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Abstract

Evidence suggests that acquiring human capital is related to better life outcomes, yet young
peoples’ decisions to invest in or stop acquiring human capital are still poorly understood. We
investigate the role of time and reference-dependent preferences in such decisions. Using a
data set that is unique in its combination of real-world observations on student outcomes and
experimental data on economic preferences, we find that a low degree of long-run patience is a
significant predictor of dropping out of upper-secondary education. Further, for students who
finish education we show that one month before termination of their program, present-biased
students are less likely to have concrete continuation plans. Our findings provide fresh evidence
on students’ decision-making about human capital acquisition and labor market transition with

important implications for education and labor market policy.
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1 Introduction

Acquiring human capital is considered among the prime factors for subsequent higher income and
other important positive life outcomes. For example, Lindahl and Krueger (2001) find that an
additional year of schooling raises earnings by about 10 percent. Yet, the determinants of young
peoples’ decisions to invest in or stop acquiring human capital are still relatively poorly understood.

Human capital theory (Mincer, 1958; Schultz, 1961; Becker, 1962) provides a straightforward
economic framework for analyzing educational investment decisions. Individuals invest in their own
education if the expected present value of the benefits is higher than the expected present value
of the costs. Given the documented benefits of schooling, the question arises why some students
stop acquiring human capital at relatively early stages. In this paper, we contribute to answering
this question by analyzing empirically the role of (heterogeneity in) economic time preferences and
behavioral biases in the decision to finish or drop out of upper-secondary education programs. In
addition, our data enables us to investigate the predictive power of preferences and biases for job
search decisions upon completion of the program.

Eckstein and Wolpin (1999) provide a number of reasons for why students may terminate educa-
tion, one of them being that dropouts have lower expectations about the rewards from graduation.
Such lower expectations could, for example, be stemming from an underestimation of lifetime ben-
efits from staying in school. Similarly, Oreopoulos (2007) suggests that ignorance or the heavy
discounting of substantial lifetime gains generated by additional schooling might explain dropout
behavior. Consistent with this view, Golsteyn et al. (2013) document a significant association be-
tween hypothetically elicited time preferences at age 13 and lifetime outcomes such as earnings,
health and education in Swedish data. In particular, they find that higher patience is positively
related to good life outcomes, and argue that educational attainment modulates this positive effect.
Figlio et al. (2019) provide complementary evidence on the association between long-term orienta-
tion and educational attainment using administrative data from immigrant students in the U.S.,
and Castillo et al. (2019) show that discount rates, elicited via incentivized experiments, of 8th
graders in U.S. public middle schools predict high school graduation.

In the case of upper-secondary education, however, schooling is no longer compulsory and hence
a decision to drop out is always subsequent to a previous enrollment decision. The key question
is therefore why those who drop out decided to start non-compulsory education in the first place.
Two arguments have been emphasized in the recent literature: incomplete information and time in-
consistency. These arguments are not only very different in nature — rational learning vs. bounded
rationality —, they also yield very different, in fact conflicting, policy implications (cf. below). A
careful investigation of these potential explanations seems therefore warranted.

Incomplete information, on the one hand, assumes that students at the time of enrollment
are only incompletely informed about the costs and benefits of pursuing education. Acquiring
education in this case involves an element of experimentation and dropouts rationally occur as a
consequence of new information updates (Manski, 1989; Altonji, 1993). Such information updates

could, for example, stem from learning about individual ability, the job market perspectives upon



completion, or the effort and opportunity costs of completing the program. Stinebrickner and
Stinebrickner (2012, 2013) and Zafar (2011) show that such information updating indeed occurs
and can account for dropout decisions. Thus, if students hold only partial information at the
time of enrollment, they continuously make cost-benefit trade-offs while pursuing upper-secondary
education and may be tipped towards termination in light of information shocks. Using data
from the National Longitudinal Survey of Youth (NLSY), Arcidiacono et al. (2016) estimate that
eliminating informational frictions would indeed increase the college graduation rate by 9 percentage
points.

Time inconsistency, on the other hand, assumes that students behave inconsistently over time,
which can be modelled by present-biased preferences (Laibson, 1997; O’Donoghue and Rabin, 1999).
In this case, the cost-benefit tradeoff of continued education can change between enrollment and
the time at which education is actively pursued, even in the absence of new information. The
reason is that once the costs of education become immediate and the benefits remain in the future,
present-biased students prefer to discontinue education programs that they previously enrolled in,
thereby acting in a time-inconsistent manner. Cadena and Keys (2015) assess this hypothesis with
NLSY data documenting that a proxy for student impatience correlates with dropout from college,
which is taken as evidence for time-inconsistent preferences and its impact on dropout decisions.!

Notice that these two explanations yield conflicting policy implications. If students have present-
biased preferences and drop out of education because they overvalue immediate costs, commitment
devices limiting the possibility to quit education (by making dropouts more costly) seem favorable.
If, in contrast, students have incomplete information about the costs and benefits of education
and learn over the course of the program whether the chosen educational path fits their preference
or ability, such policy is exactly what one would not like to do. Instead, eliminating (or at least
reducing) informational frictions would be preferable. Our paper contributes to this discussion by
providing novel empirical evidence on the relationship between dropouts, economic time preferences,
and behavioral biases.?

We analyze a unique data set that combines experimentally elicited information on students’ eco-
nomic preferences and potential behavioral biases with administrative data on education outcomes
in the context of vocational training programs in Switzerland. In a vocational training program,
students study part-time at vocational schools and work part-time at host companies. It consti-
tutes the most popular form of post-secondary education in Switzerland, accounting for 70% of all

post-secondary education degrees in the country. Completing post-secondary education is associ-

!The proxy Cadena and Keys (2015) use is whether or not a student was classified as “restless and impatient”
during the interview by the interviewer. The same measure was used before by DellaVigna and Paserman (2005) to
assess the relationship between impatience and job search.

2In principle, a third reason for dropping out of voluntary upper-secondary education could be diminishing authority
and influence of parents, the idea being that parents “make” students’ enrollment decision (as the latter are still
minors), while students (when they become older) decide to dropout. However, most students in our context are still
minors at the time of dropping out and therefore still need their parents’ consent to terminate the contract. Formally,
parents’ influence is therefore the same at both points in time. Given the results we find, we consider their influence
to be rather weak and therefore do not explore this channel further in our analysis. Also, policy implications are very
similar to the ones for incomplete information.



ated with clear positive outcomes, both economically and psychologically, as Fritschi et al. (2009)
show.? For students who are about to successfully complete the program, we also obtain detailed
survey measures on labor market transition or continued higher education plans. Our behavioral
measures were taken directly in the classroom, at the very beginning of the program. They include
incentivized measures of time preferences (long-run patience, present bias), as well as risk and loss
aversion. In addition, we obtain a number of important controls such as proxies for intelligence and
other socio-demographic characteristics that are known to predict life outcomes and at the same
time correlate with patience and risk aversion (Dohmen et al., 2010). Our results thus rely on a
rich set of individual measures allowing us to differentiate between long-run patience and present
bias as well as a large set of covariates to control for potential confounding factors.

In total, we were able to obtain a sample of 265 students, out of which 30 (11.5%) terminate
their vocational training contracts prior to completion. The observed dropout rate is similar to
the average dropout rate on the cantonal level (9 percent in 2008; Maghsoodi and Kriesi, 2013).
Our results show that the association between present bias and dropout is relatively weak. While
an increase in a student’s present bias increases the probability of dropout, the association is very
small and not statistically significant. We do, however, find that long-run patience is significantly
negatively associated with dropout behavior. Controlling for a wide array of socio-demographic
characteristics, a one-standard deviation increase in the measured 3-month discount rate decreases
the likelihood of dropping out of the vocational training program by approximately 2.6 percentage
points. Similar results are obtained if we consider information about whether a student finishes
the program in time as an alternative outcome measure: long-run patience significantly correlates
with this measure, whereas present bias has no predictive power. In sum, our results do not
provide evidence that time inconsistency is a key driver of dropout behavior from upper-secondary
education. Rather, they suggest that long-run patience, together with information updating, plays
an important role. The results corroborate the findings from Castillo et al. (2019) documenting the
role of (long-run) patience in the context of high-school dropouts.

Preferences and biases may not only matter for completion of educational programs. They
might be similarly important for job search decisions, and in turn for labor market entry and early
career labor market success of the students. DellaVigna and Paserman (2005) show theoretically
that present bias reduces the motivation to invest into job search, implying a negative effect on
the transition from unemployment to employment. Empirically, they find an association between a
measure of impatience and the length of unemployment spells in the NLSY.# In addition, DellaVigna
et al. (2017) propose a model of job search with reference-dependent preferences and loss aversion
relative to recent income. They derive the model prediction that anticipated benefit cuts increase
search efforts of the unemployed, and find transition patterns in Hungarian data that are consistent
with this theory.

3E.g., the annual salary is estimated to be more than 23.000 CHF higher on average and physical or mental
problems about 50 percent less prevalent among individuals with completed post-secondary education compared to
those without.

“Ben Halima and Ben Halima (2009) also find evidence in French job search data that is consistent with hyperbolic
discounting.



Arguably, at the end of their educational program, apprentices are in a comparable situation to
the unemployed in terms of incentives to search for a job. This is because apprentices are employed
by host companies yielding non-negligible wage earnings, but their contracts expire at the end of
the program.’Applying the theories by DellaVigna and Paserman (2005) and DellaVigna et al.
(2017) to our setting, we should therefore expect that present-biased students are less likely and
loss averse students more likely to have secured a job offer, shortly before their vocational training
program ends. Further, both effects should be driven by incentives to invest into job search, which
are expected to increase in loss aversion and to decrease in present-bias.

To assess these hypotheses, we administered a labor market transition survey to students about
one month before the end of the vocational training program. In the survey, we asked whether
students already have a definite job offer, whether they plan to continue higher education, or
neither. We were able to collect survey responses from 181 students (out of 223 students who
indeed finished their program in the year of the survey).® Hence, we received responses from 81% of
all students in the initial sample that transitioned to the labor market in the year of the survey. Of
these, 92 (51%) had a definite job offer, 47 (26%) planned continued education, and 42 (23%) had
neither. We also asked them whether they actively engaged in job search activities. By combining
this survey data with our experimental preference measures, elicited several years before, we are
able to investigate the predictions of these job search theories empirically.

Consistent with DellaVigna and Paserman (2005), we find that students who are more present
biased are indeed significantly less likely to have a definite job offer or concrete plans for continued
higher education. A one standard deviation increase in the estimated present bias increases the
probability of having no job relative to having a job by around 13-18 percentage points. At the
same time, long-run patience is not significantly associated with these outcomes. With respect to
the impact of loss aversion, our results are weaker. While we do find that higher loss aversion is
positively associated with a higher probability to have a definite job offer, which is consistent with
DellaVigna et al. (2017), the association does not always reach standard thresholds of statistical
significance.

Our results have several implications for policy. First, we show that long-run patience — and
not present bias — is significantly associated with dropping out of upper-secondary education.
This suggests that policies targeted at reducing dropouts should focus on factors that influence
students’ long-run patience positively, in particular during early childhood (Cunha and Heckman,
2007; Falk and Kosse, 2016; Alan and Ertac, 2018), together with eliminating information frictions.
Commitment devices, on the contrary, that would limit the possibility to terminate non-compulsory
education are likely to be ineffective and may even be harmful in light of the fact that acquiring

education also involves an element of experimentation.” Second, such commitment devices may

5While it does happen that firms continue to employ their apprentices, a large fraction is forced to enter the labor
market and actively search for a job.

5The rest either dropped out or did not finish the program in time.

"Cadena and Keys (2015) argue that late dropouts, for example after the third year of college, are unlikely to be
due to learning. Indeed, their impatience measure correlates particularly strongly with these late dropouts. Because
of data limitations (too few late dropouts), we cannot directly assess this specific hypothesis. Assuming that these late



instead be useful when it comes to student behavior towards the end of the education program. As
our results show, present bias — and not long-run patience — significantly correlates with student
outcomes in terms of concrete options and plans to enter regular employment or higher education.
Here, early deadlines and related policy instruments that increase a student’s effort and commitment
to ensure a successful transition out of the vocational training program seem beneficial.

Besides highlighting important mechanisms in human capital acquisition, our paper contributes
to a broader literature on how predictive experimentally elicited preference measures are for a variety
of lifetime outcomes. Castillo et al. (2011, 2018) find that impatience as well as risk preferences
correlate with disciplinary referrals in school. Other studies have looked at the differential effect
of hyperbolic vs. exponential discounting on credit card borrowing and credit worthiness (Meier
and Sprenger, 2010, 2012). Sutter et al. (2013) analyze the effects of hyperbolic and exponential
discounting on saving, smoking and alcohol consumption of school children. Chabris et al. (2008)
document similar correlations between discount rates and smoking, body mass index, and exercise
behavior. Our paper differs from these contributions by being the first to use incentivized behavioral
experiments in combination with administrative and survey data in analyzing the role of economic
time and reference-dependent preferences in human capital acquisition and labor market transition
in the important context of vocational schooling.

The remainder of the paper is structured as follows. In the next section, we illustrate how
time and reference-dependent preferences matter for dropout decisions and labor market transition
by means of a simple model as well as results from the relevant literature. Section 3 explains
our preference measures and the administrative and survey data. Section 4 presents the empirical

results. Section 5 concludes.

2 How Time and Reference-Dependent Preferences Matter

2.1 For Dropout Decisions

To illustrate how time preferences affect a student’s decision to invest in or stop education, consider
the following simple beta-delta model (Laibson, 1997). A student at time ¢ = 0 decides whether to
start education in period t = 1. Education generates both costs ¢ < 0 that occur in period ¢t = 1
and future benefits b > 0 that occur in periods ¢t = 2,....8 The student discounts future payoffs
according to a discount function that is equal to one for the current period and equal to 847 for
later periods 7 > 1 with 5,5 < 1, where § denotes the long-run rate of time preference and S an
individual’s potential present bias. Formally, the present value of future income streams in period

t equals

U :$t+5z57xt+m (1)

=1

dropouts are indeed due to present-bias and not learning, our data nonetheless strongly suggests that commitment
devices for completion should, if at all, only be applied in the late phases of educational programs.
8For expositional simplicity, we assume here that the student is infinitely lived. Arguments do not depend on this.



where z; is equal to the cost or benefit in period t.
At time t = 0, the student plans to start education if and only if the discounted net future payoff

is larger than zero. Formally,
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Only students with sufficient long-run patience 6 > % get enrolled in education. As both costs
and benefits occur in the future, present bias 8 does not matter for decision-making at t = 0. This,
however, changes in period ¢t = 1.

If the student invests in education in ¢ = 1, education costs arise immediately, while all benefits

occur in periods t = 2,.... The student actually invests if and only if
—c+B8) 6 > 0 (4)
t=1
86 c
T35 b (5)

For 8 = 1, this condition is identical to the selection condition (3) in period ¢ = 0. In the
absence of information shocks, time-consistent students do not change their education plan. This
is different, if 8 < 1. In particular, if condition (3) is fulfilled but < “4=% | the student in t = 0

plans to start education but changes his plan in ¢ = 1 and drops out.

More generally, if information shocks can occur, i.e., the student updates information about ¢
and b in t = 1, the following condition becomes relevant:

86 c
135 > ga (6)

with & and b denoting updates of current costs and future benefits, respectively. Note that in the
revision condition (6) both 8 and § together determine whether a student continues or drops out.
More specifically, information shocks will be more likely to lead to dropouts the smaller is the left
hand side of (6). It can be shown that changes in ¢ have a larger effect on the LHS of (6) unless 3
is very small, which is a consequence of compounding. To see this, note that the marginal effect of
B in the left-hand-side of (6) is equal to % The marginal effect of § is equal to ﬁ The latter
is larger than the former if and only if 8 > 6(1 — ¢), which is always the case if 8 > 0.25. This
implies that if information shocks occur — suppose, e.g., that the right-hand-side of (6) increases
—, it is more likely that the revision condition is violated because of a student’s § rather than a
student’s [.

Let us summarize our hypotheses with respect to dropout. Long-run patience d determines both
the selection and the revision decision. Present bias S only plays a role in the revision decision.

Thus, if time-inconsistency is the main driving force behind dropout, we should observe a negative



and significant effect of 8 on a student’s decision to terminate the program prior to completion
(negative, because a higher S makes it less likely that the student drops out). If information

updates are relatively more important, however, the effect of § should be negative and significant.

2.2 For Labor Market Transition

With respect to labor market transition our hypotheses are based on DellaVigna and Paserman
(2005). Extending a classic job search model to account for present-biased time preferences, the
authors show that present bias (8) primarily affects an individual’s search effort while long-run
patience (§) primarily affects an individual’s reservation wage. Intuitively, present biased individuals
search less, because the costs of search effort accrue immediately. Individuals, who are impatient
in the long run, however, have a lower reservation wage as they compare wage earnings that accrue
in the future. In consequence, the results in DellaVigna and Paserman (2005) predict that time
inconsistency (i.e., stronger present bias) is associated with a lower probability to secure a job and
a higher probability to be unemployed, whereas impatience of individuals, who are time consistent,
is ambiguous or even positive. We refer to DellaVigna and Paserman (2005) for details.

Besides time preferences, we can also make a prediction with regard to reference-dependent pref-
erences based on DellaVigna et al. (2017). They show that loss aversion increases job search effort
and thereby the probability to enter employment. The intuition for our setting is straightforward:
Because a loss-averse student experiences an extra loss in utility when not having secured a job
after education, this increases the incentives to search and generate a job offer. Again, we refer to

the original paper for details.

3 Data

To analyze the role of economic preferences in explaining dropout behavior and labor market tran-
sition, we collected a well-suited data set that comprises four key features: (1) Individual preference
measures elicited through incentivized experiments at the beginning of the first year of the education
program; (2) important student characteristics including socio-economic background, IQ proxies as
well as BIG 5 and GRIT personality measures, (3) register data on student dropouts and successful
completion of the educational program; (4) and survey measures on students’ plans for labor market
transition about one month prior to the end of the vocational training program. In the following

sections, we explain all data in detail.”

3.1 Student Sample

Our sample consists of students in upper-secondary education who are enrolled in a vocational
training program in Switzerland. The average age of students at the time of enrollment in these

programs is 16. Students study part-time at vocational schools and work also part-time at host

9Parts of this data are also used in Oswald and Backes-Gellner (2014), who study the role of financial incentives
on student’s school performance, and their interaction with preferences.



companies. The students are employed at the host company for the duration of the education
program and earn a non-negligible wage.!’ In Switzerland, about 70% of the graduates of lower-
secondary education enroll in such vocational education (OPET, 2011). Hence, our student sample
represents the largest part of young adults pursuing upper-secondary education in Switzerland. The
Swiss vocational education model is very similar to models in Germany and Austria and considered
to be a prime example for apprenticeship training programs by a number of other countries in the
world (Kelsall, 2015).

We conducted in-class experiments within the first weeks of school in the first year of the
education program, in late August and early September 2009. Experiments took place during
school hours, lasting approximately one hour. All students of the incoming class that were present
on the day of the experiment participated, i.e., there was no self-selection in or out of the experiment.
In total, 265 students from 14 classes in three public, tuition-free vocational schools in Switzerland
participated. All schools are located in the greater region of Zurich, the largest city of Switzerland.

60 percent of the students in our sample participate in training programs in the commercial
sector, planning to become commercial employees; 40 percent participate in the technical sector,
planning to become either electricians or polytechnicians. These three training programs are among
the top ten regarding the number of students of all 230 training programs offered in Switzerland and
represent about 20 percent of the overall student population (OPET, 2011). The training program
for students in the commercial sector lasts three years and includes training in a broad range of
skills for carrying out administrative work in various industries. In contrast, the training programs
for students in the technical sector last four years and include training in different technical skills.
While electricians learn specific skills for setting up, installing, and maintaining complex electrical
wiring systems, polytechnicians learn how to fabricate special tools and work pieces required in the

production sector, program and operate machines, and monitor different types of production.

3.2 Experimentally Elicited Preference Measures and Controls
3.2.1 Time Preferences

We elicited time preference using incentivized choice experiments. More precisely, each student
made decisions on two multiple-price lists. On each list, students were asked to chose between a
smaller payment of CHF X at an earlier date and a larger payment of CHF 100 at a later date
three months later. On the first price list, the earlier date was the present and the delayed date
was in three months. On the second price list, the earlier date was in three months and the delayed
date was in six months. Each price list consisted of 20 decisions between X at the earlier date
and 100 at the later date, where X varied systematically in increments of 5 Swiss Francs between
CHF 5 and CHF 100. We chose this experimental design as it is straightforward to implement in

the field and furthermore, our school set-up did not allow us to implement more complicated and

10 Average monthly wages are between CHF 600700 in the first year and increase to CHF 1250-1450 in the final
year. Financial constraints are hence an unlikely cause of dropouts, in contrast to college dropouts in the US.



time-consuming procedures.!!

Students’ decisions from these multiple-price lists provide an estimate of students’ time pref-
erences as well as potential present bias (Laibson, 1997; O’Donoghue and Rabin, 1999). Consider
equation (1) from Section 2, with U; denoting the present value of future income streams at time ¢,
6 the long-run rate of time preference and 5 an individual’s potential present bias. In the following,
we adopt the 3-months time distance between payments as one unit of time. Hence, ¢ = 0 is the
present, ¢ = 1 is in three months, and ¢ = 2 in six months from now.

Let us start with the second price list, which only contains payments in the future. The decision

maker will prefer the sooner payment z1, if and only if
Up(z1) = Béx1 > Uy(xz) = 467100, (7)

or, equivalently, 1 > 0100. For each student, we observe the lowest x; in three months that is
revealed to be preferred to CHF 100 in six months. Let us denote this value by X;. We can then
define an upper bound on that student’s long-run rate of time preference by § := X7 /100.
Now, consider the first price list. Here, the decision maker will prefer the sooner payment, if
and only if
xo > £6100. (8)

Again, we observe X, the lowest xy that is revealed to be preferred to CHF 100 in three months.
Substituting ¢ into this equation, we can identify a student’s present bias as 8 := Xo/X;. Intuitively,
if a student reveals consistent time preferences, the two switch points X; and X are the same, i.e.,
[ is equal to one. In case of present bias, however, the student switches earlier in the first price
list (now vs. three months) than in the second price list (three months vs. six months). In other
words, Xy < X implying 8 < 1.12

Note that our estimation strategy is not feasible if a student has multiple switch points, that is,
if some value x; is preferred over CHF 100 three months later, but then CHF 100 is again revealed

preferred over some higher value x} > z;. In this case, the preference relation is intransitive. In our

Similar designs have been used, e.g., by Burks et al. (2012), Dohmen et al. (2010), Meier and Sprenger (2010,
2012, 2015), Balakrishnan et al. (2015), and Dohmen et al. (2017). In recent years (after our experiments were
conducted), the procedure to use time-dated monetary rewards to measure time preferences has been called into
question based on arguments of non-credibility of future payments, curvature of the utility function, possibility of
arbitrage, or credit constraints. See, e.g., Andersen et al. (2008), Andreoni and Sprenger (2012a,b), and Augenblick
et al. (2015) proposing various alternatives to circumvent these caveats. Unfortunately, there is still no consensus
on what procedure is best (Andreoni et al., 2015), each has its pros and cons. See also Halevy (2014) and Cohen et
al. (2020). In particular, multiple-price lists are comparably easy to implement in the field and with non-standard
subject pools, thereby reducing noise based on lack of understanding. Dohmen et al. (2017) also find no evidence
that choice patterns can be explained by the potential confounds in a representative sample of adults in Germany,
and Balakrishnan et al. (2015) show that measures using multiple-price lists and “convex time budgets” (Andreoni
and Sprenger, 2012a) are strongly and highly correlated. In our set-up, we explicitly guaranteed credibility of future
payments by an official statement from the University of Zurich. Further, we control for risk and loss aversion by
means of additional behavioral measures, and we include an explicit question on credit constraints (see below).

12Similarly, a student reveals future bias, if Xo > X; or, equivalently, 3 > 1. While measurement errors in the case
of 8 might be larger compared to §, as the measure depends on the ratio of the two switch points, we perform various
robustness checks in our empirical analysis (e.g., dummy model) to rule out that these drive our results. See details
below.



analysis, we exclude all students for whom we cannot identify a unique switch point, which is the
case for 20 out of the 265 students (7.5%).

3.2.2 Risk and Loss Aversion

To measure risk and loss aversion, we ran two lottery tasks.!3 In the first lottery task to assess a
student’s risk aversion, each student is presented with the opportunity to participate in ten different

lotteries, each of the following form:

Win CHF 10 with probability % or CHF 0 with probability %, or reject the lottery and
get a fixed payment of CHF Y.

The ten lotteries varied in the amount Y offered as a certain payment, where Y took on the
values YV € {1,2,3,4,5,6,7,8,9,10}. At the end of the experiment, one of the ten lotteries was
randomly selected and paid. The higher a student’s risk aversion, the lower should be the value of
Y at which the student starts to reject the lottery and take the certain payment instead. Thus, the
amount Y at which a student starts rejecting the lottery can be taken as a proxy for that student’s
degree of risk aversion. For example, a student who rejects all lotteries for a certain payment of
Y > 3 is classified as exhibiting higher risk aversion than a student who only rejects all lotteries
for a certain payment of Y > 7. We use the largest amount Y at which a student still prefers the
lottery and define an index of risk aversion by riskaversion = (10 — Y).'

In the second lottery task to assess students’ loss aversion, each student is presented with the

opportunity to participate in six different lotteries, each of the following form:

Win CHF 6 with probability % or lose CHF X with probability % If the subject rejects
the lottery s/he receives CHF 0.

The six lotteries varied in the amount X that could be lost, where X took on the values
X € {2,3,4,5,6,7}. Again at the end of the experiment, one of the six lotteries was randomly
selected and paid. The higher a student’s loss aversion, the lower should be the value of X at which
the student starts to reject the lottery. Thus, the amount X at which a student starts rejecting
the lottery can be taken as a proxy for a student’s loss aversion. For example, a student who
rejects all lotteries with a potential loss of X > 3 is classified as exhibiting higher loss aversion
than a student who only rejects all lotteries with a potential loss of X > 5. We use the largest
possible loss X at which a subject still prefers the lottery and define an index of loss aversion by

lossaversion = (7 — X).15

13Gimilar designs have been used, e.g., in Burks et al. (2009), Géchter et al. (2010), and Abeler et al. (2011).

14Reversing the index is convenient so that larger values of riskaversion indeed indicate stronger risk aversion.

15 Again, reversing the index is convenient so that larger values of lossaversion indeed indicate stronger loss aversion.
In principle, the rejection of actuarially fair gambles in this lottery choice task may also reflect a subject’s risk aversion.
However, since we simultaneously control for preferences over risk from a task that does not involve losses, we attribute
individual differences that stem from this task to differences in individual loss aversion. Losses that actually occurred
in the experiment were covered by earnings from the remaining choice experiments and the participation fee.
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As before, we cannot precisely define the risk aversion and loss aversion index in case there
are multiple switch points. We therefore exclude all students with multiple switch points from the
analysis, which is the case for 19 out of our 265 students (7.2%). Moreover, it should be noted that
our loss aversion measure is also impacted by students’ risk aversion. As a logical consequence, our
measures of risk and loss aversion are highly correlated (p = 0.35, p < 0.01). To isolate the impact
of loss aversion on behavior, it is hence important to control for risk aversion in our regression
framework, and vice versa.

In total, 231 students gave consistent answers in all four preference elicitation tasks (88%). Im-
portantly, as shown below, these students do not differ significantly from students with inconsistent

answers in any of our outcome variables.'6

3.2.3 Socio-economic and Personality Characteristics

Prior to the choice experiments, we collected several socio-economic characteristics as well as per-
sonality measures. In particular, we elicited students’ final grades in English, German and Math in
high school, information about their parents’ educational background, their age, gender, country of
birth and their native language. To assess whether credit constraints might affect student’s decision
making in the inter-temporal choice tasks, we also included a question on how difficult it is for a
student to spontaneously raise CHF 100, which was answered on a 5-point Likert scale, with larger
numbers indicating less difficulty.

We also gathered personality measures through surveys. First, we implemented the GRIT
questionnaire, measuring a student’s perseverance and passion for long term goals (Duckworth et
al., 2007), consisting of 17 items. Second, we implemented the German 15-item version of the BIG
5 questionnaire (Gerlitz and Schupp, 2005). Once these surveys were finished, students participated
in the cognitive reflection test (CRT) (Frederick, 2005) in order to get another proxy for their IQ
in addition to the high school grades.!”

In our regression analysis, we group our control variables as follows: The first set of controls
includes all socioeconomic variables, i.e., gender, age, an indicator whether they are native German
speakers, high school grades and CRT score, parents’ educational background and the indication on
potential credit constraints. The second set of controls includes personality measures, i.e., GRIT

and BIG 5 scores. Table A.1 in Appendix A provides summary statistics of all control variables.

180ur individual measures of risk aversion also allow us to assess whether our measure of present bias is confounded
by uncertainty. Not choosing the delayed option in the first price list meant receiving the payment immediately, which
eliminated uncertainty in case a student did not find the promise of the delayed payment credible. Hence, displayed
present-biasedness (captured by a lower 3) could potentially reflect risk aversion. However, we find that risk aversion
and 8 are not correlated (p = —0.01, p = 0.93), which does not support the hypothesis that uncertainty is confounding
our measure of present-bias.

17Subjects also participated in a symbol-digit correspondence test, a sub-module in the non-verbal section of the
Wechsler Adult Intelligence Scale (WAIS). However, due to missing observations on this test, we decided to drop
this measure in our analysis in order to not loose observations. Including this IQ score and dropping the missing
observations leaves our results unaltered, however. Results are available upon request.
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3.2.4 Procedures

Students were asked to fill out all surveys and answer all questions independently, and to remain
quiet while the experiments were conducted. In all classes, students first filled out the surveys
and participated in the IQ tests. Then, the choice experiments were conducted. Once the choice
experiments were finished, all students were paid in private in an adjacent room.

Each student received CHF 10 for participation in the study. In addition, students earned
additional money from the choice experiments. For each of the two lottery tasks, one gamble was
randomly selected and paid. If the student decided to take the respective gamble, the student himself
flipped a coin which determined the outcome of the gamble. For the inter-temporal decision tasks,
not all students were paid. Each subject received an individual ID number, and once all subjects
had finished the choice experiments, in each class two ID numbers were randomly and publicly
drawn for each of the two inter-temporal decision tasks for payment. For these four subjects, again
one of the 20 inter-temporal decisions was selected at random, and they were paid the respective
amount at the respective time according to their choice. In case payment was in the future (i.e.,
either three or six months later), the respective amount was sent by mail to the home address of
the student. All future payments were explicitly guaranteed by an official letter from the University

of Zurich that was shown to all students.18

3.3 Dropout and Labor Market Transition

After the standard time to finish the vocational training program had elapsed, we collected admin-
istrative data on successful completion, dropout or delay in finishing the program. In addition, we
administered a survey about one month before the end of the program to collect information on

students’ options and plans with respect to labor market transition or continued higher education.

3.3.1 Dropouts

The official register data on dropouts was collected from the cantonal office, the Mittelschul- und
Berufsbildungsamt in Zurich. In particular, we received information on whether or not a contract
was terminated prior to completion of the program. In addition, we observe whether a student
finished the program within the expected time (three years in case of the commercial program, and
four yours in case of the two technical programs). This measure differs from the dropout measure
in two regards. First, some students dropped out of the program at the very beginning and started
a new program right away, so they did not suffer any economic consequences from their dropout.
These are coded as “dropout”, but also as “having finished in time” (4 out of 26 students in the
final sample; cf. Table 1). Second, some students did not drop out but had to prolong the program,
for example because they failed important exams. These are coded as “no dropout”, but also as
“not having finished in time” (23 out of 201 students in the final sample; cf. Table 1).

18(Class size varied between 13 and 23 students. In total, 21.1 percent of students were paid out for one of the two
inter-temporal decision tasks.
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3.3.2 Labor Market Transition

About one month before the end of the program (2012 for students in the commercial program,
2013 for students in the technical programs), we administered a survey to assess students’ concrete
options and short-run plans with regard to the job market or further education. We contacted
students via their school class and in addition tried to reach those who were not present via mail.
In the survey, we asked students whether they already have a definite job offer for the time after
the program. If this were not the case, we wanted to know whether they are planning any full-
or part-time education program instead. Importantly, enrollment deadlines for Swiss Universities
and Universities of Applied Sciences are at the end of April, prior to our transition survey. Hence,
continued education plans at such institutions had to be very concrete. Those who neither had a
job offer nor planned to continue education could indicate further possibilities such as “making a
break” or “planning a longer stay abroad”. However, all these other options involve neither working

nor further acquiring human capital in the short run. We pool these answers in the analysis.

4 Results

Before we turn to the regression analysis of dropout behavior and labor market transition decisions,

we present descriptive statistics of our data.

4.1 Descriptive Statistics

Out of our initial sample of 265 students, 4 students had to be dropped because we had no access
to their register data. These students had moved out of the canton Zurich during the four years
of their program and their data was transferred to another cantonal state office, which we have no
access to. From the remaining 261 students, 30 terminated the program prior to completion and 54
students did not finish in time. As mentioned before, 34 out of the 261 students gave inconsistent
answers in the preferences measures. We exclude these observations in our analysis, leaving us with
a final sample of 227 students. Table 1 shows the joint distribution of our two outcome variables on
program completion for the final sample. 26 out of the 227 students terminated their contract prior
to completion of the program, which amounts to 11.5% of the sample. Moreover, 45 students did
not finish the program in time (19.8%). Importantly, students with consistent answers do not differ
significantly from those with inconsistent answers in neither of the outcome measures (dropout:
11.5% vs. 11.8%, p = 0.96; finished in time: 80.2% vs. 79.4%; p = 0.92).

Table 2 shows the mean and standard deviation of our preference measures conditional on the
two outcome measures. Distributions of all preference measures are included in Appendix A. The
table shows that students are, on average, risk neutral. The mean measure of risk aversion is roughly
equal to 5, which implies that students on average switch from accepting the coin toss with a 50%

chance of winning CHF 10 to accepting a certain payment precisely when the certain payment is

19 As an incentive for participation, two iPad3 were rafled among students who filled out the survey.
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Table 1: Joint Distribution of Dropout and Finished in Time

Finished in Time

Dropout No Yes Total
No 23 178 201

Yes 22 4 26
Total 45 182 227

CHF 5. However, the standard error is relatively large, implying considerable heterogeneity in risk

aversion.20

Table 2: Average Preference Measures, by Dropout and Finished in Time

All Dropout Finished in Time
No Yes D Yes No P
Long-run Patience (§)  0.78 0.79 0.74 0.06 | 0.79 0.75 0.16
(0.16) | (0.17) (0.15) (0.16) (0.17)
Present Bias (0) 095 | 095 096 0.28| 095 095 0.56
(0.22) | (0.22) (0.22) (0.23)  (0.20)
Risk Aversion 5.02 5.02 5.00 0.92] 5.03 4.96  0.68
(1.69) | (1.62) (2.17) (1.67) (1.76)
Loss Aversion 4.93 4.95 4.77 040 | 4.95 4.84 0.61
(1.05) | (1.05) (1.07) (1.03) (1.17)
Number of Obs. 227 201 26 182 45

Note: Standard Deviations in parentheses. Column p shows the p-value of two-sided
Wilcoxon rank-sum tests comparing dropouts and non-dropouts and finished and not finished
in time, respectively.

Second, mean loss aversion is in the range of 4.7 to 4.9, which implies that students on average
switch to rejecting the coin toss in the loss gamble, in which they could win CHF 6 with 50%
probability or lose CHF X with 50% probability, when the potential loss is between 4 and 5 CHF.
Hence, while our subject pool on average appears to be risk neutral, we do find evidence for mild
loss aversion. Heterogeneity in loss aversion in our sample is also considerable.

Third, we do find considerable discounting in our sample. Recall that §, our measure for long-run
patience, is directly inferred from the switch point in the multiple-price list in which both payments
are in the future. A mean ¢ of 0.74 to 0.79 implies that students are willing to accept an amount
X7 in three months that is, on average, equal to 74 to 79 CHF, rather than waiting for CHF 100
in six months. Here, the difference between dropouts and non-dropouts as well as finished and not

finished in time is larger, averaging 4 to 5 percentage points.?!

20While other studies have found risk aversion on average (Holt and Laury, 2002; Dohmen et al., 2011), Herz et
al. (2020) find similar risk neutrality in a sample of 496 students at a lower secondary school in Switzerland (i.e., the
educational stage just before students start apprenticeships). Average risk neutrality hence seems common for this
type of population.

2'While the average annual discount factors implied by our three-months discount rates are rather small (.38), they
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Finally, a potential present bias () is inferred from the ratio of switch points in the two multiple-
price lists involving immediate payments and involving only delayed payments. The average [ in
our data is 0.95. Distributions in Appendix A show that 40 percent of the sample reveal time
consistency (8 = 1) and 44 percent present bias (8 < 1).

The right column of Table 2 shows that, with the exception of long-run patience, none of the
differences in economic preferences for the two outcome variables is statistically significant based
on a non-parametric Wilcoxon rank-sum test. The difference in ¢ is significant on the 10 percent
level for dropouts (p = 0.06) but fails to reach significance for finished in time (p = 0.16). In
order to get a better grip on the role of students’ time preferences in completing their vocational
training program, it is necessary to control for the different preference measures simultaneously,
as well as for other socio-economic and personality characteristics. We do so in the subsequent
regression analyses. We first focus on program completion (Section 4.2) and then analyze labor

market transition (Section 4.3).

4.2 Regression Analysis of Dropout and Finishing in Time

Result 1 (Dropout) The stronger a student discounts the long-run future, the more likely he or

she drops out of the vocational training program prior to its completion.

Evidence for Result 1 is given in Table 3. Columns (1)-(12) show marginal effects of logit regres-
sions to explain whether a student terminated his or her program prior to successful completion.
Standard errors are clustered at the class level, to account for potential correlation within classes.
Columns (1)-(6) include class fixed effects, to control for potential unobserved explanatory variables
at the class level. In columns (1)-(4), the four preference measures are successively included as ex-
planatory variables. Column (5) adds socioeconomic controls, and column (6) adds our personality
measures. In all regression specifications, a higher d, which implies less discounting of the long-run
future, is associated with a lower dropout probability. As soon as other preferences are controlled
for and socioeconomic and personality measures are added to the regression specification (columns
(3-6), the association becomes statistically significant.??

A student’s present bias may represent an additional source of discounting to future payments.
However, the coefficient on § is not significantly different from zero in all regression specifications
in columns (1)-(6) of Table 3. Risk and loss aversion, which are added in columns (4) to (6) also
do not show any consistent and significant predictive power with regard to dropout.?3

Because students self-select into an occupation (electrician, polytechnician or business), and
different occupations are sampled from different schools, we report the same regressions specifica-
tions as in columns (1)-(6) again in columns (7)-(12), except that we include school fixed effects

instead of class fixed effects. The pattern remains remarkably robust: A higher § is associated with

are not unusual compared to other studies in which annual discount rates are inferred from discount rates over a
rather short time horizon. See Frederick et al. (2002) and Ericson and Laibson (2019) for reviews.

22Table B.1 in Appendix B presents the coefficients for all regressors added in columns (5) and (6).

23The exception is one significant association between loss aversion and dropout in column (6).
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a lower dropout probability, and as soon as other preferences are controlled for and socioeconomic
and personality measures are added to the regression specification (columns (9-12), the association
becomes statistically significant. With respect to 3, risk aversion and loss aversion, the results from
the regressions with class fixed effects are also confirmed when using school fixed effects. Neither of
these preference measures has significant predictive power with respect to dropout.

Taken together, we find evidence that patience is meaningfully associated with dropout behavior.
A one standard-deviation increase in our measure of §, which is equal to 0.16, is associated with a
1.9 to 3.5 percent lower probability of dropping out of the vocational training program.

One might be worried that our results are biased due to a small number of clusters, since
we sampled only from a maximum of 14 classes. To address this concern, we report p-values of
hypotheses tests of the regression coefficient on ¢ against 0 using the score bootstrap method (Kline
and Santos, 2012) in square brackets in Table 3. As one would expect, statistical significance is
slightly reduced in these tests. However, the association between patience and dropout remains
significant as soon as socioeconomic variable are controlled for.

Finally, in column (13), we apply a double selection lasso logit regression (Belloni et al., 2014,
2016) in which control variables are selected in a data-driven way for inclusion from our full set of
control variables. The aim is to select those control variables that actually have predictive power
for our measures of time preference, § and 3, or for the dropout outcome. To determine inclusion
of controls based on having predictive power for the time preference measures, linear regressions
are used. Then, a logit regression is run including those variables selected in the initial lasso stage,
clustering standard errors at the class level. This procedure ensures that control variables that are
non-negligibly related with either a key predictor or the dependent variable are accounted for.

The lasso estimates confirm our previous results. ¢ is significantly associated with dropout,
whereas the association between dropout and g is small and insignificant. Applying the score
bootstrap (Kline and Santos, 2012) using the lasso estimates also confirms that the estimate on §
is marginally significantly different from zero.?*

Our second outcome measure, whether or not students finish their program within the standard

time, corroborates the above empirical pattern, as the next result shows.

Result 2 (Finish in Time) The more a student discounts the long-run future, the less likely he

or she is to finish the vocational training program in time.

Evidence for Result 2 is provided in Table 4. Again, all columns show marginal effects of logit
regressions to explain whether a student finished his or her program in time, and standard errors are
clustered at the class level. As before, columns (1)-(6) report coefficients of logit regressions with

class fixed effects, columns (7)-(12) report coefficients of logit regressions with school fixed effects,

24The lasso specification in column (13) does not pre-select school fixed effects or class fixed effects. If we pre-select
school fixed effects, the lasso specification is equivalent to column (3) in table 3. If we pre-select class fixed effects,
the lasso specification is equivalent to column (9) in table 3. Note that we use a linear probability specification when
pre-selecting class fixed effects due to non-convergence of the penalty term when using double selection logit. Results
can be obtained from the authors upon request.
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and column (13) reports coefficients of a double selection lasso logit regression. Columns (1)-(4)
as well as (7)-(10) subsequently add our preference measures to the regression specification, and in
columns (5) and (6) as well as (11) and (12), socioeconomic controls and personality measures are
added.

The data using class fixed effects in columns (1) to (6) show that a higher ¢ is associated
with a higher probability of finishing in time. Once all preference measures are controlled for in the
regression, the association becomes marginally significant. If socioeconomic controls and personality
measures are additionally controlled for in columns (5) and (6), the association becomes significant
at the 5% level. Controlling for school fixed effects instead of class fixed effects in columns (7)-(12)
reveals a very similar picture. Once socioeconomic controls and personality measures are controlled
for, the association between patience and finishing in time becomes significant at the 5% level.

Taken together, we find evidence that patience is meaningfully associated with timely program
completion. A one standard deviation increase in our measure of ¢ is associated with a 2.2-4.5
percent larger probability of finishing the training program in time.

To control for potential bias due to the small number of clusters, we again perform hypotheses
tests of the regression coefficient on ¢ against 0 using the score bootstrap method (Kline and Santos
(2012)) in square brackets in Table 4. Again, statistical significance is slightly reduced in these tests.
However, the association between patience and finishing in time remains marginally significant in
both the regressions with class fixed effects and school fixed effects as soon as socioeconomic controls
are controlled for (columns (5)-(6) and (11)-(12)).

Looking at the estimated coefficient on § in Table 4, we also see a positive estimate, but much
smaller and not statistically significant. Moreover, our measures of risk and loss aversion have,
again, no predictive power with regard to finishing in time.2’

Finally, in column (13) of Table 4, we again apply a double selection lasso logit regression (Belloni
et al., 2014, 2016) in which control variables are selected in a data-driven way for inclusion from
our full set of control variables. The lasso estimates confirm our previous results. § is marginally
significantly associated with finishing in time, whereas the association between finishing in time and
B is small and insignificant. Applying the score bootstrap (Kline and Santos, 2012) using the lasso
estimates also confirms that the estimate on ¢ is marginally significantly different from zero?%

In Appendix B and Appendix C, we provide further robustness checks for the above results.
First, we consider firm characteristics. Unfortunately, we only possess self-reported data on firm
characteristics collected in the second year of the program. Here, we were not able to get responses
from all students, in particular from those who already dropped out. In the survey, we obtained
data on whether students receive performance pay for achieving good grades in school, as well as

on the size of the company. Columns (1) and (2) in Table B.2 and C.2 report regression results

25 All regression coefficients for columns (5)-(6) and (11)-(12) are reported in Table C.1 in Appendix C.

26The lasso specification in column (13) does not pre-select school fixed effects or class fixed effects. If we pre-select
school fixed effects, the lasso specification is equivalent to column (3) in table 4. If we pre-select class fixed effects,
the lasso specification is equivalent to column (9) in table 4. Note that we use a linear probability specification when
pre-selecting class fixed effects due to non-convergence of the penalty term when using double selection logit. Results
can be obtained from the authors upon request.
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using the regression specification with the full set of controls as well as with class and school fixed
effects, additionally adding indicators for performance pay for achieving good grades in school.
In columns (3) and (4), indicators for firm size are added. Table B.2 shows that estimates for
the association between long-run patience and dropout remain similar in magnitude and significant.
Table C.2 shows that the association between long-run patience and finishing in time remains similar
in magnitude, but only reaches standard significance thresholds when controlling for firm size.

Columns (5) and (6) control for a student’s potential present bias by modeling 8 as a dummy
variable that equals one if 5 < 1 and zero otherwise. In columns (7) and (8), we exclude all students
who are present biased and re-run the regression only with students with S > 1. Both robustness
checks show significant associations between long-run patience and dropout, respectively finishing
in time.

Finally, since we assess the impact of long-run patience on two different outcomes, we report
p-values for our main regression specifications after controlling for the false discovery rate using
the Benjamini-Hochberg method (Benjamini and Hochberg, 1995) in Table F.1 in Appendix F. It
can be seen that, even after the adjustment on false discovery rates as well as adjusting for the
small number of clusters using the score bootstrap, the association between long-run patience and
dropout remains at least marginally significant in almost all specifications.

In summary, we find that an individual’s long-run time preference is predictive of human capital
acquisition such as completing or dropping out of an important post-secondary education program.
In contrast, our results show that present bias and time inconsistency are only insignificant factors

in explaining dropout behavior.

4.3 Labor Market Transition

Besides our register data on dropout and finishing in time, we collected survey data on students’
labor market transition plans prior to the completion of their vocational training program. For this
survey, we were able to collect replies from 196 students, of whom 181 were expected to finish. 223
out of the initial 261 students were expected to finish in total. The response rate hence corresponds

to an 81% of the relevant subsample.

Table 5: Job Market Outcomes and Plans

Number Percent

Definite Job Offer 92 51
Planning continued education 47 26
No Job Offer and no education plans 42 23
Number of Observations 181 100

Table 5 shows the distribution of answers to our survey. Table 6 provides information on our
preference measures conditional on survey answers, excluding the 24 (out of the 181) students who
gave inconsistent answers in our preference measures. As the first column in Table 6 shows, students

in the reduced sample are similar to the overall sample in all four preference measures (cf. Table
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2).27 Further, similar to before students with inconsistent answers do not differ significantly from
those with consistent answers in labor market transition outcomes (no plan: 22.2% vs. 22.5%; job
offer: 48.2% vs. 52.1%; education: 29.6% vs. 25.4%; Fisher’s Exact test: p = 0.89).

Table 6: Average Preference Measures, by Labor Market Transition

All No Plan Job  Education
Patience (0) 0.78 0.80 0.79 0.76
(0.17) | (0.16)  (0.17) (0.17)
Present Bias (53) 0.96 0.90 0.97 0.99
(0.23) | (0.14)  (0.26) (0.24)
Risk Aversion 5.09 5.55 5.06 4.73
(1.69) | (1.66) (1.71)  (1.63)
Loss Aversion 4.94 4.94 5.09 4.66
(1.06) | (0.83)  (0.98) (1.32)

Number of Observations 157 36 80 41

Note: Standard Errors in parentheses. Only students with consistent an-
swers in the preference measures and who are finishing their apprenticeship
are included. No Plan contains those students without continuation plans.
Job contains those students with definite job offers. Fducation contains those
students with continuing education plans.

Different theories on job search make predictions as to how preferences should affect the prob-
ability to look for jobs and correspondingly to secure a job offer. First, DellaVigna and Paserman
(2005) predict that present-biased individuals should be less likely to have definite job offers. Present
bias unambiguously leads individuals to postpone the costly activity of looking for jobs. Long-run
discounting, on the other hand, has an ambiguous (or even positive) effect on the probability of
having a job offer, since it primarily affects the reservation wage. Second, DellaVigna et al. (2017)
propose a model of job search with reference-dependent preferences. This model predicts that loss
averse individuals search harder when they face potential losses. In our setting, students face the
potential of unemployment if they do not secure a job. Hence, if students have reference-dependent
preferences, one would expect that more loss averse students invest more effort in job search and
consequently are more likely to have a definite job offer.

Our preference measures, taken 3-4 years prior to the survey on labor market transition, provide

28

an opportunity to test these predictions.® One complication of our data is that some student’s

have not finished accumulating human capital and are planning to continue their education, for

27In Table A.2 in Appendix A, we directly compare the average preference measures of those students who responded
to the labor market transition survey with those students who did not. As can be seen, while those who did respond
on average have slightly higher patience and slightly less present bias, none of the observed differences are significant.
Given the high response rate and the similarity of those who responded and those who did not, it appears that there
is no significant selection into the labor market transition survey based on preference characteristics.

28Unfortunately, we do not have register data on whether or not students ultimately had jobs, and what kind of
jobs, and we do not have register data on the continued education programs the students enrolled in, if they did so.
Nonetheless, we believe that this cross-section close to the termination of the programs is informative with respect to
the predictions of job search theories.

21



example at a university. These students naturally do not have a job or a job offer, and are not
searching for one. However, this is for obvious reasons that are not captured by the theories of
job search mentioned before. To deal with this issue, we perform various types of analyses. First,
we construct a dummy variable for having a “continuation plan”, which equals 1 in case a student
has either a job offer or plans to acquire additional education. Second, we conduct a multinomial
logit regression that allows for multiple categorical outcomes. Finally, we look at students’ explicit

search activities as reported in the survey.

Result 3 (Labor Market Transition — Present Bias) Present biased students are less likely
to have a job offer or plans to continue education one month prior to finishing their vocational

training program.

Evidence for Result 3 is presented in Table 7 and Table 8. Table 7 shows marginal effects of
logit regressions on the dummy variable “continuation plan” introduced above. Standard errors are
clustered at the class level. Columns (1) to (3) control for class fixed effects, and columns (4) to
(6) control for school fixed effects. Columns (1) and (4) additionally control for all four preference
measures. Columns (2) and (5) add socioeconomic control variables. In columns (3) and (6), our
personality measures are added.?”

As can be seen, present bias 3 has a highly significant effect in all regression specifications.?® A
one standard deviation increase in 8 (which is equal to 0.23) increases the probability of having a
continuation plan by 6.4 to 11.5 percentage points.

To control for the small number of clusters in our regression specification, we also perform
hypotheses tests of the regression coefficient on ( against 0 using the score bootstrap method
(Kline and Santos, 2012) in square brackets in Table 7. It can be seen that the association between
B and having a continuation plan remains statistically significant.

Moreover, column (7) of table 7 shows coefficient estimates of a double selection lasso logit
regression on having continuation plans, in which control variables are again selected in a data-
driven way for inclusion from our full set of control variables. Our dependent variables of interest
are 3 and loss aversion, as well as the continuation plan outcome. It can be seen that the association
between 8 and having a continuation plan is again highly significant in this specification, also when

applying the score bootstrap test.3!

29Because we are interested in both the effect of loss aversion and the effect of present bias, and since patience
and risk aversion are important controls to capture the effects of loss aversion and present bias, we do not report
regression specifications between the outcome variable and individual preference measures only in Table 7. In results
that can be obtained from the authors, we find a highly significant association between present bias and continuation
plans, and no significant association between loss aversion and continuation plans when individually including those
preference measures in the regression (in addition to class or school fixed effects).

30See Table D.1 in Appendix D for coefficients of all control variables in columns (2, 3, 5 and 6).

31The lasso specification in column (7) of table 7 does not pre-select school fixed effects or class fixed effects. If
either class fixed effects or school fixed effects are pre-selected, the association between 8 and having a continuation
plan remains highly significant. Note that we use a linear probability specification when pre-selecting class fixed
effects due to non-convergence of the penalty term when using double selection logit. Results can be obtained from
the authors upon request.
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Finally, we again report p-values for our main regression specifications after controlling for the
false discovery rate using the Benjamini-Hochberg method (Benjamini and Hochberg, 1995) in Table
F.1 in Appendix F. It can be seen that, even after the adjustment on false discovery rates as well
as adjusting for the small number of clusters using the score bootstrap, the association between
present-bias and having continuation plans remains significant in all specifications.

Next, Table 8 provides results from multinomial logit regressions with the outcomes (i) having
a definite job offer, (ii) planning continued education or (iii) having neither. The baseline outcome
in all regressions is having neither a job offer nor plans for continued education. Similar to be-
fore, specifications (1)-(3) include class fixed effects, and specifications (4)-(6) school fixed effects.
Standard errors are always clustered at the class level. Specifications (1) and (4) only include the
four preference measures. Socioeconomic controls are added in columns (2) and (5), personality
measures are added in columns (3) and (6).

Lower present bias (higher ) is positively associated with both, having a job or planning
continued education, relative to the baseline of having neither of them. For having a job, the
association is significant for all regression specifications. For pursuing continued education, the
association is significant as soon as socioeconomic controls are added to the regression specification.3?
The marginal effect of present bias on having a job offer is sizeable. A one standard deviation increase
in 8 (i.e., a reduction in present bias) makes it between 11-19 percentage points more likely for a
student to have a definite job offer rather than having no continuation plan. Discounting, on the
other hand, has no significant effect in either direction in our data.

Since some of the students with a definite job offer may have received the offer from the company
they did the vocational training program with, it may be unclear to what extent these students
actually exerted any job search effort themselves. In Table 9 we therefore provide exploratory
analyses from a sub-sample of students who self-reported search activity, excluding all students who
have a definite job offer and report that they have not actively searched themselves. The sample
is further reduced because we exclude those students who plan to continue their education, which
similarly eliminates the need to search for a job. Our sample is therefore reduced to those students
who actually have incentives to engage in job search.?® The outcome variable in this logit regression
is not whether a student has a job offer, but whether a student has searched actively or not. Here,
we no longer control for class fixed effects, because some classes show no variation in the outcome
variable, and hence inclusion would further reduce the sample size. Column (1) only controls for
our preference measures, socioeconomic controls are added in column (2), and personality measures
are added in column (3). Standard errors are clustered at the class level.

As can be seen in Table 9, the results confirm our findings from above: students with a higher

32 Again, to control for the small number of clusters in our sample, we also estimate p-values using pairs cluster
bootstrapped t-statistics for multinomial logit models (Cameron et al., 2008), using the R-package “clusterSEs”
(Esarey and Menger, 2019). Because of substantial collinearity between class fixed effects, we were only able to
obtain cluster bootstrapped t-statistics for our model specifications with school fixed effects. Present bias remains
significantly associated with having a job or planning continued education with at least p < 0.1, with one exception
in column (4), where the p-value for the association between present bias and continued education drops to p = 0.14.

33 As a consequence of these restrictions, our sample size for this analysis becomes rather small. While we regard
the analysis as interesting, one should remain cautious regarding the statistical power of the analysis.
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Table 8: Multinomial logit regression on Job offer and Continued Education Plans

Class F.E.’s School F.E.’s
(1) (2) 3) (4) (5) (6)
OUTCOME: JOB
Patience (0) -0.00 -1.02 -0.95 0.18 -0.56 -0.22
(1.36) (2.09) (2.56) | (1.30) (2.02) (2.21)
Present Bias (8) 2.02%%* 287Kk 4.04* 1.75%+%  2.68%H* 3.19%*
(0.77) (1.11) (2.12) | (0.55) (0.77) (1.28)
Loss aversion 0.30 0.53** 0.49 0.31 0.49%* 0.45%*
(0.28) (0.26) (0.32) (0.24) (0.22) (0.26)
Risk aversion -0.25 -0.30 -0.23 -0.27 -0.33 —0.28
(0.19) (0.26) (0.32) (0.17) (0.23) (0.25)
Constant -1.09 -9.29 -14.59 -0.54 -8.96 -13.08%*
(1.60) (7.15) (9.23) (1.47) (5.97) (7.17)
OUTCOME: EDUCATION
Patience (0) -0.93 -1.64 —1.44 —0.66 -1.02 -1.16
(1.38) (2.11) (2.31) | (1.16) (1.90) (1.95)
Present Bias (8) 1.79 2.94%* 4.12%% | 1.65* 2.95%H* 3.51%*
(1.09) (1.18) (1.84) (0.88) (0.87) (1.39)
Loss aversion 0.14 0.28 0.21 0.05 0.15 0.09
(0.36) (0.37) (0.39) (0.28) (0.32) (0.34)
Risk aversion -0.37* -0.47* -0.44 —0.31%* —0.42%* —0.38%*
(0.20) (0.27) (0.32) (0.15) (0.18) (0.18)
Constant 1.11 1.86 1.64 0.30 -3.26 -6.95
(1.31) (10.15) (10.07) | (1.39) (8.87) (9.34)
Class FE’s Yes Yes Yes No No No
School FE’s No No No Yes Yes Yes
Socioeconomic Controls No Yes Yes No Yes Yes
BIG 5, GRIT No No Yes No No Yes
Pseudo R? 0.16 0.25 0.31 0.05 0.13 0.18
Observations 157 146 145 157 146 145

Multinomial Logit Regressions on plans after graduation. The upper panel reports coefficient estimates on the outcome
“Job”. The bottom panel reports coefficient estimates on the outcome “continued education”. The table shows the
coefficients of the multinomial logit regressions. Regressions only contains students with consistent answers and
students who are expected to finish their education program in the year of the survey. Columns (1)-(3) include class
fixed effects. Columns (4-6) include school fixed effects. Socio-economic controls include: female, age, CRT score
and high school grades, a dummy for native German speakers, difficulty to raise CHF 100, and parental educational
background. Since some students did not report grades or did not completely fill out the survey, a few observations
are dropped in regression specifications (2) and (3), as well as (5) and (6). Standard Errors clustered at the class level
shown in parentheses. Significance levels: *** p<.01, ** p<.05, * p<.1.

B are more likely to have searched actively. As socioeconomic controls are added, the association

becomes highly statistically significant. A one standard deviation increase in 3 (a decrease in present

bias) makes it 9 to 10 percentage points more likely that a student has already actively searched
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Table 9: Marginal effects of logit regressions on job search

School F.E.’s Lasso
(1) (2) (3) (4)
Patience (0) 0.021 0.182 0.153
(0.270)  (0.284) (0.266)
Present Bias () 0.383* 0.431%%* 0.405** 0.429**
(0.209)  (0.165) (0.197) (0.209)
[0.19] [0.09] [0.17] [0.13]
Risk aversion -0.030 -0.057* -0.042*
(0.027)  (0.033) (0.024)
0.22]  [0.10] [0.01]
Loss aversion 0.078 0.102 0.047 0.107*
(0.049)  (0.072) (0.071) (0.060)
[0.11] [0.17] [0.48] [0.09]
School FE’s Yes Yes Yes
Socioeconomic Controls No Yes Yes
BIG 5, GRIT No No Yes
Double Selection Lasso Yes
Pscudo R? 0.090 0.167 0.298 0.093
Observations 90 84 84 84

Logit Regressions on whether a student actively searched for a job, either internally or externally. Students who
indicated that they have a job offer but haven’t actively searched for it are excluded from the analysis, since they
had no need to search. For the same reason, students who indicate that they continue their education are excluded.
Marginal Effects shown. Regressions only contain subjects with consistent answers in the choice experiments. Socio-
economic controls include: female, age, CRT score and high school grades, a dummy for native German speakers,
difficulty to raise CHF 100, and parental educational background. Table E.1 in Appendix E.1 presents the coefficients
for all regressors added in column (2) and (3). Columns (1)-(3) include school fixed effects. Regressions with class
fixed effects generate unreliable results due to the small number of observations in this sample. Column (4) reports
estimates from a double selection lasso logit estimation that endogenously selects controls from our full set of controls.
Std. Errors are clustered at the class level and are shown in parentheses. The p-values of hypotheses tests of the
regression coefficients on 8, riskaversion and lossaversion against 0 using a score bootstrap (Kline and Santos (2012))
are reported in square brackets. Significance levels: *** p<.01, ** p<.05, * p<.1.

for a job, one month prior to the termination of the vocational training program.3*

Finally, column (4) of Table 9 shows coefficient estimates of a double selection lasso logit regres-
sion on searching actively, in which control variables are selected in a data-driven way for inclusion
from our full set of control variables. The aim is again to select those control variables that have
predictive power for our dependent variables of interest, which are § and loss aversion, or for ac-

tively searching for a job. It can be seen that the association between beta and searching for a job

34To control for the small number of clusters in our regression specification, we also perform hypotheses tests of
the regression coefficient on 3 against 0 using the score bootstrap method (Kline and Santos, 2012) and report the
resulting p-values in square brackets in Table 9. It can be seen that statistical significance of the association between
B and having searched for a job becomes smaller in these tests, only reaching marginal significance in regression
specification (2), in which socioeconomic controls are included. However, the small number of observations in these
exploratory analyses has to be kept in mind.
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is again significant in this specification.3?

Additional results reported in Appendix D include robustness checks for our regressions on
having a continuation plan, in particular including firm characteristics and average school grades
(Table D.2). The results show that present bias remains a significant predictor for students having
a continuation plan. Similar robustness checks are conducted for job search. Table E.2 includes
firm characteristics and grade point averages. Again, results on present bias remain robust and
significant.

Finally, turning to the second hypothesis relating to loss aversion and reference-dependent pref-

erences, we find the following:

Result 4 (Labor Market Transition — Loss Aversion) Loss averse students have a higher like-

lihood of having secured a job offer. However, the statistical significance of this association is weak.

First, looking again at Table 7, we see that loss aversion is positively associated with having a
continuation plan, but the association is only marginally significant in the specification in which
socioeconomic controls are added (columns (2) and (5)). This is partially unsurprising as the
outcome variable continuation plan includes both having a job and planning to continue education.
Continuing education, however, exposes the student to additional risk — future employment remains
unclear — and may also come at an immediate loss as remuneration is usually considerably lower
during education programs compared to employment. Contrary to having a job, it should therefore
not be positively associated with loss aversion.

Our multinomial regressions in Table 8 partly confirm this. There, higher loss aversion is
associated with a higher probability of having a definite job offer. The association is significant
once socioeconomic characteristics are controlled for.36 At the same time, loss aversion is not
significantly associated with plans for continuing education.?” Rather, the data suggest that less
risk averse students are actually more likely to continue education. This is consistent with the above
view that continued education plans expose students to additional risk, which the less risk averse
students are more likely to take.

Finally, we can assess the effect of loss aversion on reported job search activities in Table 9.
The marginal effect is positive in all four regression specifications though reaching only marginal

significance in the double selection lasso logit specification.?®

35The lasso specification in column (4) of table 9 does not pre-select school fixed effects. If school fixed effects are
pre-selected, the association between § and active job search remains significant at p = 0.06. Results can be obtained
from the authors upon request.

36Tf we control also for average school grades in the final year (Table D.3), the effect increases and becomes significant
in all specifications.

37 Again, to control for the small number of clusters in our sample, we also estimate p-values using pairs cluster
bootstrapped t-statistics for multinomial logit models (Cameron et al., 2008), using the R-package “clusterSEs”
(Esarey and Menger, 2019). Because of substantial collinearity between class fixed effects, we were only able to
obtain cluster bootstrapped t-statistics for our model specifications with school fixed effects. Loss Aversion remains
significantly associated (p = 0.05) with having a job in column (5), but becomes insignificant (p = 0.16) in column
(6).
381f school fixed effects are pre-selected as controls for the double selection lasso logit regressions, the association
between loss aversion and active job search again becomes insignificant. Results can be obtained from the authors
upon request.
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In summary, we find strong evidence that present biased students are less likely to have a definite
job offer one month prior to the termination of their vocational training program. In line with the
theory of DellaVigna and Paserman (2005), the likely cause of these differences is due to reduced
search activity among present-biased students. Second, we also find some evidence that more loss
averse students are more likely to have a definite job offer. This is consistent with DellaVigna et al.
(2017) who show that loss aversion increases effort in job search when individuals have reference-
dependent preferences. However, the statistical significance of our loss aversion results remains

weak.

5 Conclusion

In this paper, we analyze a dataset that is unique in it’s combination of incentivized elicited pref-
erence data, real world register data on termination of upper-secondary education programs and
survey data on labor market transition. We find that students’ long-run patience is a significant
predictor of dropout decisions, whereas the impact of present bias is small and insignificant. This
finding has important implications for policies aiming at increasing human capital and reducing the
costs associated with dropping out of voluntary education programs. The result suggests that any
effective policy with this aim should focus primarily on factors that influence students’ long-run
patience rather than potential present bias and time inconsistency.

Policies that have proven successful in this respect emphasize the importance of early childhood
interventions (Cunha and Heckman, 2007; Cunha et al., 2010; Falk and Kosse, 2016; Alan and Ertac,
2018). To the extent that students acquire important new information also over the course of the
program whether the chosen education fits their ability and preferences (Manski, 1989; Stinebrickner
and Stinebrickner, 2012), limiting the possibility to change education after students have become
enrolled (in order to make dropouts more difficult) may actually be harmful. Instead reducing
informational frictions prior to enrollment, e.g. by offering trial courses and open house days,
should prove beneficial (Arcidiacono et al., 2016).

Further, our data sheds new light on recent theories of job search (DellaVigna and Paserman,
2005; DellaVigna et al., 2017). We find that present bias is significantly associated with the prob-
ability of having a definite job offer about a month prior to completion of the education program,
consistent with theories of impatience and job search. Second, we also see a positive association be-
tween loss aversion and a higher probability of having a definite job offer, consistent with theories of
reference-dependent preferences and job search. However, the statistical significance of this associa-
tion remains weak. Our results are informative for policies aiming at the transition from education
to employment and reducing youth-unemployment. In particular, they suggest that towards the
end of the education program commitment devices that increase the difficulty to procrastinate on

securing future employment may well be effective and also welfare improving.
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Appendix A Summary Statistics and Distributions of Preference

Parameters

Table A.1: Summary statistics of the control variables

Variable Mean Std. Dev. N
Female 0.40 0.49 231
Business 0.62 0.49 231
Polytechnician 0.18 0.38 231
Electrician 0.20 0.40 231
native German speaker 0.84 0.36 231
Age 16.36 0.93 231
Math grade 4.83 0.64 222
German Grade 4.77 0.43 223
English Grade 4.90 0.61 222
Difficulty to borrow CHF 100  3.94 0.96 231
CRT score 0.84 0.94 231
Openness 13.92 3.26 230
Conscientiousness 14.88 3.22 230
Extraversion 15.48 3.76 230
Agreeableness 10.40 2.36 231
Neuroticism 11.98 3.56 231
GRIT 3.36 0.51 231
Education Mother 2.31 1.12 229
Education Father 2.75 1.23 227
> 100 Employees 0.53 0.50 209
Performance pay 0.27 0.44 211

Note: Female is a dummy indicating female gender. Business, Poly-
technician and FElectrician are dummies indicating the field of study.
Native German speaker is a dummy for native German speakers. Math,
German and English Grades are measures on a scale from 1 (worst) to
6 (best). Difficulty to borrow CHF 100 is measured on a 5 point Likert
scale, 5 indicating the least difficulty. Openness, Conscientiousness,
Extraversion, Agreeableness and Neuroticism are the values from the
15-item version of the BIG 5 questionnaire. FEducation mother and
FEducation father indicate the respective education levels, 1 indicat-
ing “compulsory school or less”, and 5 indicating “university”. > 100
Employees is a dummy for firms having more than 100 employees. Per-
formance pay is a dummy indicating performance pay.
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Figure A.1: Distribution of Patience (4)
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Figure A.4: Distribution of Loss Aversion
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Table A.2: Summary Statistics and Selection in the Labor Market Sample

Labor Market Sample | Non-Replies | p-value

Long-run Patience (0) 0.786 0.766 0.49
(0.162) (0.172)

Present Bias () 0.961 0.912 0.53
(0.230) (0.203)

Risk Aversion 5.036 4.967 0.67
(1.675) (1.737)

Loss Aversion 4.922 4.950 0.92
(1.070) (1.016)

Number of Obs. 167 60

Note: Only students with consistent answers in the preference measurements are included.
Standard Errors in parentheses. Column p shows the p-value of a Wilcoxon rank-sum test
comparing preference values of those included in the labor market sample with those who

did not reply.

Appendix B Additional Regressions on Dropout
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Table B.1: Marginal effects of a logit regression on dropout

) @ ® @

Patience (9) -0.21*  -0.22%**  —0.16** —0.15%*
(0.11) (0.08) (0.08) (0.07)
Present Bias (8) -0.09 -0.09 -0.03 -0.04
(0.10) (0.06) (0.08) (0.06)
Risk aversion 0.01 0.01 0.01 0.01
(0.01) (0.01) (0.01) (0.01)
Loss aversion -0.03 —0.03%* -0.02 -0.02
(0.02) (0.01) (0.01) (0.01)
female (d) 0.01 -0.03 0.01 —-0.02
(0.07) (0.06) (0.05) (0.05)
german (d) -0.04 -0.05 -0.02 -0.02
(0.06) (0.09) (0.04) (0.05)
age -0.01 -0.02 -0.01 -0.01
(0.03) (0.03) (0.03) (0.02)
Math grade -0.03 -0.02 -0.02 -0.01
(0.03) (0.04) (0.03) (0.03)
German grade -0.03 -0.04 -0.01 -0.00
(0.06) (0.05) (0.04) (0.04)
English grade -0.03 —0.02 —0.03 —0.02
(0.04) (0.03) (0.03) (0.02)
borrowing difficulty 0.01 0.01 0.01 0.01
(0.03) (0.02) (0.02) (0.02)

CRT score 0.02 0.02 0.03 0.03**
(0.02) (0.02) (0.02) (0.01)
Education Mother —-0.01 —0.01 —0.01 —0.01
(0.03) (0.02) (0.02) (0.02)
Education Father 0.02 0.02 0.02 0.01
(0.03) (0.02) (0.02) (0.02)
Openness 0.02%* 0.01
(0.01) (0.01)
Conscientousness -0.01 -0.01
(0.01) (0.01)
Extroversion -0.00 -0.00
(0.01) (0.00)
Agreeableness 0.01 0.00
(0.01) (0.01)
Neuroticism 0.00 0.00
(0.01) (0.00)
GRIT -0.01 0.00
(0.03) (0.03)
Business (d) -0.07 -0.06
(0.06) (0.07)

Polytechnician (d) —0.08***  —0,08%***

(0.02) (0.02)
Class Fixed Effects? Yes Yes No No
School Fixed Effects? No No Yes Yes
Pseudo R? 0.10 0.18 0.08 0.13
Observations 173 170 212 209

Logit Regressions on Dropout. Marginal Effects shown. Regressions only contain subjects with consistent answers in the choice
experiments. Since some students did not report grades or did not completely fill out the survey, a few observations are dropped
in columns (2) and (4). Std. Errors clustered at the class level are shown in parentheses. Significance levels: *** p<.01, **
p<.05, * p<.1.
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Table B.2: Marginal effects of a Logit regression on dropout with alternative specifications

Performance Firm Present Bias dropping present
Pay Size Dummy biased subjects
(1) (2) (3) (4) (5) (6) (7) (8)
Patience (0) —0.22%*%*%  —(0.14* —0.17*¥%*  —0.13* —0.17%%  —0.13%* | -0.20 —0.23**
(0.07) (0.08) (0.06) (0.07) (0.08) (0.06) (0.20) (0.10)
Present Bias (8)  —0.08 -0.03 -0.07 -0.03
(0.06) (0.07) (0.05) (0.07)
Risk aversion 0.00 0.00 0.00 0.01 0.01 0.01 -0.01 -0.01
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Loss aversion —0.02%* -0.02 —0.02%* —0.02%* —0.03**  —0.02* -0.01 -0.02
(0.01) (0.01) (0.01) (0.01) (0.01) (0.01) (0.02) (0.02)
no pip (d) —0.18**  —0.09**
(0.09) (0.05)
pfp (d) —0.07*¥*¥*  —0.07**
(0.02) (0.03)
<100 Emp. (d) —0.15%**%  —0.09%**
(0.04) (0.03)
>100 Emp. (d) —0.14%%*%  —0.09%**
(0.05) (0.03)
Present Bias (d) 0.01 0.00
(0.04) (0.03)
Class FE’s Yes No Yes No Yes No Yes No
School FE’s No Yes No Yes No Yes No Yes
Socioec. Controls Yes Yes Yes Yes Yes Yes Yes Yes
BIG5 / GRIT Yes Yes Yes Yes Yes Yes Yes Yes
Pseudo R? 0.21 0.15 0.24 0.16 0.17 0.13 0.40 0.35
Observations 170 209 170 209 170 209 92 98

Logit Regressions on Dropout. Marginal Effects shown. Regressions only contain subjects with consistent answers
in the choice experiments. Columns (1) and (2) add whether a student received performance pay for good grades in
school. Columns (3) and (4) add firm size controls® Columns (5) and (6) include a binary indicator of present bias
(= 11if B < 1 instead of the estimated value of 3). Columns (7) and (8) only include non-present biased subjects
(8 > 1). Std. Errors clustered at the class level shown in parentheses. Significance levels: *** p<.01, ** p<.05, *

p<.l.

“In order not to lose observations, we create categorical variables that indicate whether a student receives perfor-
mance pay, does not receive performance pay, or did not provide any information; similarly, whether the firm has more
than 100 employees, less than 100 employees, or no information. The no-information categories are obviously highly
correlated, though not perfect since some students answered one but not both questions. However, the correlation of

regressors increases standard errors. We therefore include one of the two firm characteristics at a time.
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Appendix C Additional Regressions on Finished in Time

Table C.1: Marginal effects of Logit regressions on Finished in Time

1) (2) (3) (4)
Patience (4) 0.26** 0.28** 0.20* 0.22%*
(0.13) (0.13) (0.11) (0.11)
Present Bias (3) 0.19 0.23 0.09 0.11
(0.13) (0.16) (0.08) (0.08)
Risk aversion —-0.00 0.00 —0.00 —-0.01
(0.01) (0.02) (0.02) (0.02)
Loss aversion 0.04 0.02 0.03 0.02
(0.03) (0.03) (0.02) (0.02)
female (d) 0.08 0.08 0.09 0.08
(0.08) (0.10) (0.06) (0.07)
german (d) —0.14%%*  —0.12%¥*  —0.12%* -0.10*
(0.05) (0.05) (0.05) (0.05)
age -0.01 -0.01 -0.01 -0.01
(0.03) (0.03) (0.03) (0.03)
Math grade -0.04 -0.07 —0.02 —0.04
(0.05) (0.06) (0.04) (0.05)
German grade —0.06 -0.07 —-0.03 -0.03
(0.09) (0.08) (0.07) (0.06)
English grade 0.14%** 0.13%* 0.13*** 0.13**
(0.06) (0.06) (0.05) (0.05)
borrowing difficulty -0.04 -0.04 —0.01 —-0.01
(0.03) (0.03) (0.02) (0.02)
CRT score -0.02 -0.03 -0.01 -0.02
(0.03) (0.03) (0.02) (0.02)
Education Mother 0.05 0.05% 0.03 0.04%*
(0.03) (0.03) (0.02) (0.02)
Education Father -0.01 -0.02 -0.01 -0.02
(0.03) (0.03) (0.02) (0.03)
Openness 0.00 0.00
(0.01) (0.01)
Conscientousness 0.01 0.00
(0.01) (0.01)
Extroversion -0.00 -0.00
(0.01) (0.01)
Agreeableness -0.00 0.01
(0.01) (0.01)
Neuroticism -0.01 —0.00
(0.01) (0.01)
GRIT 0.07 0.06
(0.07) (0.04)
Business (d) 0.08 0.07
(0.08) (0.08)
Polytechnician (d) 0.16*** 0.16%**
(0.03) (0.03)
Class Fixed Effects? Yes Yes No No
School Fixed Effects? No No Yes Yes
Pseudo R? 0.22 0.24 0.17 0.18
Observations 186 183 212 209

Logit Regressions on Finished in Time. Marginal Effects shown. Regressions only contain subjects with consistent answers in
the choice experiments. Since some students did not report grades or did not completely fill out the survey, a few observations
are dropped in columns (2) and (4). Std. Errors clustered at the class level shown in parentheses. Significance levels: *** p<.01,
*k *

p<.05, * p<.1.
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Table C.2: Marginal effects of a Logit regression on finished in time with firm controls

Performance Firm Present Bias dropping present
Pay Size Dummy biased subjects
(1 (2 (3) (4) (5) (6) (7) (8)
Patience (9) 0.28 0.21 0.28** 0.20* 0.22* 0.19* 0.30* 0.22%*
(0.17) (0.13) | (0.13) (0.11) (0.12) (0.10) (0.16) (0.10)
Present Bias () 0.25* 0.11 0.23 0.10
(0.15) (0.08) | (0.15) (0.09)
Risk aversion 0.00 —0.00 0.00 —-0.01 0.00 —0.00 0.01 0.01
(0.01) (0.02) | (0.01) (0.02) (0.02) (0.02) (0.01) (0.01)
Loss aversion 0.02 0.02 0.02 0.02 0.02 0.02 0.00 -0.01
(0.03) (0.02) | (0.03) (0.02) (0.03) (0.02) (0.02) (0.02)
no performance pay (d) 0.24* 0.10
(0.14) (0.10)
performance pay (d) 0.16*** 0.10
(0.05) (0.08)
<100 Employees (d) 0.20%* 0.09
(0.08) (0.07)
>100 Employees (d) 0.23%%* 0.13%*
(0.08) (0.06)
Present Bias (d) -0.08 -0.05
(0.05) (0.04)
Class FE’s Yes No Yes No Yes No Yes No
School FE’s No Yes No Yes No Yes No Yes
Socioec. Controls Yes Yes Yes Yes Yes Yes Yes Yes
BIG5 / GRIT Yes Yes Yes Yes Yes Yes Yes Yes
Pseudo R? 0.26 0.19 0.27 0.19 0.23 0.18 0.47 0.41
Observations 183 209 183 209 183 209 94 98

Logit Regressions on Finished in Time. Marginal Effects shown. Regressions only contain subjects with consistent
answers in the choice experiments. Columns (1) and (2) add whether a student received performance pay for good
grades in school. Columns (3) and (4) add firm size controls” Columns (5) and (6) include a binary indicator of
present bias (=1 if f < 1 instead of the estimated value of 8. Columns (7) and (8) only include non-present biased
subjects (8 > 1). Std. Errors clustered at the class level shown in parentheses. Significance levels: *** p<.01, **
p<.05, * p<.1.

“In order not to lose observations, we create categorical variables that indicate whether a student receives perfor-
mance pay, does not receive performance pay, or did not provide any information; similarly, whether the firm has more
than 100 employees, less than 100 employees, or no information. The no-information categories are obviously highly
correlated, though not perfect since some students answered one but not both questions. However, the correlation of
regressors increases standard errors. We therefore include one of the two firm characteristics at a time.
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Appendix D Additional Regressions on Continuation Plans

Table D.1: Marginal Effects of Logit Regressions on Continuation Plans: all coefficients

M @) @ @)
Patience (6) -0.151 -0.133 -0.103 -0.072
(0.261) (0.276) (0.248) (0.248)

Present Bias () 0.389%** 0.500%** 0.363%** 0.397**
(0.114) (0.167) (0.087) (0.121)
Risk Aversion -0.046 -0.032 —0.048%* -0.039
(0.030) (0.032) (0.029) (0.029)
Loss Aversion 0.057* 0.046 0.048* 0.040
(0.032) (0.037) (0.029) (0.034)
Female (d) —0.050 —0.043 -0.034 -0.021
(0.049) (0.081) (0.050) (0.066)
German (d) -0.023 0.001 —-0.006 0.013
(0.103) (0.089) (0.091) (0.084)
Age 0.031 0.026 0.033 0.028
(0.044) (0.042) (0.042) (0.042)
Math Grade 0.018 -0.021 0.027 0.013
(0.047) (0.049) (0.045) (0.047)
German Grade —-0.064 -0.075 —-0.065 -0.068
(0.086) (0.082) (0.073) (0.070)
English Grade 0.070 0.073 0.073 0.071
(0.052) (0.063) (0.048) (0.055)
borrowing difficulty —0.012 0.006 —-0.009 0.001
(0.026) (0.025) (0.022) (0.023)

CRT Score —0.094** —0.081%* —0.094%** —0.084**

(0.038) (0.040) (0.032) (0.036)
Education mother 0.039 0.022 0.056 0.041
(0.039) (0.041) (0.037) (0.040)
Education father 0.032 0.025 0.024 0.017
(0.034) (0.029) (0.032) (0.030)
Openness 0.006 0.006
(0.011) (0.010)
Conscientiousness 0.024* 0.016
(0.015) (0.014)
Extraversion 0.013 0.015
(0.011) (0.010)
Agreeableness —-0.016 —-0.010
(0.022) (0.016)
Neuroticism 0.001 0.002
(0.014) (0.011)
GRIT 0.032 0.024
(0.071) (0.069)
Business (d) 0.053 0.040
(0.077) (0.095)
Polytechnician (d) -0.019 0.001
(0.079) (0.095)
Class Fixed Effects? Yes Yes No No
School Fixed Effects? No No Yes Yes
Pseudo R? 0.194 0.254 0.165 0.211
Observations 140 139 146 145

Logit Regressions on various continuation plans. Columns (1)-(2) refer to columns (2)-(3) and columns (3)-(4) to columns (5)-(6)
in Table 7. Marginal Effects are shown. Regressions only contain subjects with consistent answers in the choice experiments.
Since some students did not report grades or did not completdly fill out the survey, a few further observations are dropped in
columns (2) and (4). Std. Errors clustered at the class level are shown in parentheses. Significance levels: *** p<.01, ** p<.05,
* p<.1.



Table D.2: Marginal effects of a Logit regressions on continuation plans with additional controls

Performance Pay Firm Size Final GPA
(1) (2) (3) (4) (5) (6)
Patience (0) -0.03 0.00 -0.14 -0.08 —0.20 -0.16
(0.30) (0.25) (0.28) (0.25) (0.33) (0.29)
Present Bias (8) 0.52%** 0.38%** 0.50%** 0.40%*** 0.63** 0.41**
(0.16) (0.12) (0.16) (0.12) (0.26) (0.19)
Risk aversion -0.04 -0.04 -0.03 -0.03 -0.02 -0.03
(0.03) (0.03) (0.03) (0.03) (0.03) (0.02)
Loss aversion 0.04 0.03 0.04 0.04 0.10* 0.08**
(0.04) (0.04) (0.04) (0.03) (0.06) (0.04)
no performance pay (d) 0.21 0.12
(0.17) (0.13)
performance pay (d) -0.04 —0.08
(0.13) (0.14)
<100 Employees (d) 0.08 0.06
(0.14) (0.10)
>100 Employees (d) 0.00 -0.01
(0.13) (0.10)
GPA 0.20 0.07
(0.16) (0.11)
Class FE’s Yes No Yes No Yes No
School FE’s No Yes No Yes No Yes
Socioec. Controls Yes Yes Yes Yes Yes Yes
BIG5 / GRIT Yes Yes Yes Yes Yes Yes
Pseudo R? 0.30 0.24 0.26 0.22 0.31 0.25
Observations 139 145 139 145 112 128

Logit Regressions on a dummy that takes value 1 in case a student has a job offer or indicated that he/she plans to
attend a continued education program. Marginal Effects shown. Regressions only contain subjects with consistent
answers in the choice experiments. Columns (1) and (2) add whether a student received performance pay. Columns
(3) and (4) add firm size controls” Columns (5) and (6) additionally control for the grade point average in the final
year. Std. Errors clustered at the class level shown in parentheses. Significance levels: *** p<.01, ** p<.05, * p<.1.

“In order not to lose observations, we create categorical variables that indicate whether a student receives perfor-
mance pay, does not receive performance pay, or did not provide any information; similarly, whether the firm has more
than 100 employees, less than 100 employees, or no information. The no-information categories are obviously highly
correlated, though not perfect since some students answered one but not both questions. However, the correlation of
regressors increases standard errors. We therefore include one of the two firm characteristics at a time.
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Table D.3: Multinomial Logit Regressions on Job Offer and Continued Education Plans including
GPA in final year

Class F.E.’s School F.E.’s
1) (2) (3) (4) (5) (6)
OUTCOME: JOB
Patience (9) -0.37 -1.68 -1.23 -0.08 —-0.89 -0.83
(1.78) (2.41) (3.23) (1.57) (2.25) (2.60)
Present Bias (3) 3.21%%* 4.02%** 4.72%* 2.37%** 3.15%** 3.31%**
(1.24) (1.44) (2.39) (0.71) (0.76) (1.22)
Loss aversion 0.55% 0.88%* 0.90** 0.45% 0.70%** 0.71%*
(0.31) (0.36) (0.44) (0.25) (0.24) (0.29)
Risk aversion -0.22 -0.18 -0.17 -0.22 -0.23 -0.20
(0.21) (0.27) (0.31) (0.17) (0.22) (0.24)
GPA 1.45 1.32 1.55 0.92 0.48 0.15
(0.97) (1.25) (1.28) (0.83) (1.01) (0.96)
Constant —9.92%* —21.93%* —28.89** —6.06* —16.37%**  —20.64**
(4.42) (8.99) (11.80) (3.55) (5.89) (8.29)
OUTCOME: EDUCATION
Patience (§) -1.17 -2.80 -1.99 -0.82 -1.70 -2.63
(1.55) (2.21) (2.47) (1.40) (1.99) (1.93)
Present Bias (3) 3.13%* 4.23*%* 5.45%* 2.00%** 3.04%*** 3.24**
(1.56) (1.72) (2.22) (0.91) (0.80) (1.31)
Loss aversion 0.54%* 0.69 0.65 0.32 0.47 0.51
(0.32) (0.59) (0.61) (0.27) (0.36) (0.39)
Risk aversion —0.49%* —0.53* —0.56%* —0.41%* —0.45%* —0.43%*
(0.26) (0.30) (0.31) (0.20) (0.19) (0.17)
GPA 2.01%* 2.46** 3.38%** 1.48* 1.37* 1.44%*
(0.90) (1.19) (1.19) (0.79) (0.74) (0.65)
Constant —10.49** -12.77 —-15.05 —7.58% -12.35 —15.86
(4.59) (15.37) (16.83) (4.18) (10.37) (13.21)
Class FE’s Yes Yes Yes No No No
School FE’s No No No Yes Yes Yes
Socioeconomic Controls No Yes Yes No Yes Yes
BIG 5, GRIT No No Yes No No Yes
Pseudo R? 0.21 0.30 0.38 0.08 0.16 0.23
Observations 137 129 128 137 129 128

Multinomial Logit Regressions on plans after graduation. The upper panel reports coefficient estimates on the outcome
“Job”. The bottom panel reports coefficient estimates on the outcome “continued education”. The table shows
the coefficients of the multinomial logit regressions. Regressions only contain students with consistent answers and
students who are expected to finish their education program in the year of the survey. Columns (1)-(3) include class
fixed effects. Columns (4-6) include school fixed effects. Socio-economic controls include: female, age, CRT score
and high school grades, a dummy for native German speakers, difficulty to raise CHF 100, and parental educational
background. Since some students did not report grades or did not completely fill out the survey, a few observations
are dropped in regression specifications (2) and (3), as well as (5) and (6). Standard Errors clustered at the class level

shown in parentheses. Significance levels: *** p<.01, ** p<.05, * p<.1.
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Appendix E Additional Regression Specifications on Job Search

Table E.1: Marginal Effects of Logit Regressions on active Job Search

M @)
Patience (6) 0.182 0.153
(0.284) (0.266)
Present Bias (3) 0.431%** 0.405%*
(0.165) (0.197)
Risk aversion —0.057* —-0.042%*
(0.033) (0.024)
Loss aversion 0.102 0.047
(0.072) (0.071)
Business (d) 0.106 0.090
(0.137) (0.137)
Polytechnician (d) 0.037 0.024
(0.085) (0.067)
female (d) 0.128%* 0.100%*
(0.064) (0.059)
german (d) 0.063 0.119
(0.114) (0.132)
age -0.014 -0.027
(0.042) (0.034)
Math Grade 0.072 0.035
(0.073) (0.054)
German Grade 0.021 0.072
(0.117) (0.076)
English Grade 0.085 0.048
(0.065) (0.051)
borrowing difficulty 0.013 0.005
(0.036) (0.019)
CRT Score -0.035 0.001
(0.035) (0.026)
Education mother 0.038 0.009
(0.063) (0.044)
Education father 0.004 0.036
(0.047) (0.033)
Openness —0.021
(0.015)
Conscientiousness 0.041%**
(0.013)
Extraversion 0.018%*
(0.008)
Agreeableness -0.021
(0.014)
Neuroticism 0.015**
(0.007)
GRIT 0.048
(0.063)
Pseudo R? 0.167 0.298
Observations 84 84

Logit Regressions on active job search. Columns (1)-(2) are equivalent to columns (2)-(3) in Table 9. Marginal Effects are
shown. Regressions only contain subjects with consistent answers in the choice experiments. Moreover, only students with an
actual search motive are included (see section 4.3 for details). Std. Errors clustered at the class level are shown in parentheses.
Significance levels: *** p<.01, ** p<.05, * p<.1.
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Table E.2: Marginal effects of a Logit regression on job search with additional controls

Performance Pay | Firm Size | Final GPA
1) (2) (3)
Patience (0) 0.23 0.17 0.00
(0.28) (0.29) (0.32)
Present Bias (/) 0.36%* 0.36** 0.45
(0.16) (0.17) (0.34)
Risk aversion -0.05* -0.04* -0.03*
(0.02) (0.02) (0.02)
Loss aversion 0.03 0.04 0.07
(0.06) (0.07) (0.09)
no performance pay (d) -0.05
(0.14)
performance pay (d) —0.26
(0.28)
<100 Employees (d) 0.08
(0.16)
>100 Employees (d) 0.00
(0.15)
GPA -0.01
(0.11)
Constant
School FE’s Yes Yes Yes
Socioec. Controls Yes Yes Yes
BIG5 / GRIT Yes Yes Yes
Pseudo R? 0.32 0.31 0.33
Observations 84 84 74

Logit Regressions on a dummy that takes value 1 in case a student has actively searched for a job. The number of
observations is explained in section 4.3. Marginal Effects shown. Regressions only contain subjects with consistent
answers in the choice experiments. Moreover, only students with an actual search motive are included (see section
4.3 for details). Columns (1) adds controls for performance pay; column (2) adds firm size controls, and column (3)
controls for the grade point average in the final year. Std. Errors clustered at the class level shown in parentheses.
Significance levels: *** p<.01, ** p<.05, * p<.1.
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Appendix F Multiple Hypothesis Testing Corrections

Table F.1: P-Values of key coefficient estimates after multiple hypothesis correction using the
Benjamini-Hochberg (1995) method

Class F.E.’s School F.E.’s Lasso
(3) (4) (5) (8) (9) (10) | (11)
Patience in Table 3 0.09 0.06 <0.01| 0.11 0.06 0.03 0.03
[0.15] [0.09] [0.05] | [0.20] [0.09] [0.05] | [0.1]
Patience in Table 4 0.09 0.06 0.03 0.19 0.06 0.04 0.06
[0.15] [0.09] [0.09] | [0.25] [0.10]  [0.09] | [0.1]

Present-bias in Table 7 | 0.02 < 0.01 <0.01 | <0.01 <0.01 <0.01
[0.03] [0.04] [0.05] | [0.03] [0.02] [0.04] | [0.05]

Note: This table reports adjusted p-values of coefficient estimates in our main regression

specifications after applying the Benjamini-Hochberg method to correct for false positive

discovery rates (Benjamini and Hochberg, 1995). Values without brackets are adjusted p-

values of the corresponding regression estimates after clustering at the class level. Values in

square brackets are adjusted p-values after first using a score bootstrap (Kline and Santos,
2012)). Column labels (3)-(11) refer to the respective columns in Tables (3) and (4). For

Table 7, the columns refer to columns (1)-(7), exactly in the order as presented here.
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