
Universität Zürich 
IBW – Institut für Betriebswirtschaftslehre 

Working Paper No. 212 
 
Pathways to Prosperity: The Roles of 
Cognitive and Non-Cognitive Skills in 
Employer Quality and Early Career 
Earnings 
 
Mahdi Gholami and Samuel Muehlemann 



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  
 
 
  
 December 2024 
 
 
 
 
 
 
 
 
 
 
 
 

Die Discussion Papers dienen einer möglichst schnellen Verbreitung von neueren Forschungsarbeiten des 
Leading Houses und seiner Konferenzen und Workshops. Die Beiträge liegen in alleiniger Verantwortung der 

Autoren und stellen nicht notwendigerweise die Meinung des Leading House dar. 
 

Disussion Papers are intended to make results of the Leading House research or its conferences and workshops 
promptly available to other economists in order to encourage discussion and suggestions for revisions. The 

authors are solely responsible for the contents which do not necessarily represent the opinion of the Leading 
House. 

 
 

The Swiss Leading House on Economics of Education, Firm Behavior and Training Policies is a Research 
Program of the Swiss State Secretariat for Education, Research, and Innovation (SERI). 

 
www.economics-of-education.ch 

Working Paper No. 212 
 
Pathways to Prosperity: The Roles of 
Cognitive and Non-Cognitive Skills in 
Employer Quality and Early Career 
Earnings 
 
Mahdi Gholami and Samuel Muehlemann 
 
 



1 
 

 

Pathways to Prosperity: The Roles of Cognitive and Non-Cognitive Skills in 
Employer Quality and Early Career Earnings* 

 

Mahdi Gholami† 

LMU Munich 

Samuel Muehlemann‡ 

 
* We are grateful for the support provided by the Research Data Centre (FDZ) at the Federal Employment Agency in 
terms of data access and analysis for this project. We use the National Educational Panel Study (NEPS) Starting Cohort 
4 (SC4) survey data linked to the administrative data of the IAB (NEPS-SC4-ADIAB) – Version 7521 v1, DOI: 
10.5164/IAB.NEPS-SC4-ADIAB7521.de.en.v1. Data access was provided via on-site use at the FDZ of the German 
Federal Employment Agency at the Institute for Employment Research (IAB), and subsequently via remote data access. 
The data can be obtained by filing a request directly with the IAB. The authors are willing to assist (Mahdi Gholami, 
gholami@lmu.de). We are also grateful for comments provided by seminar participants at the University of Zurich, 
participants at the LESE Conference 2024 in Lisbon, and the 8th International NEPS Conference in Bamberg.  
† Mahdi Gholami is a PhD student at LMU Munich, LMU Munich School of Management, Geschwister-Scholl-Platz 1, 
D-80539 Munich, Germany. E-mail: gholami@lmu.de  
‡ Corresponding author: Samuel Muehlemann is a Professor at LMU Munich, LMU Munich School of Management, 
Geschwister-Scholl-Platz 1, D-80539 Munich, Germany. E-mail: muehlemann@lmu.de  



2 

LMU Munich, Institute of Labor Economics (IZA) Bonn & ROA Maastricht 
 

Abstract 

This study explores the role of school leavers’ cognitive and non-cognitive skills in securing 

apprenticeships with high-quality employers and in shaping early career earnings. Using linked 

student–employer–employee data, we find that individuals with stronger cognitive and non-

cognitive skills are more likely to train with larger and more productive firms offering higher 

wages. Furthermore, cognitive skills, particularly math competencies, are significantly associated 

with higher-skilled worker wages in the first five years after training. Finally, consistent with recent 

research on skill multidimensionality, we find that social skills complement cognitive abilities, 

amplifying their positive impact on wages. 

Keywords: Cognitive skill, non-cognitive skill, social skill, hiring, apprenticeship training, wage 

JEL Codes: I26, J23, J24, J31, M51, M5 

 

 

1 Introduction 

The transition from school to work is a crucial phase in a person’s life as it can determine the 

direction and success of their future career. This transition requires a complex process of matching 

skills, preferences, and opportunities, as well as adjusting to new roles and expectations. Cognitive 

skills are of particular importance in the hiring process when finding a first job, as training and 

development opportunities, and management styles differ significantly between firms [1]. 

Therefore, the quality of the first employer and associated accumulation of cognitive skills are 

crucial for an individual’s career development [2,3]. For individuals with low cognitive skills, the 

school-to-work transition poses a challenge in many countries, which is reflected in high levels of 

youth unemployment, particularly in countries without vocational training systems [4]. However, 

there is still little direct evidence linking the specific skills that individuals acquire during school to 

employer skill demands [5].  
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In this study, we analyze the role of cognitive and non-cognitive skills in the initial 

transition from school to work in the context of dual-apprenticeship training in Germany, as well as 

the subsequent transition from apprenticeship training to the skilled labor market. The substantial 

impact of cognitive abilities on earnings has been recognized for many years [6–11]. In particular, 

mathematics has been identified as a crucial determinant of labor market outcomes [12–16]. 

However, estimating the effects of cognitive abilities on labor market success is challenging, as 

they may correlate with other, often unobserved, non-cognitive skills [17–21] that are also 

positively associated with various labor market outcomes [22,23]. We contribute to the literature by 

using a dataset that includes not only cognitive skills but also non-cognitive skills. According to the 

literature, non-cognitive skills such as personality traits and interpersonal skills have become 

increasingly important [24].  

In the context of firm-sponsored training, potentially serious selection issues arise, where 

individuals with high levels of cognitive (and non-cognitive) skills sort into occupations and firms 

that can be characterized by better employment conditions, including higher earnings and better 

future training and development opportunities [25,1,3]. In markets with incomplete information, 

firms find it beneficial to screen applicants based on observable variables that correlate significantly 

with subsequent workplace performance such as compulsory schooling grades. Thus, it is 

empirically challenging to distinguish the extent to which the observed positive association between 

skills and post-training wages is a result of signaling value or whether such skills boost 

productivity. This issue poses the same challenge as identifying the rate of return to education [26]. 

We contribute to this relatively small body of literature by analyzing the role of cognitive and non-

cognitive skills in the transition from school to first employment, which is important because 

individuals with higher skills may get their first job in a more productive and better-paying firm.  

We used unique data from the German National Educational Panel Study (NEPS). Our data 

consisted of a representative sample of German students in secondary education who were in the 
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ninth grade in 2011, when information about cognitive and non-cognitive skills was surveyed. 

Additionally, we were able to track these individuals throughout their vocational training, and 

subsequently, when they entered the labor market as skilled workers. For a large proportion of our 

sample, we observed skilled worker wages for up to five years after graduating from vocational 

training. The data included information on cognitive skills such as numeracy skills, reading literacy, 

information and communication technology (ICT) skills, reasoning, and perceptual speed, as well as 

non-cognitive skills such as pro-social behavior and personality traits. These skills are, in part, 

observable to potential employers during the hiring process, either because school grades are a good 

signal of the corresponding cognitive skills or through interviews, assessment centers, or work 

samples, as potential apprentices in Germany are often invited by training firms to spend a few days 

working in their firm before signing a training contract (a practice referred to as Probearbeit). 

Finally, we can link all of our information about an individual’s cognitive and non-cognitive skills 

with administrative information from the Institute for Employment Research (IAB), which includes 

data on individual earnings and relevant firm characteristics, including the average wage paid in the 

firm, size of the firm, and unobserved factors related to a firm’s overall wage premium that can be 

extracted based on the linked employer–employee data structure using the Abowd–Kramarz–

Margolis (AKM) model [27]. 

Our objective is to analyze the association of cognitive and non-cognitive skills with two key 

outcomes: i) the transition of school leavers to firms and ii) skilled worker earnings after acquiring 

a vocational qualification. First, regarding the transition of apprentices in training firms, we focus 

on four indicators that provide meaningful information regarding the quality of the first employer: 

firm size, average daily full-time wages in the firm, percentile AKM rank of the firm, and average 

daily apprentice wages in the firm.1 Second, we analyze the link between cognitive and non-

cognitive skills, and the post-training wages of apprenticeship graduates in their first five years in 

 
1 Arellano-Bover [3] use firm size as a proxy for first employer quality. 
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the labor market. An important contribution to the literature is that we can identify the initial 

selection of firms before any training took place, or before further information regarding cognitive 

skills was revealed, which is important because, particularly in large firms, a very high proportion 

of apprentices remain in the training firm and are offered a permanent employment contract. 

Therefore, we are able to demonstrate the extent to which individuals with high levels of cognitive 

and non-cognitive skills sort into more productive and larger firms that offer higher pay directly 

after completing compulsory schooling.  

To account for the potential endogeneity issues of our skill variables, including attenuation bias 

associated with measurement error and omitted variable bias, we also applied instrumental variable 

(IV) regression techniques. The results indicate that cognitive and non-cognitive skills in ninth 

grade are important for individuals to find apprenticeship positions in larger and more productive 

firms offering higher wages. Second, while ordinary least-squares (OLS) regressions suggest that 

math skills have a relatively small effect on future earnings, IV regressions addressing measurement 

errors provide evidence of a strong attenuation bias. Furthermore, IV regressions that exploit 

regional variations in teacher math competency, which are also measured by standardized tests, 

reveal a strong and persistent association between mathematical skills and post-training earnings. 

We find that a one-standard-deviation increase in ninth-grade math skills leads to an average wage 

premium of 40% in the first five years in the labor market. Furthermore, individuals with above-

average social skills tend to see higher returns to their math skills, which is in line with previous 

research highlighting the complementary role that interpersonal skills play in raising incomes [24]. 

The remainder of this paper is organized as follows. Section 2 discusses the relevant literature, 

including empirical literature on the selection of trainees in training firms and labor market returns 

to cognitive and non-cognitive skills. Section 3 introduces the datasets used in our analysis and 

presents descriptive statistics. Section 4 outlines our estimation strategy. Section 5 presents the 

results of our analysis. Section 6 discusses our findings and Section 7 summarizes our conclusions. 
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2 Relevant literature  

According to the human capital theory [28,29], workers vary in productivity based on their 

human capital endowments and investments, which can be enhanced by acquiring skills and 

competencies. In competitive markets, individuals finance their own human capital investments 

because increases in marginal productivity lead to corresponding wage increases. However, in 

imperfect markets with monopsony power, individuals may not internalize the full returns to their 

investments, providing incentives to employers to provide and finance general training [30]. 

Furthermore, individuals have incentives to acquire higher levels of education to signal their 

productivity [31], leading to immediate earnings advantages in the school-to-work transition and 

increasing allocation efficiency [26]. 

2.1 The importance of skills in the school-to-apprenticeship transition 

Empirical studies have shown that companies evaluate candidates based on both cognitive and 

non-cognitive skills. Protsch and Solga [32] found that employers in Germany use school grades as 

markers of cognitive skills and behavioral evaluations as proxies for non-cognitive skills. Similarly, 

Piopiunik et al. [33] discovered based on a randomized lab-in-the-field experiment that criteria such 

as school GPA, ICT competency, English fluency, and social skills significantly boost hypothetical 

apprentice callback rates for obtaining job interviews. In Switzerland, Fossati et al. [34] analyzed 

the hiring of Swiss apprentices through an online vignette study, where hiring managers evaluated 

ficticious curriculum vitae. Their findings indicate that employers prioritize direct signals such as 

educational credentials and aptitude test scores but also consider socioeconomic status indicators, 

especially in ambiguous scenarios, which can lead to potential discrimination against candidates 

with lower socioeconomic backgrounds.2  

 
2 These findings are in line with studies focusing on the hiring process in the labor market for experienced employees 
[57]. 
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However, because cognitive skills may correlate with non-cognitive skills, it is difficult to 

assess their independent effects on labor market success when real-world data – unlike fictious 

scenarios – do not allow non-cognitive skills to be conditioned, as such skills are also associated 

with future labor market outcomes [17–19,35,24,20,22,21]. For example, strong math skills may not 

only reflect cognitive capacity in the transition from school to work but may also be linked to 

desirable social attributes such as conscientiousness, perseverance, attention to detail, and problem-

solving abilities. Consequently, it is difficult to separate the roles of cognitive and social abilities in 

hiring decisions because of their possible correlation. Deming [24] argues that previous models 

based mainly on cognitive skills are insufficient to explain modern labor market dynamics, 

emphasizing the growing importance of social skills such as cooperation and communication. 

According to Navarini [36], returns to social skills have increased dramatically across generations, 

particularly for people with strong cognitive skills, implying that these abilities complement each 

other. Similarly, Lise and Fabien [37] demonstrate the importance of several skill characteristics in 

terms of productivity and job matching.  

2.2 Cognitive and non-cognitive skills and labor market outcomes 

A large body of literature shows strong evidence that cognitive abilities are positively associated 

with labor market outcomes such as wages and employment. For example, Hanushek et al. [8] 

found that prime-age worker wages increased by 18% on average (in 23 countries) for every 

standard deviation increase in numeracy competency. Similarly, studies using Armed Forces 

Qualification Test (AFQT) scores, which are mostly composed of verbal and math skills, also 

indicate that the association between cognitive skills and earnings is significant and positive 

[21,38].3 Arcidiacono et al. [39] highlight how the labor market rapidly discerns the abilities of 

college graduates, as reflected in their wages, because of the strong correlation between SAT scores 

observable by employers and unobservable AFQT scores. In contrast, US high school graduates 

 
3 Woessmann [53] provides a recent review focusing on the multidimensionality of skills and labor market outcomes. 
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cannot signal their competencies to employers. Therefore, their abilities are gradually revealed over 

time. Eventually, the labor market rewards higher cognitive skills with higher wages. Similarly, 

Altonji and Pierret [2] highlight a similar trend for all employees, where after ten years of 

experience, wages are 10.5% higher for each standard deviation increase in AFQT scores, 

indicating that employers learn about worker cognitive skills over time. Aryal et al. [26] 

demonstrate that private returns to education include a large signaling component in the first years 

of the labor market but eventually decline as employers learn about an individual’s true 

productivity. 

In addition to cognitive abilities, non-cognitive skills are essential for success in the job market. 

Heckman and Kautz [20] and Kautz et al. [22] show that traits such as conscientiousness, openness, 

and self-control predict important life outcomes, including employment and earnings. Deming [35] 

reports the growing importance of social skills, noting that employment requiring high levels of 

social interaction grew significantly as a proportion of the US labor force between 1980 and 2012. 

Their analysis reveals that a one-standard-deviation improvement in social skills raises salaries by 

2.9% after controlling for cognitive abilities and schooling. Social skills and cognitive skills also 

exhibit significant complementarity, with their interaction resulting in a 1.0% salary premium. Izadi 

and Tuhkuri [40] show that extraversion, a basic non-cognitive skill, has resulted in a considerable 

increase in economic benefits in recent decades. Their study on Finnish men from 2001 to 2015 

found that extraversion predicted better employment outcomes and income, particularly among 

low-wage earners. 

This study makes two substantial contributions to the literature. First, to the best of our 

knowledge, this is the first study to identify the importance of cognitive and non-cognitive skills in 

the matching process of apprenticeship applicants and training firms. The existing literature is 

limited to analyzing the effects on callback probability when sending out fictitious resumes or to 

vignette studies inquiring about hiring probabilities in hypothetical settings. Furthermore, we have 
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detailed information not only on individuals but also on the characteristics of training firms, 

including firm size, average wage level, and the AKM rank, allowing us to identify the extent to 

which individuals with better skills sort into better firms. Second, we estimate the association 

between cognitive and non-cognitive skills, and earnings in the first five years after completing 

apprenticeship training. These contributions are important because they deepen our understanding 

of the role of cognitive and non-cognitive skills in education-to-work transitions and inform policies 

on skill development and training programs.  

3 Data and descriptive statistics 

In this section, we first describe the data underlying our study and then present the corresponding 

descriptive statistics.  

3.1 Data 

Our analysis is based on data from the NEPS-ADIAB program, which is a collaborative initiative 

between the IAB and Leibniz Institute for Educational Trajectories in Germany. The dataset 

combines survey data from the NEPS with administrative data from the IAB through a record 

linkage procedure that provides individual-level information [41]. The NEPS data cover various 

domains such as educational pathways, competencies, attitudes, and learning environments. The 

IAB’s administrative data include full employment records dating back to 1975, as well as 

comprehensive details about firms. To capture and analyze educational transitions over time, a 

multi-cohort sequence design within the NEPS from 2009 to 2012 was employed. This study was 

designed with six initial cohorts ranging from newborns to adults and included over 70,000 

respondents at the beginning of the panel [41]. We focused on the ninth-grade cohort (SC4), which 

investigated the educational paths of pupils beyond ninth grade, tracing their progression into 

upper-secondary education, vocational training, higher education, and the labor market. These two 

populations are of primary interest. The first is the population of individuals who started an 

apprenticeship after completing the non-academic track of the German secondary schooling system, 
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and the second is the population of apprenticeship graduates who were subsequently identified as 

skilled workers in the German labor market for up to five years after graduation. 

The NEPS data include several cognitive skills, including mathematics, reading, and ICT 

competencies. Mathematical competency was evaluated using paper-and-pencil tests covering four 

areas of mathematical content and six cognitive components [42]. Reading competence was 

assessed through paper-and-pencil tests that included five text functions and three comprehension 

requirements [43], whereas the assessment of ICT competency involved paper-based assessments 

featuring screenshots of standard software applications. These tests measure four key process 

components, namely access, management, evaluation, and creation, reflecting both technological 

and cognitive aspects [44]. 

The NEPS data also include non-cognitive variables, primarily the “big five” personality traits, 

which were assessed using the 10 item Big Five Inventory (BFI-10), with additional items designed 

for the agreeableness domain. These traits include openness, conscientiousness, extraversion, 

agreeableness, and neuroticism [45]. In addition to the big five traits, pro-social behavior was 

evaluated using the strengths and difficulties questionnaire scale, focusing on elements such as 

trying to be nice to other people and considering their feelings as important.4  

We considered four indicators as proxy variables for “training firm quality,” namely firm 

size, average daily wage paid to full-time employees within the firm, AKM rank of the firm, and 

average daily apprentice wage in the firm. Firm size was classified into the following categories: 

very small firms (fewer than 10 employees), small firms (between 10 and 49 employees), medium 

firms (between 50 and 249 employees), and large firms (more than 250 employees). Second, we 

obtained information about the average daily wages of full-time employees within a given 

establishment, measured in Euros. Additionally, we have information on the firm AKM rank [27], 

 
4 Deming [35] measures interpersonal skills in terms of pro-sociality and extraversion. We also use pro-social behavior 
and extraversion as indicators for social skills. 
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which reflects the establishment fixed effects based on the AKM model over a seven-year period 

from 2014 to 2021, stratified into 20 quantiles to ensure a balanced representation across the 

distribution [46]. Finally, we have information on the average daily apprentice wages of training 

firms. To analyze the wage returns to cognitive and non-cognitive skills for individuals after 

graduating from apprenticeship training, we focus on the daily wages of employees, measured in 

Euros.5  

3.2 Descriptive statistics 

Table 1 presents the descriptive statistics for our sample of ninth-grade students who began 

apprenticeships. The apprentices’ mathematics and reading competencies are slightly below average 

compared with all ninth graders. Their average grades in ninth-grade math and German are 3.87 and 

3.91, respectively, on a scale of six to one, suggesting middling academic performance. Apprentices 

score above the midpoint in terms of conscientiousness, openness, extraversion, and agreeableness, 

but below the midpoint in terms of neuroticism. 

Table 2 presents descriptive statistics for the sample of individuals who graduated with a 

dual-apprenticeship qualification and then found full-time work. The average daily pay after 

graduation is 82.6 Euros, representing a substantial increase compared with the average daily wage 

during the apprenticeship term of 29.8 Euros. The firms that employ these graduates have an 

average daily wage for full-time employees of 109.1 Euros, indicating that recent graduates earn 

less than the average full-time worker at these firms. Furthermore, approximately 40.2% of 

graduates quit their training firm upon graduation (Movers), indicating a fair amount of mobility 

among newly certified workers. 

 
5 Note that it is not possible to calculate hourly wages based on the IAB data because information about weekly work 
hours is not available. 



12 

Table 1: Descriptive Statistics for the Full Sample of Individuals who started an Apprenticeship 

Variable 
Obs Mean Std. dev. Min Max 

     

Math competency 2036 −0.278 0.974 -3.222 4.543 

Reading competency 2036 −0.370 1.089 -3.879 3.300 

ICT competency 2036 −0.214 0.852 -3.300 2.909 

Perceptual speed 2036 57.709 14.211 3 93 

Nonverbal Reasoning  2036 8.216 2.449 0 12 

Conscientiousness 2036 3.163 0.843 1 5 

Openness 2036 3.367 0.933 1 5 

Extraversion 2036 3.420 0.888 1 5 

Agreeableness 2036 3.481 0.662 1 5 

Neuroticism 2036 2.737 0.850 1 5 

Pro-social behavior 2036 7.368 1.912 0 10 

9th grade Math grade 2036 3.869 0.949 1 6 

9th grade German grade 2036 3.912 0.741 1 6 

Notes: Perceptual speed and Nonverbal reasoning are indicators of general cognition in NEPS. Source: NEPS-SC4-

ADIAB. 

 

 

Table 2: Descriptive Statistics for Graduated Apprentices Subsequently Employed 

Variable Obs Mean Std. dev. Min Max 

Average daily  

wage for apprentices 
1198 29.830 7.320 9.807 54.581 

Average daily wage after graduation 1342 82.567 20.040 14.070 125.661 

Firm average daily pay  
(full-time employees) 1342 109.070 38.091 33.07 317.25 

Movers (leave training firm after graduation) 1342 0.402 0.490 0 1 

Notes: Wages are in euros. Source: NEPS-SC4-ADIAB.  
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Table 3 presents a detailed summary of occupational fields and disparities in average daily 

income, reading scores, and math scores among apprentices who have completed training and are 

currently working. Wage differences are evident across occupations. For example, service 

occupations in the IT sector and natural sciences pay the highest average daily wage of 90.48 Euros, 

whereas commerce and trade, and the food industry, gastronomy, and tourism pay lower average 

daily wages of 68.56 and 68.76 Euros, respectively. Math competencies vary significantly, with the 

highest average math scores found in the IT and natural sciences (0.19), and the lowest scores found 

in the agricultural, social services, security, and housekeeping sectors (−0.72), and healthcare 

occupations (−0.72). Reading scores also vary by field, with the greatest averages in IT and natural 

sciences (0.20), and business-related service vocations (−0.06), and the lowest averages in building 

and interior construction (−0.87). These differences suggest that different vocational fields attract 

people with varying levels of cognitive skills, which may represent the unique skill requirements 

and demands of each occupation.  

 

Daily wages segmented by quartiles of 9th-grade math performance and years of employment 

reveal a clear trend, where higher math performance correlates with higher starting wages, and 

wages increase across all quartiles with additional years of experience (Table 4). For example, 

individuals in the lowest math quartile start with an average wage of 76.6 Euros and see an increase 

to 85.8 Euros over four years, whereas those in the highest quartile begin at 87.9 Euros and see an 

increase to 94.9 Euros in the same period. This wage development pattern is consistent across all 

math proficiency levels. A similar trend can be observed for reading performance, as presented in 

the appendix (Table A.1). Both tables show that better 9th-grade ability levels, whether in reading 

or math, are connected to higher starting pay and long-term salary growth. However, one notable 

distinction is that the initial salary gap between quartiles is less pronounced for reading 

performance than for math performance. Specifically, the beginning wage in the first quartile of 
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reading competency is closer to the fourth quartile compared with the math quartiles.  

 

Table 3: Descriptive Statistics by Occupation: Reading competency, Math competency, and Daily Wage 

Occupational fields 
Reading competency Math competency Average Daily Wage 

Mean SD N Mean SD N Mean SD N 

Agriculture, Social, Security, and 
Cleaning Jobs 
 

−0.47 0.99 54 −0.72 0.66 54 82.48 21.11 54 

Manufacturing occupations 
 

−0.54 1.12 177 −0.30 0.86 177 86.74 19.34 177 

Occupations concerned with 
production technology 
 

−0.43 1.08 301 −0.07 0.93 301 87.64 20.19 301 

Occupations in building and 
interior construction 
 

−0.87 0.97 116 −0.33 1.10 116 83.82 12.50 116 

Occupations in the food industry, 
gastronomy, and tourism 
 

−0.47 1.06 62 −0.37 1.03 62 68.76 14.41 62 

Medical and non-medical 
healthcare occupations 
 

−0.48 1.03 200 −0.72 0.85 200 77.70 21.92 200 

Occupations in commerce and 
trade 
 

−0.69 0.98 108 −0.56 0.78 108 68.56 14.88 108 

Occupations in business 
management and organization 
 

−0.20 1.05 102 −0.31 0.93 102 78.61 19.16 102 

Business-related service 
occupations 
 

−0.06 1.04 78 −0.09 0.89 78 84.73 15.52 78 

Service occupations in the IT 
sector and natural sciences 
 

0.20 1.14 52 0.19 1.09 52 90.48 20.52 52 

Occupations in traffic and 
logistics 

−0.71 1.07 92 −0.51 0.82 92 76.36 19.36 92 

Total −0.47 1.08 1342 −0.34 0.94 1342 81.57 19.86 1342 

Notes: Math and reading competency are assessed using IRT-scaled scores that are centered on the population 
average. Negative values imply below-average performance when compared with the reference group. Daily wages 
are in Euros. Source: NEPS-SC4-ADIAB. 
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Table 4: Daily Wage by Quantile of 9th-Grade Math Performance and Years of Employment 

 Employment experience after graduation 

 1 year 2 years 3 years 4 years 5 years 

1st quartile of math competency in grade 9      

Mean 76.636 79.611 81.522 83.884 85.811 

Standard deviation 20.088 20.001 20.177 19.406 19.221 

Observations 483 480 462 375 301 

2nd quartile of math competency in grade 9      

Mean 80.377 85.079 85.793 89.526 89.562 

Standard deviation 20.374 18.054 18.425 16.531 16.864 

Observations 383 356 326 258 189 

3rd quartile of math competency in grade 9      

Mean 83.723 84.582 86.798 88.882 90.24 

Standard deviation 18.954 19.394 18.868 18.109 19.752 
Observations 317 290 275 215 158 

4th quartile of math competency in grade 9      

Mean 87.866 91.000 92.127 93.285 94.881 

Standard deviation 19.843 17.497 19.889 19.198 16.093 

Observations 186 176 153 107 67 
Notes: Daily wages are in euros. Source: NEPS-SC4-ADIAB 

 

4 Identification strategy 

Aryal et al. [26, p. 1698] note that information revealed in school (i.e., cognitive skills) may affect 

the matching efficiency of individuals with different occupations and firms, where the “highest 

bidder” will be able to recruit the apprentices with the highest skill levels to the extent that 

employers are able to assess these skills during the hiring process.6 Therefore, as a first step, we 

analyze the association between cognitive and non-cognitive skills in the transition from school to 

apprenticeship training. We consider four different indicators reflecting whether an individual starts 

an apprenticeship with a high-quality employer in terms of firm size, average wage level of a full-

 
6 Indeed, many apprentices spend a few days working in the company before being offered an apprenticeship contract 

(Probearbeit), which may increase the employer’s ability to assess or identify the skills of the future apprentice. 
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time employee, average wage level of an apprentice, and firm AKM rank, which is typically 

interpreted as a wage premium that all workers receive in a particular firm, independent of their 

education and experience.  

We estimate the hiring process of individual ! for apprenticeship training in firm	# as 

follows: 

$!" = &C# + βN# + +X + -!, (1) 

where $ denotes the four different indicators characterizing the training company, C# denotes 

cognitive skills, N# denotes non-cognitive skills, and X includes controls for gender, parental 

education, and occupational field. 

Similar to Farber and Gibbons [47] and Altonji and Perret [2], we model the productivity 

dynamics of worker ! in firm # in year 1 in the labor market as follows: 

2!"$ = &3$ + 4C!3$ + +N!3$ + 5X + 6$ + 7!"$,   (2) 

where 3$ denotes the experience of individual ! in the labor market as a skilled worker, and X 

includes gender, occupational field, and parental background information. We also include year 

dummies 6$ to account for changing labor market conditions that may impact initial skilled worker 

wages [48]. 

Potential measurement errors in variables representing skills may lead to attenuation bias. To 

mitigate this issue, we employ an IV regression approach, as suggested by Hanushek et al. [8]. 

Specifically, we use an individual’s final math grade in the ninth year of compulsory schooling as 

an IV for math competency as measured in the NEPS by means of a standardized test. The 

coefficient in the IV regression reflects the shared variance in mathematical skills, as indicated by 

math grades from ninth-grade transcripts and math competency assessments reported in the NEPS, 

thereby mitigating the attenuation bias introduced by classical measurement error into the math 
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competency variable. Similarly, we use the average German grade in ninth grade as an IV for 

reading competency. As pointed out by Aryal et al. [26], using an IV that is transparent to the 

employer reveals information about the private return to human capital in terms of wages, which 

includes the signaling value of skills. However, endogeneity issues remain if unobserved variables 

such as parental income, teacher characteristics or other personal attributes that are not captured in 

our control variables are correlated with wages and school grades. Although we can control for 

parental educational qualifications as a proxy variable, doing so may not fully account for all 

relevant aspects of an individual’s socioeconomic background. Furthermore, the parental education 

variable contains a relatively high share of missing values, which reduces the sample size and raises 

selection issues. Moreover, we do not have information about characteristics of individual teachers. 

For this reason, we applied IV regression to estimate the causal effects of student math skills on 

post-training earnings. Specifically, we used the average math skills of teachers in German states, 

derived from the NEPS adult cohort data, as an instrument for individual math skills in grade nine. 

The math competency of the adults was assessed using a standardized test similar to the Programme 

for the International Assessment of Adult Competencies (PIAAC) of the Organisation for Economic 

Co-operation and Development (OECD) [8]. Our choice of IV is motivated by Hanushek et al. [49], 

who demonstrate that teacher competencies, as measured in PIAAC, are strongly associated with 

student performance, as measured by the Program for International Student Assessment (PISA) in a 

cross-country comparison (N = 31 countries). These relationships are in line with those considered 

in several other studies collectively emphasizing the centrality of high-quality teachers for student 

performance [51,50,52]. Similarly, we use the average state-level teacher reading competency as an 

instrument for student reading competency. 
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We follow Aryal et al. [26] and estimate the IV regressions separately for each 1 to allow for a 

weaker functional form assumption.7 We interpret our IV results as local average treatment effects, 

meaning the variation in math scores induced by the variation in the average state-level math 

(reading) competencies of teachers will lead to future skilled worker wage growth. From a policy 

perspective, our results are of particular interest because teacher quality is a malleable factor that 

can be addressed by appropriate policies that are either targeted at incentivizing individuals with 

good math skills to become teachers (e.g., increasing teacher pay) or by increasing the quality of 

teacher education for those who decide to become teachers.8 Furthermore, the instrument is 

arguable “hidden” from the employer [26] because employers are generally not aware of the 

average math competencies of teachers across German states, meaning the results can be interpreted 

as social returns to math skills (i.e., how math skills impact productivity). 

To determine the validity of using teacher math competencies as an IV, we performed further 

analyses to ensure their independence from external factors. The results in Table A1 reveal that 

teacher math skills have no significant relationship with other state-level variables such as state-

level GDP growth per employed person between 2015 and 2021, the period during which we 

observed the labor market outcomes of individuals (Table A1). Furthermore, we did not find any 

significant association between teacher math competencies and spending per student in 2003 and 

2011 (Tables A2 and A3), or average weekly instruction time in mathematics (Table A4). These 

data support the exclusion restriction because they indicate that teacher math competencies are not 

 
7 We also estimated OLS regressions separately for each ! and obtained similar results to the specification of Equation 

(2). For a more concise presentation of the results, we only present OLS results derived from Equation (2). 
8 To test whether the math competencies of teachers are simply a proxy for the overall level of teacher education in a 

particular state, we also use average state-level reading competencies of teachers as an instrument for student math 

skills. We find that while teacher reading competencies are positively associated with student math competencies, the 

corresponding F-statistics are lower than 10, suggesting that they are not a sufficiently strong instrument. These results 

imply that it is indeed the math competency of teachers that is the main driver of student math competencies. 
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influenced by broader state-level economic or educational factors that could affect student 

performance.9 

 

5 Results 

In this section, we present the results on how cognitive and non-cognitive skills are associated with 

the transition from school to apprenticeship training. We then present the results on how these skills 

are associated with the earnings trajectories of individuals who graduated from apprenticeship 

training. To address endogeneity problems, we used IV regressions for math and reading 

competencies, although we could only address measurement errors for the latter because we lacked 

a valid instrument to address omitted-variable bias. We further account for the potential 

multidimensionality of skills by examining subsamples based on individual social skill levels 

(above and below average) to determine whether returns to math skills change according to levels 

of social skill. 

5.1 Transition from school to first employer 

We find that cognitive skills and non-cognitive skills are both positively associated with starting an 

apprenticeship training in a “good firm,” as proxied by firm size, average wage for a full-time 

worker, AKM rank, and apprentice wages (Table 6).10 A one-standard-deviation increase in math 

competencies is associated with a 0.87 increase in the AKM rank of the training firm, which 

corresponds to an increase of 0.87 × 5 = 4.35 percentiles in the distribution of AKM effects.11 

 
9 We found that the reading competency of teachers is not significantly related to student reading competency, so we 

refrain from including similar correlations of teacher reading competency. 
10 We also estimated the same regression models using the average grades in mathematics and German in ninth grade. 

The results are qualitatively similar, except that contrary to reading competency, German grades are not significantly 

associated with the dependent variables. These findings indicate that direct measures of skills (math, reading, etc.) 

better capture important attributes sought in company selection compared with school-based evaluations. 
11 The variable AKM rank is defined as follows: “This variable contains the position of the establishment effect in the 
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Additionally, a one-standard-deviation increase in math competency is associated with an 

individual starting apprenticeship training in a firm with a 6.5% higher average daily wage for full-

time workers and a 3.6% higher average wage for apprentices.  

Other cognitive skills also exhibit significant relationships, albeit with a lower economic 

magnitude. While all point estimates are positive, reading competency is only significantly 

associated with firm size and apprentice wages, and not with the AKM rank or average wage level 

of the first employer. Furthermore, we find no statistically significant association between ICT 

competency and any of the four outcome measures. Perceptual speed, which is a measure of general 

intelligence, yields negative point estimates that are either not at all significant or only statistically 

significant at the 10% level. Conversely, our second measure of general intelligence, nonverbal 

reasoning, is positively associated with AKM rank and wages. Similar results can be observed for 

conscientiousness. In contrast, social skills are not related to characteristics of the first employer, 

indicating that such skills may be difficult to learn for employers during the selection process. 

We also estimated each regression model with an additional control variable for parental 

qualifications, indicating whether at least one parent held an academic qualification at the tertiary 

level. Although the sample size was significantly reduced as a result of many missing values for this 

variable, the results described above remained qualitatively similar. 

 
overall distribution of establishment effects for female and male workers in the period from 1993 to 1999 in 20 

quantiles” [46, p. 14]. 
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Table 6: Cognitive and non-cognitive skills, and the first employer for apprentices  
 

Training Firm  
AKM Rank Training Firm Size 

Training firm average 
log daily wage 

Average log daily 
apprentice wage 

 

         
Math competency 0.869*** 

(0.159) 
0.752*** 
(0.217) 

0.180*** 
(0.053) 

0.117* 
(0.070) 

0.065*** 
(0.010) 

0.055*** 
(0.014) 

0.036*** 
(0.007) 

0.030*** 
(0.010) 

Reading 
competency 
 

0.150 
(0.165) 

0.229 
(0.220) 

0.172*** 
(0.053) 

0.231*** 
(0.076) 

0.015 
(0.011) 

0.019 
(0.014) 

0.018** 
(0.008) 

0.026** 
(0.010) 

ICT competency 
 
 

0.110 
(0.174) 

0.016 
(0.222) 

0.061 
(0.054) 

0.024 
(0.074) 

0.014 
(0.011) 

0.001 
(0.014) 

−0.001 
(0.008) 

−0.007 
(0.010) 

Perceptual speed 
 
 

−0.230* 
(0.125) 

−0.079 
(0.169) 

−0.068* 
(0.040) 

−0.091* 
(0.054) 

−0.015* 
(0.008) 

−0.008 
(0.011) 

−0.004 
(0.006) 

0.003 
(0.008) 

Nonverbal 
reasoning 
 

0.238* 
(0.143) 

0.341* 
(0.185) 

0.018 
(0.045) 

0.071 
(0.058) 

0.018** 
(0.009) 

0.035*** 
(0.012) 

0.009 
(0.007) 

0.011 
(0.008) 

Conscientiousness 
 

0.278** 
(0.132) 

0.365** 
(0.172) 

0.047 
(0.043) 

0.069 
(0.056) 

0.021** 
(0.008) 

0.018 
(0.011) 

0.019*** 
(0.006) 

0.026*** 
(0.008) 

Social Skills 0.184 
(0.130) 

0.260 
(0.171) 

−0.002 
(0.051) 

−0.003 
(0.007) 

0.013 
(0.008) 

0.022* 
(0.011) 

0.006 
(0.006) 

0.001 
(0.007) 

Parental 
qualification 

No Yes No Yes No Yes No Yes 

Observations 1943 
 

1167 
 

2036 1222 1958 
 

1177 
 

2036 
 

1222 
 

R2 0.041 0.052   0.062 0.070 0.037 0.048 

Notes: Cluster-robust standard errors in parentheses. ∗∗∗ Significant at the 1% level; ∗∗ significant at the 5% level; ∗ 
significant at the 10% level. Firm size is a categorical variable and the coefficients are based on an ordered logit 
model. Source: NEPS-SC4-ADIAB. 

 
 

5.2 Wage returns to cognitive and non-cognitive skills 

Table 7 presents the association between cognitive and non-cognitive skills, and skilled worker 

wages after graduating from apprenticeship training by year of labor market experience. Math 

competency is significantly associated with a 4.1% increase in skilled worker pay in the first year of 

the labor market but the point estimate continuously decreases to 2.2 % with five years of 

experience (Table 7, column 1). Reading competency is associated with a statistically significant 

wage premium of 2.2% in the first year but the coefficient drops to 1% and below in the following 

years, and is not statistically significant. Furthermore, we found no significant association between 
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skilled worker wages and ICT competency, nonverbal reasoning, and perceptual speed. 

Conscientiousness is associated with a 2.2% increase in the first year, which decreases slightly but 

then eventually rises to 3.2% for individuals with five years of labor market experience. Social 

skills are positively associated with wages but only the coefficient for two years of labor market 

experience is statistically significant. These results remain robust when further control variables for 

parental qualifications and occupation are included (see Tables A.2 and A.3 in the Appendix). 

Table 7: OLS Regressions of Log Daily Wages on Cognitive and Non-Cognitive Skills Across Years 
of Experience 
 Math 

competency 

Reading 
compete

ncy 

ICT 
competen

cy 

Non-verbal 
Reasoning 

Perceptual 
Speed 

Conscientiou
sness 

Social 
Skills N R2 

Experience: 
1 year 

0.041*** 
(0.009) 

0.022** 
(0.010) 

0.006 
(0.009) 

0.009 
(0.009) 

−0.014* 
(0.008) 

0.022*** 
(0.007) 

0.010 
(0.007) 1217 0.104 

Experience: 
2 years 

0.037*** 
(0.008) 

0.010 
(0.009) 

0.007 
(0.009) 

0.007 
(0.008) 

−0.003 
(0.007) 

0.011 
(0.008) 

0.017** 
(0.008) 1238 0.091 

Experience: 
3 years 

0.031*** 
(0.012) 

0.008 
(0.010) 

0.004 
(0.010) 

0.005 
(0.008) 

−0.005 
(0.008) 

0.021** 
(0.008) 

0.001 
(0.008) 1165 0.082 

Experience: 
4 years 

0.032*** 
(0.010) 

0.010 
(0.010) 

−0.009 
(0.010) 

0.005 
(0.008) 

0.010 
(0.007) 

0.015* 
(0.009) 

0.009 
(0.007) 915 0.075 

Experience: 
5 years 

0.022* 
(0.012) 

0.007 
(0.012) 

0.011 
(0.013) 

−0.001 
(0.010) 

0.009 
(0.008) 

0.032*** 
(0.010) 

−0.012 
(0.010) 700 0.098 

Notes: Dependent variable: log daily wage. Other control variables include reading, ICT, general cognition, and non-
cognitive skills. Cluster-robust standard errors in parentheses. ∗∗∗ Significant at the 1% level; ∗∗ significant at the 
5% level; ∗ significant at the 10% level. Source: NEPS-SC4-ADIAB. 
 

IV wage regressions 

First, to account for classical measurement errors, we used an individual’s average math grade in 

the ninth year of compulsory schooling as an instrument for math competency and an individual’s 

average grade in German as an instrument for reading competency. The results indicate that the 

return to a one-standard-deviation increase in math skills increases substantially from 4% to 
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approximately 30% in the first year after training (IV Regression I, Table 8). This significant 

increase highlights the attenuation bias produced by measurement errors in math competency tests, 

suggesting that standardized testing scores may underestimate the true economic value of math 

skills. Furthermore, the first-stage F-statistics for the instrument are very strong, and we find that 

the return to math skills drops to approximately 15% after three years and loses its statistical 

significance in the fourth and fifth years in the labor market. However, while using math grades as 

an instrument may reduce attenuation bias, the instrument may itself be correlated with omitted 

variables in the wage equation. For example, Bonesrønning [58] shows that there may be 

substantial heterogeneity in teachers' grading practices, and that students in classes where teachers 

give better grades may put in less effort. In such cases, our estimates would still underestimate the 

causal effect of math grades on wages, because employers would eventually learn that the grades 

did not adequately reflect expected productivity. Indeed, this is what we observe in our IV 

estimates: the returns to math competency are initially high but decline rapidly within the first five 

years in the labor market. 

Thus, to account for potential omitted-variable bias, we used local teacher math competencies, 

which are measured similarly to student math competencies through standardized tests in the NEPS, 

as an instrument for student math competencies. The results indicate similar returns in the first year 

in the labor market compared with only accounting for the measurement error (IV Regression II, 

Table 8). However, the returns to math skills remain statistically significant and exceed 30%, even 

in the fifth year in the labor market. These results are consistent, although higher in magnitude, 

compared with previous research that did not fully account for omitted-variable bias [8,53]. 

Including the educational qualifications of parents did not qualitatively change the results, despite a 

considerable reduction in the number of observations (Appendix Table A.4). 
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Table 8: IV Estimates of Math Skills on Wage Growth by Early Job Experience 
 
 

OLS IV Regression I IV Regression II 

Panel A: 1 year labor market experience    
Math competency 0.041*** 

(0.009) 
0.295*** 
(0.082) 

0.339*** 
(0.094) 

F-statistics  26.885 21.807 
Observations 1217 1217 1217 

Panel B: 2 years labor market experience   

Math competency 0.037*** 
(0.008) 

 

0.188*** 
(0.057) 

0.462*** 
(0.137) 

 
F-statistics  40.026 18.970 
Observations 1238 1238 1238 

 

Panel C: 3 years labor market experience   

Math competency 
 

0.031*** 
(0.012) 

0.152** 
(0.065) 

0.471*** 
(0.147) 

F-statistics  35.568 16.448 

Observations 1165 1165 1165 
 

Panel D: 4 years labor market experience   

Math competency 0.032*** 
(0.010) 

 

0.050 
(0.054) 

0.327*** 
(0.093) 

F-statistics  31.313 22.152 
Observations 915 915 915 

 

Panel E: 5 years labor market experience   

Math competency 0.022* 
(0.012) 

 

0.076 
(0.061) 

 

0.381*** 
(0.128) 

 
F-statistics  28.028 15.600 
Observations 700 700 700 
Notes: Dependent variable: log daily wage. IV Regression I, Instrument: standardized math grades in 9th year of 
compulsory schooling. IV Regression II, Instrument: standardized math competencies of teachers at state-level. 
Other control variables include reading, ICT, general cognition, and non-cognitive skills. Cluster-robust standard 
errors in parentheses. Results of the first stage regression are available upon request. ∗∗∗ Significant at the 1% level; 
∗∗ significant at the 5% level; ∗ significant at the 10% level. Source: NEPS-SC4-ADIAB 
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Local teacher math competency is strongly associated with student math competency, as indicated 

by high F-statistic values. This finding aligns with previous research showing that teacher 

competencies are critical determinants of student outcomes [49]. Alternative instruments such as 

teacher reading competencies exhibit only weak correlations with student math competencies, 

suggesting that the instrument does not capture a broad measure of overall teacher quality. Notably, 

if unobserved factors related to overall teacher quality drove the relationship between teacher math 

competency and student math competency, we would expect local teacher reading competency to 

show a similar association with student math competency. However, the observed asymmetry, 

coupled with the finding that teacher math competency is unrelated to local GDP growth (Figure 

A1), local public expenditure per student (Figures A2 and A3), and local weekly math instruction 

hours (Figure A4), supports the argument that teacher math competency specifically impacts 

student math outcomes, rather than reflecting broader unmeasured confounding factors. Overall, the 

data indicate that for skilled workers, an increase of one standard deviation in math proficiency 

corresponds to an approximately 40% rise in average income during the first five years after an 

apprenticeship. Regardless, in the absence of experimental variations in math competencies, we 

refrain from making strictly causal interpretations of the results. 

When using ninth-grade German grades as an instrument for reading competency, the point 

estimates increase substantially from 2.2% to over 50% in the first year in the labor market, but 

subsequently decline to approximately 30% after four and five years of experience, losing statistical 

significance (Table 9, IV Regression). However, it should be noted that the F-statistic for the first-

stage association between German grades and reading competency is considerably weaker than that 

of math grades and math competency, although it just reaches the critical value of 10 for the first 

and third years in the labor market. As the number of observations decreases for the fourth and fifth 

years, the F-statistic values drop to 5.88 and 4.25, respectively, raising concerns regarding the 

validity of this instrument to account for measurement errors for those years. 
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 OLS IV Regression 

Panel A: 1 year labor market experience   
Reading Competency 0.022** 

(0.010) 
0.501*** 
(0.181) 

F-statistics  10.566 
Observations 1217 1217 

Panel B: 2 years labor market experience  

Reading Competency 0.010 
(0.009) 

0.481** 
(0.199) 

F-statistics  8.319 
Observations 1238 1238 

Panel C: 3 years labor market experience  

Reading Competency  0.008 
(0.010) 

0.315** 
(0.142) 

F-statistics  10.334 
Observations 1165 1165 

Panel D: 4 years labor market experience  

Reading Competency 0.010 
(0.010) 

0.299 
(0.200) 

F-statistics  5.887 
Observations 915 915 

Panel E: 5 years labor market experience  

Reading Competency 0.007 
(0.012) 

0.292 
(0.217) 

F-statistics  4.246 
Observations 700 700 
Notes: Dependent variable: log daily wage. IV Regression, Instrument: standardized German grades in 9th year of 
compulsory schooling. Other control variables include reading, ICT, general cognition, and non-cognitive skills. 
Cluster-robust standard errors in parentheses. Results of the first stage regression are available upon request. ∗∗∗ 
Significant at the 1% level; ∗∗ significant at the 5% level; ∗ significant at the 10% level. Source: NEPS-SC4-ADIAB 
 
 

 

 
12 The first-stage regression using teacher reading skills as measured in the NEPS adult cohort SC 6 revealed no 
significant relationship with student reading skills. Consequently, because teacher reading competency is not correlated 
with student reading competency, it cannot serve as a valid instrument, unlike the case of student math competency. 
 

Table 9: IV Estimates of Reading Competency on Wage Growth by Early Job Experience12 
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Regardless, the results of our analysis suggest substantial attenuation bias when regressing wages 

on a competency measure based on standardized tests. One possible explanation for the weaker 

instrument for reading competency is that German grades may also significantly reflect writing 

skills. In the German school system, a large portion of the final grades depend on student essay 

writing performance. Because essay evaluations largely depend on individual teachers [54, p. 129], 

they may introduce more measurement error than math grades, even though reading and writing 

skills are highly correlated. 

Similar to the exercise above for math competency, we also attempted to account for a possible 

omitted-variable bias in reading competency by exploiting a measure of local teaching of reading 

competency based on a standardized test in the NEPS. However, in the first-stage regression, 

teacher average local competency in reading was not significantly related to student reading 

competency. Therefore, we refrain from reporting these results in the absence of a valid instrument 

to assess student reading competency. 

 

Complementarity of cognitive and social skills 

To examine whether returns to math competency differ by social skill level, as identified in recent 

empirical studies on the US labor market [35,24], we provide separate estimates for individuals 

with high and low levels of social skills. Table 10 reveals that during the first year of job 

experience, individuals with above-average social skills tend to achieve higher returns to math 

competency than those with below-average social skills, regardless of the instrument used (IV 

School Math: 0.417 versus 0.213, IV Teacher Math: 0.429 versus 0.277). This finding is consistent 

with the concept that a firm needs multidimensional human capital, which combines cognitive and 

interpersonal skills. In subsequent years, the returns for individuals with above-average social skills 

remain substantial, particularly when using teacher math as an instrument, where the coefficients 

are consistently higher than those for individuals with lower social skills (Table 10, IV Regression 

II). However, caution is warranted when interpreting these results, as splitting the sample reduces 
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the sample size, leading to the first-stage F-statistics falling below the critical value of 10 in certain 

cases. Despite these limitations, these findings emphasize the importance of recognizing the 

multidimensional nature of skills. Stronger social skills tend to increase the wage premium for math 

competency for individuals in the first few years in the skilled labor market.  

 

 

Table 10: IV Estimates of Math Skills on Wage Growth by Social Skill Levels and Early Job Experience 
 IV Regression I IV Regression II 

 Above-average 
social skills 

Below-average 
social skills 

Above-average 
social skills 

Below-average 
social skills 

Panel A: 1 year labor market experience    
Math competency 0.417** 

(0.194) 
0.213** 
(0.084) 

0.429** 
(0.177) 

0.277** 
(0.110) 

F-statistics 6.723 20.245 8.018 13.196 
Observations 553 664 553 664 

Panel B: 2 years labor market experience    

Math competency 0.191* 
(0.113) 

0.181*** 
(0.067) 

0.593*** 
(0.225) 

0.325** 
(0.158) 

F-statistics 10.704 28.357 10.546 8.372 
Observations 560 678 560 678 

Panel C: 3 years labor market experience 
   

Math competency 0.189* 
(0.103) 

0.123 
(0.082) 

0.510** 
(0.210) 

0.456** 
(0.216) 

F-statistics 18.910 16.195 8.389 7.898 
Observations 546 619 546 619 

Panel D: 4 years labor market experience    

Math competency 0.042 
(0.080) 

0.060 
(0.077) 

0.444*** 
(0.165) 

0.219** 
(0.107) 

F-statistics 17.710 13.811 9.513 13.415 
Observations 425 490 425 490 

Panel E: 5 years labor market experience 
   

Math competency 0.045 
(0.089) 

0.117 
(0.088) 

0.439** 
(0.191) 

0.325** 
(0.162) 

F-statistics 17.608 10.709 7.796 8.183 

Observations 328 372 328 372 

Notes: Dependent variable: log daily wage. IV Regression I, Instrument: standardized math grades in 9th year of 
compulsory schooling. IV Regression II, Instrument: standardized math competencies of teachers at state-level. 
Other control variables include reading, ICT, general cognition, and non-cognitive skills. Cluster-robust standard 
errors in parentheses. Results of the first stage regression are available upon request. ∗∗∗ Significant at the 1% 
level; ∗∗ significant at the 5% level; ∗ significant at the 10% level. Source: NEPS-SC4-ADIAB 
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6 Discussion 

Our analysis focuses on the association between cognitive and non-cognitive skills, and the 

transition from school to the apprenticeship market, as well as the extent to which these factors 

affect post-training wages. We show that cognitive skills and math competencies are associated 

with starting apprenticeship training at a higher-quality firm, which is in line with the recent 

findings of Arellano-Bover [1], who uses PIAAC data to show that cognitive skills (as measured by 

numeracy skills) are positively associated with being employed at a large firm. Therefore, our 

results imply that German school leavers can signal their skills during the hiring process, thereby 

improving their allocation efficiency. This result contrasts with that reported by Arcidiacono et al. 

[39], who report that US high school graduates are unable to signal their skills, as it takes US 

employers several years to learn about their true productivity. Therefore, our results imply that 

German employers can assess an individual’s cognitive and non-cognitive skills during the hiring 

process, either because some of these skills are correlated with school grades that individuals 

submit when they apply for training positions, or during the interview process, which often includes 

a short trial period in which the firm can observe work samples (Probezeit).13 These observations 

are in line with the findings of Fossati et al. [34] and Piopiunik et al. [33], who emphasize the 

weight of educational credentials in the first stage of the hiring process in the German and Swiss 

apprenticeship markets. It is important to note that, contrary to the literature on vignette studies or 

correspondence testing studies—which can only identify effects on invitations to job interviews 

[32] or hypothetical hiring processes [34,33]—we observed not only callback rates but also the 

actual outcomes of individuals who concluded an apprenticeship training contract with a firm. 

 
13 Conversely, Arcidiacono et al. [39] also show that standardized SAT scores help college graduates to signal their 

skills, such that individuals with higher cognitive skills immediately receive higher wages when they enter the labor 

market. In our context, German school leavers can signal their math skills by means of the final math grade in their 

school transcripts. 
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Among the cognitive and non-cognitive skills evaluated, our findings highlight the 

significant effects of math skills on both the initial transition from school to apprenticeship and on 

post-training wage development. These results broadly align with those of Hanushek et al. [8,55], 

Lin et al. [21], Joensen and Nielsen [14], and Falch et al. [13], indicating the importance of 

mathematical skills in the labor market. While Hanushek et al. [8,55] reported that, on average, a 

one-standard-deviation improvement in numeracy skills is associated with an 18% wage increase 

among workers in their prime age when using cross-sectional data (across 23 countries), we find a 

40% increase in average wages in the first five years in the labor market for each standard deviation 

increase in math competencies. We also find that reading competency, is associated with a 

successful transition in training firms and subsequent increase in skilled worker wages, although to 

a lesser extent compared with math skills. Finally, our results highlight the importance of social 

skills in boosting the returns to mathematics skills. Individuals with above-average social skills tend 

to see higher returns to math competency in their first five years in the skilled labor market. This 

complementarity between cognitive and interpersonal skills reflects the increased need for 

multidimensional human capital in today’s labor markets, where people with good math and social 

skills earn consistently higher wages. 

7 Conclusions 

Our study highlights the importance of both the cognitive and non-cognitive skills of young 

adolescents in apprenticeship training markets and subsequent labor market outcomes. We 

demonstrated that for school leavers, higher-level mathematical skills facilitate securing a training 

position in high-quality firms. We further identified a substantial wage premium for math skills, as 

a one-standard-deviation increase is associated with 40% higher average wages in the first five 

years in the labor market. We found similar results for reading competency, although with a lower 

magnitude. Our results highlight the need for educational systems to place strong emphasis on 

developing robust cognitive skills and mathematical competencies to ensure the future labor market 
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success of school leavers. In line with previous research, we found that teacher competencies are 

important for ensuring the development of mathematical competencies but we also demonstrated 

that these competencies are a stepping stone for a successful career, facilitating the transition from 

school to apprenticeship training. Finally, our results indicate that social skills tend to increase 

math-related wage returns, highlighting the importance of multidimensional human capital. Future 

research should explore the long-term effects of cognitive and non-cognitive skills on career 

advancement and earnings beyond the initial employment phase. 
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Appendix 

Figure A1: GDP growth per employed person and teacher competencies in mathematics in German 
federal states 

 
Notes: GDP growth per employed person (2021–2015) and average teacher competencies in math for German federal 
states. Source: Federal Statistical Office. National Education Panel Study SC 4 (student competencies in 9th grade). 
National Education Panel Study, SC 6 (Teacher Competencies, N=727).  
 

 

Figure A2: Educational expenditure per student in 2003 (in Euros) and teacher competencies in 
mathematics in German federal states. 

 

Notes: Educational expenditure per student and average teacher competencies in math in German federal states. Source: 
Federal Statistical Office. National Education Panel Study, SC 6 (Teacher Competencies, N=727). 
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Figure A3: Educational expenditure per student in 2011 (in Euros) and teacher competencies in 
mathematics in German federal states 

 

Notes: Educational expenditure per student and average teacher competencies in math in German federal states. Source: 
Federal Statistical Office. National Education Panel Study, SC 6 (Teacher Competencies, N=727). 

 

 

Figure A4: Average instruction time in math (in hours per week) and teacher competencies in 
mathematics in German federal states 

 

Notes: Educational expenditure per student and average teacher competencies in math in German federal states. Source: 
Woessmann [56], National Education Panel Study SC 6 (teacher competencies, N=727). 
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Table A.1: Daily Wage by Quantile of 9th-Grade Reading Performance and Years of Employment 
 

 Employment experience after graduation 
 1 year 2 years 3 years 4 years 5 years 

1st quartile of math skills in grade 9      

Mean 76.964 81.588 83.160 85.856 88.171 

Standard deviation 18.695 17.886 18.903 17.635 18.150 

Observations 527 526 508 404 315 

2nd quartile of math skills in grade 9      

Mean 82.719 84.946 85.981 89.061 88.316 

Standard deviation 20.647 20.544 20.013 18.114 18.369 

Observations 389 387 357 280 212 

3rd quartile of math skills in grade 9      

Mean 83.654 85.521 86.930 88.521 88.493 

Standard deviation 20.361 20.035 20.343 20.129 19.910 
Observations 301 267 235 185 131 

4th quartile of math skills in grade 9      

Mean 84.587 87.142 89.689 90.540 94.181 

Standard deviation 21.250 18.194 18.973 19.651 18.130 

Observations 152 122 116 86 57 
Notes: Daily wages are in Euros. Source: NEPS-SC4-ADIAB 
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Table A.2: OLS Regressions of Log Daily Wages on Cognitive and Non-Cognitive Skills Across Years of Experience  

 
Math Reading ICT Non-verbal 

Reasoning 
Perceptual 

Speed Conscientiousness Social 
Skills Observations R2 

Experience: 1 year 0.038*** 
(0.009) 

0.021** 
(0.010) 

0.001 
(0.009) 

0.008 
(0.008) 

−0.011 
(0.008) 

0.020*** 
(0.007) 

0.010 
(0.007) 

1217 0.164 

Experience: 2 years 0.036*** 
(0.008) 

0.009 
(0.009) 

0.003 
(0.009) 

0.005 
(0.008) 

−0.001 
(0.006) 

0.008 
(0.008) 

0.015* 
(0.008) 

1238 0.141 

Experience: 3 years 0.029** 
(0.013) 

0.003 
(0.010) 

0.001 
(0.010) 

0.003 
(0.007) 

−0.005 
(0.008) 

0.019** 
(0.008) 

0.000 
(0.007) 

1165 0.142 

Experience: 4 years 0.022** 
(0.009) 

0.007 
(0.010) 

−0.001 
(0.009) 

0.002 
(0.008) 

0.009 
(0.006) 

0.014* 
(0.008) 

0.006 
(0.007) 

915 0.178 

Experience: 5 years 0.010 
(0.012) 

0.003 
(0.012) 

0.004 
(0.012) 

−0.003 
(0.009) 

0.011 
(0.007) 

0.031*** 
(0.009) 

−0.014 
(0.009) 

700 0.195 

Other skills Yes Yes Yes Yes Yes Yes Yes   

Occupations Yes Yes Yes Yes Yes Yes Yes   

Notes: Dependent variable: log daily wage. Other control variables include reading, ICT, general cognition, and non-cognitive skills. Cluster-robust standard errors in 
parentheses. ∗∗∗ Significant at the 1% level; ∗∗ significant at the 5% level; ∗ significant at the 10% level. Source: NEPS-SC4-ADIAB. 
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Table A.3: OLS Regressions of Log Daily Wages on Cognitive and Non-Cognitive Skills Across Years of Experience 

 
Math Reading ICT Non-verbal 

Reasoning 
Perceptual 

Speed Conscientiousness Social 
Skills Observations R2 

Experience: 1 year 0.039*** 
(0.012) 

0.020 
(0.012) 

−0.009 
(0.011) 

0.009 
(0.011) 

−0.006 
(0.010) 

0.021** 
(0.009) 

0.017* 
(0.009) 

748 0.173 

Experience: 2 years 0.032*** 
(0.011) 

0.007 
(0.011) 

−0.008 
(0.012) 

0.012 
(0.011) 

−0.005 
(0.008) 

0.009 
(0.010) 

0.019* 
(0.010) 

755 0.165 

Experience: 3 years 0.021* 
(0.012) 

0.007 
(0.012) 

−0.004 
(0.012) 

0.013 
(0.010) 

−0.011 
(0.009) 

0.017* 
(0.010) 

−0.002 
(0.010) 

694 0.174 

Experience: 4 years 0.022* 
(0.013) 

−0.007 
(0.017) 

−0.010 
(0.013) 

0.006 
(0.011) 

0.014 
(0.009) 

0.017 
(0.013) 

0.007 
(0.010) 

546 0.211 

Experience: 5 years −0.001 
(0.018) 

−0.016 
(0.017) 

0.028* 
(0.017) 

−0.006 
(0.013) 

0.016 
(0.010) 

0.046*** 
(0.012) 

−0.016 
(0.013) 

407 0.257 

Other skills Yes Yes Yes Yes Yes Yes Yes   

Occupations Yes Yes Yes Yes Yes Yes Yes   

Parent Qualification Yes Yes Yes Yes Yes Yes Yes   

Notes: Dependent variable: log daily wage. Other control variables include reading, ICT, general cognition, and non-cognitive skills. Cluster-robust standard errors in 
parentheses. ∗∗∗ Significant at the 1% level; ∗∗ significant at the 5% level; ∗ significant at the 10% level. Source: NEPS-SC4-ADIAB. 
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Table A.4: IV Estimates of Math Skills on Wage Growth by Early Job Experience 
 

 OLS IV1: School math grades 
 

IV2: Teacher math competency 

1st year job experience 
Math Skills 0.038*** 

(0.009) 
0.039*** 
(0.012) 

0.263*** 
(0.080) 

 

0.275*** 
(0.096) 

 

0.322*** 
(0.092) 

 

0.271*** 
(0.086) 

 
F-statistics   25.063 15.995 21.469 18.816 
Observations 1217 748 1217 748 1217 748 
2nd year job experience 
Math Skills 0.036*** 

(0.008) 
0.032*** 
(0.011) 

0.192*** 
(0.058) 

0.213*** 
(0.071) 

0.453*** 
(0.130) 

 

0.389*** 
(0.134) 

 
F-statistics   37.142 25.923 19.436 14.061 
Observations 1238 755 1238 755 1238 

 
755 

 
3rd year job experience 
Math Skills 
 

0.029** 
(0.013) 

0.021* 
(0.012) 

0.137** 
(0.065) 

0.068 
(0.083) 

0.489*** 
(0.161) 

0.458** 
(0.190) 

F-statistics   33.667 19.037 14.718 9.123 
Observations 1165 694 1165 694 1165 

 
694 

 
4th year job experience 
Math Skills 

0.022** 
(0.009) 

0.022* 
(0.013) 

0.026 
(0.055) 

0.092 
(0.075) 

0.323*** 
(0.098) 

0.279** 
(0.111) 

F-statistics   27.188 18.211 20.434 14.366 
Observations 915 546 915 546 915 

 
546 

 
5th year job experience 
Math Skills 0.010 

(0.012) 
-0.001 
(0.018) 

0.076 
(0.063) 

 

0.125 
(0.080) 

 

0.327** 
(0.139) 

 

0.263* 
(0.158) 

 
F-statistics   24.948 20.563 11.885 8.455 
Observations 700 407 700 407 700 407 
Other Skills yes yes yes yes yes yes 
Occupation yes yes yes yes yes yes 
Parent Qualification no yes no yes no yes 

Notes: Dependent variable: log daily wage. IV 1: Standardized math grades in 9th year of compulsory schooling. IV 2: Standardized math competencies of teachers at the state 
level. Other control variables include reading, ICT, general cognition, and non-cognitive skills. Cluster-robust standard errors are indicated in parentheses. The results of the first-
stage regression analysis are available upon request. ∗∗∗ Significant at the 1% level; ∗∗ significant at the 5% level; ∗ significant at the 10% level. Source: NEPS-SC4-ADIAB 


