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Productivity Convergence and Firm’s Training Strategy

Mantej Pardesi”

Abstract

In this paper, | study how converging to the productivity frontier influences a firm’s training investments. Although
productivity growth induces a high-skill bias in firm’s workforce structure, little is known about its training incentives
for vocational and technical skills. | address endogeneity in productivity growth using a two-stage control function
approach where | use productivity shocks as exogenous changes to a firm’s position in intra-industry distribution. | find
that closing the gap to the frontier leads to a negative effect on firm’s investment in training in vocational skills. The
negative effect is stronger for large, multi-plant, innovative and technical advanced firms. Using a model for firm
sponsored training, | explain the results via a technology effect, cost of training effect and labour substitution effect. First,
productivity convergence induces technology upgradation that is skill biased against vocational skills. Second, high
expected costs of training augments this skill-biasedness. Third, compositional shift in workforce induces firms to

demand fewer vocational and technical skills.
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1. Introduction

Studies on heterogeneous firms document persistent and widening gaps in firm productivity, even within narrowly
defined industries (Syverson, 2011). These “productivity gaps” account for inequalities in the labour market as highly
productive firms offer higher wages, attract high ability workers and invest in labour saving technologies?. In the
productivity gap literature, firms closer to the “frontier” use highly educated workers much more efficiently than firms
further way from the frontier due to capital-skill complementarity (Vandenbussche et al., 2006; Aghion et al., 2009).
While the complementarity between advanced-education and proximity to the frontier has been empirically assessed
(Bartelsman et al., 2015; Vandenberghe, 2018), little is known about firm’s training investments across the productivity
distribution. Training is important as it increases workforce productivity and firm’s competitiveness (Mohrenweiser &
Zwick, 2009; Konings & Vanormelingen, 2015). Moreover, training can be provided to workers across the skill spectrum
thereby expanding the analysis to workers without tertiary education. As far as | know, the current literature on firm
sponsored training focuses solely on the effect of training on firm performance/productivity. In contrast, this paper studies

the dynamic effect of change in a firm’s position in the productivity distribution on its training investment.

A firm moves up the productivity distribution if its productivity growth is higher than the productivity growth of the
frontier. Theoretically, this process of convergence is due to knowledge spill-overs from the frontier to the extent that
knowledge is non-rival and not fully appropriable (Acemoglu et al., 2006). However, due to constraints on firms’
absorptive capacity, the learning process is restricted to a certain threshold. To achieve growth beyond this threshold,
firms need to attract workers to perform complex and innovative tasks that have an efficiency enhancing effect. Whereas
literature in personnel economics documents the heterogeneity in hiring practices across the productivity distribution (see
Oyer and Schaefer (2010, 2011) for a systematic review), heterogeneity in training strategies are limited to studies linking
training to firm size, monopsony power and labour market institutions (Bassanini et al., 2005; Dustmann & Schdnberg,
2009; Manning, 2011). In their seminal contribution to the training literature, Acemoglu & Pischke (1999a; 1999b) argue
that firms invest in training even if the knowledge endowed is non-rivalrous and transferable. This is due to market
imperfections which allow firms to extract higher rent from trained workers. Concurrently, the “superstar” firm
hypothesis argues that firms closer to the frontier have a lower labour share of value added (compressed wage structure)
than firms away from the frontier (Autor et al., 2020). Therefore, if training is complementary to proximity to the frontier
and allows the firm to extract rents from trained workers, converging to the productivity frontier should influence firm’s
training investments.

In this paper, | assess the effect of converging to the productivity frontier on a firm’s training investment. The paper
contributes to the literature in various dimensions. Firstly, | use a large establishment-level longitudinal data set that
provides rich information to simultaneously estimate establishment specific productivity and training strategies. The

establishment level data ensures consistency in analysis and reduces aggregation bias to capture our main effects on

2 In their cross-country study on wage inequality, Criscuolo et al. (2020; 2021) argue that a third of overall wage
inequality is due to differences in pay between firms. Highly productive firms pay a productivity premia to all of their
workers, possess greater wage setting power and are able to attract high ability workers. Further empirical studies can be
found with Dunne et al., (2004), Faggio et al. (2010), Barth et al., (2016) and Card et al., (2018) for a theoretical study.
For technology investments and variations in managerial practices across firms, see Andrews et al. (2015) and Bloom &
van Reenen (2010).



training more precisely. Secondly, | focus on apprenticeship training that constitutes skill formation in transferable skills
for young trainees at the establishment level. Since apprenticeship training is firm financed, costly, time intensive and
reflects the establishment’s skill demand expectations, apprentice vacancies reflects an establishment’s intensity to invest
in training (Wolter & Ryan, 2011; BiBB, 2018, 2022). Thirdly, I control for simultaneity between productivity and
training using dynamic panel instruments to extract time variant establishment specific productivity shocks similar to
Guiso et al. (2005) and Guertzgen (2014). These productivity shocks identify exogenous and unanticipated changes to a
firm’s position in the productivity distribution. Fourth, due to the longitudinal structure of the data, | control for time-
invariant unobserved confounders at the establishment level in a within-between model (Neuhaus & Kalbfleisch, 1998)

and account for heterogeneity in establishment characteristics using split-sample regressions.

I find that a 1 % increase in an establishment’s proximity to the frontier leads to a 25% to 40% decrease in the demand
for apprentices, depending on the specification. This effect is greater in magnitude for large establishments, positive for
medium sized establishments and non-linear across the productivity distribution. | explain these effects using three
mechanisms: First, the convergence effect is negative as productivity growth is Hicks neutral for small and medium-sized
firms and skill-biased for large firms. Second, proximity to the frontier induces establishments to be technologically
advanced. In line with the skill-biased technical change literature, new technologies polarize labour demand against
workers with vocational qualifications in favour of occupations with manual and/or cognitive tasks (Acemoglu & Autor,
2011). | find that firms reduce their demand for workers with vocational qualifications and increase the demand for low-
skilled workers as they converge to the productivity frontier. The labour substitution effect depicts that when firms do
not expect to hire workers for vocational qualifications, they will also reduce training in such occupations. Third, high
net costs of training® buttress the perverse incentive for firms to recruit apprentices resulting in a negative cost of training
effect (Mihlemann, 2016). Furthermore, I show how the results are uninfluenced by firm’s ability to fill apprentice
vacancies and retain apprentices. Conditional on training being general and firm sponsored, the study holds value for
other types of firm sponsored training in general/transferable skills. Therefore, productivity growth might induce firms
to either hire or train in firm specific skills or replace workers with capital investment as a strategy to meet its skill
demand.

The remainder of the paper is structured as follows: Section 2 provides the institutional and empirical overview of the
German apprenticeship system. Section 3 uses the extant literature to build a model of firm sponsored apprenticeship
training that incorporates productivity gaps, technology endowments and costs of training. Sections 4 and 5 detail the
data, methodology and identification strategies used in this paper. Section 6 and 7 contain the main results and
mechanisms driving our results along with several robustness checks and heterogeneity analysis. The study concludes
with contributions to the literature and recommendations for future work in Section 8.

3 Net costs of training are gross costs of training less the benefits from apprentice’s productive work.



2. Apprenticeship Training in Germany
2.1. Institutional Context

In Germany, initial vocational education training (IVET) is institutionalized under i) the dual-system of apprenticeship
training, ii) the school-based system; and the, iii) pre-vocational training measures*. Every year more than 50% of each
secondary school graduating cohort starts an apprenticeship program (Uhly, 2020). Apprentices are trained through a
combination of practical job-oriented learning at companies and vocational schools. Training in the dual-system is based
on a standardized training curricula for each occupation. Due to the standardized training curricula and a streamlined
certification process, skills learned by apprentices in their training company are transferable to other companies (Franz
& Soskice, 1995; Clark, 2000; Franz & Zimmermann, 2002). These training curricula are formed via a consensus-based

structure® providing the incentives for firms to train apprentices in transferable skills within nationally defined
occupations (Solga et al., 2014).

Figure 1. Evolution of demand and supply of apprentices in Germany
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In the past decade, the number of new training contracts has gone down from more than 600,000 in 2008 to about 470,000

in 2021 (see panel A in Figure 1). The decline in newly concluded training contracts is due to: 1) demographic decline,

* This is referred to as the ‘transitional’ system that is mostly school-based and focused on preparing individuals for
pursuing occupation credentials in either the dual system or the fully qualifying school-based system.
> Consensus-based structure implies decisions regarding the changes to regulation of apprenticeship occupations are made

with the consent of the relevant stakeholders, i.e., employers (employer associations and chambers), trade unions, the 16
German L&nder states and the federal government.



2) unattractiveness of vocational training, and 3) declining demand by firms. Due to demographic decline, fewer students
graduate from school decreasing absolute number of eligible apprentices. Moreover, fewer school leavers show interest
in apprenticeship training, further decreasing the pool of potential of apprentices® (Haasler, 2020). In panel B of Figure
1, change in apprenticeship demand and real GDP growth are congruent with each other. This provides evidence for the
pro-cyclicality of demand for apprentices. The sharp drop in demand, supply and GDP growth witnessed in 2020 is due
to the COVID-19 pandemic. The scarring effect of COVID-19 is seen as the number of new training contracts in 2021 is
considerably less than in 2019 (panel A). Nevertheless, the cyclicality in demand and persistent excess supply is
consistent with the literature on youth labour markets (Clark & Summers, 1980; Card, Kluve, et al., 2018). Therefore,

this study has external validity in the broader literature of youth labour markets.
2.2. Why do firms train apprentices?

Firms train apprentices for a multitude of reasons: 1) as a screening device for future recruitment (Ryan, 2010); 2) as low
cost substitutes for skilled workers (Mohrenweiser & Backes-Gellner, 2010); and 3) as a strategy to meet their optimal
demand for present and future skills (Pfeifer & Backes-Gellner, 2018). The literature on firm’s demand for apprentices
broadly falls into two groups: 1) the feasibility of training and 2) the attractiveness of training. In Germany, employers
bear the most prominent costs in terms of training, such as apprentice wages, costs of training staff and equipment 7 &,
The feasibility of firms to train depends upon their ability to bear the burden of costs, i.e., smaller firms train less as it is
relatively more expensive for them to train than for larger firms (Jansen et al., 2015). Simultaneously, a convex shaped
hiring cost function makes training more appealing for firms as hiring skilled workers becomes increasingly difficult
(Blatter et al., 2016; Muehlemann & Pfeifer, 2016). Existing literature suggests that the ability and willingness to bear
the net-costs of training are influenced by factors such as firm size, employee representation, training motive, business

cycle (and business expectations), labour market rigidities and the degree of labour market competition °.

Several studies have documented the rising costs of training due to changing skill needs, technological progress and

tightness in the labour market (Muehlemann & Pfeifer, 2016; Mohrenweiser et al., 2019). As training responds to wider

% Inthe BIBB (2022), the institutionally registered supply of apprentices is defined as the sum of newly concluded training
contracts, registered applicants for vocational training positions minus applicants who entered vocational training.

" The need to be competitive induces higher investment expenditure in new and advanced equipment and machinery.
However, more training reduces the time spent on using the equipment for productive purposes.

8 According to Schonfeld et al. (2010), wages paid to apprentices comprise the largest component of training expenditure,
reaching up to 50% of the total expenditure.

® Evidence on how larger firms train and demand more apprentices is in the VET reports published by the BiBB (2022).
Koch et al. (2019) provide evidence of how the presence of works councils influences demand and quality of
apprenticeship training in Germany. Jansen et al., (2015) show how apprenticeship training in Germany is motivated by
investment into future skills. Muehlemann et al., (2009) and Dietrich & Gerner (2007) analyse the role of business cycle
and business expectations towards the demand for apprentices. Theoretically, the work by Dietrich & Gerner (2007) is
very close to our work. Lastly, Baethge et al., (2007) and Stockinger & Zwick (2017) provide evidence of how
competitive pressure increases the risk of poaching and thus reduces the demand for apprentices. In addition, proximity
to the frontier might trigger reputation effects of apprenticeship training, where firms might demand more apprentices as

their improved reputation deems them to post apprenticeship vacancies (Wolter & Ryan, 2011).



technological changes, implementing new technologies increase the costs of training. On one hand, observed and
opportunity costs due to increasing technologies create a perverse incentives for firms to participate in the training market.
This is because time spent on using such technologies for production competes with time spent on training (Thelen,
2007). On the other hand, participation in the training market allows firms to catch up with the latest technologies and
production processes in the industry furthering technology diffusion (Rupietta & Backes-Gellner, 2019; Schultheiss &
Backes-Gellner, 2020). As productivity is a crude measure of technological intensity and firms vary in their technology
endowment, one can expect highly productive firms to spend less on training if their occupations are at a high risk of
automation and hiring costs to replace skilled workers are low. In their recent work, HeR et al. (2023) show how not only
the firm but the workers in occupations that are more exposed to automation technologies are less likely to participate

and receive firm sponsored training.

Beyond these firm-specific reasons, firm’s demand for apprentices is pro-cyclical to business cycles and business
expectations similar to other types of firm investments (Bellmann, Gerner, et al., 2014; Lithi & Wolter, 2020) . The
intuition is that a firm would be more likely to bear the costs of training and have higher returns from training in a boom
rather than a slowdown (Dietrich & Gerner, 2007; Muehlemann et al., 2009). Therefore, closing the gap to the
productivity frontier should induce positive business expectations and increase firm’s demand for apprenticeship training.
This expectation is conditional on the role of apprenticeship training in a firm’s productive activity. Existing literature
only investigates the impact of apprenticeship training on firm performance. These studies show that the effect of
apprenticeship training on firm productivity presents a positive effect in studies on Swiss firms, a negative effect for
Hungarian and Austrian firms and mixed effects for German firms (Béheim et al., 2009; Dionisius et al., 2009;
Mohrenweiser & Zwick, 2009; Cabus & Nagy, 2021).

The returns of training apprentices further influence path-dependency in a firm’s training motive, i.e., whether firms train
apprentices to “invest” for future demand for skills or whether firms train apprentices to “substitute” present skilled
labour requirements (Lindley, 1975; Mohrenweiser & Zwick, 2009). Mohrenweiser and Backes-Gellner (2010) show
how firms with substitution motive have lower retention rates. The increase in the pool of trained apprentices as skilled
workers in the market contributes to labour market tightness. In another analysis of the training motive, Mohrenweiser
and Backes-Gellner (2008) found no effect of the share of apprentices in a firm on its profits hinting at a possible
investment rationale for training apprentices. This is because if apprentices do not contribute to the contemporaneous
profits of a firm, then a firm trains them for their contribution to profits in the future. To what extent productivity
convergence influences a firm’s rationale to train apprentices is, yet, an unexplored topic largely due to little variation in

a firm’s training motive®®.

At the macro-level, falling labour costs in the global south might induce firms to further shift away production processes
to other countries (‘off-shoring’), reducing labour demand for occupations and tasks that the countries in global south
might have a comparative advantage in (Goos et al., 2014). The resultant decline in demand for apprentices is
consequential for firms as it increases the shortage of skilled workers, increasing the need for expensive on-the-job

training and decreases its innovative capacity (Forster & Bol, 2018). Overall, positive expectations, pro cyclicality, and

10 Using year-to-year retention rates as a metric for training rationale limits the sample to large firms with graduating
apprentices every year. Therefore, a longer horizon such as a three-year average retention rate is a better measure for

training rationale.



monopsony power positively affect the demand for apprentices whereas rising costs of training, technological change
and competition negatively influence the demand for apprentices. In this context, this study links the prior literature by
means of potential confounders and adds another explanation for determinants of apprenticeship demand.

2.3. Equilibrium in the Apprenticeship Training Market

The decision to demand apprentices depends upon the role of apprentices in the production processes of a firm that is
converging to the productivity frontier. Let us consider an economy comprising of i = 1, ..., N firms each using a mix of
skilled, unskilled workers and apprentices, S; ¢, U; . and T; . respectively, to produce a given unit of output at time t. For
simplicity, let us assume that the production function for each firm i inindustry j is y; ; , = Ai_tf(Si,t, Ui, Tig Kl-_t) where
A; ¢ is a Hicks-neutral technical efficiency parameter and K; . is firm’s capital stock. For wages wf_t, Wil,]t and w{, of
workers and apprentices respectively, r;, as rental rate of capital, profit maximisation is given as m;, = py; . —
wftSi,t - Wil,'tUi,t —¢;: it — 11:K; ¢ Where ¢; ¢ is the cost of training per apprentice per year. In a competitive market,
equilibrium for apprenticeship demand is attained when marginal product equals the marginal cost of training. | can write

Vi jt

the value of marginal product as VMP;, = p * MPp = p * 'ZT and the equilibrium condition in equation 1 as:
it
df (Sie Ui oo Ti s K -(1)-
PAi; f(Sie dl'Tt o Kie) = c(wr, hT(0),c°) vi=1,..,F
it

In equation 1, the marginal cost of training an additional apprentice is a function of the wage of an apprentice (w;), hours
spent on training (hT), quality of training (8), and other costs (c°) such as training material, machinery and training
personnel. Mihlemann (2016) denotes the marginal product (benefit) of training an apprentice in year t as a function of
time spent by the apprentice doing skilled work (k" a;) and the relative productivity of the apprentice to skilled (yawf_t)
and unskilled worker (ﬁTwilft). I can denote this in equation 2 as:

df (Sie Uit Tier Kie) -(2)-
o = B = Y (ar s Wi + Br o+ wit)
it

MP;; = Ai,t

Where, 0 < y, < 1 as apprentices have lower productivity than a skilled worker. a; and B represent the share of skilled
and unskilled tasks done by the apprentice during the time spent in training. Thus, the marginal benefit for a firm is
positively related on how productively the firm uses apprentices in its production process. If a firm trains T apprentices
and every apprentice trains for a period of s years, the total benefit from apprenticeship training can be derived in equation
3:

S
-(3)-
TBr =T° Z AW (ar * YaWiy + Br * wit) ©

t=1
Where p < 1 implies a concave benefit structure (decreasing marginal training benefits). The law of diminishing returns
to scale implies that a large firm with a high number of apprentices will get a lower benefit from the additional apprentice
it trains than a small firm. Analogously, total training costs for T apprentices for s years can be expressed in equation 4

as:

S S _ _
TCr = T"Z c(wr,hT(0),c°) =T° wr + hT (0w, + ¢° “)
1

t= t=1



Where, o > 1 implies a convex cost structure. The assumption regarding convex cost structure is backed by literature on
firm size where larger firms have a higher cost of recruitment and training (Muehlemann & Pfeifer, 2016). The

equilibrium condition can be achieved when marginal training benefits equal marginal training costs, i.e.,

dTB _ dTc
dr — drT
pTP 1Bl =oT? 1C] -(5)-

Where, CF = c(wy, hT(8), ¢°) is the marginal cost of training an additional apprentice per year. Simplifying equation 5

to get the optimal demand for apprentices of firm i:

1

oBI\77

Ty = (_) 6)-
pCe

Therefore, a firm’s steady state demand for apprentices depends positively on the marginal benefit-cost ratio of providing
apprenticeship training. In addition the demand is negatively related to the degree of concavity of the benefit function

(p) and positively on the degree of convexity of the cost function (o).

Although p < 1 is theoretically motivated, ¢ > 1 cannot be unambiguously theorised. Cost savings can occur as firms
can train many apprentices simultaneously with a single trainer. Conversely, capacity constraints might push costs further
if firms want to train more apprentices as they would have to invest in training facilities and trainers. Therefore, one
relies on empirical evidence where cost of recruiting apprentices are seen to be higher for larger firms than for small
firms (Muehlemann & Pfeifer, 2016). The assumption of & > p concerns the shapes of the marginal benefit and marginal
cost curves. In equation 6, a high p indicates that a large training firms will have a much greater decline in marginal
benefits from an additional apprentice than small and medium firms. Since the benefits and costs incurred from additional

apprentice are unique for each firm, equation 6 provides a training equilibrium for the it" firm.

Using factor price equalization, market equilibrium is achieved in the apprenticeship market when the ratio of marginal
benefit and marginal cost in equation 5 is equal for all firms in the industry. Let us assume two types of firms in the
industry, a frontier (F) and a non-frontier firm (7). In this industry, frontier firms are the productivity leaders and they are
characterised as having superior technology than non-frontier firms, i.e., A; < Ap. | assume that the degree of concavity
in benefits and degree of convexity in costs structure to be the same throughout the industry. This is because the
apprenticeship system in Germany is institutionalised where costs are floored using minimum training allowances and
apprentice contribution is assessed using standardized certification process. This means that o; = o = o and p; = pp =
p. Factor price equalization in the apprenticeship market allows us to obtain the following relation between a non-frontier

firm and a frontier firm:

-1 -1
PTip Bl?jt_pTzf Bf .

o-1,T — o—1,T
oT"C;y oTg " Cr,
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Where the relative ratio of apprentices between the non-frontier and frontier firm depends upon the relative intensities of
technical efficiency, relative ratio of marginal benefits and marginal costs of apprenticeship training. Taking natural
logarithm of equation 7 and removing the time scripts, I get the following estimable relation:

1

-(8)-
o—p OgBl o—p

oot o L o A1 C,
ogT = —— log--

Cr
log B_p + log T
Equation 8 provides us with a set of propositions that can be empirically tested:

Proposition 1 (Convergence Effect): For a Hicks neutral technical efficiency parameter, closing the gap to the frontier

(increase in :—i) is positively related to demand for apprentices. As total factor productivity is a proxy for technology
F

intensity of a firm, more efficient firms should use more apprentices as long as ¢ > p and A4; is Hicks neutral. Productivity
convergence that induces an increase in demand for all the factors of production would also increase the demand for
apprentices. Heterogeneity in the effect of productivity convergence would highlight how different firms face different

marginal cost and marginal benefit curves.

Proposition 2 (Cost of training effect): Net Costs of training induces a negative effect if firms expect costs of training

larger than expected benefits of training (C;/B;).

On one hand, the allocative function of a firm that distributes apprentices to more skilled tasks (a) rather than unskilled
tasks (Br) increases the demand for apprentices. This is regarded as the reason why apprentices contribute to firm
productivity in Switzerland relative to Germany (Dionisius et al., 2009). On the other hand, demand for apprentices
would decrease as firms expect to incur a higher marginal cost of training for the additional apprentice. Conditional on
firm characteristics, the net cost (costs-benefits) of training might be positively or negatively related to demand for
apprentices depending upon the how firms are able to use apprentices in their production processes. Firms with negative
net costs, i.e., benefits from training exceed costs of training, would increase the demand for apprentices as they are able

to extract greater productivity from every additional apprentice.

Proposition 3 (Labour Substitution effect): Skill biased productivity growth induces substitution of apprentices for high
and low skilled workers.

Factor augmenting productivity growth that is biased towards high skilled workers might reduce the role of apprentices
in the production process. Moreover, productivity growth that increases the demand for low-skilled workers at the cost
of medium skilled workers contributes to polarization in the labour market. This is backed by the literature since the
assumption of Hicks neutrality confounds with the evidence obtained in the skill-biased technological change literature
(Abowd et al., 2007). Since apprentices are typically trained in technical and semi-skilled occupations that are substituted
for high and low skilled workers, a decrease in the demand for apprentices with a decrease in the demand for semi-skilled

workers would create a labour substitution effect.

3. Data
For this study, | use the IAB Establishment Panel (Betriebspanel) from the Federal Employment Agency in Germany.

The establishment panel is an annual survey covering around 16,000 German establishments with at least one employee
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subject to social security contributions, spanning all industries and sizes (Bellmann et al., 2022)**. The establishment
data comes from the universe of establishments that comply with mandated social security notification of their employees.
The establishment panel sample is stratified by size, industry, and federal state (Lander)!?. The survey provides
information on key factors of production, turnover, firm characteristics, and personnel changes, particularly
apprenticeships. | limit my analysis to the period from 2009 to 2019 to ensure consistent industry classification in the
establishment panel and mitigate the demand shock to the stock of apprentices seen during the 2008-09 financial crisis
and the COVID-19 pandemic in 2020. | exclude non-profit and public administration establishments, as these firms might
not be considered profit oriented establishments. | further exclude establishments that do not report turnover in sales,
such as banks/financial institutions, insurance companies, non-industrial organizations, regional and local authorities.

After these exclusions, | have a sample size of more than 150,000 establishment-year observations. After accounting for
missing information on turnover, intermediate costs, investments, wages, etc. | achieve an unbalanced estimation panel
of approximately 19,000 establishments. | derive capital stock per establishment using the modified perpetual inventory
approach tailored specifically to the establishment panel (Muller, 2008, 2017). | use the methodology by Stiel and
Schiersch (2022) to deflate turnover, investments, capital stock with industry-level deflators with 2015 as the base year
(OECD, 2017). Wages and other cost related data are deflated with consumer price indices with 2015 as the base year.

I complement the establishment panel with information on school leavers from the Federal Statistics Office to serve as a
proxy for the supply of apprentices at the state level (Muehlemann et al., 2022). | use the total number of school leavers
(graduates and dropouts) per year at the state level by their school-leaving certificate!®. The literature on apprenticeship
training documents how firm-sponsored training crucially depends upon the costs of training apprentices and the alternate
costs of using skilled workers4. To account for the costs of training apprentices, | use the BIBB Cost-Benefit Survey
waves of 2012-13 and 2017-18 (Jansen et al., 2017; Pfeifer et al., 2021). Specifically, | aggregate training costs per
apprentice (both net and gross costs) into 112 cells of sector (14 groups), size (4 groups), west and east German
establishments (2 groups). The intuition is that the aggregated costs and benefits reflect the expected costs/benefits per
additional apprentice for a firm with aforementioned characteristics. | merge these aggregates to the IAB Establishment
Panel ensuring group similarities and deflate the costs using the consumer price index. To fill the gaps between the two

survey waves and project backwards to 2009, | use linear imputation techniques at the establishment level.

In Table 1, I show the descriptive statistics of key variables in the estimation sample by firm’s status of productivity
convergence. Specifically, | compare firms that improve their position in the productivity distribution ‘convergers’ to

firms that do not improve their position, viz. ‘non-convergers’. In terms of turnover, capital stock and workforce size, |

11 The establishment survey does not include self-employed and establishments that employ only people not covered by
social security (mineworkers, farmers, artists, journalists, etc.) as well as public employers with solely civil servants.

12 See Fischer et al. (2009) and Ellguth et al. (2014) for a detailed overview of the 1AB establishment panel.

13 A substantial literature on the German apprenticeship system argues that the decline in new training contracts is due
to demographic trends and tertiarisation of education (Solga et al., 2014; Thelen, 2007). | use the motivation in Dummert
et al. (2019) and Muehlemann et al. (2022) to use school leaver aggregates as proxies for these supply side trends.

14 See Dionisius et al. (2009), Jansen et al. (2015), Pfeifer et al. (2011) and Muehlemann et al. (2005) for literature on
firm-level costs of training apprentices. See Walden & Troltsch (2011) and Bellmann et al. (2014) for literature on wage

costs of skilled workers as a determinant for demand for apprentices.
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do not observe significant difference between a converger and a non-converger. However, non-convergers have a higher
share of intermediate inputs and investment in their turnover. Large expenditure on raw material as a share of turnover
indicates inefficient use of resources and supply chains and thus lower productivity. The difference in investment

intensity might reflect the delayed effect of investments on an establishment’s productivity.

In terms of training characteristics, | find limited structural difference between convergers and non-convergers.
Approximately, 58% of our estimation sample are establishments that train at least one apprentice in the corresponding
year, defined as a “training” establishment. This proportion is equal between convergers and non-convergers indicating
that the extensive margin decision to train or not is not influenced by proximity to the frontier. This is important since
apprenticeship training and productivity growth are positively related to firm size. One might expect convergers to be
dominated by large firms who are more likely to train apprentices (Van Biesebroeck, 2005; Jansen et al., 2015). However,
we find limited evidence for this productivity-size nexus in our sample. Similarly, | observe 5% of the workforce to be
comprised of apprentices among both convergers and non-convergers. Although convergers appear to post more

vacancies for apprentices than non-convergers, this difference is not statistically significant.

Table 1. Descriptive statistics, by firm’s status of productivity convergence

Estimation Sample Convergers Non-convergers Difference
Variable (n=67951) (n=26401) (n=27215)
Mean SD Mean SD Mean SD T-Statistic
Turnover (in million €) 18.3 224 21 295 17.2 181 -181
Capital Stock (in million €) 21.2 319 24.9 426 19.2 238  -1.93
Intermediate Inputs Intensity 0.48 0.22 045 021 0.51 0.22 3117 ***
Investment Intensity 0.06 0.20 0.05 0.20 0.06 0.16 4.13 xxx
Workforce Size 137 1066 148 1329 132 954 -1.68
Composition: Low skilled 0.15 0.21 015 0.22 0.14 021  -7.26 ***
Composition: Medium skilled 0.63 0.23 0.63 0.23 0.64 0.23 4.82 xxx
Composition: High skilled 0.07 0.14 0.07 0.14 0.08 0.15 4.07 xxx
Workforce Turnover Rate 0.01 0.09 0.01  0.09 0.00 0.09  -7.71 k*x
Works Council (%) 0.25 0.43 0.25 043 0.25 0.43 0.27
Collective agreements (%) 0.40 0.49 040  0.49 0.40 049  -0.59
Training firms (%) 0.58 0.49 0.57  0.50 0.58 0.49 1.64
Apprenticeship Rate 0.05 0.08 0.05  0.08 0.05 0.08 -0.08
Number of Vacancies Posted 2.84 16.47 2.97 19.46 269 1435  -1.89
Unfilled Vacancy Ratet 0.19 0.34 020 0.35 0.22 0.36 3.52 wk*E

+ Variable with fewer observations than the estimation sample

Note: Convergers are establishments that improved their position in the productivity distribution. Training
establishments are those that train at least one apprentice in year t. Intermediate Inputs Intensity =
Intermediate Inputs/Turnover. Investment Intensity = Investments/Turnover. Workforce Turnover Rate =
(New Hires - Separations)/Workforce Size. Apprenticeship rate is defined as the share of apprentices in the
total establishment workforce. Unfilled vacancy rate is the share of apprentice vacancies that were not filled
by apprentices in year t. * p<0.05, ** p<0.01, *** p<0.001
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Furthermore, the difference in workforce composition is important for the study results. The estimation sample is
consistent with the widely documented properties of the German labour market: a large share of medium-skilled workers
and lower shares of low skilled and high skilled workers (Baethge & Wolter, 2015; Rohrbach-Schmidt & Tiemann,
2016). Whereas non-convergers have a greater composition of medium and high skilled workers, convergers have a
greater share of low-skilled workers. Moreover, establishments that converge to the productivity frontier have a greater
turnover rate than establishment that do not converge to the frontier. Differences in workforce composition are a threat
to internal validity and thus need to be included as control variables in our analysis. It has been emphasised in earlier
literature that labour market institutions influence not only personnel fluctuations but also a firm’s training behaviour
(Thelen, 2004; Fregin et al., 2020). | observe that around 25% of establishments have employee representation in the
form of works councils and 40% of establishments have wages determined by sectoral collective labour agreements. | do

not observe any statistical difference in labour market institutions between convergers and non-convergers.

4. Methodology
The main estimation strategy is based on equation 8 where demand for apprentices'®, Ty, is a function of closeness to the

productivity frontier CTF;; = %. Demand for apprentices is defined as the number of apprentice vacancies posted by
t

the establishment in year t. The estimable version of equation 8 is written as:
Ty = Bo+ B1CTFye + Xie + Hy + 6, + € -(9)-

Inequation 9, X; ; is a vector of time-varying establishment controls such as establishment size, number of skilled workers
(in log), turnover rate (new hires minus separations as a share of the workforce), share of part-time workers, share of
workers with university degrees, presence of works council and sectoral collective labour agreement. Time invariant
controls are a set of sector and region dummies in H; and &, contains time-varying variables such as year dummies and
number of high school graduates at the Lander level. The latter variable reflect the supply side of the apprenticeship
training market allowing us to effectively control for demographic effects (Muehlemann et al., 2005). Since vacancies
for apprentices is a count variable with over-dispersion, | use negative binomial regression proposed by Cameron and
Trivedi (1986) (hereafter referred to as the NB2 model)¥. I restrict the estimation sample to firms that are below the

frontier (CTF;; < 1) to avoid bias emanating from firms that are at or above the frontier. For instance, if the frontier firms

15 The workforce composition totals do not add to 1 because | can only identify employees subject to social security with
their educational levels. This excludes working proprietors, civils servants, interns, freelancers and marginal part-time
workers. On average, training firms have a lower share of employees implying that they have a higher share of the latter
group of workforce. For more information on managerial and part-time work in Germany, please refer to Brenke (2011).
16 We define demand for apprenticeship training as the number of apprentice vacancies posted by the firm in year t. Since
this variable is a discrete variable we use a negative binomial regression. This is important since many firms display
volatility in their apprenticeship demand, i.e., posting 0 vacancies in year t, 2 in year t + 1, and 0 in year t + 2. Taking
a logarithm of the demand variable (typical in the literature) omits the years where there has been no demand creating
sample bias.

17 Wooldridge (1999) show how a Poisson model works equally well due to its generalizable assumptions. In our

robustness checks, we show how our main results our equal regardless of the method of estimation used.
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are less likely to train apprentices, our estimates will be downward biased due to structurally different training

characteristics in the upper-tail of the productivity distribution.

In order to have reliable estimates for equation 9, | need to ensure, 1) a robust method for estimating firm productivity,
2) derive exogenous changes to the productivity measure, and 3) consistently identify the causal effect in the empirical
strategy. As stated earlier, literature on firm productivity and training has focused on the potential benefits of workforce
training on firm productivity. In this paper, | control for this reverse causality by identifying productivity shocks to the
establishment. The intuition is that unexpected and unanticipated changes in productivity growth influence firm’s demand
for apprentices through the pass-through of the shock on firm’s position in the productivity distribution. In addition to
the productivity shock, | control for time-invariant unobserved characteristics in equation 9 using the within-between
model first proposed by Mundlak (1978) and formalised by Neuhaus and Kalbfleisch (1998). This allows me to

consistently estimate 8, in equation 9 whilst accounting for potential endogeneity.
4.1. Estimating establishment-level productivity

An establishment’s closeness to the productivity frontier is a ratio of its productivity to the productivity of the frontier
establishment. Without assuming constant returns to scale, | use a skill-augmented value-added production function

approach to estimate establishment-level productivity'® as:

vay = Po + Builic + Bikic + BsS"ieHvie + it -(10)-
such that, TFP = wj; = By + vyt
Where B; and B, are output elasticities of labour (1) and capital (k), in log scale respectively. va;; is logarithm of gross
value added, i.e., turnover minus intermediate costs® and s” includes the share of low-skilled workers, medium skilled
workers, high skilled workers and apprentices out of the total workforce?. | run equation 10 at the sectoral level to derive
output elasticities for each sector separately. Therefore, total factor productivity (TFP) is denoted as w;;, B, represents
the average productivity level at the sector level and v;, represents the time-varying establishment-specific part of
productivity. Intuitively, w;, represents the part of a firm’s value added that is unexplained by observable/embodied
factors of production. Thus, TFP is a proxy indicator for disembodied factor augmenting technological change (Van

Beveren, 2012; Autor & Salomons, 2017). The error term, u;,, is an i.i.d. component representing white noise.

Cross-sectional and ordinary least squares (OLS) estimation of equation 10 renders biased estimates of output elasticities
due to unobserved heterogeneity and simultaneity between value added and explanatory variables. Moreover, the quality
of factors of production and input choices might be correlated with firm productivity (Olley & Pakes, 1996; Levinsohn
& Petrin, 2003) . To alleviate these concerns, | use the semi-parametric estimation proposed by Levinsohn and Petrin

(LP) (2003). The basic assumptions are a) input and output prices are uniform across firms in a sector, b) capital stock is

18 See Black & Lynch (2001), Zwick (2006) and Konings & Vanormelingen (2015) for earlier work using heterogeneous
worker based production functions.

19 1n the establishment panel, intermediate costs include costs for raw materials, merchandise, wage work, rents and other
internal and external costs. | use value added rather than turnover based on Lochner & Schulz, (2021)

20| categorize low skilled workers as employees in menial jobs that do not require specific vocational education. Medium

skilled workers are employees in skilled jobs that require a vocational qualification or comparable training on the job or

relevant professional experience. High skilled workers are employees in skilled jobs that require a university degree.




14

predetermined in period t — 1 as a state variable, and, c) labour and intermediate costs respond to productivity in period
t — 1 (see Appendix 1 for a technical explanation of the LP technique). Productivity is proxied by a non-parametric
function of intermediate input demand (the control function) that is strictly increasing in (scalar and unobserved) firm
productivity (Konings, 2008). Inverting this function allows us to control for unobserved firm productivity by substituting
it out of the production function?X. Conditional on the probability of survival of the establishment in the next period

(x:2)%, productivity is estimated using a first-order Markov process.

Wi = E(wit|wi,t—1:)(it) + S = Awie1 + &t -(11)-
Where §;, is a change to productivity that is uncorrelated with w;; or k;; where | assume that w;, follows an AR(1)
process with parameter A. Deriving output elasticities using LP estimation allows us to control for unobserved
heterogeneity, however, literature suggests that this method suffers from serial correlation of the estimated coefficients
(Ackerberg et al., 2006; Ackerberg et al., 2007; Ackerberg et al., 2015). Therefore, | deploy the Ackerberg-Caves-Frazer
(ACF) correction to avoid issues related to collinearity in estimating labour and capital coefficients (Ackerberg et al.,
2006). In the ACF correction, the control function is augmented by including labour input as an additional proxy for
productivity. This conditioning eliminates the collinearity between intermediate input demand and labour input that

depends upon wage costs and potentially training costs (Konings & Vanormelingen, 2015; Lochner & Schulz, 2021).

Productivity convergence the dynamic process of catching-up to the frontier, | use a relative measure of productivity
based on the “proximity to the frontier” literature (Acemoglu et al., 2006; Bartelsman et al., 2015; Vandenberghe, 2018).
The “proximity to the frontier” approach suggests that heterogeneous firms should select strategies that depend on their
relative performance within their industry (Bartelsman et al., 2008). Changes in CTF can either be due to Aw;; or Awg; ,
i.e., a firm converges to the productivity frontier if Aw;; > Awg;. Firm-level studies that use productivity as an
independent variable typically rely on industry level shocks as a source of exogenous variation in firm level productivity.
These can be export shocks, exchange rate shocks, technology shocks among others. This strategy is insufficient since |
need exogenous variation that is time variant and firm specific. Moreover, literature discussed above shows how firm
level training influences firm’s productivity hinting at potential reverse causality (Dearden et al., 2006; Zwick, 2006,
2007; Cabus & Nagy, 2021). Establishments that demand apprentices might be structurally more productive due to factors
such as management quality, exposition to long-term technical change, management-employee relations. Therefore, |

isolate exogenous changes in CTF through a firm specific component and a sector specific component.
4.2. Instrumental Strategy : ldentifying exogenous variation in CTF

Any potential firm-specific instrument should be uncorrelated with both observable and unobservable determinants of

estimated productivity, w;.. In the LP estimation, w;; evolves in a Markov process and, thus, can be decomposed into

21 _evinsohn and Petrin (2003) argue that proxying for w;, allows a more flexible interpretation of productivity. This is
different to reducing w;; to a “fixed” (time invariant) firm effect and hence is a less “costly” solution to the omitted
variable and/or simultaneity problem.

22 Low productive firms might drop out of their sample due to their low productivity creating a potential selection bias.
If | assume that a firm operates if its productivity is above a minimum sectoral level, Olley and Pakes (1996) propose to

include a survival indicator variable ;. = 1s.t. w;; > w;; Where w;, is the sectoral minimum.
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two factors: a trend element and an idiosyncratic shock &;;. Writing equation 11 in first differences, adding a further

lagged period and time dummies, | get the following:

Awiy = LAw; 1 + AW + T, + A&y, -(12)-
Where 1, and A, estimate the effect of growth in past periods on today’s growth, and the year dummies control for
business cycle effects. First differencing allows us to achieve within-panel stationarity in estimated productivity (w;;).
Equation 12 is characteristically similar to the work by Guiso et al. (2005), Carlsson et al. (2016) and in the German
context, by Guertzgen (2014)%. Specifically, if | remove the trend component (z,) and growth persistence (Aw; ., and
Aw;¢_,) from productivity growth in period ¢, the remaining variation in Aw; . is the deviation from trend and persistence
that can be considered as a shock to the firm in period t (A¢;;). In equation 12, growth in productivity in period t is
influenced by growth in productivity in period t — 1, t — 2 and an idiosyncratic shock to productivity growth. On the
assumption that A¢ is serially uncorrelated, | can derive consistent estimates for A, and A, using a two-step difference
generalized method of moments (GMM) approach proposed by Arellano and Bond (1991). | use lagged values of w;;

dated t — 3 and earlier as instruments for Aw,_; and Aw,_, as proposed by Guiso et al. (2005).

Table 2. Two-step difference GMM estimation for TFP shock estimation

Dependent Variable = TFP Growth (8] (2)
Productivity Growth (t-1) -0.192*** 0.055
(0.007) (0.174)
Productivity Growth (t-2) -0.052
(0.034)
Year Dummies Yes Yes
Number of Instruments 17 15
Arellano-Bond test for autocorrelation
AR(1) (Z-statistic) -39.56*** -4.07***
AR(2) (Z-Statistic) -8.05*** 2.04*
Sargan test for over identifying restrictions (y? Test
Statistic) 23.84*** 2.26
Hansen test for over identifying restrictions (2 Test
Statistic) 21.48** 2.35
N (Establishments) 11908 9737
N 50882 38772

Note: Dynamic panel data estimation, two-step difference GMM. GMM type instruments include omega t-2 (t-
3) and earlier as uncorrelated with the error term in year t. AR(p) tests for pth order serial correlation in errors.
Sargan and Hansen tests for overidentification of instruments test the null hypothesis that the instruments are
valid and correctly specified. Standard Errors in the parentheses. * if p<0.05, ** if p<0.01, *** if p<0.001.

23 Guiso et al. (2005) provides a similar equation to us but use value added instead of productivity. | believe that both

equations reflect firm-level shock estimation but use different indicators for firm performance.
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Table 3. Auto-covariance structure of estimated TFP shock with its lags

Lag Levels TFP Shock

t 0.227
t-1 -0.074
t-2 -0.002
t-3 -0.007
t-4 -0.004
t-5 -0.002
t-6 -0.001
t-7 -0.010

Note: Autocovariance at lag level t is the
variance of the variable

In Table 2, | show the estimation of equation 12 by changing the lag structure of the explanatory variables. The test for
serial correlation of the residuals derived by Arellano and Bond (AR-2 test statistic) tests the assumption on the
correlation of A¢;,. The test statistic is standard normally distributed under the null hypothesis of no serial correlation. In
column 2 where | have two lags for productivity growth, | see that the test statistic for the second lag is significant at 5%
level of significance. However, the covariance structure of A¢;, shows no evidence of serial correlation beyond the first
lag (see Table 3). To test for specification bias, | use the standard over-identifying restrictions test (Sargan and Hansen
tests). Under the null hypothesis of correct specification, | observe that the y? test statistic is insignificant at 5% level of
significance (see Column 2). This provides further evidence against misspecification in TFP shock estimation. The
insignificant coefficients in Column 2 can be interpreted as evidence for lack of trend effects in productivity growth.
Based on the above tests in Table 2 and Table 3, | conclude that the estimated A¢;; can be interpreted as a “true”
exogenous shock to a firm’s productivity in period t. The estimated A¢&;; represent shocks of small magnitude compared
to more structural shocks such as COVID-19, migration boom, trade shock, unanticipated technology shock, etc.

Nevertheless, it is more appropriate to isolate time varying establishment specific changes to productivity.

To supplement Aé;;, | also use the productivity of the frontier establishment (w{t) as a sector specific time variant
instrument for CTF. This is based on the assumption that changes to the productivity of the frontier establishment does
not have a direct influence on the demand for apprentices for the it" establishment. The influence of frontier would only
materialize if it leads to convergence or divergence of the ith establishment, i.e., changes to the productivity of the i"
establishment through technology diffusion (Comin & Hobiijn, 2006; Andrews et al., 2015). Hence, I use A&;; (proxy for
firm specific productivity shock) and wf, (proxy for sector-specific changes to CTF) as plausible instruments to derive

exogenous variation in “closeness to the frontier” variable.
4.3. Control function approach

The two instruments are combined into a first-stage regression as follows:

w.
CTFie ="/ p = F(0F0 8610 010) -(13)-

Lt

Such that f(.) is a linear function of parameters and | add w,_, to incorporate level effects of productivity. Since

Cov(Afit, Afi,t_l) # 0 (see Table 3), including w;;_; ensures including a potential omitted variable in the first stage
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regression. However, typical two-stage least squares does not give precise estimates when the dependent variable in
second stage is a count variable with variance greater than the mean, i.e., over-dispersion (Hausman et al., 1984)%4,
Furthermore, Wooldridge (2010) notes that combining a linear first-stage regression with non-linear second stage creates
the “forbidden regression”?®. This functional misspecification occurs as the fitted values from the linear first-stage do not

satisfy the exclusion restriction required in a two-stage least squares system.

Wooldridge (2010) proposes a control function approach where the error term from the first-stage linear regression is
included in the second stage linear regression. The intuition is that first-stage error term refers to the unexplained variation
in CTF and if one controls for this ‘back-door’, consistent estimates in the second stage regression can be achieved by
bootstrapping the first and second stage regressions (Guo & Small, 2016; Huntington-Klein, 2021). In this study, the first
stage excludes the variation in CTF due to idiosyncratic changes in productivity and frontier productivity (the
instruments). The unexplained variation of CTF is then controlled in the second stage to produce causal effect on the
demand for apprentices. The necessary assumption for the control function approach is that the instruments be
uncorrelated with the first-stage error term. The error term acts similar to any other control variable in the second stage
regression, i.e., its significance can be examined using conventional hypothesis testing in the second stage results. Using
the control function approach offers a flexible generalization of the direction of causality problem in instrumental variable

regressions.

| incorporate the control function approach in equation 9 by assuming a linear form for the first stage equation and

incorporating the error term from this equation into the second stage model:

First Stage: CTFy = ag + a0} + 3D + @uw; o1 + asXie + Mie -(14)-

Second Stage: Tyt = Bo + B1CTFy + Bpflie + Xie + Hy + 6 + €4 -(15)-
Where, 1j;, is the predicted error term from the first stage regression substituted in the second stage negative binomial
regression with §,, as the parameter of interest. | estimate equation 14 using a simple random effects model for the entire
sample with heteroskedastic robust standard errors clustered at the establishment level. | test the instrument strength in
the first-stage regression with an F-test and the validity of the instruments using a Hansen J-statistic test for over-

identifying restriction test for equation 14.

The last problem with equation 15 is that it potentially suffers from omitted variable bias as time-invariant unobserved
factors might confound our analysis. In linear estimation, such factors are controlled by using fixed effects regression.

However, in non-linear estimation models like negative binomial regression, conditional fixed effects have been shown

24 | test for over-dispersion using a goodness-of-fit test of the model with a poisson model. I compute both deviance
statistic and Pearson statistic and show that they are significantly different to zero. I also conduct the over-dispersion test
proposed by Cameron & Trivedi (2010) and find over-dispersion in the variable for demand for apprentices.

2 First coined by Jerry Hausman, “forbidden regression” describes a system of equations where I replace a non-linear
function of endogenous explanatory variables with the same non-linear function of fitted values from a first-stage

estimation (see Wooldridge (2010) for more on consistency of instrumental variables regression).
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to be unreliable and not a ‘true-fixed effects model” (Allison & Waterman, 2002; Guimaraes, 2008)%. To overcome this
issue, Allison (2009) proposes a model where time-varying regressors are decomposed into a within-establishment
component and a between-establishment component (Mundlak, 1978; Neuhaus & Kalbfleisch, 1998). Under this
approach, the coefficients for the within-establishment component will be identical to a fixed effects regression.
Therefore, | decompose each time-varying variable equation 8 into a between component, such that, CTF, =
nt Z?;’l CTF;, and a cluster component (CTF;, — CTF;). By making some simplifications, | can then change equation

15 to equation 16:
Yie = Bo + BiCTFy + Bpfiie + Xip + H; + 8¢ + yCTF; + X, + 67, + € -(16)-

B, captures the within effect of change in CTF on the establishment’s demand for apprentices. Equation 16 is also referred
to as the correlated random effects model (CRE), first proposed by (Mundlak, 1978) and allows us to simultaneously
estimate the establishment specific effect whilst controlling for between effects?’. In equation 17, y, ¢ and & are the
difference of the within and between effects and allow us to implicitly perform an augmented regression test. For instance,
if y or ¢ or § = 0, equation 16 collapses into equation 15. This implies that there would not be any difference in the
fixed effects and the between effects model (Schunck, 2013). The combination of the CRE model and the control function
approach allows us to provide a novel methodological contribution to the literature as | not only account for omitted

variable bias but also introduce a exogenous variation in CTF.

5. What does the frontier look like?

The “proximity to the frontier” literature defines the frontier based on sectoral leaders, national leaders, regional or global
leaders (Bartelsman et al., 2008; Andrews et al., 2015). In Figure 2, | show some key stylized facts about firm productivity
in Germany. The frontier is defined as the 95™ percentile of the intra-industry productivity distribution. Turnover (defined
as log of sales, panel (a)) appears to have a strict positive relation with total factor productivity. The most productive
firms observably differ based on turnover than even the near frontier firms at the 80" percentile of the productivity
distribution. This is different to the analysis by Lochner and Schulz (2021) who argue that firms at the 90™ percentile are
not different to the firms at the 80" percentile in Germany. Similar to Lochner and Schulz (2021), | observe an inverse
U-shaped relation between productivity and firm size (defined as log of employment, panel (b)). The positive relation
between productivity and size is only seen up to the median firm from where decreasing returns to scale induces high

productive firms to have a smaller workforce.

Although frontier firms are smaller in size, panel c) shows that they pay higher average wages which is congruent with

cross-country literature on wage premiums and within-country literature on wage inequality (Card, Cardoso, et al., 2018;

% Econometrically, using conditional likelihood to incorporate establishment fixed effects in a negative binomial
structure only demeans the over-dispersion parameter and not the “true fixed effects” in terms of time-invariant
unobserved establishment specific variables

27 Simulation studies assessing the consistency of the hybrid model report that this method could yield small bias in
coefficient estimates for non-linear models such as in a negative binomial regression (Brumback et al., 2013, Goetgeluk
& Vansteelandt, 2008). | test the presence of such bias by adding polynomial functions of the means of the explanatory
variable. In our tests, | see that these polynomial terms are not statistically significant and our estimates do not change

much and therefore | can be confident that specification bias is not going to be an issue for our study.
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Criscuolo et al., 2020). Furthermore, | see the similar trend of falling labour share of value added among the frontier
firms in panel c) as seen by Autor et al. (2020). Therefore, firms at the frontier, or “superstar firms” have greater ability
to extract rents from its skilled workers through higher monopsony power in wage determination. So on one hand, frontier
firms pay higher average wages, but on the other hand, these wages go to very few individuals highlighting increasing

sorting of workers towards the frontier firms.

With respect to the incidence of training firms, panel d) shows the share of training firms by productivity percentile.
Following a similar inverse U-trend to firm size, firms that are closer to the productivity frontier have a lower incidence
of apprenticeship training. Here apprenticeship training is defined as a firm with at least one apprentice. Out of those
who do train apprentices, frontier firms have a higher training intensity than median firms but not more than low
productivity firms who appear to be the most apprenticeship intensive (panel €). A similar sorting story can be seen in
the apprenticeship market as frontier firms are more likely to fill their apprentice vacancies (panel f) than non frontier
firms. As far as | know, this is the first evidence regarding the relation between frontier firms and apprenticeship training
in Germany. Frontier firms are less likely to train apprentices but if they are a training firm, they train more apprentices

than non-frontier firms.

Figure 2. Characteristics of frontier firms by key firm observables
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| further contextualize the productivity differences between frontier and non-frontier firms in Figure 3 by dividing firms
into frontier, median and laggard firms?. In Figure 3, the vertical axis denotes the average growth in year ¢ within a firm
type from the base year, i.e., 2009. The dispersion in productivity matches the conclusions for a wide range of countries
(Andrews et al., 2015, 2016; Bouche et al., 2021). For both labour productivity (defined as log of value added per worker)
and total factor productivity, | see average annualized productivity growth to be negative and decreasing for laggards but
positive and increasing for the frontier establishments with near-zero growth for the median group of establishments. |
normalize 2009 as the start of the figure and | see that the three years after the financial crisis in 2008 saw the greatest
divergence between the three types of firms. In this period, average growth of the frontier establishments increased to
more than three times to that of the median establishments. Literature on the role of the financial crisis in influencing
post-crisis firm performance attributes this dispersion to financial fragility, exposure to tight credit conditions and
exposure to international markets (Duval et al., 2020). The macro trends reveal the significance of widening productivity
growth between the frontier and the non-frontier firms.

Figure 3. Evolution of firm productivity growth by frontier, median and laggard firms in Germany
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28 Frontier establishments are the ones with productivity greater than equal to the 95™ percentile of the within-industry
productivity distribution, median establishments have productivity between 50" and 95" percentile and laggards are those
that have productivity less than 50™ percentile.
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6. Results

6.1. Proposition 1: Convergence effect

The first proposition derived from equation 8 suggests that relative position in the productivity distribution will have a
positive effect on demand for apprentices as long as o > p. In Table 4%, | test this proposition by estimating equations
14-16. The first column reports the effect of CTF on demand for apprentices only controlling for establishment size: an
increase in number of vacancies by 48.7% for 1% increase in CTF (8 = 0.397,p < 0.001). The positive effect goes in
line with our theoretical model in equation 8. The effect reduces in magnitude as | control for sector, region, time fixed
effects in column 2. With a full set of canonical controls and controlling for demeaned values of time-varying confounders
(Column 4), | conclude that a 1% increase in the closeness to the productivity frontier is associated with a 25% decline
in the demand for apprentices (8 = —0.288,p < 0.001). The change from a positive to a negative effect is due to
workforce characteristics and time-invariant confounders. I comply with the literature on apprenticeship training that
emphasises the importance of workforce variables as proxies for skill endowment, hiring and training costs, and business
outlook (Mohrenweiser & Zwick, 2009; Mihlemann, 2016). Using the coefficient on the between effect as an augmented

regression test, | find no discernible difference between a traditional fixed effects model and the random effects model.

The control function approach allows us to further control potential reverse causality emanating between a firm’s position
in the productivity distribution and its demand for apprentices. In columns 5 and 6, | only use productivity of the frontier
establishment as an instrument. Although the instrument is marginally strong, it fails to provide statistical significance in
the second stage. Moving to the fully specified model in Column 8, | observe a strong, negative and statistically
significant relation between closeness to the frontier and demand for apprentices. Specifically, a 1% increase in CTF
leads to a 39.8% decrease (8 = —0.504, p < 0.001) in the firm’s demand for apprentices, ceteris paribus. In the Column
8, the explanatory power of ‘between’ effect (CTF) and the first-stage residual is weak and insignificant. This means that
once we control for the ‘backdoor” explanations, first stage residual, time constant factors do not influence our model.
However, since the augmented regression test reveals statistical significance of the demeaned variables, Column 8 is still

preferred over Column 7.

As long as instruments satisfy the assumptions of 1) instrument strength, and 2) exclusion restriction, | can credibly argue
that the main effects in Column 8 are strong and representative. First stage regression results as well as joint F-test
provide conclusive evidence of instrument strength. The assumption of exclusion restriction implies that the instruments
are uncorrelated with the demand for apprentices and only influence demand through a firm’s position on the productivity
distribution. I compute the Hansen J-Statistic test for over-identifying restrictions to provide support for exogeneity
assumption. A low value of the J-Statistic (J-statistic = 5.31, Column 8) fails to reject the null hypothesis of instrument
exogeneity. Based on these tests and the identification rationale, | argue that | have valid instruments for our study. If
one views total factor productivity as a 