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Abstract 

We analyse the effect of the German minimum apprenticeship wage that was introduced in 2020 

in response to increasing difficulties faced by firms in filling training positions. Theoretically, 

the impact on training activity is ambiguous: increased wages could potentially increase appli-

cant numbers, while higher costs may reduce firms’ incentives to offer apprenticeships. We 

provide empirical evidence of the policy’s impact on offered training positions and actual take-

ups. Using a difference-in-differences design with firm-level panel data, we find no evidence 

of a positive effect on either offered or filled trainings, but (if at all) negative effects.  
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1. Introduction 

The apprenticeship system in Germany and other countries has been a success story for many 

decades. It enhances industry and firm-specific human capital development tailored to the needs 

of the industry and therefore contributes to both increasing productivity and economic growth 

as well as access to education and employment (see e.g., Barbieri et al., 2018; Benassi et al., 

2022; Busemeyer et al., 2022; Casey, 1991; Goergen et al., 2012; Lüthi, 2025; Neyt et al., 2020). 

However, the German dual education system has recently been put under pressure. The trend 

towards tertiary education as well as demographic change has led to a decreasing supply of 

young adults willing to pursue an apprenticeship in the dual education system. Therefore, it has 

become increasingly difficult for companies to find qualified applicants for available appren-

ticeship places (BMBF, 2020; Seeber and Seifried, 2019). Consequently, between 2009 and 

2019, a period of solid economic growth and increasing employment rates, the number of new 

apprenticeships has decreased from 564,307 to 525,081, with an increasing number of unfilled 

places (BMBF, 2020: 33; see also BIBB, 2020).  

Many apprenticeships are covered by tariffs, as the wage setting on the German training market 

is dominated by collective wage bargaining between employer associations and unions. Some 

firms, moreover, apply their own tariff system. However, this is not the case for all apprentice-

ships (Schönfeld and Wenzelmann, 2020). Since educational choices are assumed to be partly 

driven by monetary considerations, raising apprenticeship pay on the federal level has been 

considered a promising strategy to increase the number of applicants and thus the number of 

unfilled places. In 2020, the Federal Government therefore introduced a statutory minimum 

apprenticeship wage of €515 per month with the aim to increase the attractiveness of appren-

ticeships (e.g., BMAS, 2020; BMBF, 2019; Deutscher Bundestag, 2019a; Deutscher Bundestag, 

2019b).  
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However, from a theoretical perspective, the effect of the minimum apprenticeship wage 

(MAW) on actual take-ups in the dual education system is ambiguous. Neoclassical labour mar-

ket theory (Borjas, 2013) indeed predicts that higher apprenticeship wages should increase the 

number of applicants. At the same time, higher wages raise training costs for firms, thereby 

reducing their incentive to offer apprenticeship positions and potentially lowering the number 

of places that are offered. It is therefore theoretically unclear, which effect dominates in terms 

of actual take-ups.  

In this paper, we provide empirical evidence on the impact of the introduction of the MAW in 

Germany on offered places and actual take-ups in the dual education system. We combine firm-

level panel survey and register data that contain yearly information about the number of offered 

and filled training places as well as affectedness by the introduction of the MAW, as measured 

by having paid wages below the minimum wage before 2020. To estimate the causal effect of 

the MAW on offered places and take-ups, we exploit variation in the affectedness of the MAW 

between firms and compare the development of affected and unaffected firms in a difference-

in-differences (DiD) framework.  

Our findings indicate that the reform did not lead to the positive effects intended by policy 

makers. If anything, the MAW led to a decrease in both the number of offered and the number 

of filled places (based on the results of some model specifications), which would suggest that 

the negative impact on offers dominates. We conducted a wide range of robustness and sensi-

tivity analyses, including different model specifications (with and without covariates) and esti-

mation techniques, placebo tests, post-treatment sample selection checks as well as different 

sample definitions. 

This paper contributes to the literature in several ways. First, we contribute to the vast literature 

on the role and impact of minimum wages in general (e.g., Addison et al., 2012; Allegretto et 

al., 2011; Backhaus and Müller, 2023; Böckerman and Uusitalo, 2009; Bruttel et al., 2018; Card 
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and Krueger, 1994; de Linde Leonard et al., 2014; Dütsch et al., 2025; Garnero et al., 2015; 

Sabia, 2008; Sabia, 2009). Second and more specifically, we add to the still rather scarce evi-

dence on the impact of apprenticeship (minimum) wages on training activity (Higton et al., 

2012; Langen and Dörsam, 2025; Linckh et al., 2023; Papps, 2020). Finally, we build on and 

extend previous literature on institutional conditions and policy measures concerned with the 

attractiveness of vocational education (cf. Busemeyer and Jensen, 2012; Cedefop, 2009; Di 

Stasio, 2017; Gospel, 1998; Ryan et al., 2013; Smith, 2023).  

The remainder of this article is organised as follows. In section 2, we outline the theoretical 

arguments on the expected effect of the MAW in more detail and provide a brief overview of 

the related literature. Section 3 describes the dataset and variables used and outlines our research 

design and estimation technique. Section 4 presents our main results and robustness checks 

before section 5 concludes with a short discussion of policy implications and directions for 

future research. 

 

2. Theoretical background and related literature 

2.1 Theoretical background 

The theoretical expectations regarding the effect of minimum wages for apprentices are related 

to those for regular employees. Following standard neo-classical theory (Borjas, 2013), the min-

imum wage would push wages away from the market clearing wage. Starting from a market 

with zero unemployment (i.e., labour supply and labour demand meet at the market clearing 

wage), the introduction of a minimum wage would lead to increasing labour supply but decreas-

ing labour demand by employers, resulting in an over-supply of labour (i.e., unemployment, 

Borjas, 2013; see our illustration in the upper panel of Figure 1). This standard model has been 

criticised by different lines of reasoning. One prominent argument is modern monopsony that 

assumes market power of employers due to search frictions in the labour market, incomplete 
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competition or mobility constraints for workers, which challenge the assumptions of the neo-

classical model already concerning regular employment (for an in-depth discussion, see Man-

ning, 2021).  

While modern monopsony provides one explanation for why wages may remain below com-

petitive levels, the apprenticeship market exhibits an additional feature: prospective apprentices 

may choose tertiary education as an alternative (see Boeri and van Ours, 2013: chapter 8), po-

tentially creating labour shortages even in the absence of monopsony. In recent years, Germany 

has experienced an increase of tertiary education with more and more young adults entering 

universities, but fewer and fewer new apprenticeships (see BIBB, 2020; BMBF, 2020). If ap-

prenticeship wages are low and adjust slowly to a change in the supply/demand situation, young 

adults may choose not to enter the apprenticeship market but pursue a university education 

instead. In some regions and sectors, this has resulted in a shortage of apprentice supply at the 

given wages (e.g., BIBB, 2020; BMBF, 2020). This undermines the argument of the neo-clas-

sical model as labour supply and demand do not meet at the market clearing wage without 

regulation.  

In this context, the effect of the MAW is unclear from a theoretical point of view. As illustrated 

in the lower panel of Figure 1, the effects of a minimum wage in this scenario on take-ups (i.e., 

filled places) can be either positive or negative depending on the degree of labour (apprentice) 

demand elasticity. In any case, the introduction of a minimum wage will lead to an increase of 

wages from 𝑤 to 𝑤’, an increase of labour supply and a decrease of labour demand. In case of 

rather inelastic labour demand (scenario A, bottom left panel of Figure 1), the reduction of la-

bour demand can be over-compensated by the increase of labour supply, leading to a new level 

of employment 𝐿’ that is still larger than the starting value 𝐿. In contrast, if demand elasticity is 

higher (scenario B, bottom right panel of Figure 1), the reduction of labour supply is so strong 

that the resulting level of employment (𝐿’) is below the level without the minimum wage. We 
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illustrate this by a simple numerical example. Assume that a firm has offered ten apprenticeship 

places before the introduction of the MAW but could only fill eight places (starting level 𝐿). 

After the introduction of the MAW 𝑤’, the firm might reduce its supply due to the increased 

costs to, say, nine places. If labour supply increases accordingly, this might lead to nine rather 

than eight filled places, i.e., 𝐿’ >  𝐿 (scenario A). In contrast, in scenario B, the firm would 

show a stronger reaction and reduce labour demand to seven apprenticeship places. Even if all 

these seven places could be filled, this would still imply that 𝐿’ <  𝐿.  

This argument has three implications for the expected results with regard to offered and filled 

training places. First, we would expect a negative effect on offered places. Second, the effect 

on filled places can be either positive or negative depending on the elasticity of labour demand. 

Third, it has to be considered that there could also be a co-existence of scenario A and B in 

different sectors or regions of the economy. If the intended effect on labour supply exists at least 

in some regions or sectors with a shortage of labour supply, we would therefore expect that the 

negative effect on offered places would not translate one-to-one into a negative effect on filled 

places. In other words, if the outlined theoretical argument holds, the effect on filled places 

should at least be weaker than the one on offered places.  
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Figure 1: Theoretical expectations regarding the effects of the MAW wage on offered and filled places 

 

 

 

Source: Illustration by authors. Note: This figure was generated with the use of Claude AI (version Sonnet 5). The 

authors reviewed the content and take full responsibility for the figure. 

 

2.2 Related literature 

Most of the literature on minimum wages focusses on regular employees. This literature is vast, 

though no consensus has been reached. The majority of research focuses on minimum wages in 

the United States (e.g., Addison et al., 2012; Allegretto et al., 2011; Card and Krueger, 1994; 

Neumark and Wascher, 2000; Neumark et al., 2014; Sabia, 2009) and the United Kingdom (e.g., 

de Linde Leonard et al., 2014; Dolton et al., 2012; Dolton et al., 2015; Metcalf, 2008; Stewart, 
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2002; Stewart and Swaffield, 2008). Most of these studies report no or only small negative 

overall employment effects. Some indicate that employment opportunities are primarily re-

duced for less skilled workers (Neumark and Wascher, 2008). Meer and West (2016) argue that 

minimum wages are more likely to reduce job growth over several years than to cause an in-

stantaneous drop in employment.  

In the given context, research on minimum wages in Germany might be particularly important 

as effects of minimum wages might vary with the institutional setting. The earliest studies on 

minimum wages in Germany examine their impact within specific industries and also deliver 

mixed results. Evidence on the introduction and increase of a minimum wage in the construction 

sector indicates negative employment effects in East Germany, while no effects are observed in 

West Germany (König and Möller, 2009; vom Berge and Frings, 2020). Boockmann et al. 

(2013) find no employment effects in the electrical trade industry. Similarly, Frings (2013) re-

ports no employment effects in the construction industry, as well as among painters and electri-

cians. In contrast, Aretz et al. (2013) identify negative employment effects in the roofing sector. 

Overall, the literature also finds no or negative employment effects. In 2015, Germany imple-

mented the first comprehensive statutory minimum wage. Many studies examined the employ-

ment effects of this introduction. Overall, they find small negative employment effects (see e.g., 

Dütsch et al. (2025) for an overview of the literature) though this overall negative effect is 

mainly driven by a decrease in marginal employment (see Bruttel et al., 2018; Caliendo et al., 

2018; Holtemöller and Pohle, 2017; Schmitz, 2017). At the same time, Holtemöller and Pohle 

(2017) find a positive effect on socially ensured employment (see also Bruttel et al., 2018), 

which would be in line with the results by Garloff (2019), who argues that marginal jobs trans-

ferred to regular jobs. In contrast, Schmitz (2017) does not only find evidence for a reduction 

in marginal employment but also for a reduction in regular employment. Further, Bossler and 

Gerner (2020) reveal that the reduction in employment is not driven by a rise in dismissals but 
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rather by a reduction in new hires, while further analyses point to positive effects on wages and 

decreasing wage inequality (Bossler and Schank, 2023).  

In contrast to the literature on minimum wages for regular employees, evidence on minimum 

wages for apprentices is rather scarce. Although some countries (e.g., Belgium, France, Ireland, 

UK) have implemented minimum wages for apprentices (Adema et al., 2018; Linckh et al., 

2023), there is little evidence on its impact on the vocational training system. Higton et al. 

(2012) conducted a qualitative study on the introduction of a minimum wage for apprentices in 

the UK in 2010 and report no evidence of a reduction in apprenticeship offers by employers. 

Further related studies analyse the impact of changes of existing regulations rather than the 

newly introduced minimum wages. Papps (2020) analyses the increase in the age-specific min-

imum wage for apprentices in the UK and find a reduction in the amount of training after an 

increase in the minimum wage. Linckh et al. (2023) analyse the effects of aligning apprentice-

ship minimum wages across age groups in Germany, mandated by a 2006 antidiscrimination 

law that eliminated lower wage levels for apprentices under 18. They find that this policy led 

to significant declines in apprenticeship contracts for underage apprentices, particularly for low-

qualified applicants, with stronger effects observed for larger wage adjustments.  

With regard to the newly introduced German MAW, Langen and Dörsam (2025) analyzed its 

effect on apprenticeship postings in low-wage occupations and found no overall effects (one 

reason for this may be violations of the parallel trends assumption in the DiD design). However, 

for some production sectors, the authors reported negative effects on apprenticeship postings 

(Langen and Dörsam, 2025) 

In sum, the impact of minimum wages is ambiguous for both regular employees as well as 

apprentices. While the literature on minimum wages on regular employees is large and growing, 

evidence on the impact of minimum wages for apprentices is still scarce and therefore consti-

tutes an important gap in the literature.  
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3. Methodology 

3.1 Research design 

To estimate the effect of the reform, we compare firms that are affected by the introduction of 

the MAW (treatment group) to firms that are unaffected by this reform (control group) in a DiD 

framework. In brief, the DiD compares the development of both groups from before to after the 

reform. In its basic form, the effect of treatment 𝑑, 𝛿𝐴𝑇𝑇, is estimated by comparing average 

outcomes (difference between treatment and control group) over time, i.e., 

(1) 𝛿𝐴𝑇𝑇̂  =  (𝑦𝑇,1̅̅ ̅̅ ̅ −  𝑦𝑇,0̅̅ ̅̅ ̅) – (𝑦𝐶,1̅̅ ̅̅ ̅  −  𝑦𝐶,0̅̅ ̅̅ ̅),  

with subscript 𝑇 and 𝐶 denoting treatment and control group, and 0 and 1 before and after 

treatment. In the absence of variation in treatment timing, the parameter can be estimated by 

means of a classical two-way fixed effects estimator (TWFE, Wooldridge, 2021), i.e.,  

(2) 𝑦𝑖𝑡 =  𝜇𝑖 +  𝜃𝑡 +  𝜹𝟏 ∗ 𝒕𝒓𝒆𝒂𝒕𝒊𝒕 + 𝑢𝑖𝑡 

where 𝑦𝑖𝑡 is the number of offered or filled trainings, 𝜇𝑖 is the individual firm fixed effect, 𝜃𝑡 is 

the time fixed effect,  𝜹1 is the estimated treatment effect and 𝒕𝒓𝒆𝒂𝒕𝒊𝒕 indicates the treatment 

status of firm 𝑖 at time 𝑡. As covariates are measured pre-treatment and are therefore time-in-

variant, they are not included in the TWFE equation (we elaborate on the inclusion of covariates 

later in this section).  

In our context, firms that have paid apprenticeship wages below 515€ before the introduction 

of the MAW are defined as treated firms, while firms that have already paid higher wages before 

the introduction of the MAW are defined as the control group. The treatment came into effect 

for all new apprentices from 2020 onwards, so apprenticeships starting in autumn 2020 or later 

are defined as treated. Using the DiD approach, our estimates are neither biased due to structural 
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differences between groups (that are quite likely) nor by general time effects (e.g., due to gen-

eral COVID-19 trends). At the same time, it has to be acknowledged that the design assumes 

common trends: treated (𝑑 = 1) and non-treated (𝑑 = 0) firms would have developed in the 

same way if no treatment had taken place. In the terminology of the potential outcome frame-

work this can be stated as follows:  

(3) 𝐸(𝑌1
0|𝑑 = 1) − 𝐸(𝑌0

0|𝑑 = 1) = 𝐸(𝑌1
0|𝑑 = 0) − 𝐸(𝑌0

0|𝑑 = 0)  

(common trends assumption; note that superscript 0 denotes the (hypothetical) outcome in 

case of no treatment, the subscripts 0 and 1 denote the time periods before and after the treat-

ment and 𝑑 denotes the actual treatment status). 

In the given context, this assumption is controversial for two reasons. First, the treatment status 

may be correlated with several firm characteristics (e.g., industry, region, firm size) which might 

cause not only differences in outcome levels but also outcome trends. This implies that the 

groups might have developed differently before the introduction of the MAW as well as in the 

counterfactual scenario of no treatment. Second and more specific to this context, treated firms 

might be affected more strongly by the COVID-19 pandemic than non-treated firms. During the 

COVID-19 pandemic, certain businesses with direct human contact such as hairdressing, hotels 

or restaurants were closed to prevent the spread of the virus. As these sectors have often paid 

low wages, it is possible that they are overrepresented in the treatment group, implying that the 

latter was affected more heavily by COVID-19. Consequently, a parallel development over time 

before the treatment may be insufficient to justify the validity of the research design. We assess 

this problem in two steps. First, we extend the original TWFE specification to a doubly-robust 

combination of DiD with pre-matching as suggested by Callaway and Sant’Anna (2021). This 

approach follows a similar idea as earlier work by Abadie (2005) on semi-parametric DiD, but 

is more easily extended to the case of multiple time periods as well as unbalanced panels (the 
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latter is the case in our dataset). Moreover, it employs a double robust estimation technique 

(Sant’Anna and Zhao, 2020). The basic idea is to first employ a matching/weighting approach 

that ensures covariate balance between treatment and control group in the weighted sample. 

This relaxes the common-trends assumption to the conditional common-trends assumption, i.e., 

it only has to hold conditional on observable covariates. As discussed above, this is particularly 

important in our case as differences in covariates could cause diverging trends. We include a 

wide range of control variables that consider both structural differences in more general terms 

as well as affectedness by COVID-19. Doing so, we ensure that our treatment effect estimates 

are not biased due to either structural differences or different affectedness by COVID-19. Sec-

ond, we extend the common approach to assess diverging trends before treatment by means of 

placebo tests in time and conduct a series of post-treatment placebo tests on other outcomes, 

namely the effect of the reform on new hirings of other groups of employees. These groups are 

likely to be unaffected by the reform itself but if, for example, treated firms are generally more 

affected by COVID-19 than control firms, this might show up in negative placebo effects on 

other groups of employees. In contrast, if the placebo tests are insignificant, this would substan-

tiate the credibility that firms would have developed similarly in case of no treatment.  

3.2 Data, variables and sample 

To analyse the effect of the introduction of the MAW, we use data from the IAB Establishment 

Panel (BP) (Bächmann et al., 2023a; Bächmann et al., 2023b), in which units are firms. As the 

IAB data is available in yearly data files, we used a syntax file provided by the Data Research 

Centre (FDZ) of the German Federal Employment Agency to combine the yearly data files into 

a panel dataset (Umkehrer, 2017). We combined the data with additional mergeable modules of 

the IAB Establishment History Panel (BHP) (Ganzer et al., 2023b; Ganzer et al., 2023a). The 

BHP is based on registry data and collects information on firms independent of their participa-

tion in the BP survey. Moreover, we enriched the data with additional regional data on (pre-
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treatment) unemployment (Bundesagentur für Arbeit, 2024), GDP (Statistische Ämter des Bun-

des und der Länder, 2023) and COVID-19 incidence rates (Robert Koch-Institut, 2024) on the 

district level, which we merged using district codes (Bundesinstitut für Bau-, Stadt- und Raum-

forschung, 2024), that are also available in the BP. It should be noted that while this final dataset 

provides detailed firm-level information, it does not offer any employee or apprentice infor-

mation.  

As the new MAW was introduced in early 2020 and training cycles start in September, the 

policy came into effect in the training cycle of 2020/2021. Therefore, our observation period 

starts pre-treatment in the survey year 2019 (covering the training cycle of 2018/2019) and ends 

in 2022 (covering the training cycle of 2021/22). Since new firms enter the BP survey regularly 

to ensure large-enough sample sizes, we do not use earlier pre-treatment periods as this would 

leave us with only a comparatively small share of firms that meet all necessary sample re-

strictions (see below) and that remain in the survey until the post-treatment period. Figure 2 

provides a timeline of survey years, training cycles and the timing of the new policy.  

 

Figure 2: Timeline of survey years, training cycles and the policy introduction 

 

Illustration by authors. 

 

The BP data provides variables on the number of offered as well as filled training places in each 

year, which we used as our outcome variables. As we are interested in the effect of the MAW 

introduction, we needed to identify firms affected by the introduction (treatment group) and 
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firms that are not affected by it (control group). The BP survey wave of 2020 includes a question 

on whether firms have paid their new apprentices less than 515€ (i.e., the newly introduced 

MAW) in the training year of 2019/2020, which is the last year before the policy came into 

effect.1 We used this information to determine treatment and control status. If at least one new 

apprentice was paid below the new minimum threshold, a firm was defined as ‘treated’. As one 

new apprentice having been paid below the minimum is enough to be considered as treated – 

independent of the total number of new apprentices – this implies a rather conservative estima-

tion of effects. Any other treatment definition, such as a certain share of apprentices below the 

minimum threshold would therefore likely lead to stronger effects than the ones we report. This 

is, because if firms would be considered to be treated only if a certain share of apprentices (or 

more than one apprentice) received wages below the new minimum wage level, more firms 

would be categorised as belonging to the control group. Due to sample size constraints, how-

ever, an evaluation of the treatment intensity is not possible. Firms without apprenticeship 

wages below the threshold are not treated and served as the control group. While the MAW was 

further increased in the years following 2020, we cannot analyse those successive increases 

because the BP does not include information on this. However, this should not be a problem for 

three reasons. First of all, the increases were small and our observation period only covers the 

first successive minimum wage increase (the survey year 2022 covers the training cycle 

2021/2022), when the MAW was increased to €550 (BMAS, 2020). Second, as the share of 

treated firms is rather small even at the first introduction of the MAW, the share of firms covered 

by the additional increase is probably very small. Third, if anything, a stepwise increase which 

might lead to initial control group firms becoming treated in the training cycle 2021/2022 (sur-

vey year 2022) would bias our results towards zero. Therefore, in a worst-case scenario, we 

would underestimate the treatment effect for the last observation period. 
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We used BHP registry information for our firm-specific covariates because it has the advantage 

that information on establishments exist even if firms did not participate in the BP survey in a 

particular survey year. In order to be able to control for differences between treatment and con-

trol group that already existed prior to the policy introduction, we used covariate information 

from our pre-treatment period in the survey year 2019. We controlled for the total number of 

employees and the shares of full-time workers, women and workers with different skill levels. 

Moreover, we controlled for regional covariates: the district level unemployment rate, GDP and 

COVID-19 related 7-day incidence rate, for which we calculated the average for the pre-treat-

ment period between 15 March and 31 July 2020. In addition, we adjusted for an additional 

measure of COVID-19 affectedness from the BP survey, namely a dummy variable on whether 

firms had closed their business (voluntarily or due to administrative order) due to the pandemic. 

Our final analysis sample included firms with at least one employee and in which apprentices 

received training in the training cycle of 2019/2020 (i.e., the 2020 survey wave). Firms had to 

have at least one newly filled training position in the 2019/2020 training cycle because the 

treatment variable depends on this filter. Related to this, we excluded firms that were not inter-

viewed in 2020 because the treatment question was asked in this year. To address concerns 

about potential selectivity due to this, we compared the basic firm and regional characteristics 

of our final analysis sample to a sample of all firms that trained at least one apprentice at least 

at some point between 2018 and 2020 (see Table A1 in the appendix). This comparison shows 

that our sample is very similar in terms of basic characteristic, thereby assuring that firms which 

trained in 2020 are not substantially different from other training firms.  

Moreover, we excluded firms with inconsistent numbers of trainees, new trainees (inflow) or 

employees between our two main data sources (BP and BHP). In these cases, it is likely that the 

BP survey did not target the firm or subunit that was meant to be targeted (e.g., the overall 

corporation versus a regional office). Cross-dataset inconsistencies were defined as an absolute 
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deviation of more than 50 (more than 20 in the case of new trainees) plus a relative deviation 

of more than 0.95. Further, we excluded firms with implausible jumps over the years in offered 

and filled training places. Again, discrepancies over the years might indicate that the person 

answering the survey in subsequent years may have given information about different subunits 

of the firm. Implausible jumps in offered or filled training places across years were defined as 

a deviation of an absolute change of more than +/-20 plus a relative change of more than 0.99/-

0.50. Additionally, we excluded firms with missing values on the treatment variable, outcome 

variables or covariates and firms which had less than two observations (with at least one post-

treatment observation). Our main models are therefore based on 9205 (TWFE) / 9143 (CS-DiD) 

firm-year observations. We present a descriptive overview of our sample and variables for the 

year 2020 in Table A1 in the appendix. Since only about 4% of the total sample of firms are 

treated (see Table A1), this does not allow for additional analyses of heterogeneous effects, e.g., 

with regard to sectors, firm size or regions  

 

4. Results 

4.1 Main results  

In the following, we show unweighted descriptives and report unweighted results of our model 

estimations. We do so because weighting would only drive up the standard errors in our models 

(see Solon et al., 2015).  

Figure 3 depicts descriptive trends of the number of offered trainings over time for treated and 

control firms. With apprenticeship cycles starting in September, training cycle 2020/2021 marks 

the first post-treatment period. We observe almost no trend in the control group and a slight 

upward trend in the pre-treatment period for the treatment group, followed by a trend break and 

downward trend in the post-treatment period. Regarding trends in the number of filled trainings 

over time (Figure 4), a very slight downward trend in the post-treatment period is observable in 
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the control group, though the post-treatment downward trend is more pronounced in the treat-

ment group. These descriptive results already point to slightly negative effects on both out-

comes. Generally speaking, the small spikes in 2020 (covering the 2019/2020 training cycle) 

are due to our sample construction since firms had to have at least one newly filled apprentice-

ship in 2020 in order to receive the treatment question. The visually slightly stronger spike in 

the treatment group is most likely due to the smaller size of the treatment group compared to 

the control group, which leads to greater volatility in the graphs. It should be noted, though, that 

while pre-treatment trends may look as though they were non-parallel, robustness checks reveal 

no statistically significant difference in the pre-treatment trends between treatment and control 

group (see Section 4.2). While it cannot be ruled out completely that this spike may be partly 

due to anticipation effects, i.e., firms have hired more apprentices than necessary in the year 

before the reform. However, this is unlikely for three reasons. First, the exact implementation 

of the MAW was not yet clear when the training decisions for the previous year (training year 

2019/2020) had to be made. Discussions about the reform started mid-2019 (see Deutscher 

Bundestag, 2019a; Deutscher Bundestag, 2019c), a draft of the new law came out in June 2019 

(Deutscher Bundestag, 2019b). With the training year starting in September, firms should there-

fore not have had enough time to adjust their hiring strategy because of an anticipation of the 

MAW. Moreover, it was unclear whether the draft would become the actual law in that form. 

Second, the treatment group consists of rather small firms which presumably have limited ca-

pacity to simply hire more apprentices than actually necessary. Related to that, it has to be con-

sidered that the MAW was set at a rather low level. Consequently, the additional costs of hiring 

one additional apprentice one year earlier than actually necessary should have been much larger 

for most firms than simply accepting the higher wages after the introduction. Finally, while the 

decline in the year 2020/2021 might be the result of anticipation in 2019/2020, it is hard to 

explain why the reductions in offered and filled training places become even more pronounced 
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in the second post-treatment period. We therefore do not see an indication for pre-treatment 

trends due to anticipation or other reasons.  

Figure 3: Trends in the number of offered trainings 

 

2019: N(control)=1722, N(treatment)=62; 2020: N(control)=2619, N(treatment)=112; 2021: N(control)=2493, 

N(treatment)=109; 2022: N(control)=2001, N(treatment)=87 

Source: IAB-BP + BHP + regional data. Calculations by authors. Unweighted data. 
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Figure 4: Trends in the number of filled trainings 

 

2019: N(control)=1722, N(treatment)=62; 2020: N(control)=2619, N(treatment)=112; 2021: N(control)=2493, 

N(treatment)=109; 2022: N(control)=2001, N(treatment)=87 

Source: IAB-BP + BHP + regional data. Calculations by authors. Unweighted data. 

 

Table 1 shows the results from our baseline specifications for both the TWFE and the combina-

tion of matching with DiD (CS-DiD) approach. The treatment effect estimates in our TWFE 

models show a negative treatment effect for both outcome variables (columns 1 and 2). Com-

pared to the control group, the treatment group experienced a reduction in offered trainings by 

-0.312 places and a reduction in filled trainings by -0.230 places. However, these reductions are 

not significant. In contrast, in the CS-DiD models, we find significant differences between the 

treatment and control group. According to the models using pre-matching on firm- specific and 

regional covariates (columns 3 and 4), the treatment effect on offered (filled) trainings is -0.703 

(-0.612). When adding closures due to COVID-19 as a further control variable in the pre-match-

ing process (columns 5 and 6), the treatment effect coefficient remains almost unchanged. The 

results are moderate in size, considering pre-treatment levels of the outcome variables (average 
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of 4.06 offered and 3.53 filled places; see Table A1 in the appendix). Relative to the pre-treat-

ment standard deviations of 6.16 (offered) and 5.75 (filled), the effects estimated by the CS-

DiD approach translate into effects of -0.11 standard deviations for both outcomes.  

It should be noted though that the differences between the TWFE and CS-DiD estimates are not 

due to the inclusion of covariates but due to the definition of the pre-treatment period. Unlike 

TWFE, the CS-DiD approach relies only on the final year before treatment as pre-treatment 

period. As the treatment group has higher values in 2019/2020, the post-treatment drop is more 

pronounced compared to the TWFE estimates. This notion is confirmed by models that employ 

the CS-DiD approach but define 2018/2019 as pre-treatment period (see Appendix Table A3, 

Robustness: data II), where the results are similar to the TWFE estimates (and vice versa: TWFE 

without 2019 similar to CS-DiD effect sizes). 

Table 1: Treatment effect estimations using TWFE and CS-DiD models 
 

Offered 

(TWFEa) 

Filled 

(TWFEa) 

Offered 

(CS-DiD Ia, b) 

Filled 

(CS-DiD Ia, b) 

Offered 

(CS-DiD IIa, c) 

Filled 

(CS-DiD IIa, c) 

Treatment 

effect 

-0.312 

(-1.22)  

-0.230  

(-1.03) 

-0.703**  

(-2.87) 

-0.612*  

(-2.47)  

-0.709**  

(-2.88)  

-0.615*  

(-2.49) 

N 9205 9205  9143  9143  9143  9143  

Source: IAB-BP + BHP + regional data. Unweighted data. Calculations by authors. + p<0.10, * p<0.05, ** p<0.01, 

*** p<0.001 
a TWFE models show t-statistics in parentheses. CS-DiD models show z-statistics in parentheses. 
b CS-DiD I = without controlling for COVID-19 closures. 
c CS-DiD II = controlling for COVID-19 closures.  

 

These results have several implications both at the substantive as well as at the methodological 

level. Most generally, the effects seem to be moderately negative on both outcomes, though – 

to a certain extent – size and significance depend on the chosen model. Second, the negative 

effect on offered places translates into a reduction in filled places of similar (albeit slightly 

smaller) size. This implies that the negative effect on offered trainings could not be (partly) 

offset by an increasing number of qualified applicants and a reduction in unfilled places. The 

theoretical conclusions for this finding are not entirely clear. As outlined in the theory section, 
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in case of labour shortage before the reform, a positive effect on apprentice supply would lead 

to at least weaker effects on filled compared to offered places. One possible explanation is 

therefore that apprentice supply has not reacted to the introduction of the MAW. While the rather 

low level of the MAW adds to the plausibility of this explanation, this conclusion has to be 

drawn with some caution as it is possible that firms which had no unfilled places before the 

reform experienced an increase in applications (which is not visible in the data as the number 

of filled places for these firms depends on their apprentice demand, not supply). At the meth-

odological level, the fact that the results do not change when COVID-19 related variables are 

included is a first hint that the treatment effect estimates are not driven by different affectedness 

by COVID-19 (for more details on this matter, see Section 4.2). Finally, it remains a challenge 

for interpretation that the results depend on the definition of the pre-treatment period to some 

extent. If one assumes the absence of anticipation effects, it is unclear what the best definition 

of the pre-treatment period is. Hence, the two model specifications have to be acknowledged as 

equally possible approaches. The general conclusion with regard to the effect of the reform 

should therefore be that it is either negative or indistinguishable from zero. Still, the results 

clearly show that the MAW did not lead to a substantial increase of new apprenticeships as 

intended. 

4.2 Robustness checks 

We conduct several further robustness checks to guarantee the robustness of the results both in 

terms of the credibility of our research design in general as well as concerning different estima-

tion techniques and sample definitions.  

First, we conduct the typical placebo tests in time to test for diverging trends before treatment. 

Figures 5 and 6 show the results for all pre- and post-treatment periods for the two outcomes. 

The coefficient and confidence interval labelled 2019/2020 display the test for diverging trends 

before the treatment (see also Appendix Table A2, Part I, columns 1/2). The placebo test is 
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positive but insignificant for both outcomes, thereby supporting the assumption of parallel pre-

treatment trends. As a rather high number of firms has entered the panel only in 2019/2020, the 

sample size (and the power) for this test is rather small, as shown by the comparatively large 

confidence intervals. Nevertheless, the results show (if at all) diverging trends to the advantage 

of the treatment group. This implies that the negative treatment effects are not driven by diverg-

ing trends to the disadvantage of the treatment group before treatment, but that the true effect 

of the reform could in contrast be even slightly more negative (as long as one does not assume 

anticipation effects, which are unlikely due to the institutional setting, see Section 4.1).  

Figure 5: CS-DiD for offered trainings 

 

Source: IAB-BP + BHP + regional data. CS-DiD II specification (see Table 1). Calculations by authors.  

Note: CS-DiD calculates the ATE using the respective post-treatment period (2021 and 2022) in relation to the 

last pre-treatment year (2020). For the placebo test in time, the placebo post-treatment period (2020) is compared 

to the previous period (2019). 95% confidence intervals shown. Confidence intervals for the 2019/2020 period 

are larger due to the smaller sample size in the 2019 survey year (i.e., training cycle 2018/19). 
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Figure 6: CS-DiD for filled trainings 

 

Source: IAB-BP + BHP + regional data. CS-DiD II specification (see Table 1). Calculations by authors.  

Note: CS-DiD calculates the ATE using the respective post-treatment period (2021 and 2022) in relation to the 

last pre-treatment year (2020). For the placebo test in time, the placebo post-treatment period (2020) is compared 

to the previous period (2019). 95% confidence intervals shown. Confidence intervals for the 2019/2020 period 

are larger due to the smaller sample size in the 2019 survey year (i.e., training cycle 2018/19). 

 

Second, we conduct placebo tests on related outcomes that should not be affected by the reform. 

Specifically, we repeat our baseline specification and define general vacancies and the inflow 

of new employees as alternative outcomes (Appendix Table A2, Part I, columns 3/4). These 

groups should not have been affected by the MAW introduction. However, if treated firms di-

verge from control firms, for example with regard to their COVID-19 affectedness, this placebo 

test should detect such differences. We do not find significant placebo effects, which substanti-

ates the credibility of our estimates. Additionally, we checked whether firms adjusted their hir-

ing strategy by hiring more mini jobbers instead of apprentices as a form of cheap labour (Ap-

pendix Table A2, Part I, column 5). This might be expected if apprentices become more expen-

sive due to the reform. However, we do not find a significant treatment effect on the hiring of 

mini jobbers, either. 
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Third, we had a closer look at possible confounding of treatment status with affectedness of 

COVID-19. To do so, we analysed differential selection into the treatment group depending on 

firm closures due to COVID-19 and find a slightly higher probability of affected firms to be 

treated. This result is significant on the 10% level (Appendix Table A2, Part I, column 6). How-

ever, since our CS-DiD results using the pre-matching approach did not show any changes in 

estimates between models controlling and not controlling for COVID-19 related closures (see 

Table 1, CS-DiD I vs. CS-DiD II), the differential selection into treatment does not seem to 

affect our main results. This seemingly contradictory finding can be explained by a supplemen-

tary DiD estimation where closure during COVID-19 is defined as treatment status. As our 

results (Appendix Table A2, Part II, columns 3/4) indicate, closure during COVID-19 does not 

affect offered or filled training places in autumn 2020. While this might be surprising at first 

glance, it should be considered that firms such as hairdressers, hotels or restaurants which were 

closed in spring 2020 had re-opened already in May or June 2020. At the same time, larger 

industrial firms might not have been closed but could have suffered from long-run effects such 

as disrupted supply chains. Nevertheless, we further assessed this surprising result by repeating 

our main CS-DiD analyses including further COVID-19 control variables on whether firms 

experienced difficulties with regard to demand, supply-chain related factors, personnel or li-

quidity (Appendix Table A2, Part II, columns 5/6), though results do not change here either. In 

brief, the results do not change due to COVID-19 affectedness as the latter had no impact on 

offered and filled places.  

Fourth, we conducted a dropout analysis on firm exits (due to permanent firm closures) or miss-

ing interviews in the post-treatment period to check for systematic panel attrition. Our results 

could be biased if treated firms had a higher probability to leave the panel (due to bankruptcy 

or other reasons), as the remaining firms would most likely be a non-representative sample of 

(presumably) more successful firms. However, using logistic regression, we found no 
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significant treatment effect on drop-out, meaning that treated firms were not more likely to 

drop-out in the post-treatment period than control firms (Appendix Table A2, Part II, columns, 

1/2). 

Fifth, we assessed the robustness of the results with regard to sample definition in two ways. 

As our dependent variables are skewed to the left, we repeated our main analyses using a 99%-

trimmed sample where the top 1% of the respective outcome variable are excluded to account 

for sensitivity to outliers. Moreover, we dealt with missing values differently and repeated our 

analyses with a non-restricted sample. Here, we did not exclude firms with missing values on 

either one of the outcomes and covariates but used all firms available for the respective estima-

tion. This aims at assessing whether results are driven by non-random missingness in the vari-

ables. However, these recalculations produced results that are very similar to our main specifi-

cation (Appendix Table A3, Robustness: data I). The results therefore do not seem to be driven 

by outliers or sample selectivity. 

Finally, we recalculated our CS-DiD models using alternative weighting approaches and found 

that our results are insensitive to this change (Appendix Table A3, Robustness: estimation).  

Overall, our results seem robust with regard to placebo tests, selection, dropout, sample defini-

tion and weighting. Our main results of a negative treatment effect – i.e., a reduction in offered 

as well as filled training places seem to hold. However, depending on the model specification, 

in particular the definition of the pre-treatment period, effect sizes and significance levels vary.  

 

5. Conclusion and Discussion 

Against the background of decreasing numbers of new apprenticeships in Germany and a polit-

ical reform aiming to bolster the dual education system, we analysed the effect of a nationwide 

minimum wage for apprentices that was introduced in 2020. To do so, we considered the policy 

effect on offered and filled training places and compared firms affected by the new MAW of 
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515€ with a control group of firms that already paid above this new threshold prior to the reform. 

We did not find evidence of a positive effect of the policy, which was intended by the policy 

makers. Rather, the results point to negative effects of similar size for both outcomes. This 

supports the more pessimistic view on the reform and contradicts the notion that higher appren-

ticeship wages at the bottom of the wage distribution would lead to a higher number of entrants 

into the system. The negative effect on offered places translates into a negative (and slightly 

smaller) effect on filled places. This suggests that there is little evidence for a positive effect on 

labour supply. The results are robust to a wide range of robustness checks and placebo tests. 

Specifically, the results do not seem to be driven by confounding of the treatment status due to 

COVID-19. At the same time, there is a certain sensitivity of the results concerning the defini-

tion of the pre-treatment period. Although we cannot state unequivocally that the negative treat-

ment effect is significant in all models, we can conclude that the MAW introduction did not lead 

to increases in offered and filled training places but is either negative or insignificant. In sum, 

it seems that the reform – at least in its introductory phase – did not lead to the results intended 

by the policy makers. 

Concerning the demand side of the dual education market, these results suggest that firms have 

a certain elasticity with respect to apprenticeship costs. This corroborates previous findings 

showing that firms adapt their supply of training in case of exogenous changes in apprenticeship 

costs (Langen and Dörsam, 2025; Linckh et al., 2023; Papps, 2020). While this is generally in 

line with standard economic theory, the reaction to the still comparatively low minimum wage 

supports previous research that estimates an already small return to dual education for firms 

(Linckh et al., 2023), which limits the scope for firms to pay higher apprenticeship wages with-

out adjusting the number of training places. In this context, policy-makers and future research 

may consider incentives for firms, such as training cost subsidies and their effect on the supply 

of apprenticeship places and apprenticeship wages (e.g., van den Berg et al., 2006; Westergaard-
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Nielsen and Rasmussen, 1999). With regard to the supply side, the results raise the question 

why the negative effect on offered places could not (at least partly) be offset by a higher number 

of qualified applicants. One possible explanation could be that there are few (groups of) persons 

that could have created the additional supply of potential apprentices. After completing school, 

young adults in Germany typically transfer to either the tertiary education system or some kind 

of vocational education. However, young adults that have previously decided to enter university 

are hardly convinced to change towards the dual education system because of slightly higher 

wages. That said, it should be considered that the new minimum wage was still rather low com-

pared to other apprenticeship wages, where (for those apprentices covered by collective bar-

gaining agreements) only 2% earned below 600€ in 2019 (Schönfeld and Wenzelmann, 2020: 

10f.), with an average wage of 848€ in the first year of education (Schönfeld and Wenzelmann, 

2020: 14f.). Whether our conclusions hold in subsequent stages of MAW increases from 2021 

onwards has to be left to future research using alternative data sources that include information 

on the stepwise increases over time.  

The results have implications for labour market and education research as well as policy-making 

but also point to unanswered questions. Most generally, the results imply that slight increases 

at the bottom of the apprenticeship wage distribution have little capacity to increase the number 

of entrants into the dual education system. At the same time, this conclusion should be inter-

preted with a certain degree of caution. On the one hand, this study has been limited to the effect 

of the MAW on training offers and the number of filled training places. A positive effect of 

apprenticeship minimum wages could also become visible in terms of decreased drop-out from 

dual education. In this context, it should be considered that completed rather than started ap-

prenticeships are probably the more important outcome for the economy as well as for the in-

come prospects of young adults. Relatedly, there could be further arguments in favour of the 

MAW as it could reduce dependence on social benefits or parental support. On the other hand, 
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it should be considered that the apprenticeship wage increase was rather low for many affected 

firms. Consequently, our results are limited to the very lower end of the income distribution of 

apprentices. Future research could investigate the effect of the MAW on apprenticeship wages. 

As the dataset we used only provides information on firms we could not conduct analyses con-

cerning the perspective of apprentices in this study. Relatedly, it has to be left to future research 

to evaluate whether larger increases in apprenticeship wages can attract more young adults, or 

whether long-run factors such as labour market prospects or non-monetary aspects such as pub-

lic opinion and perceptions of prestige are more important (e.g., Busemeyer and Garritzmann, 

2017; Di Stasio, 2017; Russo et al., 2019; Ryan and Lőrinc, 2018). Finally, the small sample 

size did not allow for an analysis of effect heterogeneity (e.g., in terms of profession or indus-

trial sector) or analyses with varying treatment assignment rules. However, as elaborated, our 

treatment definition is conservative, which – if anything – would bias effects downwards, 

thereby also making our estimations conservative. 

In any case, we conclude that the question of how to revitalise the dual education system re-

mains a (partly) unanswered question. Given the importance of the dual education system for 

young adults but also the society and economy as a whole, this question should remain at the 

top of current labour market and education research as well as the policy agenda.   
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Notes 

1 Original wording in the German questionnaire: ‘Und bei wie vielen dieser besetzten Ausbildungsplätze liegt die 

Ausbildungsvergütung unter der neuen Mindestausbildungsvergütung in Höhe von 515 € monatlich?‘ (Authors’ 

translation: ‘And how many of these places are paid with an apprenticeship wage below 515€?‘) (see question-

naire of Bächmann et al., 2023a). 
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Appendix 

Does more money help? The impact of the apprenticeship minimum wage on training offers and take-ups 

 

Table A1: Summary statistics (2020)     

Analysis sample Sample of all firms that trained sometime be-

tween 2018 and 2020 

Variable N Mean SD Min. Max. N Mean Min. Max. 

Treated 2731 0.041 0.198 0 1     

Offered trainings 2731 4.061 6.164 1 124     

Filled trainings 2731 3.527 5.752 1 109     

General vacancies 1764 3.077 7.258 0 141     

New regular hires (inflow) 2731 14.791 33.318 0 694     

New mini job hires (inflow) 2731 2.003 17.359 0 821     

Number of employees (2019) 2731 148.603 337.814 1 7869 3700 174.668 0 44688 

Share of full-time employees (2019) 2731 62.231 25.994 0 100 3691 63.115 0 100 

Share of female employees (2019) 2731 43.190 29.703 0 100 3691 42.466 0 100 

Share of skill level 1 employees (2019) 2731 15.408 17.449 0 100 3691 15.599 0 100 

Share of skill level 2 employees (2019) 2731 64.991 21.570 0 100 3691 64.509 0 100 

Share of skill level 3 employees (2019) 2731 11.294 12.855 0 100 3691 11.394 0 100 

Share of skill level 4 employees (2019) 2731 8.306 12.238 0 100 3691 8.498 0 100 

Affected by COVID-19 closures 2731 0.241 0.428 0 1 3578 0.247 0 1 

Unemployment rate (2019) 2731 5.347 2.205 1.3 12.2 3704 5.323 1.3 12.8 

GDP (2019) 2731 38774.645 15399.404 16605.000 195809.000 3704 39349.746 16605.000 195809.000 

COVID-19 7-day incidence rate 

(15 March – 31 July 2020) 

2731 99.987 67.079 10.806 701.137 3704 102.845 10.806 701.137 

Number of trainees 2722 7.712 15.750 0 332 3686 8.952 0 1453 

Source: IAB-BP + BHP + regional data. Calculations by authors. 
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Table A2: Robustness checks – placebo tests, selection, dropout, COVID-19 

Part I 

Robustness: 

placebo tests 

Offered 

(placebo: time) 

(CS-DiD II) 

Filled 

(placebo: time) 

(CS-DiD II) 

Vacancies 

(placebo: outcome) 

(CS-DiD II) 

New hires (reg. emp.) 

(placebo: outcome) 

(CS-DiD II) 

New hires (mini job) 

(placebo: outcome) 

(CS-DiD II) 

Robustness: selection 

into treatment 

(COVID-19 closure) 

(Logit) 

Treatment effect 1.345 

(1.38) 

1.215  

(1.51) 

0.631 

(1.24) 

2.897 

(0.96) 

3.692 

(0.90) 

0.378+ 

(1.81) 

N 3532 3532 6224 9122 9122 2731  

Part II       

Robustness: 

dropout analysis + 

COVID-19 checks 

Exit 

(post-treatment) 

(Logit) 

No interview  

(post-treatment) 

(Logit) 

Offered 

(treatment:  

COVID-19 closure)  

(CS-DiD I) 

Filled 

(treatment: 

COVID-19 closure) 

(CS-DiD I) 

Offered 

(CS-DiD II + add. 

COVID-19 controls) 

Filled 

(CS-DiD II + add. 

COVID-19 controls) 

Treatment effect -0.970 

(-0.95) 

-0.175 

(-0.77) 

-0.001  

(-0.01) 

0.045 

(0.29) 

-0.712**  

(-2.84) 

-0.607* 

(-2.45)  

N 4792  4808  9134 9134 8963 8963  

Source: IAB-BP + BHP + regional data. 

CS-DiD I = without controlling for COVID-19 closures, CS-DiD II = controlling for COVID-19 closures.  

Logit models show t-statistics in parentheses. TWFE models show t-statistics in parentheses. CS-DiD models show z-statistics in parentheses. Calculations by authors.  

+ p<0.10, * p<0.05, ** p<0.01, *** p<0.001 
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Table A3: Robustness checks – data, estimation 

Robustness: 

data I 

Offered  

(non-restricted sample) 

(TWFE) 

Filled 

(non-restricted sample) 

(TWFE) 

Offered  

(trimmed sample: 99%)  

(CS-DiD II) 

Filled  

(trimmed sample: 99%)  

(CS-DiD II) 

Treatment effect -0.372 

(-1.50)  

-0.254 

(-1.19) 

-0.632** 

(-2.60)  

-0.559*  

(-2.32) 

N 12512  12443  9008 9014 

     

Robustness: 

data II 

Offered 

(without 2019) 

(TWFE) 

Filled 

(without 2019) 

(TWFE) 

Offered 

(without 2020) 

(CS-DiD I) 

Filled 

(without 2020) 

(CS-DiD I) 

Treatment effect -0.689** 

(-2.86) 

-0.608* 

(-2.49)  

0.433 

(0.81) 

0.486 

(1.16) 

N 7421 7421 4893 4893 

     

Robustness:  

estimation 

Offered 

(CS-DiD II, stdipw) 

Filled 

(CS-DiD II, stdipw) 

Offered 

(CS-DiD II, drimp) 

Filled 

(CS-DiD II, drimp) 

Treatment effect -0.710** 

(-2.88) 

-0.615* 

(-2.48) 

-0.710** 

(-2.88) 

-0.615* 

(-2.48) 

N 9143 9143 9143 9143 

Source: IAB-BP + BHP + regional data.  

CS-DiD I = without controlling for COVID-19 closures, CS-DiD II = controlling for COVID-19 closures.  

TWFE models show t-statistics in parentheses. CS-DiD models show z-statistics in parentheses. Calculations by authors.  

+ p<0.10, * p<0.05, ** p<0.01, *** p<0.001 

 

 


