject, appears to play a non-trivial role.
Demographic variables such as Age and Gap years between high school and univer-
sity also emerge as important predictors, and BMI contributes as well. This latter
tinding aligns with empirical studies linking physical attractiveness to labor market

success (e.g., Rooth| 2011} |Scholz and Sicinski, 2015).

For system dropout, Age emerges as the second most important feature (|[SHAP| =
0.27), ahead of the already mentioned study-related self-regulation strategies and
overconfidence. This could indicate that older students are generally more delib-
erate in their educational choices and less likely to re-enroll in another institution
if they drop out of their studies. In addition, BMI also ranks among the more im-
portant features, together with OnlyProgram, which captures whether the student
reported not knowing what else to study. The latter may reflect a lack of alterna-
tive educational pathways, potentially increasing the risk of fully exiting the system

rather than switching institutions.
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A.5.5 Permutation feature importance

In this section, we consider the other widely applied Permutation Feature Importance

(PFI) measure.

Background. PFI quantifies how much the performance of a model is impacted
when the values of a particular feature are randomly shuffled (Fisher et al., [2019).
In this process, the original correlation or relationship between the feature and the
target variable is effectively broken. The purpose of this shuffling is to create a
scenario where the chosen feature essentially provides no informative content to the
model. Any subsequent decrease in the performance of the model can be attributed
to the importance of that feature in the original prediction. This process is repeated
for all features in the dataset, one at a time. By doing this, we create a ranking of

feature importance for a model.

A key issue when considering feature importance is how correlated features are
taken into account. SHAP and PFI differ in the way they handle correlated fea-
tures. In the case of PFI, permuting one of the highly correlated features might not
decrease model performance much, because the other correlated feature can still
provide the same information. This may result in the importance of these correlated
features being overestimated: both of these features might be perceived as impor-
tant even if one could be removed without significantly impacting the performance
of the model. SHAP, on the other hand, splits importance between two features,
rather than attributing all the importance to both features, which would double-
count the importance of that information. However, the division of importance can
lead to an underestimation of the total effect of a group of highly correlated features.
If two features are carrying the same information, each may appear less important

than when considered individually.
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Results on feature importance. Figure shows the ten highest ranked variables
according to PFI for XGBoost models using the full feature set ALL when predicting

program dropout, institution dropout, and system dropout, respectively. The patterns are

broadly consistent with the SHAP rankings reported in Figures 4/ and

For program dropout, high school GPA is the most important predictor, followed by
BeliefAUdegree and Motivated. Having worked between high school graduation and
university entry (Worked) and the number of Gap years also contribute meaningfully
relative to the remaining variables, although at noticeably lower levels than GPA
and degree beliefs. The other predictors add comparatively little incremental ex-
planatory power. Academic performance and expectations about degree completion
therefore account for a substantial share of predictive performance at the program

level.

For institution dropout, the dominance of high school GPA is even more pronounced,
with a large gap to the second ranked variable, BeliefAUdegree. Age and Motivated
follow at some distance. Institution dropout thus appears to be driven primarily
by prior academic achievement, while beliefs and basic demographic characteristics

again play secondary roles.

For system dropout, the ranking changes. Age is the most important predictor, slightly
exceeding high school GPA. Commitment strategies, captured by C4(CommitStrat),
rank third and are clearly more important than the remaining variables. BeliefAlUde-

gree contributes at a lower level of importance but still ranks fourth.

A.6 Selection into the survey

Figure shows that those who answer the survey have a lower dropout rate
compared to the remainder of the cohort of first semester students at the faculty of
Business and Social Sciences. Thus, whether or not a student responds to the survey

is in itself predictive of dropout from the program that they start their studies in.
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Non-respondents are more likely to be male and have slightly fewer gap years on
average (see Table [A.4). However, they do not differ in terms of share of foreign
students or parental education (see Table[A.5). In contrast, there are some differences
in the composition of study programs across the two samples, which is due to the

often small cell sizes (see Table [A.4)
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A.7 Additional figures

Figure A.1: PRAUC model performance with different sets of features (XGBoost)
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Notes: Model: XGBoost. All sets of features to the right of Basic include the Basic features (see
Table [T). PRAUC (Precision Recall Area Under the Curve) captures the ability of a model to identify
students who drop out. It takes values between 0 (none of the dropouts are correctly classified) and
1 (all of the dropouts are correctly classified).



Figure A.2: Model performance with the Basic information set
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Notes: Models are evaluated using the Basic information set (see Table . AUC (area under the
Receiver Operating Characteristic) captures the probability that the model ranks a randomly drawn
student who drops out more highly in terms of dropout risk than a randomly drawn student who
does not drop out. It takes values between 0 (all predictions are wrong) and 1 (all predictions are
correct). The 95% confidence intervals are constructed using the percentile bootstrap method with
2000 replications applied to the AUC estimates.



Figure A.3: Model performance with the BACKGR information set
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Notes: Models are evaluated using the BACKGR information set (see Table . AUC (area under
the Receiver Operating Characteristic (ROC) curve) captures the probability that the model ranks
a randomly drawn student who drops out more highly in terms of dropout risk than a randomly
drawn student who does not drop out. It takes values between 0 (all predictions are wrong) and 1 (all
predictions are correct).The 95% confidence intervals are constructed using the percentile bootstrap
method with 2000 replications applied to the AUC estimates.



Figure A.4: Model performance with the ExrECT information set
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Notes: Models are evaluated using the ExpecT information set (see Table . AUC (area under
the Receiver Operating Characteristic (ROC) curve) captures the probability that the model ranks
a randomly drawn student who drops out more highly in terms of dropout risk than a randomly
drawn student who does not drop out. It takes values between 0 (all predictions are wrong) and 1 (all
predictions are correct). The 95% confidence intervals are constructed using the percentile bootstrap
method with 2000 replications applied to the AUC estimates.



Figure A.5: Model performance with the NoncogG information set
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Notes: Models are evaluated using the NoNcoG information set (see Table . AUC (area under
the Receiver Operating Characteristic (ROC) curve) captures the probability that the model ranks
a randomly drawn student who drops out more highly in terms of dropout risk than a randomly
drawn student who does not drop out. It takes values between 0 (all predictions are wrong) and 1 (all
predictions are correct). The 95% confidence intervals are constructed using the percentile bootstrap
method with 2000 replications applied to the AUC estimates.



Figure A.6: Model performance using the full feature set ALL
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Notes: Models are evaluated using the full feature set ALL (see Table . AUC (area under the
Receiver Operating Characteristic (ROC) curve) captures the probability that the model ranks a ran-
domly drawn student who drops out more highly in terms of dropout risk than a randomly drawn
student who does not drop out. It takes values between 0 (all predictions are wrong) and 1 (all
predictions are correct). The 95% confidence intervals are constructed using the percentile bootstrap
method with 2000 replications applied to the AUC estimates.



Figure A.7: Model performance with the Basic information set (PRAUC)
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Notes: Models are evaluated using the Basic information set (see Table . PRAUC (Precision Recall
Area Under the Curve) captures the ability of a model to identify students who drop out. It takes
values between 0 (none of the dropouts are correctly classified) and 1 (all of the dropouts are correctly
classified).
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Figure A.8: Model performance with the BACKGR information set (PRAUC)
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Notes: Models are evaluated using the BACKGR information set (see Table . PRAUC (Precision
Recall Area Under the Curve) captures the ability of a model to identify students who drop out. It
takes values between 0 (none of the dropouts are correctly classified) and 1 (all of the dropouts are
correctly classified).



Figure A.9: Model performance with the ExPECT information set (PRAUC)
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Notes: Models are evaluated using the ExPECT information set (see Table . PRAUC (Precision
Recall Area Under the Curve) captures the ability of a model to identify students who drop out. It
takes values between 0 (none of the dropouts are correctly classified) and 1 (all of the dropouts are
correctly classified).



Figure A.10: Model performance with the NoNcoG information set (PRAUC)
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Notes: Models are evaluated using the NoncogG information set (see Table . PRAUC (Precision
Recall Area Under the Curve) captures the ability of a model to identify students who drop out. It
takes values between 0 (none of the dropouts are correctly classified) and 1 (all of the dropouts are
correctly classified).
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Figure A.11: Model performance using the full feature set ALL (PRAUC)
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Notes: Models are evaluated using the full feature set ALL (see Table . PRAUC (Precision Recall
Area Under the Curve) captures the ability of a model to identify students who drop out. It takes
values between 0 (none of the dropouts are correctly classified) and 1 (all of the dropouts are correctly
classified).



Figure A.12: Response rates for program dropout (All models)
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Notes: Predictive models using the full feature set ALL (see Table . Deciles capture the risk ranking
assigned by a model: decile 1 contains the 10 percent of students with the lowest predicted dropout
risk and decile 10 contains the 10 percent of students with the highest predicted dropout risk. The
graph shows the response rate, which measures the proportion of actual cases of dropout (true
positives) in a decile. The dotted line shows the 28.9 percent dropout rate at the program level for
the entire sample.
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Figure A.13: Response rates for institution dropout
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Notes: Predictive models using the full feature set ALL (see Table . Deciles capture the risk ranking
assigned by a model: decile 1 contains the 10 percent of students with the lowest predicted dropout
risk and decile 10 contains the 10 percent of students with the highest predicted dropout risk. The
graph shows the response rate, which measures the proportion of actual cases of dropout (true
positives) in a decile. The dotted line shows the 21.6 percent dropout rate at the institution level for
the entire sample.
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Figure A.14: Response rates for system dropout
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Notes: Predictive models using the full feature set ALL (see Table . Deciles capture the risk ranking
assigned by a model: decile 1 contains the 10 percent of students with the lowest predicted dropout
risk and decile 10 contains the 10 percent of students with the highest predicted dropout risk. The
graph shows the response rate, which measures the proportion of actual cases of dropout (true
positives) in a decile. The dotted line shows the 10.1 percent dropout rate at the system level for the
entire sample.
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Figure A.15: Lift curve for program dropout
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Notes: The figure shows a cumulative lift curve based on predictions from an XGBoost model using
the full feature set (ALL; see Table[T). The curve illustrates how much better the model is at identifying
program dropouts (Samples Found) compared to random targeting across deciles of predicted risk
(Samples Tested). A steeper curve indicates better model performance, while a line tracking the upper
boundary of the gray box would represent perfect prediction.
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Figure A.16: Lift curve for institution dropout
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Notes: The figure shows a cumulative lift curve based on predictions from an XGBoost model using
the full feature set (ALL; see Table[T). The curve illustrates how much better the model is at identifying
institution dropouts (Samples Found) compared to random targeting across deciles of predicted risk
(Samples Tested). A steeper curve indicates better model performance, while a line tracking the upper
boundary of the gray box would represent perfect prediction.
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Figure A.17: Lift curve for system dropout
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Notes: The figure shows a cumulative lift curve based on predictions from an XGBoost model using
the full feature set (ALL; see Table[T). The curve illustrates how much better the model is at identifying
system dropouts (Samples Found) compared to random targeting across deciles of predicted risk
(Samples Tested). A steeper curve indicates better model performance, while a line tracking the upper
boundary of the gray box would represent perfect prediction.
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Figure A.18: Feature importance for institution and system dropout (XGBoost)
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Notes: Model: XGBoost using the full feature set ALL (see Table . Top 10 feature importance in
terms of absolute SHAP value for each type of dropout. Components of the full feature set ALL:
Black is included in the GPA set, blue is included in Basic, light blue is included in BAckGR, dark
gray is included in ExpEcT, and light gray is included in Noncog.
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Figure A.19: Permutation feature importance (XGBoost)
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Notes: Model: XGBoost with ALL features (see Table . Top 10 permutation feature importance
(PFI) for each type of dropout. Components of the full feature set ALL: Black is included in the GPA
set, blue is included in Basic, light blue is included in BACKGR, dark gray is included in ExpEcT, and
light gray is included in Noncoa.
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Figure A.20: Sample selection: Dropout from the program
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Notes: Cumulative dropout rate for the cohort of first semester students at the faculty of Business
and Social Sciences, split into the subset of students who completed the survey (N=616) and the
subset who did not complete the survey (N=2,131). The difference is significant at 10 percent level in
semesters 1-2 and at 1 percent level for the higher semesters (see Table .
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Figure A.21: Predicted probability of program dropout with the Basic information
set, for original vs. weighted sample
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Notes: Predictions are based on a logit model. Weights are estimated with propensity score matching.

Figure A.22: Predicted probability of program dropout with the BACKGR
information set, for original vs. weighted sample
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Notes: Predictions are based on a logit model. Weights are estimated with propensity score matching.
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Figure A.23: Predicted probability of program dropout with the ExrEcT
information set, for original vs. weighted sample
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Notes: Predictions are based on a logit model. Weights are estimated with propensity score matching.

Figure A.24: Predicted probability of program dropout with the Noncoc
information set, for original vs. weighted sample
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Notes: Predictions are based on a logit model. Weights are estimated with propensity score matching.
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Figure A.25: Predicted probability of institution dropout with the Basic
information set, for original vs. weighted sample
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Notes: Predictions are based on a logit model. Weights are estimated with propensity score matching.

Figure A.26: Predicted probability of institution dropout with the BACKGR
information set, for original vs. weighted sample
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Notes: Predictions are based on a logit model. Weights are estimated with propensity score matching.
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Figure A.27: Predicted probability of institution dropout with the Expect
information set, for original vs. weighted sample
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Notes: Predictions are based on a logit model. Weights are estimated with propensity score matching.

Figure A.28: Predicted probability of institution dropout with the Noncogc
information set, for original vs. weighted sample
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Notes: Predictions are based on a logit model. Weights are estimated with propensity score matching.
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Figure A.29: Predicted probability of system dropout with the Basic information
set, for original vs. weighted sample
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Notes: Predictions are based on a logit model. Weights are estimated with propensity score matching.

Figure A.30: Predicted probability of system dropout with the BACKGR information
set, for original vs. weighted sample
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Notes: Predictions are based on a logit model. Weights are estimated with propensity score matching.
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Figure A.31: Predicted probability of system dropout with the ExpEcT information
set, for original vs. weighted sample

® Prediction (unweighted estimator)
o Prediction (weighted estimator)

Predicted probability of dropout

0 200 400 600
Sorted estimates from unweighted estimator

Notes: Predictions are based on a logit model. Weights are estimated with propensity score matching.

Figure A.32: Predicted probability of system dropout with the Noncog
information set, for original vs. weighted sample
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Notes: Predictions are based on a logit model. Weights are estimated with propensity score matching.
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Figure A.33: Kernel density plots of self-control
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Notes: The figure shows kernel density plots for the 13-item brief self-control scale (Tangney et al.,
2004) for three different samples. Experiment: the university students who completed our survey
experiment; USA: a sample of 299 participants, representative of the USA population in terms of sex
and age, collected on Prolific Academic in June 2024 (51 percent female; mean age 45.2 years); 9th
grade: sample of 13,698 Danish 9th grade pupils from [Hvidman et al.| (2024).
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Figure A.34: Kernel density plots of grit
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Notes: The figure shows kernel density plots for the 8-item grit scale (Duckworth et al., [2007) for
three different samples. Experiment: the university students who completed our survey experiment;
USA: a sample of 299 participants, representative of the USA population in terms of sex and age,
collected on Prolific Academic in June 2024 (51 percent female; mean age 45.2 years); 9th grade:
sample of 13,698 Danish 9th grade pupils from Hvidman et al|(2024).
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A.8 Additional tables
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Table A.4: Descriptive statistics for the cohort of first year students

Non respondents Survey respondents
Variable Mean Std.dev. Mean Std.dev. Diff.
Feature set GPA
GPA 7.92 1.93 8.45 1.79 —0.53**
Dummies for the bachelor program
BusAdmin(HerningCampus) 0.05 0.22 0.04 0.20 0.01
BusAdmin(English) 0.08 0.27 0.03 0.18 0.05***
BusAdmin(Danish) 0.25 0.43 0.19 0.39 0.06™*
International Business 0.18 0.38 0.18 0.38 0.00
Political Science 0.10 0.30 0.11 0.32 —0.01
Business & Economics 0.02 0.15 0.04 0.19 —0.017"
Economics 0.06 0.24 0.09 0.29 —0.03**
Business & Law 0.05 0.22 0.05 0.22 0.00
Law 0.14 0.35 0.17 0.38 —0.03"
Psychology 0.06 0.24 0.09 0.28 —0.02"
Feature set Basic
Age 21.47 2.67 21.28 2.58 0.19
Male 0.53 0.50 0.44 0.50 0.09***
Gap years 1.46 2.05 1.29 2.10 0.17+
Priority of the bachelor’s program in the application for studying
Priority1 0.84 0.37 0.87 0.34 —0.03
Priority2 0.09 0.29 0.09 0.28 0.00
Priority3 or greater 0.07 0.25 0.05 0.21 0.02*

Notes: Descriptive statistics for the cohort of first semester students at the faculty of Business
and Social Sciences, split into the subset of students who completed the survey (N=616) and
the subset who did not complete the survey (N=2,131). Significance levels: Tp < 0.1, *p < 0.05,
**p < 0.01, **p < 0.001.
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Table A.5: Descriptive statistics for the cohort of first year students (continued)

Non respondents Survey respondents

Variable Mean Std.dev. Mean Std.dev. Diff.
Administrative data

Foreign 0.07 0.25 0.06 0.23 0.01
Educational attainment of the father
No father registered 0.06 0.24 0.06 0.24 0.00
Primary or secondary
education only 0.13 0.34 0.14 0.35 —0.01
Vocational education
and training 0.37 0.48 0.36 0.48 0.00

Bachelor’s, vocational degree
or other short cycle

higher education 0.24 0.43 0.24 0.43 0.00
Master’s degree 0.15 0.36 0.17 0.38 —0.02
Educational attainment of the mother

No mother registered 0.05 0.21 0.04 0.20 0.00
Primary or secondary

education only 0.14 0.35 0.15 0.36 —0.01
Vocational education

and training 0.33 0.47 0.31 0.46 0.03

Bachelor’s, vocational degree

or other short cycle

higher education 0.36 0.48 0.35 0.48 0.00
Master’s degree 0.09 0.29 0.12 0.32 —0.03*

Notes: Descriptive statistics for the cohort of first semester students at the faculty of Busi-
ness and Social Sciences, split into the subset of students who completed the survey (N=616)
and the subset who did not complete the survey (N=2,131). Significance levels: Tp < 0.1,
*p < 0.05, **p < 0.01, **p < 0.001.
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Table A.6: Descriptive statistics for the cohort of first year students (continued)

Non respondents

Survey respondents

Variable Mean Std.dev. Mean Std.dev. Diff.
Outcomes

Cumulative dropout rates for each semester

1 0.09 0.28 0.06 0.24 0.02*

2 0.2 0.4 0.17 0.38 0.03*

3 0.26 0.44 0.21 0.41 0.05**

4 0.3 0.46 0.23 0.43 0.07**

5 0.32 0.47 0.26 0.44 0.06™*

6 0.35 0.48 0.28 0.45 0.07**

Dropout rates

Program dropout 0.36 0.48 0.29 0.45 0.07**

Institution dropout 0.29 0.46 0.22 0.41 0.08***

System dropout 0.16 0.37 0.10 0.30 0.06***

Completed

Bachelor’s program 0.64 0.48 0.71 0.45 —0.07**

A bachelor’s at the university 0.71 0.46 0.78 0.41 —0.08"**

A bachelor’s in Denmark 0.84 0.37 0.90 0.30 —0.06"**

A master’s degree 0.65 0.47 0.73 0.44 —0.08***

Notes: Descriptive statistics for the cohort of first semester students at the faculty of Business
and Social Sciences, split into the subset of students who completed the survey (N=616) and
the subset who did not complete the survey (N=2,131). Significance levels: *p < 0.1, *p < 0.05,

**p < 0.01, **p < 0.001.
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Table A.7: Principal Component Analysis

Variable Component 1 Component 2 Component3 Component4 Component 5
EffortGoals PlanStrat AvoidStrat ~ CommitStrat AmbitionStrat
ShowupGoal 0.49 -0.05 -0.05 -0.03 0.07
HomeworkGoal 0.44 0.05 -0.01 -0.11 0.06
StudygroupGoal 0.54 0.00 -0.04 0.10 -0.06
HoursGoal 0.20 0.24 -0.02 -0.11 0.15
ForethoughtGoal 0.00 0.47 0.10 -0.15 0.07
Deadlines 0.26 0.28 0.10 0.02 -0.04
SelfReward -0.07 0.37 -0.15 0.24 -0.08
TellFriend -0.09 0.29 0.01 0.25 0.10
Bet -0.10 0.25 -0.18 0.13 -0.07
Subgoals 0.04 0.46 0.03 -0.15 -0.03
Avoidgoals(R) -0.03 -0.16 0.50 -0.01 0.13
SpontaneousGoal -0.09 0.21 0.51 0.04 -0.26
Giveup(R) 0.02 0.01 0.60 0.03 0.05
GradeReward -0.05 0.06 -0.14 0.35 -0.05
AvoidTempt -0.14 0.16 -0.03 0.26 0.07
MandAssign 0.02 -0.15 0.03 0.47 0.17
ProjectDeadlines 0.02 -0.04 0.10 0.46 0.03
Studygroup 0.31 -0.07 0.10 0.37 -0.26
GradeGoal 0.04 0.03 0.08 0.02 0.49
AmbitiousGoal -0.02 -0.02 -0.02 0.02 0.63
AngerGoal 0.01 0.15 0.00 0.08 0.32

Notes: Principal component analysis after orthogonal varimax rotation (eigenvalues averaged over
1,000 replications, parallel analysis suggests five components with components marked in bold face).
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Table A.8: Correlation matrix with outcomes (selected features)

HS Program Institution System  GPA
GPA Dropout Dropout  Dropout Finished
Feature set GPA
HS GPA - -0.28***  -0.26™** -0.20"**  0.41***
Feature set Basic
Age -0.09* 0.07* 0.11* 0.18*** -0.03
Gender (male = 1) -0.087  0.05 0.05 0.08* -0.04
Gap years -0.14***  0.02 0.04 0.11* 0.06
First priority 0.23***  -0.15***  -0.11* -0.08" 0.10*
Second priority -0.13***  0.07" 0.02 0.01 -0.09"
Third or lower priority -0.20***  0.15"** 0.14*** 0.10* -0.04
Foreign student -0.03 0.00 0.02 0.03 -0.03
Feature set BACKGR
EduMom -0.01 -0.08* -0.05 -0.09* -0.07
EduDad -0.02 -0.05 -0.06 -0.04 -0.08
BMI -0.10* 0.11* 0.11* 0.05 -0.03
Math A-level 0.04 -0.11* -0.07* -0.05 0.16***
Feature set NoNcoOG
Grit 0.15***  -0.04 -0.06 -0.04 0.08
Self-control 0.18***  -0.04 -0.06 -0.04 0.11*
CRT 0.09* -0.08" -0.06 -0.02 0.10*
Narrow Goal 0.10* -0.06 -0.05 -0.03 0.03
Overconfidence -0.04 0.08" 0.06 0.07F -0.03
C1(EffortGoals) 0.06 -0.14%*  -0.14** -0.11%**  -0.02
C2(PlanStrat) -0.02 0.00 -0.01 -0.08" -0.04
C3(AvoidStrat) 0.15**  0.02 0.03 0.03 0.06
C4(CommitStrat) -0.01 -0.04 -0.05 -0.12%**  -0.11%
C5(AmbitionStrat) 0.07* -0.01 -0.03 0.03 0.08
Loss aversion 0.00 0.03 0.04 -0.04 0.01
Feature set ExrECT
BeliefAUdegree 0.04 -0.25"*  -0.21** -0.14**  -0.02
Motivated 0.13***  -0.26"**  -0.20*** -0.12***  0.02
Most Desired 0.20%*  -0.24**  -0.19*** -0.15**  0.02
Satisfied 0.10* -0.27%%  -0.21% -0.11* 0.00
N 616 616 616 616 438
Notes: Pearson correlation coefficients. Significance levels: Tp < 0.1, *p < 0.05,

**p < 0.01, **p < 0.001. HS GPA: high school grade point average. GPA Finished: grade
point average for the bachelor’s degree (for those who graduated in their original degree

program).
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Table A.9: Test of pairwise AUC differences - with NoncoG without Basic
features, except age and gender

Program dropout

AUC  Age+Gender Basic NoncoG Noncoc w/o Basic
Age+Gender 0.6196 - 0.050%  0.092**  -0.043
Basic 0.6698 - 0.041* -0.094"*
Noncoa 0.7112 - -0.135"**

NoncoG w/o BASIC 0.5761 -

Institution dropout
AUC  Age+Gender Basic Noncoc NoncoG w/o Basic

Age+Gender 0.5327 - 0.168***  0.118™*  0.044
Basic 0.7008 - -0.050**  -0.125"**
Noncog 0.6510 - -0.075**

NoncoG w/o Basic  0.5762 -

System dropout
AUC Age+Gender Basic NoNcoG Noncoc w/o Basic

Age+Gender 0.5792 - 0.059 0.095* 0.052
Basic 0.6377 - 0.037 -0.007
NonNcoaG 0.6747 - -0.044

NonNcoG w/o Basic  0.6310 -

Notes: Each panel reports pairwise differences in the area under the ROC curve (AUC) between XG-
Boost models, based on DeLong’s test for two correlated ROC curves. Cells above the diagonal show
AUC(column) — AUC(row); positive values indicate superior predictive performance of the column
model. “w/o0 Basic ” denotes the NoncoG model estimated without Basic features, but including
age and gender. Significance levels: Tp < 0.10, *p < 0.05, **p < 0.01, ***p < 0.001.
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Table A.10: Test of pairwise AUC differences — completion of higher
secondary school within 4 years of graduating from lower
secondary school

AUC  Age+Gender Basic BackGrR NoncoGc ALL

Age+Gender 0.6434 - 0.209*** 0.212*** 0.213***  0.217***
Basic 0.8520 - 0.003***  0.004***  0.009***
BACKGR 0.8551 - 0.001 0.006"**
Noncoc 0.8561 - 0.005***
ArL 0.8606 -

Notes: Column 2 reports the Area Under the ROC Curve (AUC) for XGBoost models pre-
dicting completion of higher secondary school within 4 years of graduating from lower
secondary school, using data from [Hvidman et al.| (2024). Columns 3-7 report pairwise
differences in AUC between predictive models, based on DeLong’s test for two correlated
ROC curves. Cells above the diagonal show AUC(column) — AUC(row); positive values
therefore indicate that the model in the column achieves higher predictive performance
than the model in the row. Basic, BACkGR, NoNcoG, and ALL refer to the information
sets described in Section Significance levels: Tp < 0.10, *p < 0.05, **p < 0.01,
***p < 0.001.
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A.9 Survey instructions
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Overview

The study was conducted online using the Qualtrics survey software. It could be taken either in
Danish or English. We reproduce below the English version. Potential participants were invited in
separate waves spread over September to October 2013.

Overview and order of elements in the online study

Introduction and consent

Competition

Time preferences task

Risk preferences

Beauty contest, survey questions, cognitive reflection test, concluding remarks

aor®ODN =~



Introduction and Consent

Page 1
Introduction

Welcome to the scientific study on Aarhus University students' traits, behaviors and study outcomes conducted
by Alexander Koch(Department of Economics and Business, Aarhus University). Thanks for your help with this study! The
study is funded by the Aarhus University Research Foundation (AUFF) and the Danish Council for Independent Research
| Social Sciences (FSE). The study is conducted online and consists of a survey and several tasks.

If you complete all parts you can earn in total up to 480 kr.

First part of study: You now start with the first part of the study, which runs this week. If you complete it you will for sure
receive 50 kr. for your participation. You will perform several tasks that allow you to earn more than these 50 kr. The
exact amount depends on your and others’ decisions and chance. All in all you can earn up to 280 kr. This part will take
about 45-60 minutes.

To be eligible for these payments you need to complete the entire first part.

Second part of study: By completing the first part you qualify for the second part of the study. This part requires making
five decisions today and working on tasks in week 37 (9.-15.9.2013) and week 38 (16.-22.9.2013). In total, working on the
tasks takes about 60 minutes spread over 2 weeks. If you complete the second part, you receive an additional 200kr.
We will ask you later whether or not you want to participate in the second part of the study.

Navigation:

e You do not need to do everything in one go. Your completed answers will be automatically saved and you can use
your personalized link from the email to return as often as you like to complete the remaining parts before 23:59h
on Sunday, 8.9.2013.

e Use the >> button to move to the next page. Note that once you pressed the >> button, in most cases you can’t
access that page anymore.
You can choose the language (Danish or English) in the box at the upper right corner.
Sometimes you might have to scroll down to reach the end of a page.

e Closing help boxes: you find the “close”-button at the bottom of the help-page. If you open a help box you might
need to scroll up or down to find it.

Page 2

Eligibility for this study: To participate in this study you need to have a Danish bank account and will need to enter
your CPR number, which will be transmitted by a secure internet connection. The CPR number is needed to pay you for
participating in this study.

Payments: Aarhus University will automatically transfer the amount you earn into your NemKonto. This is simply your
existing bank account, into which all payments from the public sector flow (e.g. tax refunds or SU student grants).
Alexander Koch and his team will start registering the payments with the administration of Aarhus University in week 39
(23.-29.9.2013). Then the administrative process might take between 2-6 weeks. You can contact Alexander Koch by
email (akoch@econ.au.dk) if you want information on the payment process. Please write this email address down, so
that you have his contact details in case you later have any questions!

Taxes: According to Danish law, Aarhus University reports payments to the tax authorities. Please note that taxes might
be deducted from the amount of money you earn. That is, the amount you will receive might be lower than the one
stated.

Data protection: The data from this study will only be used for the purpose of scientific investigations. All the information
will be analyzed and reported anonymously. CPR numbers are used to anonymously link the data with data from studies
in which you may choose to participate in the future, student registers and public registers. The project is notified to the
Danish Data Protection Agency (Datatilsynet) and the Ethics Commission (Videnskabsetisk Komité), and complies with
their terms for protecting your privacy. By participating you agree that your data is used in the described way. Your
participation in this study is voluntary and you are free to withdraw from it at any time.




Contact information: You can contact Alexander Koch (akoch@econ.au.dk) if you have further questions.

Page 3
| have read this information, accept the terms and conditions, and would like to participate in this study.

Yes No

Page 4

Please enter your CPR-Number (or your temporary CPR-number), which will be transmitted by a secure internet
connection. Write it in without spaces or hyphen (e.g. 0112401234):  We cannot pay you for your participation in the
study without a correct and complete CPR-number!

Please confirm your CPR-Number:

Page 5

You start with several tasks that allow you to earn an additional amount of money beyond the 50 kr. paid for participating
in this week’s part of the study. The exact amount will depend on your and others’ decisions and chance. After you
performed these tasks, you move on to some survey questions. Remember that you need to complete the entire first part
of the study this week to be eligible for the payments from the tasks and the 50 kr. for participation.



Instructions competition

Page 1
Your task is to count zeros in a series of tables. Such a table looks like follows and once you have counted the number of
zeros in a table, you should enter the number of zeros in that table into a field below the table.

0 1 1 0 0
0 0 0 1 0
0 1 0 0 1

How many zeras are in the table?

(11 is the correct answer for this table)

On the next page you will have 3 minutes to count zeros in up to 40 tables. You earn 50 grer for each table where you
counted the number of zeros correctly.

Once you finished a table, please scroll down to access the next table. Use the tab key to jump to the next data entry field,
or select the field with a mouse click. The remaining time will be displayed on the right-hand side of the screen. After the 3
minutes have elapsed, all your entered answers will be saved and you will automatically be redirected to the next
screen.

Do not use the back/forward/reload screen, etc. buttons on your browser toolbar. Do not close the browser. Doing so may
invalidate results, in which case you will not receive payments for this task.

When you are ready to start, press the >> button.

Page 2
You have 3 minutes to count the number of zeros in up to 40 tables.

[Tables]

Page 3
Your answers have been registered. Continue now with the task.

Page 4
Round 2

You will again have 3 minutes to count the number of zeros in up to 40 tables. But now you can choose whether you want
to be paid based just on your own performance or whether you want to compete with the performance of other participants
in this study.  Please select how you want to be paid for round 2:



O No competition: 50 grer per correctly counted table.

O Competition: 1 kr. per correctly counted table if you correctly count more tables than one randomly chosen participant
did in round 1. If you count the same number, you get paid 1 kr. per correct table with probability 50 percent. If you
count fewer tables correctly than the randomly chosen participant did in round 1, you earn nothing.

Page 5

Before you start counting for round 2, we ask you to rank your performance in round 1 relative to the performance of the
other participants in round 1. Drag the slider to indicate your belief about your rank. For example, positioning the slider at
30, means that you think that 30 percent of all participants have fewer correct tables than you in round 1, and that 70
percent have more.

We add 5 kr. to your earnings if your answer hits your true rank plus / minus 5 percentage points. For example, suppose
30 percent of all participants had fewer correct tables in round 1 than you had in round 1. Then you get 5kr. if your slider
was positioned somewhere between 25 and 35 percent.

What percent of participants had fewer correct tables than you in round 1?
[slider]

Page 6
When you are ready to start round 2 of counting zeros, move to the next page.

Do not use the back/forward/reload screen, etc. buttons on your browser toolbar. Do not close the browser. Doing so may
invalidate results, in which case you will not receive payments for this task.
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You have 3 minutes to count the number of zeros in up to 40 tables.

[Tables]

Page 8

Your answers for this task have been registered. Please continue now with the next task. If you complete the entire first
part, then you will receive an email when we initiate the payments to your bank account with feedback about the number
of tables you correctly counted and a summary of your earnings from this task.



Instructions time preferences

In the survey experiment, before the risk task (Week 0)

Notes:
- If participants did not complete this part, they could do it again at the end of the survey

- The current weekday (Monday, Tuesday, Wednesday, Thursday, Friday, Saturday, or Sunday) and date (referred
to below as to) is stored by the survey and used to display dates.

Page 1
Preparation for the second part of the study

Before continuing with the first part of the study, you now can decide whether to participate in the second part of the study.
Here you can earn an additional 200 kr. If you participate, then you make five decisions now; and on [weekday] of next
week ([date for to+7 days]) as well as on [weekday] of the week after ([date for to+14 days]), you will have to count
tables — just like the ones you counted now. Counting will take approximately 60 minutes in total.

If you complete all these tasks you will receive 200kr. in addition to your other earnings from the first part of study.
Please note: you need to complete the entire first part this week to be eligible for the second part of the study. You can opt
out (at any time) of the second part without losing your earnings from the first part.

Would you like to participate?
e Yes, | want to participate in the first and second part of the study.

e No, | only want to participate in the first part of the study.[> continue with risk question]

Page 2
Today's five decisions for the second part: Schedule your work!

Next week on [weekday] ([date for to+7 days]) and in two weeks on [weekday] ([date for to+14 days]) you will have
to count zeros in a number of tables — just like the ones you counted before. A table is only completed if you counted
the number of zeros in it correctly. If you miscount a table, you will be asked to count it again.

In each week, you first have to complete 40 tables. In addition to these 40 tables, you have to complete a certain
number of tables. You choose how many of these tables to complete in each week by making work schedules. In a work
schedule, you state how many tables you want to complete one week from today ([weekday, date for to+7 days]),
and how many you want to complete two weeks from today ([weekday, date for to+14 days]).
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Work schedules

You choose a work schedule from a list. Look at the example for such a list below. A work schedule states how many
tables you want to complete next week and how many in two weeks. For example, the row “60 tables next week - 60
tables two weeks from now” means “I want to complete 60 tables on [weekday] of next week ([date for to+7 days]) and 60
tables on [weekday] in the week after ([date for to+14 days]).” From the 31 possible work schedules in the list, you select
the work schedule that you like best.

In the example, every table you complete in next week reduces the number of tables you have to complete in two weeks
by one. We refer to this as a 1:1 “exchange rate”. On the next screen we explain exchange rates further.

Work schedule example - exchange rate 1:1



[drop down list — see table below; one needs to choose away from default text “Work schedule example -
exchange rate 1:1”7]

Page 4
Work schedules and exchange rates

There are 5 different exchange rates. For each of these exchange rates you choose a work schedule. That is, you
make 5 work schedules. For example, the exchange rate may be 1:1.5, such that every table you complete next week
reduces the number of tables you have to complete in two weeks by 1.5. Or, the exchange rate may be 1:0.5, such that
every table you complete next week reduces the number of tables you have to complete in two weeks by 0.5.

One of the 5 work schedules may become the "work schedule that counts". If a work schedule is the "work schedule that
counts", you have to complete the number of tables that you specified in this work schedule to be eligible for payments.
Next week, we will inform you which work schedule is the "work schedule that counts" and give more details about the
process.

You receive 200kr. if you complete all the tables as specified in the "work schedule that counts™ and the additional
40 tables each week.

Page 5
Choose work schedules

Choose your work schedules for the 5 different exchange rates below. There are no right or wrong choices!
Remember:
e Each work schedule could be chosen to be the "work schedule that counts”. Thus, you should make each

work schedule as if it were the "work schedule that counts”.
e The tables in the work schedule are in addition to the 40 tables you have to complete each week.

Help [see below for help text that appears when clicking here]

[Decisions]

Work schedule 1: exchange rate 1:1.5 [dropdown list]
Work schedule 2: exchange rate 1:1.25 [dropdown list]
Work schedule 3: exchange rate 1:1 [dropdown list]

Work schedule 4: exchange rate 1:0.75 [dropdown list]

Work schedule 5: exchange rate 1:0.5 [dropdown list]

Help text (pop-up window):
Click on each of the dropdown lists to select the 5 work plans

For example, the exchange rate may be 1:1.5, such that every table you complete next week reduces the number of tables
you have to complete two weeks from now by 1.5. Or, the exchange rate may be 1:0.5, such that every table you complete
next week reduces the number of tables you have to complete two weeks from now by 0.5.

Dropdown menu items (next page)



Work schedule 1:
exchange rate 1:1.5

Work schedule 2:
exchange rate 1:1.25

Work schedule 3:
exchange rate 1:1

Work schedule 4:
exchange rate 1:0.75

Work schedule 5:
exchange rate 1:0.5

Choose work schedule 1

Choose work schedule 2

Choose work schedule 3

Choose work schedule 4

Choose work schedule 5

120 tables next week - 0
tables two weeks from now

120 tables next week - 0
tables two weeks from now

120 tables next week - 0
tables two weeks from now

120 tables next week - 0
tables two weeks from now

120 tables next week - 0
tables two weeks from now

116 tables next week - 6
tables two weeks from now

116 tables next week - 5
tables two weeks from now

116 tables next week - 4
tables two weeks from now

116 tables next week - 3
tables two weeks from now

116 tables next week - 2
tables two weeks from now

112 tables next week - 12
tables two weeks from now

112 tables next week - 10
tables two weeks from now

112 tables next week - 8
tables two weeks from now

112 tables next week - 6
tables two weeks from now

112 tables next week - 4
tables two weeks from now

108 tables next week - 18
tables two weeks from now

108 tables next week - 15
tables two weeks from now

108 tables next week - 12
tables two weeks from now

108 tables next week - 9
tables two weeks from now

108 tables next week - 6
tables two weeks from now

104 tables next week - 24
tables two weeks from now

104 tables next week - 20
tables two weeks from now

104 tables next week - 16
tables two weeks from now

104 tables next week - 12
tables two weeks from now

104 tables next week - 8
tables two weeks from now

100 tables next week - 30
tables two weeks from now

100 tables next week - 25
tables two weeks from now

100 tables next week - 20
tables two weeks from now

100 tables next week - 15
tables two weeks from now

100 tables next week - 10
tables two weeks from now

96 tables next week - 36
tables two weeks from now

96 tables next week - 30
tables two weeks from now

96 tables next week - 24
tables two weeks from now

96 tables next week - 18
tables two weeks from now

96 tables next week - 12
tables two weeks from now

92 tables next week - 42
tables two weeks from now

92 tables next week - 35
tables two weeks from now

92 tables next week - 28
tables two weeks from now

92 tables next week - 21
tables two weeks from now

92 tables next week - 14
tables two weeks from now

88 tables next week - 48
tables two weeks from now

88 tables next week - 40
tables two weeks from now

88 tables next week - 32
tables two weeks from now

88 tables next week - 24
tables two weeks from now

88 tables next week - 16
tables two weeks from now

84 tables next week - 54
tables two weeks from now

84 tables next week - 45
tables two weeks from now

84 tables next week - 36
tables two weeks from now

84 tables next week - 27
tables two weeks from now

84 tables next week - 18
tables two weeks from now

80 tables next week - 60
tables two weeks from now

80 tables next week - 50
tables two weeks from now

80 tables next week - 40
tables two weeks from now

80 tables next week - 30
tables two weeks from now

80 tables next week - 20
tables two weeks from now

76 tables next week - 66
tables two weeks from now

76 tables next week - 55
tables two weeks from now

76 tables next week - 44
tables two weeks from now

76 tables next week - 33
tables two weeks from now

76 tables next week - 22
tables two weeks from now

72 tables next week - 72
tables two weeks from now

72 tables next week - 60
tables two weeks from now

72 tables next week - 48
tables two weeks from now

72 tables next week - 36
tables two weeks from now

72 tables next week - 24
tables two weeks from now

68 tables next week - 78
tables two weeks from now

68 tables next week - 65
tables two weeks from now

68 tables next week - 52
tables two weeks from now

68 tables next week - 39
tables two weeks from now

68 tables next week - 26
tables two weeks from now

64 tables next week - 84
tables two weeks from now

64 tables next week - 70
tables two weeks from now

64 tables next week - 56
tables two weeks from now

64 tables next week - 42
tables two weeks from now

64 tables next week - 28
tables two weeks from now

60 tables next week - 90
tables two weeks from now

60 tables next week - 75
tables two weeks from now

60 tables next week - 60
tables two weeks from now

60 tables next week - 45
tables two weeks from now

60 tables next week - 30
tables two weeks from now

56 tables next week - 96
tables two weeks from now

56 tables next week - 80
tables two weeks from now

56 tables next week - 64
tables two weeks from now

56 tables next week - 48
tables two weeks from now

56 tables next week - 32
tables two weeks from now

52 tables next week - 102
tables two weeks from now

52 tables next week - 85
tables two weeks from now

52 tables next week - 68
tables two weeks from now

52 tables next week - 51
tables two weeks from now

52 tables next week - 34
tables two weeks from now

48 tables next week - 108
tables two weeks from now

48 tables next week - 90
tables two weeks from now

48 tables next week - 72
tables two weeks from now

48 tables next week - 54
tables two weeks from now

48 tables next week - 36
tables two weeks from now

44 tables next week - 114
tables two weeks from now

44 tables next week - 95
tables two weeks from now

44 tables next week - 76
tables two weeks from now

44 tables next week - 57
tables two weeks from now

44 tables next week - 38
tables two weeks from now

40 tables next week - 120
tables two weeks from now

40 tables next week - 100
tables two weeks from now

40 tables next week - 80
tables two weeks from now

40 tables next week - 60
tables two weeks from now

40 tables next week - 40
tables two weeks from now

36 tables next week - 126
tables two weeks from now

36 tables next week - 105
tables two weeks from now

36 tables next week - 84
tables two weeks from now

36 tables next week - 63
tables two weeks from now

36 tables next week - 42
tables two weeks from now

32 tables next week - 132
tables two weeks from now

32 tables next week - 110
tables two weeks from now

32 tables next week - 88
tables two weeks from now

32 tables next week - 66
tables two weeks from now

32 tables next week - 44
tables two weeks from now

28 tables next week - 138
tables two weeks from now

28 tables next week - 115
tables two weeks from now

28 tables next week - 92
tables two weeks from now

28 tables next week - 69
tables two weeks from now

28 tables next week - 46
tables two weeks from now

24 tables next week - 144
tables two weeks from now

24 tables next week - 120
tables two weeks from now

24 tables next week - 96
tables two weeks from now

24 tables next week - 72
tables two weeks from now

24 tables next week - 48
tables two weeks from now

20 tables next week - 150
tables two weeks from now

20 tables next week - 125
tables two weeks from now

20 tables next week - 100
tables two weeks from now

20 tables next week - 75
tables two weeks from now

20 tables next week - 50
tables two weeks from now

16 tables next week - 156
tables two weeks from now

16 tables next week - 130
tables two weeks from now

16 tables next week - 104
tables two weeks from now

16 tables next week - 78
tables two weeks from now

16 tables next week - 52
tables two weeks from now

12 tables next week - 162
tables two weeks from now

12 tables next week - 135
tables two weeks from now

12 tables next week - 108
tables two weeks from now

12 tables next week - 81
tables two weeks from now

12 tables next week - 54
tables two weeks from now

8 tables next week - 168
tables two weeks from now

8 tables next week - 140
tables two weeks from now

8 tables next week - 112
tables two weeks from now

8 tables next week - 84
tables two weeks from now

8 tables next week - 56
tables two weeks from now

4 tables next week - 174
tables two weeks from now

4 tables next week - 145
tables two weeks from now

4 tables next week - 116
tables two weeks from now

4 tables next week - 87
tables two weeks from now

4 tables next week - 58
tables two weeks from now

0 tables next week - 180
tables two weeks from now

0 tables next week - 150
tables two weeks from now

0 tables next week - 120
tables two weeks from now

0 tables next week - 90
tables two weeks from now

0 tables next week - 60
tables two weeks from now




Page 6

Your work schedules have been registered. Remember that you need to complete the first part of the study this week to
be eligible for the second part of the study. If you complete the entire first part, you will in 6 days, on [date for to+6 days]
at 20:00h, receive an email with further instructions and a link allowing you to log in and complete the second part of the
study.

Please continue now with the first part of the study.

One week after the survey experiment (Week 1)

Page 1
Complete 40 tables

Welcome to today's tasks. First, please count the number of zeros in the following 40 tables. If you miscount a table, you
will be asked to count it again. Thereafter, we will give you information on the work schedules.

40 pages with tables like this one

Table 1/40

How many zeros are in the table?

Page 42
Make 5 new work schedules

Remember that last week you made 5 work schedules for how many tables you wanted to complete this week and how
many you wanted to complete one week from today. You can now revise your work schedules and make 5 “new”
work schedules. A work schedule states how many tables you want to complete today and how many you want to
complete one week from today (on [weekday], [date for to+14 days]).

The computer picks one work schedule to be the "work schedule that counts". Each of the “new” work schedules has an
18 percent chance of being picked as the "work schedule that counts". Each of the “old” work schedules has a 2 percent
chance of being picked as the "work schedule that counts" (see figure).

That is, overall, there is a 90 percent probability that one of the 5 “new” work schedules will be the "work schedule
that counts”, and there is a 10 percent probability that one of 5 the “old” work schedules from last week will be
the "work schedule that counts”. You will be informed about the "work schedule that counts" before you start counting
tables. Remember: you have to complete the exact number of tables that is specified in the "work schedule that counts”.



Page 43
Choose work schedules

Choose your work schedules for the 5 different exchange rates below. There are no right or wrong choices!
Remember:

e Each work schedule could be chosen to be the "work schedule that counts”. Thus, you should make each
work schedule as if it was the "work schedule that counts™.

e To complete the task and receive the 200 kr. you have to complete today's tables from the "work schedule
that counts” by 23:59h on [weekday], [date for to+7 days], and you have to complete next week's tables
on [weekday], [date for to+14 days], by 23:59h.

e The tables in the work schedule are in addition to the 40 tables you have to complete next week.

¢ Next week on at 20:00h you will receive an email with a link allowing you to log in to complete next week's

tables.
Help
[Decisions]
Work schedule 1: exchange rate 1:1.5 [dropdown list]
Work schedule 2: exchange rate 1:1.25 [dropdown list]
Work schedule 3: exchange rate 1:1 [dropdown list]

Work schedule 4: exchange rate 1:0.75 [dropdown list]
Work schedule 5: exchange rate 1:0.5 [dropdown list]
Help text and dropdown menu items (see week 0 instructions above)

Page 44
The following work schedule from this/last week (‘'new/old work schedule') has been chosen and thus is the "work schedule
that counts":

[X] tables now and [Y] tables next week on [weekday], [date for to+14 days]

That is, to complete the task and receive the 200 kr. you have to complete [X] tables by 23:59h on [weekday], [date
for to+7 days] and you have to complete [Y] + 40 tables next week [weekday], [date for to+14 days]. Next week on
[date for to+13 days] at 20:00h you will receive an email with a link allowing you to log in to complete next week's tables.

Page 45
Complete the tables from the binding work schedule




Now you have to complete the [X] tables that were specified for this week in the "work schedule that counts". If you
miscount a table, you will be asked to count it again.

X pages with tables
[Tables from Work schedule]

Final page

You have now completed the tables for this week. Next week on [date for to+13 days] at 20:00h you will receive an email
with a link allowing you to log in to complete next week's tables. Remember, to complete the task and receive the 200
kr. you have to complete [Y] + 40 tables next week (on [weekday], [date for to+14 days]).

Two weeks after the survey experiment (Week 2)

Page 1
Complete 40 tables

Welcome to today's tasks. First, please count the number of zeros in the following 40 tables. If you miscount a table, you
will be asked to count it again. Thereafter, we will give you information on the work schedules.

40 pages with tables
[40 Tables]

Page 42
Complete the tables from the binding work schedule

Now you have to complete the [Y] tables that were specified in the "work schedule that counts”. If you miscount a
table, you will be asked to count it again.

Remember, to complete the task and receive the 200 kr. you have to complete the tables by 23:59h on [weekday], [date
for to+14 days].

Y pages with tables
[Tables from Work schedule]

Final page
Thank you for participating. You completed the second part of the study and you will thus receive 200 kr. in
addition to your other earnings from the first part of the study.

Alexander Koch and his team will start registering the payments with the administration of Aarhus University in week
[week number]. Then the administrative process might take 2-6 weeks. You can contact Alexander Koch by email
(akoch@econ.au.dk) if you want information on the payment process.



Instructions risk preferences

Page 1
Task 2

In this task, there are 9 questions. In each question you make choices between two alternatives - Alternative A and
Alternative B. There are no right or wrong answers. Here is an example.

Alternative A: you get an amount of money for sure.

Alternative B: the amount of money you get is uncertain. That is, you win 0 kr. with probability 50 percent and you win 100
kr. with probability 50 percent.

win
100kr.

probability
50%

Click image to enlarge

Each question gives you a list with different sure amounts of money. Each amount corresponds to a possible Alternative
A. For each amount you decide whether you like Alternative A or Alternative B better.

To make your life easier, we implement a simple procedure such that you do not have to enter an answer for each amount.
Look at the table below. Consider the first row "Alternative A: win 0 kr. for sure":

e You might prefer the 50 percent chance of winning 100kr. (Alternative B) over getting nothing for sure (Alternative
A).

Now consider the row at the bottom "Alternative A: win 100 kr. for sure"

e Here you might prefer to win 100kr. for sure (Alternative A) over taking the risk of getting nothing in 50 percent of
all cases (Alternative B).

And somewhere in between these two rows, there is a point where the sure Alternative A becomes more attractive
to you than the risky Alternative B.



Click on the box for this Alternative A. Based on this answer the computer automatically fills in the rest of the
table:

e The computer ticks Alternative A for the amount you selected and for all larger amounts.
e  The computer ticks Alternative B for all smaller amounts.

After you clicked a box, you can change your choices by clicking on a different box.

Try this now! On the next screen we explain how you get paid.

Do you like Alternative A or Alternative B better?
(Remember: you only have to click on the first row where Alternative A becomes more attractive to you than the risky Alternative

Alternative B

Alternative A
You get the sure amount Click image to enlarge

Alternative A win Okr. for sure

Alternative A: win 5kr. for sure

Alternative A win 10Kr. for sure
Alternative A: win 15kr. for sure
Alternative A: win 20Kr. for sure
Alternative A: win 25Kr. for sure
Alternative A win 30Kr. for sure
Alternative A: win 35Kr. for sure
Alternative A: win 40Kr. for sure
Alternative A win 45Kr. for sure
Alternative A: win S0Kr. for sure
Alternative A: win 55Kr. for sure
Alternative A win B0Kr. for sure
Alternative A: win 65Kr. for sure
Alternative A: win 7OKr. for sure
Alternative A: win 75Kr. for sure
Alternative A win 80Kr. for sure
Alternative A: win 85Kr. for sure
Alternative A win S0Kr. for sure
Alternative A: win 95Kr. for sure

Alternative A: win 100kr. for sure




Page 2
Here is how you will be paid.

After you have answered all 9 questions, the computer randomly selects one of the 9 questions as the 'question that is
paid'. Each question is equally likely to be selected.

For the 'question that is paid' the computer randomly selects one of the rows from the list in that question as the 'row that
counts'. Each row is equally likely to be selected.

For the row that counts the computer checks whether you liked Alternative A or Alternative B better. If you liked
Alternative A better, then you get the sure amount that is listed in that row. If you liked Alternative B better, then the
computer randomly selects the outcome for this alternative.

Let's consider the example from the previous screen. Suppose 20 kr. is the sure amount where Alternative A becomes
more attractive to you than the Alternative B (row 5).

o If, for example, row 7 was selected as the 'row that counts': For that row your choice is Alternative A. Hence, you
would get paid according to Alternative A. That is, you win 30 kr.

o If, for example, row 3 was selected as the 'row that counts': For that row your choice is Alternative B. Hence, you
would get paid according to Alternative B. That is, you win 0 kr. with 50 percent chance and win 100 kr. with 50
percent chance.

Start with the questions on the next screen.

Alternative B

Alternative A

You getthe sure amount Click image to enlarge
1. Alternative A win Okr. for sure O
2. Alternative A win SKr. for sure ®
3. Alternative A: win 10kr. for sure O
4. Alternative A: win 15kr. for sure O
5 Alrernative A: win 20kr. for sure O
6. Alternative A win 25kr. for sure ®
7. Alternative A: win 30kr. for sure O
8. Alternative A win 35kr. for sure O
9. Alternative A win 40kr. for sure O
10. Alternati win 45Kr. for sure ®
11. Alternati win SOKr. for sure O
12. Alternati win S5Kr. for sure O
13. Alternati win GOKr. for sure O
14. Alternative A2 win 65Kr. for sure ®
15. Alternati win TOKr. for sure O
16. Alternati win T5Kr. for sure O
17 Alternati win 8OKr. for sure O
18. Alternative A: win 85Kr. for sure ®
19. Alternati win QOKr. for sure O
0. Alternati win 95Kr. for sure O

SR~

1. Alternative A win 100Kkr. for sure O




Pages 3-5
Question Block I: gain questions g40_120, g0_80, g0_160 (randomized order). They all have the same structure
as below. Sure amounts are summarized in a table at the end for all risk questions.

Question nr. /9
Consider the following alternatives.

e Alternative A: you win an amount of money for sure.
e Alternative B: the amount of money you receive is uncertain. That is, you win 0 kr. with probability 50 percent and
you win 80 kr. with probability 50 percent.

win
80kr.

probability
50%

Click image to enlarge
Help

Do you like Alternative A or Alternative B better?
(Remember: you only have to click on the first row where Alternative A becomes more aftractive to you than the risky Alternative
B)

Alternative B

Alternative A
You win the sure amount Click image to enlarge

Alternative A win Okr. for sure

Alternative A: win 4kr. for sure

Alternative A win 8kr. for sure

Alternative A win 12Kr. for sure
Alternative & win 16Kkr. for sure
Alternative A win 20Kr. for sure
Alternative A win 24Kkr. for sure
Alternative A win 28Kr. for sure
Alternative A win 32Kr. for sure
Alternative A win 36Kr. for sure
Alternative A win 40Kr. for sure
Alternative A: win 44kr. for sure
Alternative A win 48Kr. for sure
Alternative A win 52Kr. for sure
Alternative & win 56Kr. for sure
Alternative A win 60Kr. for sure
Alternative A win G4Kkr. for sure
Alternative A win 68Kr. for sure
Alternative A win T2Kr. for sure
Alternative A win 76Kr. for sure

Alternative A win 80Kr. for sure



Help text (pop-up window)
You only have to click on the first row where Option A becomes more attractive to you than the risky Option B.
Based on this answer the computer automatically fills in the rest of the table:

e The computer ticks Alternative A for the amount you selected and for all larger amounts.
e The computer ticks Alternative B for all smaller amounts.

After you clicked a box, you can change your choices by clicking on a different box.
Reminder of how you get paid:

After you have answered all 9 questions, the computer randomly selects one of them as the 'question that is paid'. Each
question is equally likely to be selected.

For the 'question that is paid' the computer randomly selects one of the rows from the list in that question as the 'row that
counts'. Each row is equally likely to be selected.

For the row that counts the computer checks whether you liked Alternative A or Alternative B better. If you liked Alternative
A better, then you get the sure amount that is listed in that row. If you liked Alternative B better, then the computer randomly
selects the outcome for this alternative.

Page 6
Introduction to questions with possible losses

If one of the next 6 questions is selected for payment you will be given an extra amount on top of your other earnings. Each
question has a different extra amount. You can see the exact extra amount when you answer the question.

You will be asked to make choices, which may involve losing money. If your choice involves losing money, these losses
will be taken out of the extra amount you receive for the question.

Page 7
Question Block Il: mixed gain-loss question m40_40 with endowment 40 or 80 (randomized; the version with the
other endowment is then shown as question 9, i.e. in block IV).

Question nr. 4/9
If this question is selected for payment you will be given 40 kr. extra on top of your other earnings.
Consider the following alternatives.

e Alternative A: you lose or win an amount of money for sure.
e Alternative B: the amount of money you receive is uncertain. That is, you lose 40kr. with probability 50 percent
and you gain 40kr. with probability 50 percent.

win
40kr.

probability
50%

Click image to enlarge

Help



Do you like Alternative A or Alternative B better?
(Remember: you only have to click on the first row where Alternative A becomes more attractive to you
than the risky Alternative B)

Alternative B

Alternative A Click image to enlarge
You lose/gain the sure amount

Alternative A lose 40kr. for sure
Alternative A: lose 36kr. for sure
Alternative A: lose 32Kr. for sure
Alternative A lose 28Kr. for sure
Alternative A lose 24kr. for sure

Alternative A lose 20kr. for sure

Alternative A lose 16Kr. for sure
Alternative A lose 12kr. for sure

Alternative A e 8kr. for sure

Alternative A: lose 4Kr. for sure
Alternative A lose Okr. for sure

Alternative A win 4Kkr. for sure

Help text (pop-up window)
You only have to click on the first row where Option A becomes more attractive to you than the risky Option B.
Based on this answer the computer automatically fills in the rest of the table:

e The computer ticks Alternative A for the amount you selected and for all larger amounts.
e The computer ticks Alternative B for all smaller amounts.

After you clicked a box, you can change your choices by clicking on a different box.
Reminder of how you get paid:

If this question is selected for payment you you will be given 40kr. extra on top of your other earnings. If your
choice involves losing money, these losses will be taken out of these 40 kr.

After you have answered all 9 questions, the computer randomly selects one of them as the 'question that is paid'. Each
question is equally likely to be selected.

For the 'question that is paid' the computer randomly selects one of the rows from the list in that question as the 'row that
counts'. Each row is equally likely to be selected.

For the row that counts the computer checks whether you liked Alternative A or Alternative B better. If you liked Alternative
A better, then you get the sure amount that is listed in that row. If you liked Alternative B better, then the computer randomly
selects the outcome for this alternative.




Pages 8-10

Question Block lll: mixed gain-loss question m80_80 with endowment 80 and loss questions 10_160 (endowment
160), 10_80 (endowment 80), 140_120 (endowment 160), (randomized). All questions have the same structure as
the questions above. Sure amounts are summarized in a table at the end for all risk questions.

Pages 11
Question Block IV: mixed gain-loss question m40_40 with endowment 40 or 80 (the one not shown in block Il).

Overview of certain amounts in the tables shown:

Row g40_120 | g0 80 | g0 160 | m40 40 | m80_80 |I10_160 | 10_80 140_120
1 40 0 0 -40 -80 -160 -80 120
2 44 4 8 -36 72 152 76 116
3 48 8 16 32 64 144 72 112
4 52 12 24 28 -56 -136 68 -108
5 56 16 32 24 -48 128 64 -104
6 60 20 40 20 -40 120 -60 -100
7 64 24 48 -16 32 112 56 96
8 68 28 56 12 24 -104 52 92
9 72 32 64 -8 -16 -96 -48 -88

10 76 36 72 4 -8 -88 44 -84
11 80 40 80 0 0 -80 -40 -80
12 84 44 88 4 8 72 -36 76
13 88 48 96 8 16 64 32 72
14 92 52 104 12 24 -56 28 68
15 96 56 112 16 32 -48 24 64
16 100 60 120 20 40 -40 20 60
17 104 64 128 24 48 32 -16 -56
18 108 68 136 28 56 24 12 52
19 112 72 144 32 64 -16 -8 -48
20 116 76 152 36 72 -8 4 -44
21 120 80 160 40 80 0 0 -40

Note: certainty equivalents are calculated as the average between the first certain amount preferred over lottery (CE row)
and the certain amount in the row before. Exceptions: the very first row (CE= lowest certain amount), or if always the
lottery is preferred (CE=highest certain amount). See next table.



sure

sure

sure

sure

sure

sure

sure

sure

amount CE amount CE amount CE amount CE amount CE amount CE amount CE amount CE
Row | g40_120 g0_80 g0_160 m40_40 m80_80 10_160 10_80 140_120
1 40 40 0 0 0 0 -40 | -40 -80 -80 -160 | -160 -80 -80 -120 | -120
2 44 42 4 2 8 4 -36 | -38 -72 -76 -152 | -156 -76 -78 -116 | -118
3 48 46 8 6 16 12 32| -34 -64 -68 -144 | -148 -72 -74 112 | -114
4 52 50 12 10 24 20 -28 | -30 -56 -60 -136 | -140 -68 -70 -108 | -110
5 56 54 16 14 32 28 24| -26 -48 -52 -128 | -132 -64 -66 -104 | -106
6 60 58 20 18 40 36 -20 | -22 -40 -44 -120 | -124 -60 -62 -100 | -102
7 64 62 24 22 48 44 -16 | -18 -32 -36 -112 | -116 -56 -58 -96 -98
8 68 66 28 26 56 52 12 14 -24 -28 -104 | -108 -52 -54 -92 -94
9 72 70 32 30 64 60 -8 -10 -16 -20 -96 | -100 -48 -50 -88 -90
10 76 74 36 34 72 68 -4 -6 -8 -12 -88 -92 -44 -46 -84 -86
11 80 78 40 38 80 76 0 -2 0 -4 -80 -84 -40 -42 -80 -82
12 84 82 44 42 88 84 4 2 8 4 -72 -76 -36 -38 -76 -78
13 88 86 48 46 96 92 8 6 16 12 -64 -68 -32 -34 -72 -74
14 92 90 52 50 104 | 100 12 10 24 20 -56 -60 -28 -30 -68 -70
15 96 94 56 54 112 | 108 16 14 32 28 -48 -52 -24 -26 -64 -66
16 100 98 60 58 120 | 116 20 18 40 36 -40 -44 -20 -22 -60 -62
17 104 | 102 64 62 128 | 124 24 22 48 44 -32 -36 -16 -18 -56 -58
18 108 | 106 68 66 136 | 132 28 26 56 52 -24 -28 -12 -14 -52 -54
19 112 | 110 72 70 144 | 140 32 30 64 60 -16 -20 -8 -10 -48 -50
20 116 | 114 76 74 152 | 148 36 34 72 68 -8 -12 -4 -6 -44 -46
21 120 | 118 80 78 160 | 156 40 38 80 76 0 -4 0 -2 -40 -42
22 120 80 160 40 80 0 0 -40




Survey questions, beauty contest and
Cognitive Reflection Test

Beauty Contest
You have to write down a number between 0 and 100 (the number can have decimals). All the other participants of this
survey do the same.

The average of all these numbers will be computed, and then this average is multiplied by two thirds. Call this number X.
The winner is the participant who chose the number which is closest to X. If there are several participants who chose this
number, the winner will be selected at random among them.

The winner will receive 200 kr. All other participants will receive 0 kr. for this task. You will be notified in week [Dates for
PaymentWeek] whether you won.

Please enter your number here (enter decimals after a point):

Survey questions
We now would like to ask you several questions. Be honest — there are no right or wrong answers!

Remember: to be eligible for payments from the previous tasks and for the 50kr. you need to complete the entire survey.



Please read the following sentences and state how well they describe you. | decided to follow the study program | am

currently enrolled in, because ...

Not like me at all

Somewhat like

| am very
interested in the
subject area, and
I would like to
know more about
it:

the study
program fits my
talents:

| believe thatas a
graduate in this
program | will
have very good
job opportunities
and income
prospects:

| did not know
what | should do
otherwise:

my family/friends
recommended
me to study this
subject:

Not much like me Mostly like me Very much like
me .

Q o} o o}

Q O o) O

Q O o) O

Q o} o o}

Q o) o) o)




Please read the following sentences and state how well they describe you.

Not like me at all | Not much like me SOmEiEL (e Mostly like me ey e (I

me me

The study
program | am
enrolled in is my o o o o o
most desired
study program:

| was very certain
about choosing
my study | O ®] o o
program:

| am very
satisfied now
with my chosen | O O o o
study program:

| am very
motivated for my
studies:

| am very certain
that | will finish
my studies at
Aarhus

University with a
bachelor's or
master's degree:

| believe that my
future income
depends on my
final average | O ©) ©) Q
grade in my
studies:




How do you finance your studies? (you can name more than one option)

My parents support me financially

| get SU (Danish student grant and loan scheme)
| have a job at the university

| have a job outside of the university

Other funding

ooooo

What is the highest amount of money you could pay out of your own pocket within the next 3 days?

less than 350 kr.
350 kr.

700 kr.

1500 kr.

2000 kr.

3500 kr.

7000 kr.

more than 7000 kr.

(ONCNCNONONORONGC,

Please state how well this sentence describes you: | divide my monthly budget into several separate budgets (such as
budgets for housing, clothes, leisure expenditures, study related expenditures and the like).

Not like me at all
Not much like me
Somewhat like me
Mostly like me
Very much like me

0000

How many semesters do you think you will actually need to obtain the following degree:

a bachelor's degree in your current studies:
a master's degree in your current studies (exclusive semesters for bachelor's degree):

Suppose you will obtain a bachelor's degree in your subject. What do you think will be your monthly gross income in your
first year of employment (in kr.)?

Select from the list
less than 15 000 kr.
15 000 - 20 000 kr.
20 000 - 25 000 kr.
25 000 - 30 000 kr.
30 000 - 35 000 kr.
35 000 - 40 000 kr.
40 000 - 45 000 kr.
45 000 - 50 000 kr.
50 000 - 55 000 kr.
55 000 - 60 000 kr.
more than 60 000 kr.

(ONCNONONONONONCNONONONG)



Suppose you will obtain a master’s degree in your subject. What do you think will be your monthly gross income in your
first year of employment (in kr.)?

Select from the list
less than 15 000 kr.
15 000 - 20 000 kr.
20 000 - 25 000 kr.
25000 - 30 000 kr.
30 000 - 35 000 kr.
35000 - 40 000 kr.
40 000 - 45 000 kr.
45 000 - 50 000 kr.
50 000 - 55 000 kr.
55 000 - 60 000 kr.
more than 60 000 kr.

ONONONONCNCRONONONONONGC)

Which university qualifying exam do you have?

Studentereksamen (stx)

Hgjere forberedelseseksamen (hf)
Hgjere handelseksamen (hhx)
Hgjere teknisk eksamen (htx)
International high school degree
Another university qualifying exam

C000O0O0

Which grade did you obtain in your university qualifying exam in the following subjects (if you have several qualifying
exams, write down the best grade at the highest level)?

Grade (Danish 7-point-scale) Sl el Sare

classification)

Did not | do
-3 00 02 4 7 10 12 have A B C not
subject know
Danish o) o) o) o) o) o) o) o) o) o) o) Q
Mathematics o o o o o o o o o o o o
English o) o) o) o) o) o) o) o) o) o) o) Q
Physics o) o) o) o) o) o) o) o) o) o) o) Q




Which grade did you obtain in your university qualifying exam in the following subjects (if you have several qualifying

exams, write down the best grade at the highest level)?

‘ Grade
Did not
A B C D E F have
subject
Danish o) o) o) o) o) o) o)
Mathematics o o o o o o o
English o) o) o) o) o) o) o)
Physics o) o) o) o) o) o) o)

A

B

Cc

‘ Subject level (Danish classification)

| do
not
know

o

When did you obtain your university qualifying exam?

2013
2012
2011
2010
2009
2008
2007
2006
2005
before 2005

(ONONONCHONORONONONGC)

What did you do between your university qualifying exam and now? (You can give more than one answer)

Travel

Work

Voluntary social work

Hajskole

Second university qualifying exam
Vocational training

Completed university degree
Started studying, but dropped out
Other

ooo0o0ooo0OO



What is the highest completed education of your parents?

Highest completed education of your mother

(ONCNCNONONORONGC

9-10 years of secondary school

Higher secondary school (University entrance exam)
Vocational education

Short higher education, less than 3 years

Long higher education, more than 3 years

No completed education

Other

| do not know

Highest completed education of your father

(ONCNCNONONORONGC,

9-10 years of secondary school

Higher secondary school (University entrance exam)
Vocational education

Short higher education, less than 3 years

Long higher education, more than 3 years

No completed education

Other

| do not know

Which language do you speak at home with your parents?

o
o
o

Danish
Another language
Danish and another language



Please read the following sentences and state how well they describe you.

Not like me at all | Not much like me SOmEiEL (e Mostly like me ey e (I

me me

New ideas and
projects
sometimes
distract me from
previous ones:

Setbacks don’t
discourage me: O] ©) ©) Q

| have been
obsessed with a
certain idea or
project fora short | O o o o
time but later lost
interest:

| am a hard
worker: o O O Q

| often set a goal
but later choose
to pursue a | QO ©) ©) Q
different one:

I have difficulty
maintaining my
focus on projects
that take more
than a few
months to
complete:

| finish whatever |
begin: o O O O]

| am diligent: o o o o @)




Brief Self-Control Scale
Please read the following sentences and state how well they describe you.

Somewhat like

Not like me at all | Not much like me Mostly like me Ve e (I

me me

| am good at

reS|st|ng _ o o o o o

temptation:

| do certain

things that are o

bad for me, if | O O O o

they are fun:

| have a hard

time breaking o

bad habits: Q Q Q Q

I wish | had more o

self-discipline: o o o o]

| am lazy: o o o o @)

| say

inappropriate o o o o @)

things:

Pleasure and fun

sometimes keep o

me from getting | O o o O]

work done:

I have trouble o

concentrating: O] o o o

| am able to work

effectively o

toward long-term | O o o o

goals:




Sometimes |
can’'t stop myself
from doing
something, even | O O O o
if 1 know it is
wrong:

| often act
without thinking
through all the | O o o o
alternatives:

People would
say that | have
iron self- | O O o o
discipline:

I refuse things
that are bad for
me:

I know that |
often cannot
resist
temptations and
thus try to avoid
these
temptations:

Small-scale insurance
Have you ever have bought one of the following types of insurance:

Yes
_mobile phone theft/damage o
insurance: ©)
bicycle insurance: o ©)
insurance of computer/laptop: o @)
baggage insurance: o O]
travel cancelation insurance: o o




Lost ticket - lost money questions (topical mental accounts)
[order randomized]

Imagine that you decided to see a play and that you paid the admission price of 200 kr. for the ticket. As you enter the
theatre you notice that you have lost the ticket. Would you pay 200 kr. for another ticket?

0000

Very likely

Likely

Neither likely nor unlikely
Unlikely

Very unlikely

Imagine that you decided to see a play where the admission price is 200 kr. for a ticket. As you enter the theatre you
notice that you have lost 200 kr. Would you still pay 200 kr. for a ticket for the play?

00000

Very likely

Likely

Neither likely nor unlikely
Unlikely

Very unlikely

Exam vignette (narrow goals)

Imagine that two weeks before an exam the professor hands out 30 practice exams. Furthermore, the professor tells you
that all questions for the actual exam will be drawn from these practice exams. It takes you 4 hours to work through a

practice exam. How would you plan your workload? Pick the one answer that describes you best:

O | set a daily study goal that specifies for each day between now and the exam date how many practice exams | want
to work on.

O | set a weekly study goal that specifies for each of the two weeks between now and the exam date how many practice
exams | want to work on.

O | set an overall goal that specifies how many practice exams | want to work on between now and the exam date.

O | setno goal and just see how many practice exams | manage to work on between now and the exam date.



Please read the following sentences and state how well they describe you.

Goals for course
grades:

Goals for the
number of study
hours per
day/week:

Goals for
regularly
attending
lectures and
seminars:

Goals for doing
course work (e.g.
problem sets):

Goals for
preparing work in
study groups:

Deadlines for
when to
complete
different steps in
project work:

Not like me at all | Not much like me

Related to my studies, | set...

Mostly like me

me
o ®)
o ®)
o o
o o
o o
o o

Very much like




Please read the following sentences and state how well they describe you.

Not like me at all | Not much like me SOmEiEL (e Mostly like me ey e (I

me me

| divide a goal
into subgoals, to
keep track of | O ©) @) Q
how | am doing:

When setting a
goal, | carefully
think about what
| want to achieve | O O O Q
and when to
achieve it:

| sometimes do
not set goals
because | am
afraid that | will | O Q O o
not be able to
achieve them:

| feel angry with
myself when. | o o o o @]
give up a goal:

When | reach a
goal | sometimes
rewgrd myself by o o o o o
buying

something nice:

| tell friends or
family about my

goals, to

increase my | o o o o o
motivation to

achieve  these

goals:

| set goals, but

then of?en give o o o o o
them up:

| set goals o
spontaneously: O] @) ©) Q

The goals | set
for mysg!f afre o o o o o
very ambitious:




Please read the following sentences and state to what extent you agree with the statement.

Strongly Disagree Neither/nor Strongly agree

disagree

Mandatory
course
assignments are
better than
course o o o o
assignments
with a voluntary
hand-in option:

Project work
should come with
evenly spaced,
strict deadlines
rather than only
being due at the
end of term:

If someone paid
me money for
good exam | o o o
grades, | would
study more:

A study group
motivates me to
get more work | O o o o
done:

To increase my
motivation, |
sometimes  bet
with friends or
family for money,
that | will reach a
certain goal:

What is your height in cm? (If you do not know your exact height, please make an estimate)

What is your weight in kg? (If you do not know your exact weight, please make an estimate)



How strong are you? Please rate your physical strength compared to the average of people of your age and gender:

Much below the average
Somewhat below the average
Average

Somewhat above the average
Much above the average

0000

How attractive are you? Please rate your physical attractiveness compared to the average of people of your age and
gender:

O Much below the average

O Somewhat below the average
O Average

O Somewhat above the average
O Much above the average

ABCD question testing for viewing lotteries in isolation

For this question the computer will randomly select one participant as the ‘participant who is paid’. If you are the ‘participant
who is paid”:

- you will be given an extra 100 kr. on top of your other earnings. If your choice involves making losses, these losses will
be taken out of these 100 kr.

-you will be paid for your Decision 1 and for your Decision 2 below.

You face the following pair of concurrent decisions. First examine both decisions, then indicate your choices, by ticking
one of the two boxes in each decision.

Decision 1: Choose between (before answering, read Decision 2):

O winning 24 kr.
QO a 25% chance of winning 100 kr. and a 75% chance of not winning or losing any money.

Decision 2: Choose between:

O losing 75 kr.
QO a 75% chance of losing 100 kr., and a 25% chance of not winning or losing any money.



Cognitive reflection test

For the final 3 questions you earn 2kr. for each question that you answer correctly.
A bat and a ball cost 110kr. in total. The bat costs 100 kr. more than the ball. How much does the ball cost (in kr.)?
If it takes 5 machines 5 minutes to make 5 widgets, how long would it take 100 machines to make 100 widgets (in minutes)?

In a lake, there is a patch of lily pads. Every day, the patch doubles in size. If it takes 48 days for the patch to cover the
entire lake, how long would it take for the patch to cover half of the lake (in days)?

Concluding remarks
Thank you for participating in this study.

You now completed the first part of the study. In week [dates], you will receive an email which summarizes all your earnings
and which gives you feedback on the tasks. Alexander Koch and his team will then also start registering the payments with
the administration of Aarhus University. The administrative process might take up 2-6 weeks. You can contact Alexander
Koch by email (akoch@econ.au.dk) if you want information on the payment process.

[If time preference part skipped before:
So far, you skipped the second part of the study, where you can earn an additional 200kr. Would you nevertheless like to
participate in the second part of the study?

O Yes
QO Noj

[If participated in time preference part:
Next week [weekday, date], 20:00h you will receive an email with further instructions for the second part of the study, where
you can earn an additional 200kr.]

Thank you for participating in this study.
Do you want to receive invitations to other studies in the Aarhus Cognition and Behavior Lab in which you can earn money?

O Yes
O No
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