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Abstract
This paper investigates the effects of training apprentices on the productivity of 
Hungarian firms. In order to retrieve a causal estimate of the effects of apprentice-
ship training on firm performance, we apply a set of dynamic panel data estimation 
techniques. We create a unique administrative matched employer–employee panel 
dataset containing over 40,000 employers in Hungary over the period between 2003 
and 2011 in the manufacturing, construction, wholesale and retail, and hotels and 
restaurants sector. Our results indicate that an increase in the share of apprentices 
(per full-time equivalent worker) decreases the productivity of Hungarian firms in 
all four sectors. Further, we observe that retention rates of apprentices are low and 
further slacken in the final years of observation.
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1 Introduction

Previous literature indicated the complex net cost puzzle of training apprentices 
with firm-specific skills. Firms may be reluctant to train apprentices, since train-
ing is costly and time-intensive, and the return on investment is insecure (Acemoglu 
and Pischke 1998, 1999a, b; Dionisius et al. 2009; Muehlemann et al. 2010). None-
theless, facts and figures indicate that many firms are training apprentices (Eich-
horst et al. 2015). In 2015, in the EU-28 10.3 million students (47.3%) followed a 
vocational education and training (VET) program (Eurostat Database 2017).1 There 
are at least two particular reasons, identified from the literature, for why firms train 
apprentices despite the costs and risks associated with it. First, firms invest in the 
human capital of students in order to reveal competences and abilities of the trained 
apprentices (Lerman 2014; Muehlemann 2016). At the end of the training period, 
good apprentices can be retained, while firms can get return on the trained specific 
skills. Moreover, it can result in a better match quality between the applicant and the 
job, which yields lower turnover rates (Muehlemann 2016). This recruiting strategy 
of firms is called ‘investment strategy.’ Second, firms may wish to reduce the wage 
bill by choosing to replace low-skilled workers with apprentices. If firms wish to 
sustain productivity and gross profit, it is then implicitly assumed that apprentices 
can perform as well as low-skilled workers on the job. This recruiting strategy of 
firms is referred to as ‘substitution strategy.’2

Evidence on the (lack of) profitability of both types of recruiting strategies has 
been presented by Mohrenweiser and Zwick (2009). On the one hand, the authors 
find that an increase in the share of apprentices relative to the share of low-skilled 
workers has a negative impact on the performance of manufacturing firms in Ger-
many. On the other hand, the authors estimate a positive impact in the short run of 
training apprentices in the commercial and trade, and crafts and construction sec-
tors. It is then argued that employers are willing to bear a net cost when: (1) appren-
tices are more likely to stay in the training company after the training period; (2) the 
skills learned at the training company are firm specific; and (3) it is difficult to find 
skilled applicants on the job market.

Another explanation for the negative impact of apprenticeship training on firm-
level productivity in the manufacturing sector in Germany can be found in Dioni-
sius et  al. (2009). These authors compare the net cost associated with apprentice-
ship training in Germany with Switzerland and conclude that it is not profitable to 
train apprentices in Germany, while it is profitable in Switzerland. It is then argued 
that in the German manufacturing sector the tasks allocated to apprentices are less 
productive than in Switzerland. Therefore, the practice of allocating more produc-
tive tasks to apprentices (in Switzerland) appears to be better for firm performance. 
However, Dionisius et al. (ibid.) indicate other factors that can explain differences in 

1 Finland (71.3%), Croatia (70.4%) and Austria (69.5%) capture the largest shares of students enrolled in 
VET, while Malta (12.7%), Cyprus (15.6%) and Hungary (23.2%) the lowest shares.
2 According to Mohrenweiser and Backes-Gellner (2010), in Germany, 18.5% of firms follow a substitu-
tion strategy, while 43.7% follow an investment strategy.
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the net cost between Germany and Switzerland, such as relative wages and the dif-
ferent organization and legislation of the VET system. For example, apprentices in 
Switzerland can earn higher wages than in Germany, which can partly be explained 
by the allocated productive tasks within a Swiss firm. Swiss firms are also forced to 
employ apprentices in a cost-efficient way owing to the relatively low employment 
protection legislation (EPL) in Switzerland as compared to Germany. The relatively 
low EPL can stimulate Swiss firms to apply substitution recruiting strategies more 
frequently than German firms (see also Muehlemann et al. 2010).

This paper contributes to the previous literature in at least three ways. First, while 
previous literature provides several studies on Germany and Switzerland or other 
continental European countries (Steedman 2001; Muehlemann 2016), we estimate 
the effect of apprenticeship training on firm performance in Hungary for the first 
time. Similar to other European countries, increasing apprenticeship training is a 
special priority for the Hungarian government (Kis et al. 2008). In order to achieve 
higher enrollment rates in VET, the government provides all Hungarian firms with 
financial incentives (Sect. 2).

Further, we apply these aforementioned identification strategies on a unique 
administrative matched employer–employee dataset covering the period of 
2003–2011 in Hungary. The fact that we have collected administrative large-scale 
data for Hungary is considered the second important contribution to the previous 
literature, because: (1) the previous literature uses relatively old (1997–2002) sur-
vey data on apprenticeship training in firms (e.g., Mohrenweiser and Zwick 2009) 
or (2) the previous literature can only provide evidence for Germany or Switzer-
land using the large-scale cost–benefit survey in Germany measured since the 1970s 
or the Swiss survey measured since 2000 (Muehlemann 2016; Muehlemann and 
Wolter 2014). Further, owing to the relevant Hungarian legislation, we can precisely 
identify apprentices from vocational training schools, and their total days worked at 
the firm, in the microdata.3 We observe the full working history of all individuals 
(including apprentices, but also regular employees) working at the training estab-
lishment. Owing to this information, we are able to distinguish between inexperi-
enced apprentices (< 1  year of experience) and experienced apprentices (> 1  year 
of experience). In line with Bajgar and Criscuolo (2016), we argue that productivity 
may depend on the specific phase in the apprenticeship training program, given that 
experienced apprentices at the firm are more likely to perform productive tasks. In 
addition, owing to detailed administrative firm balance sheet data, it is possible to 
directly estimate the productivity effects of apprenticeship training on firms.

Third, there are relatively few studies that estimate the causal impact of (on-the-
job) apprenticeship training on firm performance (Muehlemann and Wolter 2014; 
Bajgar and Criscuolo 2016). In line with the literature on the impact of (appren-
ticeship) training on firm performance, for example, Griliches and Mairesse (1995), 
Dearden et  al. (2006), Mohrenweiser and Zwick (2009) and Konings and Vanor-
melingen (2015), we explore different identification strategies in order to retrieve 

3 Hungarian legislation stipulates that apprentices have to work with special government-regulated con-
tracts.
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a causal estimate. These strategies include fixed effects and system GMM. In par-
ticular, system GMM has proven to be superior to other techniques (e.g., matching 
models in Dionisius et al. 2009) that are prone to omitted variable bias, endogeneity 
and simultaneity problems, in particular, in the occurrence of an aggregate activity 
shock like the 2008 financial crisis (Sect. 3).

The net cost puzzle for Hungary is complex. The results indicate that apprentices 
were trained in increasing numbers over the period of 2003 to 2011 in the sectors of 
manufacturing; construction; wholesale, retail and repair; and hotels and restaurants. 
However, both inexperienced and experienced apprentices are associated with lower 
productivity for all of the four sectors. At the same time, we observe that retention 
rates are relatively low, at least compared to Germany,4 with less than 10% in 2011.

This paper proceeds as follows. In Sect. 2, we describe the Hungarian VET sys-
tem and legislation. Section  3 discusses the empirical strategy. Data and descrip-
tive statistics are presented in Sect. 4 and the results in Sect. 5. A discussion of the 
results is given in Sect. 6. Conclusion is given in Section 7.

2  The Hungarian VET system

Until the change from the socialist system to a market economy, most training work-
shops were run by enterprises in Hungary. After the system change in 1989, training 
was transferred to the model workshops of schools in most cases (partly because of 
the closure of firms and the economic crisis during the transition). However, since 
the 2000s there has been a clearly identifiable and increasing trend in the involve-
ment of enterprises in apprentice training. The reputation of vocational education 
and training is low in Hungary; most people prefer general education. Job prospects 
of people with vocational certificates are not appealing. According to the Institute 
for Economic and Enterprise Research (Gazdaság-és Vállalkozáselemzési Intézete, 
GVI) of the Hungarian Chamber of Commerce and Industry (Magyar Kereskedelmi 
és Iparkamara MKIK) in 2010, 24.1% of young people were unemployed 9 month 
after receiving their vocational qualifications and an additional 32.4% continued 
their studies (either to train for another occupation or obtain higher qualifications), 
while only 38.8% were employed (CEDEFOP 2011).

Compulsory education in Hungary starts at the age of five and ends at the age of 
18.5 Students, who successfully finish (primary and) lower secondary education, can 
choose between three different upper secondary education tracks, generally at the 
age of 14. Two of these provide vocational education and training (VET): vocational 
secondary schools (szakközépiskola, SZKI) with higher education access and voca-
tional schools (szakiskola, SZI) without it.

4 Retention rates of about 77% are mentioned for the German manufacturing sector. These rates can be 
compared with 72% for the trade and commercial sector and 61.5% for the crafts and construction sector 
(Mohrenweiser and Zwick 2009, p. 632, footnote 5).
5 It should be noted that the compulsory education age in Hungary changed in 2012 to 3 years (entrance 
age) and 16 years. However, this change happened after our examined time period of 2003–2011.
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About two-thirds of all students at this age indeed choose VET programs. In the 
2009–2010 academic year, in total 128,674 students (26.8%) choose education or 
training offered in SZI and 177,020 students6 (36.8%) choose education or training 
offered in SZKI. The option for students who wish to go outside the VET system 
is general education in the so-called grammar schools. In the 2009–2010 academic 
year, in total 175,259 students (36.4%) enrolled in grammar schools, which provide 
a secondary education diploma (ISCED 3A). (CEDEFOP 2011, Table 7, page 32).7

VET programs offered in vocational schools (SZI) consist of general and prev-
ocational education and training in the first 2  years (‘general education grades’) 
and are followed by one to three (generally two) years of practical training (‘VET 
grades,’ ISCED 2C or ISCED 3C) to obtain a vocational qualification.8 This voca-
tional qualification is not sufficient for accessing higher education. Generally, 
students enter the labor market in the years after leaving the training, or have to 
follow additional (usually three years) programs for gaining access to higher edu-
cation. Vocational secondary schools (SZKI) offer 4 years of general and prevoca-
tional training (ISCED 3A) that leads to a secondary education diploma. The 4 years 
before obtaining these diplomas is also referred to as ‘general education grades.’ 
With the diploma, students can choose adult education or training (i.e., advanced 
tertiary vocational programs and bachelor and master programs) or go for 1-year 
to 3-year (post-secondary non-tertiary) vocational education and training. (Detailed 
information can be retrieved from CEDEFOP 2011, p. 28.)

Figure 1 provides a summary of the Hungarian VET system. The analysis in this 
paper solely focusses on students who choose vocational schools (SZI). Vocational 
schools (SZI) may offer school-based vocational education and employer-provided 
training at the workplace to students (sometimes in tandem). SZI students can 

Fig. 1  Simplified visualization of the VET system in Hungary. Source: Authors own design based on 
CEDEFOP (2011)

6 This figure excludes 64,984 students from post-secondary non-tertiary VET who are enrolled in SZKI.
7 These shares were relatively stable during our examined period (see CEDEFOP 2011, Fig.  4, page 
31.).
8 In September 2010, ‘early VET programs’ (előrehozott szakiskolai képzés) were introduced, which 
offer 3 years of vocational training right after the completion of lower secondary education.
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choose either types of vocational training. As a result, in any one class, one can find 
a combination of students who follow either school-based vocational education or 
employer-provided training at the workplace. There is no clear rule in the Hungarian 
legislation for VET that allocates students between school-based training and on-
the-job training.9 In fact, relatively little is known about the allocation mechanisms. 
Horn (2016) found that, after taking local labor market conditions into account, indi-
vidual background characteristics do not determine the decision whether one partici-
pates in school-based training or employer-provided training at the workplace.

School-based training involves the school in the organization of the training. Usu-
ally, vocational teachers are teaching in model workshops, which can be, but are not 
necessarily in the school building. For employer-provided training at the workplace, 
the student and/or the school engages a private firm. In this case, a special tri-party 
contract is required (‘tanulószerződés’) between the firm, the student and the school. 
Training firms are required to compensate apprentices for their work, although the 
amount of this compensation is very small. The required payment is 20% of the 
minimum wage per month (50 euros in 2011). However, the government only regu-
lates the minimum wage an apprentice can earn, whereby firms are allowed offering 
higher (or varied) wages to apprentices.

Unfortunately, not much is known about what kind of tasks apprentices do within 
firms. The Hungarian system is highly decentralized, so we expect heterogeneity in 
apprenticeship training across firms. Based on anecdotal evidence, some firms pro-
vide formal training while others provide internship-type work placement (see also 
Horn 2016).

The Hungarian government provides financial incentives to firms in order to 
encourage the training of apprentices coming from vocational training schools. This 
is organized as follows. All employers are required to pay a compulsory VET tax 
(szakképzési hozzájárulás) to the government, which is 1.5% of the total payroll of 
the firm. However, employers are also allowed spending their VET tax on training 
apprentices themselves, offering direct support to a VET institution, or training their 
own employees (Kis et al. 2008).10 This legislative environment aims to increase the 
number of firms training apprentices. Similar pay-or-train schemes can be found in 
other developed countries, for example, Canada (Dostie 2015), France (Bassanini 
et al. 2005) or Denmark (CEDEFOP 2012, p. 54). However, there is not much evi-
dence on the effectiveness of these types of schemes in increasing the overall level 
of training in firms (Dostie 2015).

10 For the former two options, firms cannot use the whole amount of their mandatory VET tax. They can 
use up to 70% of the total tax for offering direct support for secondary institutions and 35% for support-
ing tertiary institutions. Larger firms can use up to 33% and small and medium enterprises up to 60% of 
the total tax to train their own workers. Also the possibility of training own employees ended in 2012 
because of a legislation change, but this does not affect our analysis.

9 In 2011, about 60% of the 11th- and 12th-grade VET students participated in on-the-job training pro-
grams, while 40% of VET students participated in school-based workshops (based on KIR-STAT 2011, 
Table a05t24). Apparently, on-the-job training is more popular among VET students than school-based 
training.



1691

1 3

On the productivity effects of training apprentices in Hungary:…

3  Empirical strategy

Similar to other studies on the impact of training, for example, Aubert and Crepon 
(2006), Göbel and Zwick (2009), Mohrenweiser and Zwick (2009), and Konings 
and Vanormelingen (2015), we estimate a Cobb–Douglas production function that 
includes indicators for human capital and physical capital and also accounts for the 
firms’ state of technology. In particular, we estimate:

where the outcome measure ln(�jt) is the value of total production (value added) per 
full-time equivalent worker of firm j in year t . Since we use share of days worked in 
our specification and apprentices generally only work part time, we divided the total 
number of days worked in a given firm by the number of workdays in the year to get 
the number of full-time equivalent workers.

In order to increase homogeneity across firms, we solely focus on four sectors 
(industries) that employ apprentices heavily in Hungary, namely manufacturing; 
construction; wholesale, retail and repair; and hotels and restaurants (see Sect. 4 for 
more details).

With respect to the specification of human capital, we adhere to the previous 
works of Dearden et al. (2006) and Mohrenweiser and Zwick (2009). These authors 
compare the value of marginal productivity (VMP) of apprentices with the VMP 
of semi- and low-skilled employees working at a firm. The ratio of apprentices and 
semi- and unskilled employees is usually expressed in a percentage form; however, 
the firm-level data also allow us to express these indicators in days worked at the 
firm within a particular year. Hereby, we can be more accurate regarding the actual 
productivity of employees.

The parameters share manjt ; share consjt ; share retailjt ; and share hotelsjt denote 
the percentage share of days worked by apprentices in the sectors manufacturing; 
construction; wholesale, retail and repair; and hotels and restaurants, respectively. 
The reference category is then the share of days worked by regular employees at 
the firm. We also include share skill(m)jt and share skill(h)jt in order to compare the 
share of medium-skilled (or semi-skilled) and high-skilled employees with the share 
of low-skilled apprentices. This way the reference category becomes the share of 
days worked by low-skilled regular employees at the firm. These control variables 
can be particularly interesting for statistical inference on replacing cost-intensive 
semi- and low-skilled labor by apprentices at the time of a negative shock on gross 
profit. This will be discussed in the next paragraph.

Factual comparing of the VMP of apprentices with ‘regular’ employees can ham-
per statistical inference owing to omitted variables bias and self-selection bias (Baj-
gar and Criscuolo 2016). Regression (1) acknowledges unobserved firm-specific 
effects �j . Correlational estimates are most likely biased due to the firms’ endog-
enous recruiting process (Cabus and Somers 2017). For example, firms could have 

(1)

ln(�jt) = �0 + �1 ln(�jt−1) + �2share manjt + �3share consjt + �4share retailjt + �5share hotelsjt

+ �6share skill(m)jt + �7share skill(h)jt + �8 ln
(

deprjt
)

+
∑

�kXkjt + �j + �jt
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altered the human capital mix in response to the financial crisis of 2008 and the 
Great Recession, in essence an exogenous aggregate activity shock on the labor mar-
ket that also affects firms’ performance. It can be seen that Hungary immediately felt 
the consequences of the economic contraction on the labor market (Eurostat 2016). 
As a result, firms may have replaced cost-intensive semi- and low-skilled labor by 
apprentices, while a negative shock on revenue (value of total productivity, VTP) 
can also be observed. One may then wrongly conclude that increasing the percent-
age share of apprentices in the firm declines VTP. These endogeneity issues (or 
‘simultaneity of events’) usually tend to over- or underestimate the ‘true’ effects of 
employing apprentices at the firm on VTP.

We deal with the aforementioned issues in several ways. First, we estimate a 
Cobb–Douglas production function that controls for trends and time-invariant 
(unobserved) information with respect to the shares of days worked by apprentices 
over time ( �t ); the industry wherein the firm operates ( �j ); and the firm 

(

�j
)

 . Doing 
so, in particular, we estimate the change in percentage share of (or days worked by) 
apprentices between time t − 1 and t on the change in VTP. This corresponds to a 
first-difference model (Nickell 1981):

The first-difference model deletes the constant from regression (1) and the firm-
specific effects �j . Further, for the empirical application it meets the requirements of 
small T (few time periods) large N (many firms) (Baum 2013; see Sect. 4—Data). 
According to Arellano and Bond (1991), more efficient estimates can be constructed 
by using generalized methods of moments (GMM). By controlling for firm-specific 
effects in a first-difference model, one may construct instruments from the lagged 
level of the corresponding variables. However, it is also acknowledged that using 
the lagged level of first differences does not solve the issue of endogeneity (i.e., 
the lagged level may be correlated with past and current realizations of the error 
term; Baum 2013). Therefore, Arellano and Bover (1995) and further Blundell and 
Bond (1998) suggest that the change in percentage share of (or days worked by) 
apprentices should be instrumented by the fourth lag of the corresponding variable. 
The authors argue that, in this manner, contemporary exogenous aggregate activity 
shocks have no effect on the lagged variables.

The set of instruments for each included ‘share’ in regression (2) can be repre-
sented by the following matrix notation:

(2)

Δ ln(�jt) = �1Δ ln(�jt−1) + �2Δshare manjt + �3Δshare consjt + �4Δshare retailjt

+ �5Δshare hotelsjt + �6Δshare skill(m)jt + �7Δshare skill(h)jt

+ �8Δ ln
(

deprjt
)

+
∑

�kΔXkjt + Δ�jt
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In short, the first observation is lost in applying the first-difference transformation. 
Then, the instrument lag of apprentices (t − 1) has been instrumented by using the 
change in share of apprentices between time period (t − 2) and (t − 3) , so that we need 
at least four subsequent periods of observation (from time t to time t − 3 ) of one firm. 
Consequently, we estimate a dynamic panel data model and, according to Blundell 
and Bond (1998), the optimal moment (or instrument) conditions are identified by 
applying GMM. We have used the same empirical strategy to the share of days worked 
by apprentices in the four industries, namely manufacturing; construction; whole-
sale, retail and repair; and hotels and restaurants. Taking all these equations together, 
this empirical strategy is often referred to as system GMM. The results of the system 
GMM are then compared to those of fixed effects models that include no instruments.

With respect to the specification of physical capital, we include an indicator for 
the logarithm of yearly depreciation per full-time equivalent worker denoted by 
ln
(

deprjt
)

 . This variable is included in order to control for differences between firms 
with respect to (optimal) size and economies of scale. Hence, it is acknowledged 
that smaller firms will have a more rapid decline in marginal revenue from employ-
ing an additional worker (i.e., an apprentice or a semi- or low-skilled worker).

The vector Xkjt denotes a set of control variables. In particular, we control for the 
firm workforce composition in terms of share of days worked by prime-aged (25–55) 
and older workers (55 +) and the share of days worked by people in a second job. 
We also include other control variables measured at the level of the firm, namely the 
firm size; year of the firm’s entry into the dataset; whether the firm is exporting pro-
duction and/or services to foreign countries; and an indicator for foreign ownership.

Finally, a standard Cobb–Douglas production function takes into account the 
firms’ state of technology by including a fixed parameter (often denoted by: A). 
Higher technological advances are associated with capital-intensive production, 
more high-skilled and fewer low-skilled workers (Griliches 1969; Autor et al. 2003). 
We control for these potential differences across firms and across industries in sev-
eral ways. First, in the short run, the state of technology can be considered constant 
over time. A first-difference model then controls for technological advances. Sec-
ond, in case there should be some variation over time, we control for capital expan-
sion by including the variable of yearly depreciation. Third, by using the fourth lag 
as an instrument for change in the percentage share of apprentices, one avoids the 
effects of contemporary capital expansion on (endogenous) hiring decisions of the 
firm (Blundell and Bond 1998). To conclude, we estimate a first-difference instru-
mental variable specification that also includes a constant parameter. It is argued 
that the constant of the regression captures the variation that cannot be explained by 
the aforementioned variables.

Zj =

⎛

⎜

⎜

⎜

⎜

⎜

⎜

⎝

. .

sharej1 .

sharej2 sharej1
⋮ ⋮

sharejT−2 sharejT−3

⎞

⎟

⎟

⎟

⎟

⎟

⎟

⎠
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4  Data

We use unique Hungarian administrative data that match employer information 
to employee information. The employee data contain monthly observations of 
basic demographic information and complete work and social transfer history on a 
monthly basis on all individuals between January 2003 and December 2011. Fur-
thermore, we have yearly balance sheet data on private firms that can be matched to 
the employees in the data.

In the data, we can identify apprentices working with a special student contract 
required for an apprenticeship at a private firm (Sect. 2). Unfortunately, the dataset 
does not contain information on educational attainment for all individuals, but only 
for individuals who were registered as unemployed between 2003 and 2011, and for 
people who studied in or after 2009. In fact, information on educational attainment 
for students with a contract at a private firm is only necessary for the identification 
of students in tertiary education, which are, on average, incomparable to students 
in vocational training schools. In order to overcome this data limitation, we only 
considered apprentices who were at most 19 years old at the end of their appren-
ticeship. By definition, this restriction rules out apprentices in tertiary education. 
Furthermore, we also excluded people working as apprentices in the educational 
sector, because we believe that firms in the educational sector are specializing in 
apprenticeship training for private vocational training schools. These firms are doing 
private, school-based practical training.

Based on KIR-STAT (2011; Table a05t24), officially, there were 36,960 students 
in total who were younger than 19 years old, who had a student contract with a pri-
vate firm, and who were completing practical training in these private firms in 2011. 
In our final dataset, which is 50% of the whole population aged 5–74 in 2003, we 
identified 16,824 apprentices in 2011. Ultimately, we were able to identify over 91% 
of all apprentices from vocational training schools in Hungary in 2011.

To estimate the effect of apprenticeship training on firm performance and to 
allow for dynamic panel data estimation techniques, we constructed a yearly firm 
panel dataset for each year between 2003 and 2011. We calculated the share of 
apprentices and days worked by apprentices in every firm in each year. We counted 
all employees and apprentices who worked at the firm for at least 1  month in a 
given year. We also calculated the shares of low-skilled, medium-skilled and 
high-skilled workers in the firms,11 and the share of young workers (younger than 
25  years old12), prime-aged workers (25–55  years old) and older workers (older 
than 55 years old).

11 To estimate the skill level of the different workers, we used the highest skilled job between 2003 and 
2011, based on occupational codes, as a proxy for skill level. We also have used the available information 
on educational attainment to improve the classification.
12 The compulsory school age was 18 years at the time of our observed period, so there is only a very 
small group of workers, younger than 20 years, but working full time. This can be problematic for our 
estimation. Therefore, younger than 25 years old would be a more suitable control group. However, to 
check the robustness of our results we estimated our main tables using a cutoff at age 19 years. We con-
clude that the interpretation of our results remains the same.
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We limited the final dataset to firms with a minimum of five employees (on aver-
age) in order to reduce measurement error from using worker shares. Furthermore, 
because of the requirements for using the two-step system GMM estimator (Sect. 3), 
we restricted the final dataset to firms with at least four observations in the dataset 
and with no bigger gaps than three years between observations.

A final restriction deals with the industries wherein apprentices work. It can be 
seen in Fig. 2 that there are only four broadly defined industries that employ a sig-
nificant number of apprentices, namely manufacturing; construction; wholesale and 
retail; and hotels and restaurants. Altogether, these four sectors cover 93% of all 
apprentices from vocational training schools employed in private firms. Therefore, 
the data are restricted to these four important sectors.

Table 4 (“Appendix”) presents the total number of observations and firms in each 
stage in our data selection process. The final dataset consists of 287,012 observa-
tions for 42,745 different firms.

Table 1 presents the descriptive statistics. It is clear that a lot of firms in Hun-
gary do not train apprentices. In Sect. 5, we also take into account the firms without 
apprentices in our sample, because they are important when we include (industry-
specific) yearly trends in our estimations. As a robustness check, however, we run 
our estimations on the subsample of only firms with apprentices, and the results are 
very similar to the ones presented in the paper. 

We present the descriptive statistics separately for the sample of firms with at 
least one apprentice between 2003 and 2011 (‘apprentice sample’) and for firms who 
did not hire apprentices at all during this period (‘non-apprentice sample’). Based on 

Fig. 2  Total number of apprentices by industry. Source: Compiled by the authors
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t-tests, the mean of the different variables differs between these two subsamples in 
almost all cases (see last column for p-values).

Regarding the skill and age compositions of the firms, Table  1 shows that 
12.8% of employees are defined as low skilled (incl. 0.6% of apprentices), 63.5% 
are medium skilled and 23.6% are high skilled. The share of low-skilled and high-
skilled workers is lower in our ‘apprentice sample,’ while the share of medium-
skilled workers is higher. Table 1 also includes a variable called ‘second job’ that 
indicates the share of people in second jobs. About 1.9% of employees had a second 
job. This share is a bit lower in our ‘apprentice sample’ (1.3%). The largest share 
(82.4%) of employees is prime aged, while 9.8% are youngsters and 7.6% are aged 
55 and over. The age composition of our ‘apprentice sample’ is different, and the 
share of young workers is much higher (19.4%) in these firms.

With regard to the information for firms, the final dataset comprises of 11.2% 
foreign-owned firms, with another 28.2% of firms that export goods or services to 
foreign countries. The share of foreign-owned firms is lower in our ‘apprentice sam-
ple,’ namely only 8.8%. Based on our data, it appears that foreign firms are less 
likely to hire apprentices than domestic ones. In addition, the share of exporting 
firms is also lower in the ‘apprentice sample.’

In total, 90.1% of firms are small and medium enterprises (up to 50 employees); 
8.6% of firms are large (between 51 and 300 employees); and 1.3% of firms are 
very large (> 301 employees). In comparison, our ‘apprentice sample’ contains only 
78.4% small and medium enterprises and 17.4% large firms, while 4.3% of the sam-
ple represent very large enterprises. Large, but not very large, firms are more likely 
to hire apprentices.

The average productivity per full-time equivalent worker of these firms is equal 
to HUF 6.8 million (EUR 21,430).13 The value of yearly depreciation of physical 
capital is equal to HUF 32.5 million (EUR 102,286). In our ‘apprentice sample,’ 
the productivity per full-time equivalent workers is lower and yearly depreciation is 
higher than the whole sample average. It should be noted that there is a fairly large 
standard deviation in all of these averages.

To sum up, based on the descriptive statistics, we can state that our ‘apprentice 
sample’ contains fewer foreign and exporting firms than the whole sample average. 
In addition, these firms tend to be larger, but on average with lower performance. 
The employee skill composition is also different. The share of medium-skilled work-
ers is higher and so is the share of young employees.

Figure  3 shows the change in the average share of apprentices by the different 
industries separately. Although the average share of apprentices in the whole sample 
is very low (0.6%), the mean apprentice share in firms with at least one apprentice 
is much higher (5.3%). Additionally, we are able to observe a steady and significant 
increase in all four of the included sectors. By 2011, the average share of apprentices 
rose between approximately 9 to 17% from 2 to 4% in 2003.

13 Conversion rate: HUF 100 is equal to EUR 0.314256628 (February 19, 2019).
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Fig. 3  Share of apprentices by industries in firms with at least one apprentice. Source: Compiled by the 
authors

Fig. 4  Mean retention rates by industries in firms with at least one apprentice. Source: Compiled by the 
authors
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Figure 4 shows the evolution of mean retention rate by industries. Here, the trend 
seems to be similar to the previous figure until 2008. However, it is worth men-
tioning that these retention rates are very low, especially compared to the numbers 
shown in other studies for different countries. Moreover, after the financial crisis in 
2008, these low retention rates began to further decline.

To explore these changes in more detail, we present Figs. 7 and 8 (“Appendix”) 
which shows the change in the share of apprentices and the retention rates, respec-
tively, by firm size and ownership categories.14 Based on Fig. 7, the increase was 
higher in domestic firms (also there are few small and medium firms hiring appren-
tices in our sample) and the share of apprentices is higher in smaller firms. Figure 8 
shows that the main difference between retention rates is based on firm size rather 
than ownership. Although the general pattern is similar in all subgroups (except 
small foreign firms due to the few number of observations), the figure shows that 
large firms are more likely to keep the apprentices they train.

5  Results

5.1  OLS

The baseline OLS results without controlling for fixed effects and with a full set of 
control variables are included in “Appendix” (Table 5). The share of days worked by 
low-skilled regular workers is the reference category. Consequently, the estimates 
for apprentice share across industries in Table 5 (and all other tables below) should 
be interpreted as substituting away from low-skilled regular workers toward training/
employing apprentices. We find negative and significant correlations between the 
share of days worked by apprentices and productivity in all four industries. There-
fore, we can then conclude that substituting away from low-skilled labor toward 
apprentices is associated with a decline in firm performance. Further, based on the 
control variables we argue that exporting firms and firms with foreign ownership 
yield higher productivity. There is also a positive association between the amount of 
depreciation and productivity (both measured per full-time equivalent worker). This 
indicates that larger firms are generally more productive.

5.2  Fixed effects

As presented in Sect. 4, only a selected number of firms offer training to students; 
moreover, the selection (of students) into training may be endogenous.15 As a first 
step to overcome selection issues, we use a fixed effects model that controls for firms’ 
unobserved invariant information. Table 2 presents the results. We found significant 
and negative correlations in all four sectors between the share of days worked by 

14 Small firms are the ones with at most ten employees, medium ones with 11–50 and large firms with 
more than 50 workers. Ownership mean majority of shares is owned by foreign or domestic owners.
15 Since selection into the different types of practical training is highly decentralized (students can 
organize their own workplace-based training themselves), it might not be random (Horn 2016).
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apprentices and firm productivity per full-time equivalent worker. For example, the 
coefficients in Table 2 indicate that a one percentage point increase in the share of 
days worked by apprentices (compared to the share of days worked by low-skilled 
regular employees) in the manufacturing sector is associated with a decrease of 
0.743% in productivity per full-time equivalent worker.16 The estimated coefficients 
are lower than in our OLS specification, but still indicate significant negative correla-
tions between hiring apprentices and firm performance in all four sectors.

With regard to the control variables, we still find positive associations between 
depreciation, exporting and productivity. However, in the fixed effect models, the 
positive association between foreign ownership and productivity is no longer signifi-
cant. Whereas foreign ownership is a time-invariant variable, its significance seems 
to disappear by using the fixed effects estimation method.

5.3  System GMM

In order to further control for potential problems with simultaneity, likely present in 
times of economic crisis, this section presents the results from using system GMM 
with finite sample correction (Windmeijer 2005). For application, we used the com-
mand xtabond2 in the statistical software package Stata (Roodman 2006). Addition-
ally, we imposed common factor restrictions using a minimum distance estimator in 
order to obtain a single coefficient for all covariates in the dynamic model (Blundell 
and Bond 1998).17

Table 2  Summary of results 
using fixed effects

Productivity is measured per full-time equivalent worker. The share 
of days worked by low-skilled regular workers is the reference cate-
gory. The included variables are share of medium-skilled employees; 
share of high-skilled employees; log per full-time equivalent depre-
ciation; industry-year dummies; shares of the different age groups; 
share of employees in second jobs; and firm controls. Significance 
level presented at 1% (***); 5% (**); and 10% (*)

Productivity

Manufacturing − 0.743 ***
(0.105)

Construction − 0.348 ***
(0.116)

Wholesale and retail − 0.730 ***
(0.120)

Hotels and restaurants − 0.860 ***
(0.094)

Observations 287,012
Number of firms 42,745

17 For application, we have used the user created command md_ar1 in Stata (Söderbom 2009).

16 For Table 2, we ran the regressions jointly for the four industries. However, as a robustness check we 
estimated the regressions separately as well. Our results remained basically the same.



1702 S. Cabus, E. Nagy 

1 3

The results from Table 3 indicate that a one percentage point increase in the 
share of days worked by apprentices (compared to the share of days worked 
by low-skilled regular workers) decreases the firms’ productivity per full-time 
equivalent worker in all four industries by 0.89 to 1.74%.

We should mention that the Hansen test of over-identification restrictions 
indicates p-values far below 0.05. However, in line with Roodman (2006, 2009), 
we argue that these p-values are mainly due to the fact that we have a large 
amount of data. Indeed, we have much more observations than Mohrenweiser 
and Zwick (2009), who also used system GMM in order to control for simulta-
neity. To test for this, we estimated our results on a 5% random sample of data. 
When doing so, the estimated coefficients remained similar, although with much 
larger standard errors, nevertheless the statistics of the Hansen test turned out 
to be very similar to the ones reported in Mohrenweiser and Zwick (2009). Fur-
thermore, Roodman (2006, 2009) argues that the Hansen test is prone to weak-
ness, certainly when using many instruments on a small dataset. Therefore, the 
tests on instrument validity should be interpreted with caution. To conclude, we 
argue that system GMM can still be considered the first-best option besides fixed 

Table 3  Summary results using system GMM

Productivity is measured per full-time equivalent worker. The share of days worked by low-skilled regu-
lar workers is the reference category. The included variables are share of medium-skilled employees; 
share of high-skilled employees; log per full-time equivalent depreciation; industry-year dummies; shares 
of the different age groups; share of employees in second jobs; and firm controls. Significance level pre-
sented at 1% (***); 5% (**); and 10% (*)

Productivity

y(t − 1) 0.357 ***
(0.007)

Manufacturing − 1.194 ***
(0.237)

Construction − 0.888 ***
(0.260)

Wholesale and retail − 1.740 ***
(0.219)

Hotels and restaurants − 1.000 ***
(0.178)

Observations 238,426
Number of firms 41,393
 Number of instruments 346
 Wald χ2 1,900,000,000
 Arellano–Bond test for AR(1) in first differences (p value) 0
 Arellano–Bond test for AR(2) in first differences (p value) 0
 Hansen test of over-identification restrictions (p value) 0
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effects or first-difference models in terms of estimating potentially causal effects 
(Sect. 3).

5.4  Experience at the firm

Since we have full work history for the workers in our dataset, we are able to dis-
tinguish between inexperienced apprentices (< 1 year of experience at the firm) and 
more experienced apprentices (> 1 year of experience at the firm).18 It is expected 
that experienced apprentices in particular can perform skilled tasks during their 
apprenticeship and, thereby, are able to replace regular low-skilled workers, but for a 
lower wage. Moreover, dismissal costs for apprentices in Hungary are low compared 
to those for low-skilled employees. The contract between the firm, the school and 
the apprentice automatically ends at the end of the learning trajectory. However, in 
order to dismiss a low-skilled employee, employers have to argue a reason in a writ-
ten document. Then, there are a minimal number of days, usually 30 days, notice 
period. Depending on the tenure of the workers in the firm, they might be entitled 
to severance payment (several months wage, depending on tenure). Furthermore, 
there are special regulations in place for collective dismissals (Labour Code 1992). 
Some of the industries, where apprenticeships are common, also have unions for 
low-skilled workers. This increases dismissal costs even further. In sum, dismissal 
costs raise the attractiveness to hire apprentices (instead of low-skilled employees) 
in periods of economic contractions.

Table 8 (“Appendix”) presents the results by the experience level of the appren-
tices. The results using system GMM estimation indicate no significant difference 
between experienced and inexperienced apprentices in the sectors of construction 
and wholesale and retail (i.e., both types of apprentices have significant negative 
coefficients in these two sectors with overlapping confidence intervals). The man-
ufacturing and hotels and restaurant sectors do have statistically significant differ-
ences between the coefficients estimated for experienced and inexperienced appren-
tices; however, these differences are small in magnitude. On the whole, the results 
seem to suggest that less experienced apprentices are more productive compared to 
more experienced apprentices.

Based on these findings, we can hypothesize that (1) Hungarian firms do not 
allocate (more) skilled tasks to more experienced apprentices during the training 
period or (2) experienced apprentices are employed for more hours on the job than 
inexperienced apprentices and, therefore, have bigger negative effects on produc-
tivity. Qualitative research should further explore the validity of these arguments. 

18 As a robustness check, we included a dummy for workers with more than 2 years of experience at 
the firm (apprentices usually stay at most 2 years), so the new reference group became the low-skilled 
regular employees with low tenure. Doing so, we loose the first 2 years from our data so that the results 
are not directly comparable with our original tables in the paper. The results show that the share of days 
worked by experienced workers has a significantly positive coefficient; however, our main coefficients 
basically remain unchanged. Therefore, we decided to keep our original approach for the results in the 
paper.
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However, overall we are able to conclude that more experienced apprentices do not 
increase the productivity of the firms as per full-time equivalent worker.

5.5  Firm size and ownership

Earnings and mobility patterns may substantially differ by firm size or organiza-
tional type (Bougheas and Georgellis 2004). The majority of the firms in our data 
are small and medium enterprises, and additionally, domestic firms tend to train 
more apprentices than foreign-owned firms (Table  12 in “Appendix”). Therefore, 
we estimated our previous specifications separately for different subgroups of firms 
by size19 and ownership.20 We find that our results are driven by domestic firms 
(Tables 9, 10 in “Appendix”). Both the fixed effects and the system GMM estima-
tions produced insignificant coefficients for foreign-owned enterprises (Table  11). 
However, it should be noted that there are only few foreign firms in the dataset with 
apprentices, and our foreign firms with apprentices sample differ significantly from 
its domestic counterpart. Based on Table 12, we can see that foreign firms that train 
apprentices are mainly bigger exporting firms. In addition, (also because of their 
bigger size) the share of apprentices is significantly lower and the share of low-
skilled employees is higher than in the sample of domestic firms with apprentices. It 
might be the case that these few special firms provide very different training quality 
and/or are able to use apprentices differently than the domestic ones. Unfortunately, 
our data do not make it possible to say anything about training quality and task allo-
cation during training, so further evidence is needed to explain this heterogeneity of 
the results. The estimated coefficients for domestic firms correspond to our results 
for the whole sample presented in Tables 2 and 3.

With regard to firm size, the estimated coefficients are more comparable across 
sectors, both using fixed effects (Table 9) and system GMM estimators (Table 10). 

Fig. 5  Substitute away from low-skilled labor toward hiring apprentices. Source: Compiled by the 
authors

19 Small firms—less than ten employees; medium-sized firms—10–50 employees; and large firms—
more than 50 employees.
20 Domestic majority ownership or foreign majority ownership.



1705

1 3

On the productivity effects of training apprentices in Hungary:…

It is only for the hotels and restaurants sector that the estimated coefficient loses its 
significance for large firms in both cases.

6  Discussion

Based on our findings, we can confirm that firms did hire apprentices despite the 
negative (short term) effects on productivity. This would point to an investment 
recruiting strategy, which implies that firms are willing to bear training costs in 
order to retain the best apprentices at the firm. However, if firms use an invest-
ment training strategy, we expect them to retain a high percentage of apprentices 
after the training period. In contrast, the observed retention rates are quite low 
(less than 25% at the peak), especially compared to the ones in other countries 
with similar workplace-based vocational training. Furthermore, we observe that 
firm behavior changed over our time period. Figure 5 shows that firms increas-
ingly seem to substitute away from low-skilled regular workers toward cheaper 
apprentices. In other words, it might be attractive to hire apprentices if their 
relative wages are lower than their relative productivity in comparison with 
low-skilled workers. The figure shows that firms hired an increasing number of 
apprentices between 2003 and 2011, while the retention rate declined from over 
20% in 2007 to 10% in 2011. While the share of students in vocational schools 
was relatively stable over time (see CEDEFOP 2011, Fig. 4, p. 31), we argue that 
the increase in apprenticeship contracts is most likely due to a shift from school-
based training to employer-based training. Relatively high shares of apprentices 
employed in firms in combination with low retention rates point toward substitu-
tion recruiting strategies, which became more preferred in response to the finan-
cial crisis. We can only argue for substitution recruiting strategies in the case that 
wages of apprentices are really low, in combination with cheap dismissal policy, 
and if this would offset productivity loss, as compared to low-skilled workers. 
However, our data do not include information on the hourly wages, so we cannot 
make this claim hard.

Horn (2016) puts forward more evidence on substitution recruiting strategies. 
The author claims that students graduating from VET face similar employment 
chances regardless of the establishment of practical training and regardless of hav-
ing opted for school-based training or employer-provided workplace training. Previ-
ous evidence already indicated that higher (lower) hiring costs of regular workers 
on the external labor market can explain why firms increasingly (decreasingly) train 
apprentices (Blatter et al. 2015; Hara 2017; Schumann 2017). In order to investi-
gate this further, ideally, one need to have information on hours worked per day 
by apprentices and by low- and semi-skilled workers in order to compare wages 
across these different types of workers. Relative low labor costs in comparison with 
productivity could indeed drive the substitution recruiting strategy in response to 
the financial crisis. However, we do not have information on hours worked per day 
in the data. Estimates on relative wage costs can then be biased by part-time con-
tracts, and these types of contracts are heavily used by apprentices, while this is 
not necessarily the case for low-skilled employees. Therefore, we cannot explore 
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the relationship between relative labor costs and productivity any further. However, 
in order to investigate the substitution recruiting strategy, we show the change in 
separation rates (on the left) and hiring rates (on the right) of low-skilled regular 
workers over time by firms that also offered training (or had at least one apprentice 
in Fig. 6. A spike in the separation rate can be observed in 2008, and a plunge in the 
hiring rates in 2009. At the same time, we observe a steady increase in the number 
of hired apprentices between 2008 and 2011. These patterns support our argument 
that in reaction to an aggregate activity shock, firms increasingly use apprentices as 
substitutes for low-skilled regular workers.

All in all, based on the results and patterns in our data, the net cost puzzle still 
remains complex in the case of Hungary. Our regression results indicate that a larger 
share of days worked by apprentices means lower productivity per full-time equivalent 
worker at the firms in all four sectors. There seems to be no, or only a small differ-
ence between the effects of experienced and inexperienced apprentices. Therefore, one 
could argue that firms do not allocate skilled tasks to apprentices later in their train-
ing period. The quality of training, however, remains a black box would need further 
investigation. However, in spite of the negative effect on productivity, retention rates 
are generally low. There are some differences among firms, especially arising from 
firm size (larger firms retain a higher share of their apprentices), but even the largest 
retention rates are much smaller than similar figures in, for example Germany.

7  Conclusion

This paper provides evidence on the effectiveness of apprenticeship training 
for Hungarian firms in terms of productivity per full-time equivalent worker. 
Using different empirical methods that facilitate a causal interpretation of our 
results, we conclude that Hungarian firms that train apprentices face decreased 
productivity in all four examined sectors. The estimated effects are significant 
and robust across different specifications. However, further research is needed 
in order to investigate the complex net cost puzzle in Hungary. First, it is sug-
gested that the short-term benefits of apprenticeship training depend whether 

Fig. 6  Separation and hiring rate of low-skilled workers in firms with apprentices. Source: Compiled by 
the authors
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firms assign (more) skilled tasks to apprentices during the course of their train-
ing period. Unfortunately, from the administrative data that we have, it is impos-
sible to retrieve additional information on the quality of the training process. 
This limitation calls for further research in this area. Second, the skill supply 
of apprentices may (additionally) explain observed retention patterns, as sug-
gested by Muehlemann (2016). It may be the case that the quality of the pool of 
apprentices in Hungarian vocational training is poor, so that firms are only able 
to retain a small number of them. This is an aspect that would be well worth 
exploring.

Funding The authors received Project Funding from the Horizon 2020 Research and Innovation Pro-
gramme of the European Union, Grant Agreement No. 691676.

Appendix

See Figs. 7 and 8 and Tables 4, 5, 6, 7, 8, 9, 10, 11 and 12.

Fig. 7  Mean share of apprentices by size and ownership in firms with at least one apprentice. Source: 
Compiled by the authors
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Fig. 8  Mean retention rates by size and ownership in firms with at least one apprentice. Source: Com-
piled by the authors

Table 4  Data cleaning and sample size

The table shows how sample size drops by imposing additional constraints on the data (i.e., the number 
of firms in the sample and the number of observations). Upon full data cleaning, we keep 287,012 obser-
vations or 42,745 firms in the sample

Number of observations Number of firms

Baseline sample of private firms 1,751,279 415,657
Firms with at least four observations 1,386,202 212,361
Minimum 3-year gap between observations 1,134,924 203,265
Mean number of employees > 5 470,979 63,141
Only four industries with most apprentices 308,327 43,214
Log productivity is not missing 291,706 42,963
Log depreciation is not missing 287,012 42,745
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Table 5  OLS results

Productivity is measured per full-time equivalent worker. The share of days worked by low-skilled regu-
lar workers is the reference category. Significance level presented at 1% (***); 5% (**); and 10% (*)

Variables Productivity

Manufacturing − 1.364 ***
(0.128)

Construction − 0.840 ***
(0.131)

Wholesale and retail − 1.757 ***
(0.150)

Hotels and restaurants − 0.959 ***
(0.094)

Share of days worked by medium-skilled workers 0.161 ***
(0.015)

Share of days worked by high-skilled workers 0.529 ***
(0.017)

Share of days worked by prime-aged (25–55) workers 0.192 ***
(0.017)

Share of days worked by older (> 55) workers 0.317 ***
(0.024)

Share of days worked by people in second jobs 0.044
(0.037)

Log per full-time equivalent depreciation 0.361 ***
(0.002)

Exporting 0.206 ***
(0.006)

Foreign ownership 0.340 ***
(0.012)

Observations 287,012
Adjusted  R2 0.390
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Table 6  Summary of results using fixed effects, all coefficients

Productivity is measured per full-time equivalent worker. The share of days worked by low-skilled regu-
lar workers is the reference category. Significance level presented at 1% (***); 5% (**); and 10% (*)

Variables Productivity

Manufacturing − 0.743 ***
(0.105)

Construction − 0.348 ***
(0.116)

Wholesale and retail − 0.730 ***
(0.120)

Hotels and restaurants − 0.860 ***
(0.094)

Share of days worked by medium-skilled workers 0.023
(0.019)

Share of days worked by high-skilled workers 0.096 ***
(0.022)

Share of days worked by prime-aged (25–55) workers 0.039 **
(0.016)

Share of days worked by older (> 55) workers − 0.214 ***
(0.024)

Share of days worked by people in second jobs − 0.148 ***
(0.037)

Log per full-time equivalent depreciation 0.279 ***
(0.003)

Exporting 0.042 ***
(0.005)

Foreign ownership 0.005
(0.019)

Observations 287,012
Number of firms 42,745
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Table 7  Summary results using system GMM, all coefficients

Productivity is measured per full-time equivalent worker. The share of days worked by low-skilled regu-
lar workers is the reference category. Significance level presented at 1% (***); 5% (**); and 10% (*)

Productivity

y(t − 1) 0.357 ***
(0.007)

Manufacturing − 1.194 ***
(0.237)

Construction − 0.888 ***
(0.260)

Wholesale and retail − 1.740 ***
(0.220)

Hotels and restaurants − 1.000 ***
(0.178)

Share of days worked by medium-skilled workers 0.040
(0.026)

Share of days worked by high-skilled workers 0.050
(0.032)

Share of days worked by prime-aged (25–55) workers 0.155 ***
(0.018)

Share of days worked by older (> 55) workers 0.127 ***
(0.023)

Share of days worked by people in second jobs − 0.007
(0.035)

Log per full-time equivalent depreciation 0.308 ***
(0.004)

Exporting 0.111 ***
(0.005)

Foreign ownership 0.269 ***
(0.010)

Observations 238,426
Number of firms 41,393
 Number of instruments 346
 Wald χ2 1.900e+07
 Arellano–Bond test for AR(1) in first differences (p-value) 0
 Arellano–Bond test for AR(2) in first differences (p-value) 0
 Hansen test of over-identification restrictions (p-value) 0
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Table 8  Results by level of experience of apprentices

Productivity is measured per full-time equivalent worker. The share of days worked by low-skilled regu-
lar workers is the reference category. The included variables are share of medium-skilled employees; 
share of high-skilled employees; log of depreciation; industry-year dummies; shares of the different age 
groups; share of employees in second jobs; and firm controls. Significance level presented at 1% (***); 
5% (**); and 10% (*)

Fixed effects System GMM

Productivity Productivity

y(t − 1) 0.360 ***
(0.007)

Manufacturing
Experienced − 1.002 *** − 2.135 ***

(0.271) (0.434)
Inexperienced − 0.676 *** − 1.123 ***

(0.111) (0.376)
Construction
Experienced − 0.612 *** − 1.180 ***

(0.153) (0.363)
Inexperienced − 0.299 ** − 0.928 ***

(0.121) (0.355)
Wholesale and retail
Experienced − 0.836 ** − 2.012 ***

(0.356) (0.419)
Inexperienced − 0.713 *** − 2.412 ***

(0.203) (0.292)
Hotels and restaurants
Experienced − 0.911 *** − 1.449 ***

(0.173) (0.336)
Inexperienced − 0.846 *** − 0.652 **

(0.098) (0.280)
Observations 287,012 238,426
Number of firms 42,745 41,393
Number of instruments 458
Wald χ2 1.900e+07
Arellano–Bond test for AR(1) in first differences (p-value) 0
Arellano–Bond test for AR(2) in first differences (p-value) 0
Hansen test of over-identification restrictions (p-value) 0
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Table 9  Fixed effects results by firm size

Productivity is measured per full-time equivalent worker. The share of days worked by low-skilled regu-
lar workers is the reference category. The included variables are share of medium-skilled employees; 
share of high-skilled employees; log of depreciation; industry-year dummies; shares of the different age 
groups; share of employees in second jobs; and firm controls. Significance level presented at 1% (***); 
5% (**); and 10% (*)

Small firms Medium firms Large firms

Productivity Productivity Productivity

Manufacturing − 0.670 *** − 0.656 *** − 0.996 ***
(0.144) (0.158) (0.343)

Construction − 0.342 *** − 0.485 *** − 1.567 ***
(0.132) (0.184) (0.564)

Wholesale and retail − 0.548 *** − 0.892 *** − 1.212 ***
(0.175) (0.163) (0.335)

Hotels and restaurants − 0.783 *** − 0.925 *** − 0.761
(0.137) (0.133) (0.567)

Observations 141,896 116,791 28,325
Number of firms 29,676 25,813 5268

Table 10  System GMM results by firm size

Productivity is measured per full-time equivalent worker. The share of days worked by low-skilled regu-
lar workers is the reference category. The included variables are share of medium-skilled employees; 
share of high-skilled employees; log of depreciation; industry-year dummies; shares of the different age 
groups; share of employees in second jobs; and firm controls. Significance level presented at 1% (***); 
5% (**); and 10% (*)

Small firms Medium firms Large firms

Productivity Productivity Productivity

y(t − 1) 0.311 *** 0.414 *** 0.631 ***
(0.010) (0.015) (0.031)

Manufacturing − 1.011 ** − 0.506 − 1.308
(0.403) (0.311) (0.829)

Construction − 0.936 *** − 0.914 *** − 1.896 **
(0.299) (0.348) (0.833)

Wholesale and retail − 1.542 *** − 1.485 *** − 2.560 ***
(0.281) (0.314) (0.666)

Hotels and restaurants − 0.878 *** − 0.644 ** 0.194
(0.270) (0.278) (0.743)

Observations 103,589 86,494 22,494
Number of firms 24,431 20,636 4516
Number of instruments 342 342 342
Wald χ2 7.304e+06 17,733 9835
Arellano–Bond test for AR(1) in first differences 

(p-value)
0 0 0

Arellano–Bond test for AR(2) in first differences 
(p-value)

7.05e−07 4.66e−07 0.187

Hansen test of over-identification restrictions 
(p-value)

0 0 0
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