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Abstract

The aim of this paper is to evaluate the effects of an active labor market program
(ALMP) for higher educated workers in the Netherlands. The one-year program
is characterized by six months of full-time IT retraining followed by a six-month
internship. We estimate the effects of participating on earnings per month and work-
ing days per month. The results show significant lock-in effects during the program,
lasting up to five months after program start. After this lock-in period, we find sig-
nificant positive effects on earnings and working days. These positive effects remain
significant until the end of the 36-month evaluation period. A conservative cost—
benefit analysis based on the effects on earnings shows a return of 2.53% (95% CI
2.02-3.04%), which is low compared to the returns to education in the Netherlands
of around 8%. We conclude that IT retraining has positive effects on the labor mar-
ket outcomes of the participants yet relatively low returns.
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1 Introduction

Active labor market programs (ALMPs) are policy instruments that are frequently
used to increase re-employment rates among the unemployed. The programs often
vary in duration, target group, and the exact treatment (see Vooren et al. (2019a) for
an overview and meta-analysis of recent evaluation studies). Many have been evalu-
ated in the past, focusing on their short-, medium-, and long-term results, and expos-
ing short-term negative lock-in effects as an important challenge. This is especially
true for training and retraining programs. These lock-in effects produce a negative
impact on labor market outcomes during the period that the participants are in train-
ing and during the first months after finishing their training. For an ALMP to be
effective, it is important that these negative lock-in effects are compensated by posi-
tive long-term effects, as described in Vooren et al. (2019a) and Card et al. (2017).
By calculating the internal rate of return (IRR) of a training program, the lock-in
effects are taken into account. The results presented in this paper point at positive
long-term effects of IT retraining, and a positive IRR of 2.53%.

The main research question answered in this paper is whether IT retraining is an
effective tool for improving the labor market outcomes of retrainees. We do this by
estimating the labor market effects of an IT retraining ALMP in the Netherlands
that matches participant skill sets with vacancies in the information technology
(IT) sector. The program, called Make IT Work, consists of a combination of class-
room training and on-the-job training. It was designed as a regional ALMP for the
Amsterdam metropolitan area during the economic crisis of 2014 and begun in Sep-
tember 2015 with a government subsidy from the Dutch Ministry of Social Affairs
and Employment. An interesting feature of this particular retraining program is that
it is open for everyone who has at least a bachelor’s degree, instead of just for unem-
ployed individuals on welfare or unemployment benefits, who are the usual target
group for ALMPs. In the Netherlands, young university and college graduates with-
out prior employment history are not entitled to unemployment benefits. Therefore,
they do not get exposed to the regular palette of ALMPs implemented through the
public unemployment insurance system. In the aftermath of the 2007-2008 financial
crisis, concern has been escalating over rising unemployment rates; and since the
European sovereign debt crisis of 2010, growing youth unemployment rates have
demanded particular attention. As a result, political interest in ALMPs has devel-
oped commensurately in the Netherlands and in the Eurozone as whole.

The literature on ALMPs mainly focuses on the effects of compulsory programs
for workers with low levels of education. For instance, Kruppe and Lang (2018)
evaluate the effects of retraining on low-skilled workers in Germany between 2004
and 2007. In the German program, the participants eventually acquired a formal
vocational degree. Wapler et al. (2018) look at the effects of AMLP on regional
German labor markets, taking into account general equilibrium effects. Wunsch and
Lechner (2008) study the long-term effects of training programs in Germany. Cavaco
et al. (2013) employ matching techniques to estimate the effects of ALMPs in
France on the re-employment rates of displaced workers, finding positive effects in
the medium run. The broad conclusion in recent literature is that training programs
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are relatively ineffective in the long-term. This is also predicted by the theory pre-
sented in the Handbook of Labor Economics by Heckman et al. (1999) that ALMP
is usually ineffective. Heckman et al. (1999) argue that ALMP usually fails to be
effective, because it mainly targets, in Heckman’s words, ’less able’ individuals, for
whom the rate of return to schooling is lower than for the average population.

However, the Dutch Make IT Work training program that is evaluated in this
paper is distinct from other programs in two aspects. First, it is voluntary. Com-
pleting the program requires a contribution of time and effort by the participant.
In addition, the Dutch program requires a down payment of EUR 1000 from each
participant. The level of financial commitment may benefit from a comparison: the
tuition fee for a full-time master’s program at a Dutch university is around EUR
2000. Given the investment of time and money required for participation in Make IT
Work, it is probably safe to assume that the program attracts motivated participants.
Second, the target group of this particular training program is different from most
programs previously evaluated. The participants are highly educated: a formal uni-
versity bachelor’s degree is prerequisite to enrollment. The combination of increased
personal commitment and higher levels of education may suggest a reason why
Make IT Work is found to be so much more successful than other ALMPs described
in the meta-analyses in Card et al. (2017) and Vooren et al. (2019a).

Another reason that Heckman et al. (1999) give for the relative ineffectiveness of
ALMPs is that they are usually administered by agencies in the public sector. They
argue that for ALMPs to be associated with large gains, the rate of return associ-
ated with these public training programs would have to be higher than the rate of
return to private sector training, which is almost never the case. In contrast to the
evaluation literature, which focuses on public sector training programs, this paper
assesses the labor market effects of a private sector IT retraining ALMP in the Neth-
erlands that has been designed and implemented in cooperation with employers that
are active in the IT labor market. In the Dutch IT sector, companies struggle to find
qualified personnel (CBS, 2019). Given the labor market shortages for highly edu-
cated IT workers in the Netherlands, the results presented in this paper also offer
transferable knowledge concerning the potential for training programs in other sec-
tors with shortages of highly educated workers.

The treatment group in our sample consists of the 250 people who started the
program between September 2015 and November 2018. In order to evaluate the
labor market effects of the retraining program, we apply matching techniques to con-
struct a control group of non-participants from the Statistics Netherlands register
data. The results indicate a substantial lock-in period on the number of working days
per month of up to six months. The lock-in impact on gross earnings per month
are slightly longer lasting: up to nine months after the start of the program. After
the lock-in period, there is a positive and sustainable effect on earnings and on the
number of working days. Based on the results, we conclude that the program is suc-
cessful in improving the labor market outcomes of the participants. The results are
stable across different matching techniques. A conservative cost-benefit assessment
points at an annual IRR of 2.53%, which is statistically significant at the 95% level.
Compared to the average return on one year of schooling, the returns from Make IT
Work are low (Psacharopoulos & Patrinos, 2018) and confirm the observation by
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Training Internship Participants back on the labor market

Start 5-6 months 12 months 36 months

Fig. 1 Timeline in months after program start. Notes: The 36-month evaluation period of this paper cov-
ers the period from the month of the program start-up to three years thereafter

Heckman et al. (1999) that ALMP training programs are not very productive. How-
ever, our results point to a small effect, which is in line with the hypothesis that pri-
vate sector training (and training for highly educated workers in particular) is likely
to generate positive returns.

This paper is organized as follows. In the next section, we briefly describe the
Make IT Work program. In Section 3, we delineate the data collected during the
retraining program and the register data from Statistics Netherlands that we used to
enrich input from the program. In Section 4, we address the evaluation design and
the methodology before turning to the results in Section 5. We finish with a conclu-
sion and a discussion in Section 6.

2 The Make IT Work Program

The Make IT Work retraining program has been implemented in the Amsterdam area
in the Netherlands in September 2015. The program has been designed in consulta-
tion with IT firms from the same geographical area. The program has two goals:
(i) to fill the growing number of IT vacancies in the Netherlands in general, and in
the Amsterdam metropolitan area in particular; and (ii) to enhance the labor mar-
ket outcomes of the participants. By design, the program consists of two semesters.
In the first semester, the participants attend a full-time vocational IT training pro-
gram at the Amsterdam University of Applied Sciences (AUAS). The training pro-
gram is focused on computer programming and software engineering. In the second
semester, the participants attend the training for one day per week and follow a paid
internship at a firm for the remaining four days. After successful completion of the
program, the participants receive a certificate, but no formal university of applied
sciences degree.

Applicants are first required to take an on-line personality and cognitive aptitude
test. Upon successful completion of the cognitive aptitude test (i.e. a 50% score or
higher), the candidate is invited to an organized event called the employers’ market.
The AUAS is responsible for organization of the employers’ market, recruitment of
the candidates, and identifying firms that might potentially offer an internship. At
the employers’ market, which lasts a few hours, candidates meet with potential IT
employers. At this phase, candidates are required to find an employer for the intern-
ship stage of the program. Only candidates who find a prospective employer are
admitted to the training program, which starts two to three months after the employ-
ers’ market. Due to lack of spaces, not all participants who passed the test are able
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to find an employer and therefore not every applicant can start the program. Figure 1
gives an overview of the different stages of the Make IT Work program, and how the
program fits into the 36-month evaluation period of this paper.

The internship is a requirement to both start and successfully finish the program.
Vice versa, the training is also required to start the internship and to be considered
a suitable candidate by any IT employer. The employer gives a written commitment
to offer a temporary, 6-month employment contract for the internship phase. How-
ever, this is conditional on the prospect that the candidate accumulates the required
skills before starting the internship, by successfully completing the training phase.
It is a possibility that the interns are offered a job at the same firm after complet-
ing the program at the end of the internship, but this is no guarantee ex ante. In line
with this, it is unlikely that the participants are offered a job at the same or any IT
firm without successfully completing the training and therefore lacking the neces-
sary skills.

3 Data
3.1 Application Procedure

Potential candidates for the Make IT Work program are required to submit their
application online, at the program’s website www.it-omscholing.nl. Anyone with at
least a formal bachelor’s degree is eligible to apply. Apart from this minimum level
of education, there are no further entry requirements. The online selection platform
is based on a widely-used recruitment pre-selection algorithm called Harver Talent-
Pitch. An interesting feature of the application process is that every applicant takes a
cognitive ability test. Only applicants who score more than 50 percent are permitted
to continue their application to the next step, a personality test. The outcome of the
personality test is not binding for completion of the application, and it is only avail-
able for review by the applicant who passes the cognitive aptitude test. Once the
applicants complete all steps, they are invited by a staff member to visit a *match-
making’ event where they meet with potential IT employers. The goal of this event
is to give applicants an opportunity to acquire a letter of intent from an employer
to start the training program. With this letter of intent, the candidate is assured of
an internship with a firm during the second semester of the program. The letter of
intent is a prerequisite to starting the training program.

Using data from the application process, we can make an exploratory analysis
of the factors related to the probability of program participation. Table 1 presents
descriptive statistics of the data that the program collects during the application
procedure. Column 1 shows the means and standard deviation of all people who
pass the cognitive ability test. Column 2 gives these statistics for those who start the
training program, and column 3, for those who do not start the training. Column 4
shows the differences in the means of the two groups and the corresponding p-val-
ues. Based on the raw numbers, many more people pass the cognitive ability test
than eventually start the training. Fewer than 20 percent of the people who pass the
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Table 1 Descriptive statistics applicants, before matching

6h) (@) 3 @

Total passed test  In training Not in training Mean difference
Mean SD Mean SD Mean SD Diff p-value
Ability score 56.55 4.78 58.35 5.20 56.15 4.59 2.20 ok
Problem analysis 62.20 15.51 64.81 15.09 61.62 15.55 3.19 Ak
Verbal comm 43.90 18.29 45.19 16.32 43.69 18.69 1.50
Sensitivity 47.99 15.66 49.48 15.47 47.66 15.69 1.82 *
Persuasiveness 49.60 14.69 50.25 13.52 49.45 14.94 0.80
Team working 44.82 15.21 47.60 15.25 44.20 15.14 3.40 HHE
initiative 52.52 12.92 52.21 12.56 52.59 13.00 -0.38
Age (31 Dec. 2017) 37.13 9.19 33.63 6.58 37.89 9.50 —4.26 HEE
N 1391 250 1141

#p<0.10, #¥p <0.05, ***p <0.01

cognitive test decide to participate. Inspecting the differences in means in columns
2 and 3, it looks like a selection on ability for those who do proceed. The internship
firms do not observe this ability score, however. The group that enters into training
is, on average, four years younger than the group that does not. The average partici-
pant is in his or her mid-30’s at the time of enrollment. This is approximately ten
years older than the age of the average bachelor’s graduate, so the Make IT Work
program attracts not only new graduates, but also older workers.

Table 2 gives the results of three ordinary least squares models for the proba-
bility of participation in the program. The underlying data set is the same is the
one for Table 1, but with standardized ability and personality scores. Based on col-
umn 2, it seems that although the selection is based primarily on ability scores, it
takes into account personality scores, including problem analysis and team-working
skills. This was also found in a discrete choice experiment described in Vooren et al.
(2019b), investigating preferences for IT retraining candidates. The results of the
experiment also show strong preferences for team-working skills among employers.
If we add age to the specification in column 3, the coefficient of the ability score
becomes smaller. This suggests that there is also some selection based on age. How-
ever, the coefficients are not very large, and the R is relatively low. It might be that
the actual selection is based on other variables correlated with age, such as personal-
ity scores, and r’esum ‘e indicators such as education level of education.

3.2 Evaluation and Matching Data

To evaluate the retraining program, labor market outcome variables are needed in
addition to data from the program. To obtain the labor market variables, we utilize
longitudinal micro data from Statistics Netherlands. These data allow us to track
each inhabitant of the Netherlands in terms of employment status and earnings.
The source of these data is the administration of the employee insurance agency
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Tma(l))(lieelzfoﬁrrl;iegirpl) ;0;3;}32;2’“6 M @ ®
Treat Treat Treat
Ability score 0.068%** 0.0627%:#* 0.053#:#*
(0.010) (0.011) (0.011)
Problem analysis 0.034%#%%* 0.032%*
(0.013) (0.013)
Verbal communication 0.006 0.009
(0.015) (0.015)
Sensitivity -0.012 —-0.010
(0.014) (0.014)
Persuasiveness —0.007 —0.006
(0.018) (0.018)
Team working 0.036%* 0.027*
(0.015) (0.015)
Initiative —0.030* —0.024
(0.018) (0.017)
Age — 0.058***
(0.011)
Female —0.010
(0.023)
Constant 0.180%%** 0.1837%%%* 0.186%%*%*
(0.010) (0.010) (0.013)
N 1391 1352 1352
R? 0.031 0.042 0.063

Standard errors in parentheses. Continuous variables standardized to
mean zero and standard deviation one

#p<0.10, #* p<0.05, *+* p<0.01

in the Netherlands. This administrative data set (in Dutch: Polisadministratie) pro-
vides monthly data on gross earnings and working days that we include as outcome
variables.

Not all participants start the training program at the same time. The treatment is
distributed over fourteen cohorts, with each cohort starting in September, Novem-
ber, February, or April. The first group of participants started the program in Sep-
tember 2015, and the last group that is included in our analysis began in Novem-
ber 2018. As a first step, the data set containing information on the participants is
matched to the Statistics Netherlands register data. For privacy reasons, this cannot
be done one-to-one on the basis of social security numbers. Instead, Statistics Neth-
erlands generates an anonymized and randomized identifier (RIN) on the basis of the
address, date of birth, and gender of the participants in our data set. Consequently,
we can only observe the outcome variables for 242 out of the 250 participants. In
other words, 3% have not been matched to an RIN and therefore cannot be included
in the effect evaluation. However, the impact of this small percentage on the analysis
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Fig.2 Number of participants by treatment cohort

results is presumably negligible. Figure 2 shows the distribution of the participants
over the various cohorts.

For the matching population, we use the applicants who passed the test but
decided not to participate in the program, which corresponds to the group in column
(3) of Table 1. Hence, the matching procedure captures all of the three selection
steps, which are: (i) applying online, (ii) passing the cognitive test, (iii) and finding
an employer for the internship in the second semester. In the original data set, this
amounts to 1141 observations. However, 18% of the non-participating applicants
who passed the test cannot be matched to the register data. This percentage is larger
than in the treatment group, because we do not have the exact address for the non-
participants. The group of non-participants has been matched to the register data
on the basis of birth date, gender, and place of residency, which is less precise than
birth date, gender, and exact address. This yields 936 observations for the matching
population.

3.3 Outcome Variables

To evaluate the effectiveness of the program, we use gross earnings per month and
the number of working days per month as outcome variables. The first outcome
variable, gross earnings per month, is the most important from the participants’
point of view. It also allows us to measure the loss of income during the training
phase, which serves as a monetary measure of the lock-in effect. The reason we use
monthly earnings as a measure, instead of daily or hourly wages, is because this is
the way that earnings are registered in the data. Using daily or hourly wages would
require assumptions about the number of actual working days or hours per month,
which might lead to skewed results. It is also difficult to make assumptions in the
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case of flexible hours and part-time work, so total monthly earnings is the most
accurate measure.

The second outcome variable, workings days per month, provides information
about the participants’ employment status. Again, we focus on working days per
month, instead of working hours per week, because this is the way it is stated in the
data. For the social security system in the Netherlands, it does not matter whether a
working day (SV-dag) lasts one hour or eight: it counts as a day, just as a maximum
of five working days counts as a week and more cannot be registered. In addition
to monthly earnings, the number of working days per month gives us information
about the participants’ employment status during and after the program. While we
cannot observe whether the participants work in the IT sector, with this outcome
variable, we can evaluate whether the goals of the program are met.

The outcome variables are extracted from the aforementioned register data set
from the Dutch Employee Insurance Agency (Uitvoeringsinstituut Werknemers-
verzekeringen or UWYV). The variables in which we are interested contain the raw
unprocessed information that employers submit to the tax authorities each month.
These raw monthly data are not corrected for incidental payments, such as holiday
allowances or end-of-year bonuses. For instance, some workers receive an end-of-
year bonus while others do not. Also, the statutory holiday allowance can be paid
out out in a single specific month, or spread out over twelve months. In order to
eliminate these irregularities in the data, we divide the matching population into 14
groups, corresponding to the 14 cohorts with different start dates, based on the time
of application. In this way, we are able to observe the outcome variable for different
months relative to the program start. We always compare treatment units with con-
trol units within the same year and calendar month.

4 Methodology
4.1 Matching Procedure

To address potential selection bias in the treatment group, we apply a matching
strategy to account for selection based on observable characteristics. The identify-
ing assumption relies on common support, which entails observing non-participants
with the same characteristics as the participants. To achieve common support, it is
necessary to have good data on observable characteristics of the participants and
non-participants (Imbens, 2004). As described in Section 3, we use the rich data
from Statistics Netherlands for this. As matching algorithms (Leuven & Sianesi,
2003), we apply Mahalanobis, Ist-nearest neighbor (without caliper and with
replacement), and Gaussian kernel matching and compare the results among these
three methods. Mahalanobis matching relies on a distance metric (Rubin, 1980),
whereas the nearest neighbor and Gaussian kernel matching rely on the estimation
of the propensity scores. In the evaluation literature, matching is frequently applied
to estimate the effect of training methods (Heckman et al., 1997, 1998) due to its
ability to produce inferences very close to randomized experiments.
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We use the nonparticipants as a matching population instead of the entire Dutch
population for the following reasons. First, the data we have available on the per-
sonality and ability scores allow for a match on characteristics that would otherwise
be unobservable. Second, the participants of the Make IT Work program are more
comparable to those who applied but did not participate than to the general Dutch
population. For instance, the labor market positions and levels of education are more
similar in these two groups. Most nonparticipants were not able to participate due
to lack of space in the program and limited internship opportunities. We are aware
of the fact that both positive and negative selection into the Make IT Work program
may be at play here. This could be that they found a better job opportunity in the
meantime, whereas training participants did not. Such positive selection out of the
program may give rise to an underestimate of the returns to the training. Alterna-
tively, nonparticipants may have moved out because they failed to find an employer.
Such negative selection out of the program would likely give rise to an overestima-
tion. However, the employers had the personality and ability scores at their disposal
at the applicant level when hiring candidates. We use these variables in the matching
procedure, assuring conditional mean independence with respect to these personal-
ity and ability differences.

The observable characteristics that we include are (i) a dummy variable for gen-
der, (ii) dummy variables for migration status (i.e., native Dutch, first generation
migrant, or second generation migrant), (iii) a dummy variable for whether the
individual is receiving a disability insurance benefit, and (iv) the year of birth. The
inclusion of most of these variables is based on the exploratory investigation of
the selection procedure as provided in Section 3.1. Since the application procedure
includes consideration of ability and personality scores by employers, we include
these variables as well. Ability and personality are not normally observable in the
register data, but the unique data from the Make IT Work program allows us to
include them in the matching procedure. Table 3a shows the means of the treated
and control groups after Mahalanobis matching, as well as the corresponding bias
and t-tests. Tables 3b and 3c show the same for nearest neighbor and Gaussian ker-
nel matching, respectively.

Comparing Tables 3a, b, and c, it appears that the nearest neighbor matching
produces the most comparable control groups based on observable characteristics.
This is also reflected in the mean and median bias of the three matching algorithms,
which is shown in Table 3d. Taking the mean and median biases of these three
matching algorithms into consideration, we prefer the nearest neighbor algorithm
over the Mahalanobis and Gaussian kernel neighbor algorithms for the effect evalua-
tion. After matching, all observations rest on common support.

Table 3e shows the average pre-treatment labor market outcomes of the treat-
ment and control groups, for each of the three different matching methods. These
variables are observed seven months before the start of the program, which is well
before the moment when the participants apply for the program. We do not observe
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Table 3 Descriptive statistics, after matching
(a) Mahalanobis matching

Treated Control Bias t-test

(N=242) (N=242) (%) t p-value
Ability score 58.39 57.71 13.6 1.14 0.16
Problem analysis 64.57 64.17 2.6 0.29 0.77
Verbal communication 44.95 44.19 43 0.48 0.63
Sensitivity 49.42 48.84 3.7 0.39 0.70
Persuasiveness 50.17 50.51 -25 —-0.28 0.78
Team working 47.61 46.27 8.8 0.96 0.34
Initiative 51.81 52.47 -5.1 —0.58 0.57
Female 0.28 0.28 0.0 —0.00 1.00
Migrant 0.21 0.21 0.0 0.00 1.00
Disabled benefit recipient 0.02 0.02 0.0 —-0.00 1.00
Year of birth 1984.1 1983.2 11.2 1.35 0.18
(b) 1st-nearest neighbor matching

Treated Control Bias t-test

(N=242) (N=242) (%) t p-value
Ability score 58.39 58.24 3.0 0.30 0.77
Problem analysis 64.57 64.48 0.5 0.06 0.96
Verbal communication 44.95 44.46 2.8 0.28 0.78
Sensitivity 49.42 49.49 -0.5 —0.05 0.96
Persuasiveness 50.17 49.77 2.8 0.28 0.78
Team working 47.61 47.11 33 0.34 0.74
Initiative 51.81 51.65 1.2 0.12 0.90
Female 0.28 0.29 -24 - 0.25 0.80
Migrant 0.21 0.20 2.4 0.25 0.80
Disabled benefit recipient 0.02 0.02 1.3 0.15 0.88
Year of birth 1984.1 1984.0 14 0.16 0.88
(c) Gaussian kernel matching

Treated Control Bias t-test

(N=242) (N=242) (%) t p-value
Ability score 58.39 58.33 1.3 0.13 0.90
Problem analysis 64.57 63.39 7.7 0.79 0.43
Verbal communication 44.95 44.07 5.0 0.51 0.61
Sensitivity 49.42 47.99 9.1 0.96 0.34
Persuasiveness 50.17 49.75 3.0 0.30 0.77
Team working 47.61 46.16 9.5 1.01 0.31
Initiative 51.81 51.07 5.7 0.56 0.58
Female 0.28 0.28 -1.0 —0.11 0.91
Migrant 0.21 0.19 55 0.61 0.55
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Table 3 (continued)

(c) Gaussian kernel matching

Treated Control Bias t-test

(N=242) (N=242) (%) t p-value
Disabled benefit recipient 0.02 0.02 -32 —-0.34 0.74
Year of birth 1984.1 1984.2 -2.0 —-0.24 0.81
(d) Matching quality

Mean bias Median bias

Mahalanobis 4.7 3.7
Nearest neighbor 2.0 24
Gaussian kernel 4.8 5.0

(e) Pre-treatment labor market outcomes, 7 months before the treatment

Treated Control Bias t-test

(N=242) (N=242) (%) t p-value
Mahalanobis matching 1233.0 1395.9 -9.7 —1.08 0.28
earnings per month
Working days per month 13.60 14.91 -9.7 -0.97 0.33
1st-nearest neighbor matching 1233.0 13224 -53 -0.59 0.56
earnings per month
Working days per month 13.60 14.56 -7.1 -0.70 0.48
Gaussian kernel matching 1233.0 1385.8 -9.1 -0.59 0.56
earnings per month
Working days per month 13.60 15.68 —-155 -0.70 0.48

any statistically significant differences between the treatment and control groups in
terms of monthly earnings and working days, providing evidence for conditional
mean independence on observable characteristics.

In addition, these statistics give some numerical support for the hypothesis about
the composition of the target group of the Make IT Work program stated in the Intro-
duction section. When looking at the ratio of average monthly earnings and working
days, we can conclude that this is just slightly above the daily minimum wage in the
Netherlands.! Since a considerable proportion target group of this program is likely not
eligible for unemployment benefits due to lack of employment history when graduating
from university—it is required to have a minimum employment duration of 26 weeks
in order to be eligible for unemployment benefits in the Netherlands—it looks like that
they predominantly hold on to minimum-wage jobs when applying for the Make IT
Work program, even though they possess a bachelor’s degree.

' As of July 2022,the minimum wage in the Netherlands is EUR 81.06 per day (see https://www.gover
nment.nl/topics/minimum-wage/amount-of-the-minimum-wage).
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4.2 Empirical Model

To calculate the average treatment effect (ATE), we estimate the following two model
specifications for the two outcome variables after matching, as shown in Equations 1
and 2. In these models the ATE is represented by f3,;, which is the parameter of interest.
For each outcome variable, we estimate a total amount of j € [0, 35] models, where j
represents the month relative to the program start.

EARNINGS;; = py, + B, TREATMENT; + p; )

WORKING DAYS; = f, +  TREATMENT +; )

We estimate both models using weighted least squares (WLS) with clustered
standard errors at the cohort level (see Figure 2), because the cohorts are sam-
pled at 14 different moments (Abadie et al., 2020). This provides more conserva-
tive standard errors than the heteroskedasticity-robust standard errors provided by
the psmatch2 package (Leuven & Sianesi, 2003). In the next section, we report the
results of estimating the empirical models.

5 Results
5.1 Effect on Earnings

Figure 3a shows the effects of the training program on gross earnings per month
after nearest neighbor matching. In the first five months following the start of the
training, there is a substantial negative effect on participants’ earnings. This nega-
tive effect gradually becomes smaller between five to six months after the start of
the training. This moment of six months after the start of the training coincides with
the start of the second semester of the program, in which the participants start their
internships. After this period, the participants start earning more than the non-par-
ticipants. This positive effect on earnings amounts around EUR 500 gross per month
and is statistically significant at the 5% level. This effect stays statistically significant
until the end of the evaluation window of our analysis, which is 36 months after the
program start.

5.2 Effect on Working Days

Figure 3b shows the effects on working days per month. As can be seen, there is a
negative effect of around 10 working days per month less until four months after the
start of the training. As with the effect on gross earnings per month, this negative
effect on working days per month diminishes at five to six months after the start of
the training. The negative effect on working days per month turns into a positive
effect at six months after the program start. This coincides with the month in which
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(a) Gross earnings per month
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Fig. 3 Results after Ist-nearest neighbor matching

the participants start the internship, which explains this jump in workings days per
month. This positive effect amounts to roughly eight working days per month. This
gradually abates after 12 to 18 months after program start, but remains statistically
significant over the 36-month evaluation window. The decrease in working days
after 18 months might be due to some of the participants reducing their hours after
the initial contract during the internship phase. As an additional robustness check,
we present the results based on Gaussian kernel and nearest neighbor matching in
Figs. 4 and 5 in the Appendix. These methods yield comparable results.

5.3 Cost-benefit analysis

Once we estimate the ATEs of program participation on earnings, we can use those
estimates to calculate the program’s IRR. The ATE measures the average effect on
earnings when participating versus not participating. Therefore, the ATEs that we
use in the cost-benefit analysis take the lock-in period into account. For the partici-
pants, the out-of-pocket costs of the retraining program consist of a EUR 1000 down
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payment, EUR 300 of which has to be paid up front and the remaining EUR 700 in
the second month of the program. The employers pay a EUR 6000 fee per partici-
pant after the end of the first semester, but, as it is not paid by the participants, we do
not include the employer contribution in the cost-benefit analysis. This leads to the
following formula for the net present value (NPV):

NPV = TEearnings,t _ 300 700

=0 a+r (1+r)0_(1+r)2

3

The IRR is the discount rate r for which the NPV equals zero. When we set equa-
tion 3 to zero and solve for r, this gives an estimate of the internal rate of return
(IRR). Using the ATE estimates and 95% confidence bands in Figure 3a, this pro-
cedure leads to an estimated IRR of 7.80% for the three-year evaluation period.
In order to compare this IRR with an annual rate of return, such as the return to
schooling, we annualize this IRR to a compound annual growth rate. In doing so,
the annual IRR equals 2.53% per year (95% CI 2.02-3.04%). This implies that for
any interest rate smaller than 2.53%, the NPV of participating in the retraining pro-
gram is positive for the first three years after the program start. This is a conserva-
tive estimate, because it is possible that the IRR will increase when we expand our
36-month evaluation period and the positive effects on earnings are still positive
and significant in the period thereafter. To construct the 95% confidence interval,
we have bootstrapped the 36 wage coefficients with 10,000 replications. This gives
us 10,000 approximations of the IRR estimate, giving the sampling distribution and
standard error of the IRR estimate used for the confidence interval.

To get an idea of what the returns to the training would look like on a longer time
horizon, we extrapolate the ATE during the two years after the 12-month training
and internship period.

We believe it is safe to assume that these effects will continue for more years, looking
at the steady effect on earnings displayed in Figure 3a. When we extrapolate the ATE
with another 24 months by taking the mean of the ATE in month 12 to 35, the annual
IRR for this 5-year horizon amounts to 2.75%. Repeating this exercise for a 10-year hori-
zon results in an annual IRR of 2.78%. For a 15-year horizon, the IRR remains at 2.78%.

To put an IRR of 2.53% for retraining program into context, we can compare it to
the rate of return to a year of education. Recent overviews conclude that the annual
return to one additional year of schooling (Psacharopoulos & Patrinos, 2018) is about
9%. For the Netherlands, recent estimates of the return to one additional year of school-
ing are around 8% (Gerritsen & Hartog, 2016). Compared to these returns, an annual
IRR of 2.53% is low, even though it is statistically significant based on a 95% confi-
dence interval.

6 Discussion and conclusion
The results of this evaluation study answer the main research question of whether

IT retraining is an effective tool for improving the labor market outcomes of par-
ticipants. Better labor market outcomes is the goal of the Make IT Work retraining
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program. In order to assess the effects of the retraining program, we examine (i)
monthly earnings and (ii) working days per month. Considering monthly earnings,
this study shows that IT retraining increases earnings over a period from 6 until 36
months after program start, which is the end of our evaluation time frame. Con-
sequently, we conclude that the program is effective at increasing the earnings of
the participants in the long run. With respect to the number of working days per
month, there is a positive effect from six months after program start onward. This
is a persistent effect of around four to five additional working days per month.
Therefore, we conclude that the IT retraining program is effective at increasing
the number of working days per month in the long run. It is possible that, if we
were able to extend the evaluation time frame, the positive effects on earnings and
working days would be shown to persist. However, we are unable to extend the
time span at this point, because no further data is available. Extending the evalu-
ation timeframe up to 15 years under the assumption that the effect on earnings
remains stable does not increase the returns to the training by a significant amount.

In accordance with the recent ALMP evaluation literature, we find substantial,
albeit relatively short-lived, negative effects in the months following the program
start for both outcome variables. These negative effects last up to five months
after the program start. However, most of the ALMPs that revolve around train-
ing and retraining are associated with relatively long-lasting lock-in effects (Card
et al., 2017; Vooren et al., 2019a). In this respect, the retraining program evalu-
ated in this paper performs relatively well. In general, we conclude that the pro-
gram goals of Make IT Work are met and that, as an ALMP, it demonstrates that
IT retraining is effective at increasing both earnings and the number of working
days per month. In order to assess whether the positive long-term effects on earn-
ings justify the costs as well as the initial negative effects on earnings, we per-
form a conservative cost-benefit analysis that includes the costs of both the lock-
in effects and the tuition fee. Our cost-benefit analysis points to a 2.53% annual
internal rate of return, which leads to the conclusion that this IT retraining pro-
gram for highly educated workers is associated with positive returns. However,
these returns are lower than the returns to schooling estimated for the Netherlands
(Gerritsen & Hartog, 2016; Psacharopoulos & Patrinos, 2018). Therefore, we
conclude that the program is effective, although the effects are small.

In the introduction to this paper, a couple of reasons were given as to why this
particular training program could be potentially more effective than other training
and retraining ALMPs. The first reason is that, in contrast to most ALMPs, Make
IT Work is voluntary. It calls for a willing commitment of both time and money,
since participants must make a down payment of EUR 1000. Given these con-
siderations, participants are expected to be more motivated and, accordingly, the
program is anticipated to be more successful than other ALMPs. In addition, the
participants in Make IT Work are highly educated, lending support to the conten-
tion of Heckman et al. (1999) that ALMPs are usually ineffectual, because they
target ’less able’ individuals. Indeed, most programs evaluated in the literature
focus on poorly educated workers (Cavaco et al., 2013; Kruppe & Lang, 2018;
Wapler et al., 2018; Wunsch & Lechner, 2008). The participants of the Make IT
Work program must have at least a bachelor’s degree to be admitted.
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A final argument why ALMPs are usually ineffective is that in most cases, they
are administered by public sector parties. Heckman et al. (1999) contend that the
internal rate of return associated with public training programs is usually lower than
that of private sector training. However, Make IT Work is a hybrid: it was designed
in co-operation with private sector employers, but implemented by a public sector
institution. The results from our study indicate a positive albeit comparatively mod-
est internal rate of return. This outcome serves to demonstrate the positive contribu-
tion that the private sector can make to training and retraining programs, even when
they are established in cooperation with the public sector. Make IT Work ’s positive
internal rate of return, however limited, nevertheless suggests that it is not necessary
to entrust ALMP retraining programs entirely to the private sector to enjoy some
success.

The positive return was further strengthened by the combination of classroom
training with on-the-job training. On-the-job training is usually associated with
shorter lock-in effects than classroom training programs (Card et al., 2017; Vooren
et al., 2019a). Last but not least, measures of success such as increased earnings and
working days, may also be attributed to the participants’ education level and the vol-
untary nature of the program. Indeed, there might be positive effects on other labor
market outcomes related to job stability that we cannot observe in the register data,
such as the probability of having a fixed-term contract. Altogether, the results from
this paper indicate that IT retraining is effective at improving the labor market out-
comes of the participants, although is associated with relatively small returns when
compared to the returns to schooling.

Appendix

See Figs. 4 and 5.
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(a) Gaussian kernel matching
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Fig.4 Results alternative matching algorithms for gross earnings per month
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(a) Gaussian kernel matching
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Fig.5 Results alternative matching algorithms for working days per month
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