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Abstract

We study labor-market returns to vocational versus
general secondary education using a regression dis-
continuity design created by the centralized admis-
sions process in Finland. Admission to the vocation-
al track increases annual income by 7 percent at age
31, and the benefts show no signs of diminishing with
time. Moreover, admission to the vocational track does
not increase the likelihood of working in jobs at risk of
replacement by automation or ofshoring. Consistent
with the notion of comparative advantage, we observe
signifcantly larger returns for people who express a
preference for vocational education in their applica-
tions to secondary school.



























Figure 3: Compulsory school GPA and application behavior

Notes: Figure 3 shows the distributions of applicants by compulsory school GPA for four sets of applicants: those who apply
only to the general track of secondary education, the vocational track, and those who apply to both but rank the general track
first as well as those who rank the vocational first.

3.3 Estimation sample

In our estimations we focus on applicants who apply to both the general and vocational tracks, exploiting
variation in admissions decisions. This is the only group of applicants for whom admissions cutoffs determine
secondary school track type. This sample is also policy-relevant since they are the group most likely to be
affected by changes in the size of secondary school sectors. This leaves us with just over 20 percent of each
cohort. Additionally, we restrict our sample to those applicants who are above the admissions cutoff to the
track not ranked first. This is to ensure that we estimate the effect of admission to vocational versus general
education rather than admission to vocational (/general) compared to no offer at all. Since we restrict our
estimation sample to applicants who qualify for the track not ranked first, the counterfactual for admission to
the vocational track is best understood as admission to the general track. Last, our RDD design requires us
to have at least two applicants to programs on each side of the admissions margin.® In total, our estimation
sample is composed of 21,591 individuals (7.5 percent of the total data). Within this sample, roughly 90
percent rank the general track first while 10 percent rank the vocational track first.

Table 1 reports the mean background characteristics by secondary school admission status for the full
sample (Columns 1 and 2) and estimation sample (Columns 3 and 4), as well as the mean complier char-
acteristics estimated using our RDD strategy described in section 4.2 (Column 5). As we saw in Figure
3, applicants in our estimation sample come from the middle of the distributions of nearly all measures
of background characteristics. Since our optimal RDD strategy requires secondary school programs to be

oversubscribed, our compliers are also more likely to come from urban areas.



Table 1: Mean background statistics

Full sample Estimation sample Complier
Track admitted General Vocational General Vocational characteristics
Individual characteristics
GPA 8.36 6.74 7.93 7.08 7.22
Male 0.42 0.64 0.58 0.63 0.65
Finnish nationality 0.99 0.99 0.99 0.98 0.99
Age at graduation 16.01 16.08 16.04 16.02 16.04
Native language Finnish 0.93 0.94 0.93 0.94 0.94
Native language Swedish 0.06 0.05 0.06 0.05 0.05
Non-Finnish or Swedish speaker 0.01 0.01 0.01 0.02 0.01
Urban 0.57 0.49 0.61 0.68 0.70
Semiurban 0.19 0.21 0.15 0.19 0.13
Rural 0.24 0.29 0.20 0.16 0.18
Family characteristics
Father’s income 37,268 26,301 33,251 31,703 35,392
Father in NEET 0.14 0.22 0.14 0.17 0.15
Father has secondary degree 0.35 0.47 0.39 0.42 0.44
Father has HE degree 0.40 0.13 0.32 0.27 0.26
Mother’s income 24,198 18,907 22,691 21,794 21,921
Mother in NEET 0.15 0.23 0.15 0.17 0.16
Mother has secondary degree 0.37 0.49 0.42 0.43 0.47
Mother has HE degree 0.41 0.16 0.35 0.29 0.27
Observations 175,297 111,195 15,335 6,256

Notes: Table 1 reports mean background characteristics by admission status for the full sample (columns 1 and 2) and the
estimation sample (columns 3 and 4). Additionally, the right-most column includes estimated mean complier characteristics
using our RDD strategy described in section 4.2 (column 5).



Although our RDD design is limited to students who apply to both vocational and general education,
most schools are included in our RDD sample. The cutoffs that applicants in our estimation sample are
exposed to come from 79 percent of the vocational schools and 88 percent of the general secondary schools in
Finland between the years 1996-2000.° We take this to suggest that our results are not driven by a handful
of schools, but provide a representative estimate for marginal applicants.

4 Empirical strategy

4.1 Admissions cutoffs and the running variable

To identify the causal effect of admission to vocational secondary education we use a regression discon-
tinuity design (RDD) created by the centralized admissions process to secondary education in Finland. We
construct admissions cutoffs from the data as follows. Compulsory school GPA is the main criteria for ad-
mission in all programs. That said, schools apply slightly different scales, giving different weights to different
grades, and in some cases supplement GPA with other criteria for admission. To standardize the admissions
criteria across schools, we rescale the admissions scores to GPA units.'® We then define the admissions cutoff
to each program, school, and year combination (k) as the standardized admissions score of the lowest scoring

applicant offered admission. The distance to cutoff k for applicant i is:

i = (Cip — Th)

where 75, is the cutoff score and c¢;;, applicant’s own standardized admissions score.
For each applicant, we use the cutoff from their first-ranked application preference: for some applicants
this is a cutoff for the vocational track and for others for the general track. For those who rank the general

track first, we multiply their admissions score by negative one.

ik, if Vocational = General

—la;k, if General = Vocational

After this transformation positive values always indicate an increased likelihood of admission to the
vocational track (Figure 4). For those who rank the general track first, this means that their admissions
score is below the cutoff, and for those who rank the vocational track first this means their admissions score

is above the cutoff. With this transformation, we are able to pool the data.

8We test for flexibility in this requirement by modifying the number for all values from 2 to 5. Our results are not sensitive
to these modifications (see Appendix Table 2).

9The vocational tracks represented in our estimation sample include 66 percent of the total 239 specific vocational training
programs (hairdresser, acrobat, plumber, etc.). The general tracks represented in our sample include 74 percent of the 53
specific general education programs (International Baccalaureate, Performing Arts, etc.)

10We follow Huttunen et al. (2019) and estimate programme-specific regression models where admission scores are explained
with the GPA and then divide the score with the coefficient of GPA. This way, a one unit change in GPA has the same effect
on the rescaled scores in each programme.
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Figure 4: Cutoffs and admission into the vocational tracks

(a) Rank general track 1st (b) Rank vocational track 1st
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Notes: Figure 4 shows the share of applicants admitted to the vocational track for those applying to both tracks but who rank
the general track first (a) or rank the vocational track first (b), plotted against program-specific standardized running variables.
In both figures applicants to the right of the vertical line are more likely to be admitted to vocational education. For those who
rank the general track first (a) this means that their admissions score is below the cutoff, and for those who rank the vocational
track first (b) this means their admissions score is above the cutoff. The dots depict conditional means for 0.2 units wide bins.
The plots also show estimates of conditional mean functions smoothed using local linear regressions, weighted using an edge
kernel.

4.2 Specification

To eliminate selection bias, we exploit the unpredictable admissions cutoffs described above. To examine

the effect of crossing the cutoff, we use the pooled data'' and a reduced form regression specified as follows:

Yik = bk + 0Zi. + (1 — Zir,) for (Tix) + Zin f1r(Tir) + win (1)

where y;;, is the outcome variable (e.g. income, employment) for applicant 4 to cutoff k. Z; is a dummy
variable indicating being above the cutoff (a positive value of 7;;). We allow the slope of the running variable
(fnk) to differ on either side of the cutoff. For our baseline model (the most flexible model), we also allow
the slope of the running variable to vary by cutoff. To reduce the dimensionality to gain statistical power, we
also run our estimates without interacting our running variable with cutoff fixed-effects. Error terms (w;x)
are clustered at the cutoff level.

As Figure 4 shows, crossing the admissions cutoff increases the likelihood of admission to the vocational
track. Still, not quite all applicants above the cutoff are observed to be admitted to the vocational track.
This is due to two reasons. First, not all applicants whose admissions points were sufficient for admission
could be contacted for an offer.!? Second, for a subset of applicants we only observe offers accepted by the
applicant.'® We cannot distinguish between these two reasons for measurement error.

To account for this measurement error in the admissions process, we use an instrument variable (IV)
strategy (fuzzy RDD) to estimate the local average treatment effect (LATE) of admission to vocational

education.'® We define the treatment variable for these regressions, D;, to indicate that an applicant is

HWe report RDD estimates for the two sets of application preferences separately in Section 5.3.

I2For example, during the period studied here, an offer for the waiting list could be lost by a single missed phone call.

13We observe all offers extended during the automated stage of the admissions process; for the updating process, we only
observe offers accepted by the applicant. See Section 2.1.

141deally, we would use our 2SLS approach to account only for the first type of measurement error: not receiving an admissions
offer. If a reader is concerned with the extent of the second type of measurement error, they should refer to our reduced form
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observed receiving an offer to the vocational track. The first stage regression measures how being above the
admission cutoff increases the likelihood of admission to the vocational track and the second stage, the effect
of admission to the vocational track on various outcome variables.

We employ a nonparametric local linear regression technique (Hahn et al., 2001; Gelman and Imbens,

2017) with edge kernel (triangular shaped) weights centered at admission cutoffs:

k(r) = 1{| 7 1< 1« (1= | 7 ) (2)

h is the optimal bandwidth derived using the selection procedure in Calonico et al. (2014), estimated
seperately above and below the cutoff. For robustness, we use fixed bandwidths ranging from 0.1 to 2 (the
optimal bandwidth being close to 1).

To estimate potential outcomes for our compliers in the absence of treatment, we use our RDD strategy

outlined above, but redefine the outcome and treatment variables as follows.'?

We replace the outcome
variable with y;(1— D;) and the treatment variable with (1 —D;). To estimate mean complier characteristics,

we use the same strategy.

4.3 Validity of research design

Our identifying assumption is that the potential outcomes of applicants develop smoothly across the
cutoff (Lee and Lemieux, 2010). We perform two types of checks to ensure that our regression discontinuity
design satisfies the identifying assumption.

First, we perform a balance check for covariates across our RD cutoff. We do this for all estimation
samples by running the model in Equation 1, replacing the outcome variable with our observed background
characteristics. The results in Table 2 suggest that there are a few more small statistical discontinuities
than we might expect. Even though they are small and go against our results, we also run our RDD
specification with a full set of controls. Adding controls does not change our results, if anything it increases

their magnitude.

estimates.
1538ee for example, Sarvimiki and Himéldinen (2016), who use the same method.
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Table 2: Covariate balance & McCrary density test

Full est. sample Prefer general Prefer vocational
Baseline specification Discontinuity Discontinuity Discontinuity
Individual characteristics
GPA 0.001 (0.004) -0.001 (0.000) -0.019  (0.049)
Male -0.011 (0.016) -0.018 (0.018) -0.020 (0.038)
Finnish nationality -0.002 (0.003) -0.003 (0.003) 0.000 (0.011)
Age at graduation 0.002  (0.007)  0.002  (0.008) 0.012  (0.015)
Native language Finnish -0.007*  (0.004) -0.007 (0.004) -0.010 (0.016)
Native language Swedish 0.001 (0.002) 0.001 (0.002) 0.003  (0.003)
Non-Finnish or Swedish Speaker ~ 0.006**  (0.003) 0.006 (0.004) 0.001  (0.014)
Urban -0.011 (0.011) -0.015 (0.012)  0.050  (0.046)
Semiurban 0.000  (0.007)  0.000  (0.008) -0.001 (0.040)
Rural 0.008  (0.010)  0.014  (0.011) -0.047 (0.037)
Family characteristics
Father’s income 2,401 (2,070) 4,264 (2,806)  -786 (2,304)
Father in NEET 0.011  (0.012)  -0.004  (0.014) -0.014 (0.039)
Father has secondary degree 0.028* (0.016) 0.020 (0.018) 0.008  (0.057)
Father has HE degree 0.039%%%  (0.015)  -0.038**  (0.017) -0.050 ( 0.049)
Mother’s income -412 (337) -721%* (421) -515 (1191)
Mother in NEET 0.008 (0.012) 0.008 (0.013)  0.047  (0.045)
Mother has seconday degree 0.034**  (0.016)  0.042**  (0.020) 0.059  (0.063)
Mother has HE degree 0.045%%*% (0.015) -0.051%%*  (0.017) -0.049  (0.066)
McCrary density test -128 (228) -115 (209) -14 (26)

*p<0.1,* p<0.05 *** p<0.01

Notes: The table shows local linear estimates for the jump at the cutoff using Specification 1, the edge kernel, and the optimal
bandwidth selection algorithm of Calonico et al. (2014). Standard errors (in parentheses) are clustered by cutoff. Column 1
reports estimates for our full estimation sample, while columns 2 and 3 report estimates by application preferences.

Second, we test for the potential manipulation of the running variable from one side of the cutoff to the
other by checking for smoothness in the density of observations across the cutoff by running the McCrary
bunching test. Figure 5 in the Appendix shows the distribution of applicants around the cutoff. While
it looks like there may be small spikes around the cutoff, our sample passes the McCrary bunching test -
suggesting there is no manipulation at the cutoff (Table 2). Yet, since our cutoffs are defined using the last
admitted applicant to each program, there is a possibility that our cutoffs are endogenous to the applicant
pool. To account for this possibility we perform donut hole RD estimates by dropping the applicants used
to identify the cutoffs from our estimation sample. The results from these donut hole estimates do not differ

from our baseline estimates and are reported along with our main outcomes.

5 Results

5.1 Main results

First, we show our data graphically. Figures 5a and 5b suggest that crossing the admissions cutoff
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Figure 5: Labor market outcomes 15 years after admission to secondary education

(a) Annual income: Rank general track 1st (b) Annual income: Rank vocational track 1st
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Notes: Figure 5 shows the mean labor market outcomes for individuals with each set of preferences (rank general track 1st
and rank vocational track 1st) plotted against program-specific standardized running variables. In all figures applicants to the
right of the vertical line are more likely to be admitted to vocational education. For those who rank the general track 1st (a
and c¢) this means that their admissions score is below the cutoff, and for those who rank the vocational track 1st (b and d)
this means their admissions score is above the cutoff. The dots depict conditional means for 0.2 units wide bins. The plots also
show estimates of conditional mean functions smoothed using local linear regressions, weighted using an edge kernel. *Incomes
are indexed to 2010 euros.

increases annual income for applicants with both sets of preferences. Figures 5c¢ and 5d suggest that there
is no discontinuity in months of employment at the admissions cutoff for applicants who rank the general

track 1st, but that there is a discontinuity for those who rank the vocational track.

For our main results, we pool applicants with both sets of preferences together.'® These estimates measure
what would happen to the marginal applicant if they were admitted to the vocational track. In other words,
these estimates provide insight into policies that expand the size of the vocational sector.'”

16Recall from Section 3.3 that the vast majority of our total estimation sample indicate a preference for the general track.
As such, in large part, our main estimates come from applicants with this set of preferences. See Section 5.3 for estimates for
each set of application preferences separately.

70ur estimates measure the effect of admission to the vocational track. The treatment consists of a bundle of components,
including not only admission to a vocational curriculum, but admission to a different peer group, and relative-rank within the
school. On average, admission to the vocational track decreases secondary school peer quality as measured by compulsory
school GPA, increases the relative rank within the school from near the bottom of the compulsory school GPA distribution to
the 66th percentile, and increases the size of the school students attend (Table 3). The only thing that changes consistently
across all admissions cutoffs is secondary school curriculum. Additionally, prior research from the Finnish context suggests that

14



Column 1 in Table 3a reports the RDD estimates from our baseline specification (Section 4.2) for annual
income, measured 15 years after admission to secondary school (age 31). The first row shows that the reduced
form impact of crossing the admissions cutoff on annual income is 1,300 euros.

The first stage estimates (Row 2) show that crossing the admissions cutoff increases the rate of observed
admissions to the vocational track by approximately 70 percentage points (see Section 4.2 for a discussion
of measurement error in observed admissions status). The LATE estimates in Row 3 scale the reduced
form estimates by our first stage to account for this measurement error. Admission to the vocational track
increases annual income by 1,800 euros 15 years after admission. The potential outcomes estimate (Row 4)
indicates that without admission to vocational education these applicants would have earned 27,500 euros,
suggesting that admission to the vocational track increases the annual income of compiers by 7 percent on
average.

Column 1 in Table 3b reports the RDD estimates for annual months of employment. Our estimates
suggest that admission to vocational education has no effect on employment.'® Applicants at the admissions
margin are employed for an average of 10 months a year (Row 4).?

We perform several tests to explore the robustness of our main results. Columns 2-4 of Table 3a and Table
3b show our main outcomes estimated using various specifications. First, to ensure that our results are not
biased by possible endogeneity in how admissions cutoffs to programs are defined, we re-estimate our results
using a donut-RDD strategy - removing applicants who determine the admissions cutoffs from our sample
(Column 2). Next, we increase the precision of our results by reducing the dimensionality of our estimates
through a less flexible specification in which we do not interact cutoff-specific fixed-effects with our running
variable (Column 3). Further, to account for any possible discontinuities in background characteristics we
add a rich set of controls (see Table 2) to our baseline specification (Column 4). Our results are robust to
these modifications

For our baseline specification we estimate the optimal bandwidths for each outcome measure: these range
from 1.1-1.3 below the cutoff and 1.3-1.5 above (Tables 3a and 5b). The results are robust for the range of
fixed bandwidths from 0.1 to 2 (Figure 6).

Last, we test whether our results are sensitive to the choice of estimation sample. In our main RDD
estimates we require that there are at least two observations on either side of the cutoff. We re-run the
estimates from our baseline specification by restricting our sample to cutoffs with at least 3, 4, and 5
applicants on each side of the cutoff (Table 2). Our estimation sample changes dramatically when we impose
these more conservative sample restrictions. Nonetheless, our RDD point estimates remain remarkably
stable across these changes in the sample design, suggesting that our estimates are not sensitive to the

specific vocational subfields or schools included in our sample.
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Table 3: RDD estimates of admission to the vocational track on labor market outcomes 15 years later

(a) Annual income

Baseline  Donut estimation Alternate specification ~With controls

Reduced form 1285%** 1280** 1050%* 14571%**
(525) (545) (479) (561)
v
1st stage 0.709%** 0.689*** 0.724%%* 0.701%%*
(0.018) (0.019) (0.015) (0.019)
LATE 1812%* 1857%* 1450%* 2069***
(741) (794) (662) (698)
Potential outcome 27460%** 27430%** 27483%H* 2738 7H**
for compliers (441) (479) (392) (473)
Optimal bw (below/above) 0.99/1.33 1.08/1.32 0.99/1.33 1.08/1.32
N 18646 18244 18646 16956

(b) Months of employment

Baseline  Donut estimation Alternate specification ~With controls

Reduced form 0.09 0.04 0.08 0.16
(0.14) (0.15) (0.13) (0.15)
v
1st stage 0.725*** 0.710%*** 0.737*** 0.717%**
(0.017) (0.017) (0.014) (0.018)
LATE 0.13 0.05 0.11 0.22
(0.20) (0.21) (0.17) (0.21)
Potential outcome 9.77¥** 9.81*** 9,78 ** 9.71%%*
for compliers (0.12) (0.13) (0.11) (0.13)
Optimal bw (below/above) 1.24/1.54 1.28/1.52 1.24/1.54 1.28/1.52
N 20300 19729 20300 18222

*p<0.1,* p<0.05 ** p< 0.0l

Notes: The tables show local linear estimates from four different specifications. Column 1 reports results from our most flexible
specification, in which cutoff fixed effects are interacted with the running variable on both sides of the cutoff. Column 2 reports
donut estimates, where students who define the cutoff are dropped from the estimation sample. Column 3 reports estimates
from a specification where cutoff fixed effects are not interacted with the running variable. Column 4 reports estimates including
a full set of controls. All specifications employ an edge kernel and the optimal bandwidth selection algorithm of Calonico et al.
(2014). Standard errors (in parentheses) are clustered by cutoff.
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5.2 Effects over time

A common view suggests that applicants admitted to the general track will out-perform those admitted
to the vocational track in the labor market over time (Hampf and Woessmann, 2017; Hanushek et al.,
2017). Our above estimates suggest that admission to the vocational track increases income 15 years after
application to secondary school (age 31). These findings stand in contrast to the mean trends depicted in
Figure 2, where vocational track admits are overtaken by their peers admitted to the general track already
11 years after admission to secondary education. To situate our main RDD estimates in time, we explore
trends in the effects of admission on labor market performance, educational attainment, and characteristics
of later occupational tasks.?°

First, we use our RDD strategy to examine the effects of admission to vocational education 3-15 years
after admission (Figure 6). To ensure that our sample is consistent across the year-by-year estimates we
fix the bandwidth to 1.0 for all outcomes. Figure 6 reports LATE estimates from our baseline specification
(Section 4.2). The initial effect of admission to vocational education on annual income is positive, growing
with time. A linear regression of the RDD coefficients confirms that the effect of admission grows from year
to year (b = 100, p = 0.005). Our year-by-year estimates of the effect of admission on months of employment
are near zero for most of the period we study.2! To probe for the effects of admission past age 31, we limit
our sample to the oldest cohort (1996) and use OLS regressions with a full set of controls (Appendix Figure
7).22 These results suggest that no significant changes in labor market outcomes occur between 15 and 19
years (age 35) after admission to secondary education.

The expected benefits of general education hinge on the preparation that the general track provides for
further education and adaptability to changes stemming from technological change. Both of these potential
explanations suggest that the benefits of general education may increase over the life-cycle.

We examine the effect of admissions to the vocational track on later educational attainment. The de-
scriptive statistics show that the mean likelihood of obtaining a higher educational degree for general track
admits is 60 percent and only 15 percent for those admitted to the vocational track. Surprisingly, using our
RDD strategy, we find that admission to the vocational track has no effect on higher educational obtainment
(Appendix Table 5). At the admissions cutoff 30 percent of compliers earn a higher educational degree. The
lack of difference in higher educational attainment may help to explain why we do not see a declining trend

in the effect of vocational education on labor market outcomes.??

exposure to different peer quality in general secondary school does not have an impact on learning outcomes (Tervonen, 2016;
Tervonen et al., 2017). This is in line with research from the United States suggesting that admission to elite high schools does
not improve learning outcomes (Abdulkadiroglu et al., 2014; Dobbie and Fryer Jr, 2014).

18Qur results are not sensitive to alternative measures for employment, including months of unemployment and NEET status
(not in employment, education, or training).

19

Apart from employment, there are two potential explanations for the positive effects on wages: 1) people may be shifted into
higher-paying occupations, or 2) people get paid more within the same occupations. When we test for this, we find that, if
anything, people are shifted to occupations with higher mean wages - that said our estimates are noisy (Appendix Table 4).

20 Annual income at age 31 is relatively early in the career, particularly for women (B&hlmark and Lindquist, 2006). However,
our time-profiles by gender suggest that the time gradients for males and females are qualitatively similar (Figure 2). When we
estimate the effects separately by gender we find that both are fairly similar to our main estimates.

21We do see a positive effect of admission to the vocational track on months of employment four years after admission,
possibly because these applicants are more likely to graduate on time.

22 A5 we see, these estimates become imprecise when we limit the sample to this cohort and our estimation sample; due to a
lack of statistical power, single-cohort RDD estimates are uninformative.

230n the other hand, this may also help explain why we see a relatively small initial labor market advantage to vocational
education (among our compliers, general track admits are no more likely to be enrolled in higher education).

17



To further provide insight into how the effects on labor market performance may develop in later years,
we examine the effect of admission to vocational education on the occupational task content of jobs 15 years
after admission (Appendix Table 4). An established literature on the future of work considers automation
and globalisation to represent the two major sources of labor market risks (Acemoglu and Autor, 2011;
Frey and Osborne, 2017; Goos et al., 2014). Workers employed in routine tasks are perceived to be at a
higher risk of replacement by automation, whereas non-routine occupational tasks may safeguard workers
from automation. Our RDD estimates show that, compared to general education, admission to vocational
education does not increase the risk of ending up in jobs likely to be hit by automation or offshoring.

Together, our findings give no indication that the positive effects of admission to vocational education

for the marginal applicant disappear over time.

Figure 6: Year-by-year RDD estimates: Annual income and months of employment

(a) (b)

4000 ® 4

30004
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Months of employment
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T
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Years since admission Years since admission

Notes: Figure 6 shows RDD estimates of the effects of admission to vocational education on annual income and months
of employment for each of the 15 years following admission to secondary education. The graphs also show the 95 percent
confidence intervals for each point estimate. These results are from our most flexible specification, in which cutoff fixed effects
are interacted with the running variable on both sides of the cutoff. All specifications employ an edge kernel and a fixed
bandwidth of 1 standardized admission unit on each side of our cutoff. Standard errors are clustered by cutoff. *Incomes are
indexed to 2010 euros.

5.3 Who benefits from vocational secondary education?

Our fuzzy RDD estimates measure the local average treatment effect of admission to vocational secondary
education for applicants near the admissions cutoff who apply to both tracks. While this set of applicants is
self-selected, they are also the group most likely to be affected by policies that expand or reduce the size of
vocational secondary education.

Our main RDD estimates from Section 5 pool together applicants who rank the general track first with
those who rank the vocational track first in their application preferences. Nonetheless, prior work on returns
to field of study has noted that the payoffs to education type may vary according to comparative advantage
and application preferences (Willis and Rosen, 1979; Kirkeboen et al., 2016). When we estimate the effects
of admission to vocational education for applicants with each set of preferences separately, we find that
both applicants who rank the general track first and those that rank the vocational track first benefit from
vocational education (Figure 7). However, consistent with theory, applicants who prefer the vocational track
experience heightened benefits from admission to vocational education. This is particularly true when we

look at employment. For those who prefer the vocational track, admission to vocational education increases
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employment by approximately 2 months a year 15 years after admission. Put another way, being pushed

into general secondary school against someone’s preferences reduces mean employment by 20 percent.

Figure 7: Year-by-year RDD estimates: Annual income and months of employment by preference group
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Notes: Figure 7 shows RDD estimates of the effects of admission to vocational education on annual income and months of
employment for each of the 15 years following admission to secondary education for two subsamples of applicants: those who
apply to both secondary school tracks but rank the general track first and those who apply to both but rank the vocational track
first. The graphs also show the 95 percent confidence intervals for each point estimate. These results are from our most flexible
specification, in which cutoff fixed effects are interacted with the running variable on both sides of the cutoff. All specifications
employ an edge kernel and a fixed bandwidth of 1 standardized admission unit on each side of our cutoff. Standard errors (in
parentheses) are clustered by cutoff. *Incomes are indexed to 2010 euros.

While we can only estimate the effects of vocational secondary education for people who apply to both
secondary school tracks, others - notably those who apply only to the vocational track - are also directly
affected by the size of the vocational sector (though it is less clear whether the counterfactual for them is
the general track or dropping out of education altogether).?* Imposing minimal assumptions, however, we
can set bounds on the potential effects of vocational education for people outside our RDD sample. The
results from our split sample RDD estimates suggest that application preferences tell us something about the
potential effects of secondary school track for people with a particular set of preferences. Consistent with the
notion of comparative advantage, we see that the benefits of vocational education are larger for those who
indicate a preference for the vocational track in their applications to secondary school. By assuming weak
monotonicity in the relationship between application preferences and labor market returns, we can interpret
our RDD estimates from the subsample of applicants who rank the vocational track above the general as
the lower bound for people who indicate stronger preferences for vocational secondary education (those who
apply only to the vocational track). Conversely, we can interpret our RDD estimates from the subsample of
people who prefer the general track to the vocational as an upper bound of the effects of vocational education
for people with stronger preferences for general secondary education (those who apply only to the general
track).

240ther work has estimated causal effects away from the RDD cutoff in the context of education by taking advantage of
alternate definitions of the running variable using data from standardized tests (Angrist and Rokkanen, 2015). Unfortunately,
since standardized tests are uncommon in the Finnish context, we are unable to use a similar strategy to estimate causal
effects within our RDD sample away from the admissions cutoff. Researchers have also bounded treatment effects for people
not affected by treatment in instrument variable settings - “always-takers” and “never-takers” (Kowalski, 2016; Mogstad and
Torgovitsky, 2018). We believe that the reason that we do not observe a sharp RDD in admissions is due to measurement error
in our ability to observe admissions outcomes in the administrative data, rather than selective compliance. Instead, the people
unaffected by the treatment in our setting are fundamentally different from those in our estimation sample: they have different
sets of application preferences. This prevents us from using these prior strategies.
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Related to preferences, another dimension by which the returns to secondary school field are likely to vary
is prior skills and performance. The prior skills a person has - whether they be manual, social, analytic, etc. -
will likely play a role in determining how suitable a secondary school track is for them. While we do not have
measures for prior skills in each of these areas, we examine whether mean labor market outcomes for each
secondary school track vary by compulsory school GPA (Figure 8). Our data tell a striking story. For people
admitted to the vocational track, mean earnings are relatively flat across compulsory school GPA.?® In sharp
contrast, for those admitted to the general track, later-life earnings are strongly correlated with compulsory
school GPA. The mean annual incomes between vocational and general track admits in Figure 8a cross for
students with a GPA of approximately 7.5. Together, these observations suggest that people whose strengths
lie outside of academics before secondary school may benefit from vocational education, while those who excel
academically - or whose comparative advantage is academic - may benefit from general education. Given the
compulsory school GPA distributions of applicants with each set of application preferences (Figure 3), this
story, what we see in Figure 8 is in line with our exercise in bounding the effects of vocational education for
people with different application preferences.

The potential consequences of secondary school track may also have to do with the future opportunities
that a person has to develop their skills, and these opportunities may vary by academic ability. One reason
the later incomes of people admitted to the general track are correlated with GPA could be that in order
to realize the potential benefits of general education, general secondary school has to be followed by higher
education. As we see in Figure 8b, this is most likely for people with higher compulsory school GPAs.
Conversely, the correlation between GPA and earnings is weaker for people admitted to the vocational track;
this may be because the returns to vocational secondary school are not as dependent on the completion of

higher education.

6 Discussion

We study labor-market returns to vocational versus general secondary education using a regression discon-
tinuity design created by the centralized admissions process in Finland. We find that admission to vocational
education increases annual income by 7 percent at age 31, and that the benefits show no signs of diminishing
with time. These findings stand in stark contrast to much of the existing empirical and theoretical work
on the long-term returns to secondary school track (Brunello and Rocco, 2017; Krueger and Kumar, 2004;
Hampf and Woessmann, 2017; Hanushek et al., 2017). According to this literature, the long-term returns
to vocational education should decrease with time, as technological advances makes it more difficult for
individuals with narrower skill sets to adapt to changes than their peers with more general skills. Given the
myriad changes to the labor-market that took place after the financial crisis of 2008-2009, we believe that
the time period we study offers an attractive setting to examine how changes in the economy may affect
the demand for vocational and general skills. While we find no evidence that the benefits of vocational
education diminish through this time-period, we also probe for the possibility that people admitted to the

vocational track may exhibit higher labor market risks due to changes in technology in the coming years.

25]In fact, the distribution of earnings for those admitted to vocational education also seems to be narrower than that of those
admitted to the general track. Extending our RDD estimates, we use a quantile instrument variable approach (Frolich and Melly,
2013) to test how admission to vocational education shifts the earnings distribution. The results from our quantile instrument
variable estimates (Appendix Figure 8) suggest that admission to vocational education shifts the earnings distribution up and
narrows the distribution such that the earnings differences between higher and lower earning applicants admitted to vocational
education decrease.
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Figure 8: Outcomes by compulsory school GPA and secondary school track
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Notes: Figure 8 shows mean annual income and higher educational attainment by compulsory school GPA for applicants
admitted to the general and vocational tracks of secondary school. *Incomes are indexed to 2010 euros.

By comparing various occupational task measures, our RDD estimates suggest that people admitted to the
vocational track are no more susceptible to risks of unemployment by automation and offshoring than their
peers admitted to general education.

Equally important, our findings extend the prior literature on the returns to field of study in secondary
education by providing insight into who is likely to benefit from vocational secondary education. Our RDD
estimates measure the impact of vocational education for people most likely to be affected by changes
in the size of the vocational sector. As such, these estimates come from people near the middle of the
academic ability distribution, unlikely to graduate from higher education. Consistent with the idea of
comparative advantage, our results suggest that applicants who express a preference for the vocational
track experience heightened benefits from vocational education. For this subgroup, failing to gain access to
vocational secondary education results in a 20 percent reduction in employment fifteen years after application
to secondary school. Taking our RDD estimates for people who prefer the vocational track but apply to both
as an lower-bound of the effects of vocational education for people with stronger preferences, our analysis
suggests that the benefits of vocational education are likely to be at least as large for people who apply only
to the vocational track. Since nearly half of each cohort in Finland is enrolled in the vocational track, this

suggests that there may be significant room to expand vocational education in other developed countries.
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Appendix A: Institutions

Figure 1
(a) Pathways through education (b) Timeline of the application process
Age Timeline
.g i . -
Higher education February-March ¢ Application to secondary
] ] education
University of . .
19+ . May ¢ Students receive their
. . applied _
University i compulsory school diploma
sciences . . .
June ¢ Applicants receive the offers
(UAS) to secondary education

T—|—T June ¢ Admitted applicants have

two weeks to accept these

Secondary education

offers
) July ¢+ Empty slots are filled from
16-19 Vocational General the waiting lists
tracks tracks August ¢ School begins
7-16 Compulsory education

Notes: Figure 1a shows the possible pathways through education for students, all the way from compulsory education
through higher education. Figure 1b shows the detailed timing of events from application through the beginning of
school. These figures are adapted from Huttunen et al. (2019).
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Appendix B: Descriptive statistics
School track broken down further

Table 1: Admission to vocational subfield by application preferences

Full sample Estimation sample Prefer general Prefer vocational

General Track 175,297 15,335 14,796 539
Vocational Track 111,195 6,256 5,136 1,120
Natural resources 4.7 2.1 1.8 3.9
Technology and transport 52.8 38.8 38.2 41.6
Business and administration 14.8 35.3 38.3 21.5
Hotel and catering 19.7 16.5 18.0 9.5
Health and welfare 5.2 5.3 2.5 18.1
Arts and humanities 2.8 2.0 1.3 5.4
Total 286,492 21,591 19,932 1,659

Notes: Table 1 shows the composition of admissions and vocational subfields for people in the full sample, the
estimation sample, those in the estimation sample who indicate a preference for the general track, and those in the
estimation sample who indicate a preference for the vocational track. Rows 1 and 2 show raw numbers, whereas rows
3-8 indicate the percent of students admitted to each vocational subfield.

Table 1 shows the percent breakdown between secondary school tracks and vocational track subfields in
our full sample, the estimation sample, as well as the two subsamples within the estimation sample: those
who indicate a preference for the general and vocational tracks.

In all four samples, the most common vocational track subfield is technology and transport, admitting
between 39 percent and 53 percent of applicants to the vocational track. The next most common subfield in
the full sample is business and administration, making up 15 percent of admits, followed by hotel and catering,
making up 20 percent of vocational admits. Due to the large number of admits to business administration
in the set of students who apply to both tracks and prefer the general track, these applicants are over-
represented in our pooled estimation sample. Nonetheless, the breakdown of vocational subfields amongst
applicants who prefer the vocational track largely resembles the total breakdown of vocational subfields in

the full sample.

Income and employment profiles by vocational program

We explore heterogeneity in the labor market outcomes between programs within the vocational track.
We divide the vocational track into seven broad programs, as defined by the Finnish Ministry of Education
and Culture, and draw income and employment profiles for each track (see Figure 2). We also examine the
trends in labor market outcomes by vocational subfield for men and women separately. While applicants
in some subfields, noticeably “Arts and Crafts” tend to earn less than applicants in other subfields, by and
large, the income and employment profiles of each subfield follow similar paths. Most interestingly, there is
considerable variation in the rank order of income and employment by subfield between males, females, and
the full sample. This suggests that differences between the mean returns to subfield may be largely driven

by selection into the subfields, rather than something about the subfields themselves.
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Figure 2: Time profiles by vocational subfield and gender
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Notes: Figure 2 reports trends in annual income and months of employment for secondary school track and vocational
subfield. Mean outcomes are shown for our full sample all together, and for males and females separately. *Incomes
are indexed to 2010 euros.
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Mean trends in annual incomes and employment for estimation sample

Figure 3: Time profiles in mean annual income and months of employment
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Notes: Figure 3shows the mean income and employment outcomes for the cohorts of students in the RDD estimation sample
applying to secondary school in the years 1996-2000 for the 15 years after admission to secondary education (“age 31). Annual
income is indexed to 2010 euros, and observations with zero income and zero months of employment are included in the averages.
*Incomes are indexed to 2010 euros.
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Compulsory school GPA, secondary school track, and occupational task measures

The graphs in Figure 4 show mean occupational task shares measured 15 years after admission to secondary
school for applicants in our full sample by compulsory school GPA and secondary school track.

Figure 4a shows that people with low compulsory GPAs are least likely to be employed in occupations
that which center around tasks involving non-routine cogntive analytic skills. For this group, secondary
school track is not associated with a significant shift in the share of non-routine cognitive analytic skills on
the job. In contrast, applicants admitted to the general track of secondary education are most likely to be
employed in jobs requiring non-routine cognitive analytic skills. A similar trend can be seen for personal
skills (Figures 4b and 4d). In contrast, the share of both routine and non-routine manual skills is greatest
for applicants who are admitted to the vocational track with low GPAs (Figures 4c and 4f).

The only measure which does not suggest a linear association between compulsory school GPA and
occupational task share is routine cognitive skills, measured for applicants admitted to general education.
General track admits with average compulsory school GPAs are most likely to be employed in occupations
requiring routine cognitive skills (Figure 4e). Interestingly, those with low GPAs are not likely to be employed
in jobs requiring routine cognitive skills - perhaps because they are employed in manual skill intensive jobs;
the same goes for those with high GPAs - perhaps because they are employed in jobs demanding non-routine
cognitive skills.

Lastly, applicants with high GPAs who are admitted to the general track of secondary education are
most likely to be employed in jobs that are susceptible to offshoring (4g). This is likely due to the abstract

nature of jobs requiring non-routine cognitive skills, making them less place-dependent.
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Figure 4: Compulsory school GPA, secondary school track, and occupational task measures 15 years after

admission
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Appendix C: Validity and robustness

Frequencies around the cutoff

While our RDD estimation sample passes the McCrary density test, we also provide visual evidence against
manipulation across the cutoff (Figure 5). Recall that applicants with high GPAs who rank the general track
first have negative standardized admissions scores, while applicants with low GPAs who rank the vocational
track first have negative standardized admissions scores. The cutoffs in both samples are defined by the
applicant with the lowest GPA admitted to the program. Due to this definition of the cutoff, the number of
applicants directly to the left of the cutoff for those who rank the general track first and the full estimation
sample may appear larger than we might otherwise expect.

Since the majority of applicants get into the track of their preference, the number of applicants with
GPAs lower than required for admission is smaller than the number of applicants with GPAs that qualify

for admission.

RDD bandwidth

To ensure the robustness of our main estimates, we re-estimate our RDD estimates for the entire spectrum
of bandwidths between 0.1 and 2 standardized admissions units below and above the cutoff (Figure 6). The
red horizontal lines mark our baseline RDD estimates using optimal bandwidth selection above and below

the cutoff. Our baseline RDD estimates are within the 95 percent confidence interval for all bandwidths.

Robustness to sample restrictions

In our main RDD estimates we require there to be at least two observations on either side of the cutoff. Here,
we test whether or not more conservative restrictions to our estimation sample change our point estimates
(Table 2). We re-run our baseline estimates, requiring 3, 4, and then 5 observations on each side of the
cutoff. Restricting our sample to cutoffs with 5 observations on each side of our cutoff cuts our estimation
sample in half. Nonetheless, our RDD estimates for both annual income and months of employment are

remarkably stable across these changes in the estimation sample.
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Figure 5: Density across the cutoff
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Notes: Figure 5 shows the number of applicants in each 0.2 standardized admission unit bin across the admissions
cutoff for people who indicate a preference for the general track, the vocational track, and the pooled estimation
sample.
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Figure 6: Robustness to alternate bandwidths
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Notes: Figure 6 shows RDD estimates of the effects of admission to vocational education on annual income, months of employ-
ment, secondary education, and higher education estimated across the entire spectrum of bandwidths between 0.1 and 2 units
to both sides of the cutoff. The graphs also show the 95 percent confidence intervals for each point estimate. These results are
from our most flexible specification, in which cutoff fixed effects are interacted with the running variable on both sides of the
cutoff. All specifications employ an edge kernel. Standard errors are clustered by cutoff.
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Table 2: Sample restrictions:

Labor market outcomes 15 years after admission

(a) Annual income

Min 2 Min 3 Min 4 Min 5
Reduced form 1285** 1335%* 1412%* 1340%**
(525) (537) (579) (676)
v
1st stage 0.709***  0.707***  0.701***  0.660***
(0.018)  (0.018)  (0.020)  (0.023)
LATE 1812%* 1889%** 2015%* 2030**
(741) (761) (830) (1027)
Potential outcome 27460***  27629**¥*  275ATH*¥* Q7543 **
for compliers (441) (460) (496) (633)
Optimal bw (below/above) 0.99/1.33 1.12/1.31 0.97/1.35 0.84/0.85
N 18646 16151 14021 9472
(b) Months of employment
Min 2 Min 3 Min 4 Min 5
Reduced form 0.09 0.14 0.15 0.12
(0.14) (0.15) (0.16) (0.18)
v
1st stage 0.725%**  (Q.715%¥*  (.708**%*  (.695***
(0.017)  (0.018)  (0.019)  (0.022)
LATE 0.13 0.19 0.22 0.17
(0.20) (0.21) (0.22) (0.26)
Potential outcome 9.77k** 9.74*** 9.71*** 9.8(0***
for compliers (0.12) (0.13) (0.14) (0.16)
Optimal bw (below/above) 1.24/1.54 1.12/1.47 1.07/1.44 0.91/1.30
N 20300 16817 14508 11536

*p<0.1,* p<0.05 *** p<0.01

Notes: Table 2 shows RDD estimates of the effects of admission to vocational education on annual income and months of
employment for schools with at least 2-5 people on either side of the cutoff separately. These results are from our most flexible
specification, in which cutoff fixed effects are interacted with the running variable on both sides of the cutoff. All specifications
employ an edge kernel and an optimal bandwidth on each side of our cutoff. Standard errors (in parentheses) are clustered by

cutoff.
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Appendix D: Additional estimates

Table 3: RDD Estimates: School characterisation across the cutoff

LATE Potential Outcome
b S.E. b S.E. Observations

Estimation sample

Average GPA among peers -1.439***  (0.032) 8.280***  (0.012) 7,365
Distance to average GPA 1.4471%%%  (0.022) -1.073%**  (0.011) 8,437
Percentile Rank (GPA) 0.660%**  (0.012)  0.032***  (0.003) 7,415
School size 45, 1% (5.5) 107.8%** (1.3) 19,590
Home municipality -0.279***  (0.026)  0.836***  (0.012) 11,202
Prefers general

Average GPA among peers -1.464***  (0.039) 8.282***  (0.015) 4,221
Distance to average GPA 1.465%%*  (0.039) -1.074%**  (0.017) 3,967
Percentile Rank (GPA) 0.681***  (0.017)  0.014***  (0.003) 3,889
School size 45.6%** (7.4) 106.9%** (1.7) 10,897
Home municipality 0.246%%*%  (0.035)  0.847***  (0.016) 8,081
Prefers vocational

Average GPA among peers -1.036***  (0.065) 8.215***  (0.022) 1,342
Distance to average GPA 1.021***  (0.092) -0.553***  (0.049) 1,221
Percentile Rank (GPA) 0.390***  (0.037) 0.282***  (0.019) 1,183
School size 60.1%** (13.9) 95.9%** (4.4) 1,462
Home municipality “0.366***  (0.070)  0.823%**  (0.042) 1,045

*p < 0.1, ** p<0.05 *** p< 0.0l

Notes: Table 3 shows local linear estimates using our baseline specification. The LATE estimates (Columns 2 and 3) measure
the mean characteristics in case of of admission to the general track on the various outcomes listed in the rows. We also estimate
Potential Outcomes (Columns 4 and 5) for these students, measuring what the effects of admission to the general track would
have been. All specifications employ an edge kernel and the optimal bandwidth selection algorithm of Calonico et al. (2014).
Standard errors (in parentheses) are clustered by cutoff.
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Table 4: RDD estimates for occupational choice

Mean occupational wage Difference from mean

Reduced form 391 -670
(342) (498)
v
1st stage 0.711%%* 0.719%**
(0.019) (0.018)
LATE 551 -930
(482) (693)
Potential outcome 28458%** -2853***
for compliers (298) (383)
Optimal bw (below/above) 1.01/1.33 1.27/1.36
N 14946 15398

Notes: Table 4 reports the estimates of the effect of admission to the vocational track on occupational choice and relative
productivity within occupations. All estimates use our baseline specification and employ an edge kernel and the optimal
bandwidth selection algorithm of Calonico et al. (2014). Standard errors (in parentheses) are clustered by cutoff. We run these
estimates as follows. We use data on the population of employed people aged 19-65 in the years 2011-2015 and estimate a
Mincer equation with quartic age polynomials and occupation fixed effects to predict occupation specific wages. The predicted
occupation specific wage is one of the outcomes we test using the main specification of our RDD design. The second outcome
we test is the difference between the predicted occupation specific wage and the observed wages of people in our estimation
sample.

Table 5: Post-compulsory education

Vocational degree General degree Secondary degree Tertiary degree

Reduced form 0.176*** -0.207*** 0.009 0.005
(0.022) (0.019) (0.011) (0.019)
v
1st stage 0.642*** 0.601*** 0.687*** 0.667***
(0.020) (0.023) (0.018) (0.019)
LATE 0.275%** -0.344*** 0.013 0.007
(0.033) (0.041) (0.016) (0.028)
Potential outcome 0.455%** 0.687*** 0.893*** 0.310***
for compliers (0.020) (0.023) (0.009) (0.017)
N 13323 9939 16493 15784
Optimal bw (below/above) 0.66/0.74 0.39/0.56 1.05/1.00 0.73/1.00

*p<0.1,* p<0.05 *** p<0.01

Notes: Table 5 reports the estimates of the effect of admission to the vocational track on post-compulsory educational outcomes.
All estimates use our baseline specification and employ an edge kernel and the optimal bandwidth selection algorithm of Calonico
et al. (2014). Standard errors (in parentheses) are clustered by cutoff.
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Figure 7: Estimates of labor market returns, controlling for observables
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Notes: These graphs report OLS estimates of the effect of admission to the vocational track on annual income and months
of employment up through 19 years after graduation from compulsory education. These estimates are run using both the full
sample and the RDD estimation sample of the cohort graduating from compulsory education in 1996 - so that they can be
traced for 19 years. The controls used in this figure are the full set of covariates described in Table 1.

Figure 8: Quantile RDD estimates
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Notes: Figure 8 reports quantile IV estimates (see: Frolich and Melly, 2013) of the effect of admission to the vocational track
on annual income 15 years later. Standard errors are clustered by cutoff.
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