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Abstract 

Mobility and flexibility is increasingly demanded as structural change challenges estab-

lished educational systems and traditional occupational demarcations. We use Lazear’s 

skill-weights approach (2003) first to operationalize the degree of specificity of skill com-

binations in an innovative manner and second to derive hypotheses about the effects of 

occupation-specific skill combinations. In our empirical section, we find that the more 

specific an occupation, the smaller is the probability of an occupational change, as ex-

pected. Furthermore, we are able to identify different clusters of occupations that are char-

acterized by similar skill combinations within a given cluster and different skill combina-

tions between clusters. We find that employees in very specific occupations have a com-

paratively higher probability of changing their occupation within than between skill clus-

ters. Moreover, occupational mobility within a skill cluster is accompanied by wage gains, 

while mobility between skill clusters results in wage losses. Not surprisingly, the more 

specific the former occupation is, either the higher is the resulting wage loss or the smaller 

is the resulting wage gain depending on whether the move is between or within skill clus-

ters, respectively. Therefore, the acquired skill combination rather than the occupation per 

se crucially determines the mobility of an employee.  
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1. Introduction 

Due to technological progress, skill requirements not only increase rapidly but also change 

frequently (Autor et al. 2003, Autor/Dorn 2009). Thus, educational systems are increas-

ingly faced with new challenges. They not only have to provide graduates with qualifica-

tions tailored to actual market needs, but with skills that are quickly adaptable to changing 

conditions and skill requirements (Borghans et al. 2005, Winkelmann 2006, Hotz-Hart 

2008, Spitz-Oener 2008). Although this structural change challenges all established educa-

tional systems, vocational education and training (VET)2 in particular is criticized as too 

inert and inflexible. In contrast to academic education, which is considered to be broad 

and general, VET is considered to be too much focused on narrow skill requirements 

within one particular occupation (Heckman 1994, Carnoy 1994 and 2004, Krueger/Kumar 

2004, Aghion 2007). Nonetheless, empirical evidence casts doubt on these assumptions. In 

Europe, a very high proportion of young people pursue vocational training at the upper 

secondary level (OECD 2008), especially in German-speaking countries where about two-

thirds of all young people acquire a vocational degree (see Table 1 in the Appendix).3 At 

the same time, these countries belong to the strongest economies in the world, despite the 

fact that in Germany, for example, around 340 apprenticeship training occupations exist 

(BIBB 2009) and around 250 exist in Switzerland (BFS 2009). This high number of ap-

prenticeship training occupations may suggest strong specialization and may lead to the 

conclusion that these VET graduates may be too inflexible and immobile, thereby hamper-

ing economic growth.  

Thus, occurs the economic success of these countries despite a VET system that may 

cause inflexibility, or rather because of the particular strengths of a VET system that pro-

vides strong occupational skills without severely restricting mobility? To answer this ques-

tion, we first must analyze how the level of flexibility of vocational education can actually 

be measured and how the degree of this flexibility is determined. In this paper, we argue 

that neither comparisons of academic education with vocational education nor the number 

                                                 

2 Vocational education and training (VET) is the most popular form of basic education in German speaking 
countries and a fundamental element of the education system. As a dual-track approach most VET 
programmes consist of part-time studies at a vocational school combined with a part-time apprentice-
ship at a host company. Vocational education and training takes place at upper-secondary level and is 
based on clearly defined curricula and national qualification procedures.  

3 In favour of VET, Winkelmann (1996) found that German apprenticeship training graduates transition 
more directly and faster into employment than university graduates. 
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of occupations, which are two common criterions, are relevant, but rather we must con-

sider the specificity of the skill combination given the skill clusters in the overall econ-

omy. We show that the skill combination – and not the occupation per se – crucially de-

termines the mobility and the wage consequences of an employee.  

For example, an adolescent who wants to become a clockmaker should not necessarily be 

considered poorly equipped for future labor market requirements, even though his industry 

is small and shrinking. Rather, he is well equipped because his skill combination is very 

similar to skill combinations of other occupations in a large and growing skill cluster, 

which includes, for example, medical technicians or tool makers. Despite a seemingly very 

narrow and inflexible skill combination in his original occupation, he is nonetheless very 

flexible and well prepared for future labor market changes due to the sustainability of his 

acquired skills and his current skill cluster.  

In the literature thus far, explanations of occupational mobility have been based on 

Becker’s standard human capital theory (1964), which differentiates between general and 

specific human capital. This differentiation is based on the transferability of human capi-

tal, as specific human capital4 is by definition a barrier to mobility. Investment in specific 

human capital reduces the mobility of workers and/or causes a wage loss in the case of a 

change (Casas-Arce 2004, Garloff/Kuckulenz 2006, Gathmann/Schönberg 2007)5. We 

focus on horizontal occupational mobility rather than on upward (or career) mobility and 

contribute to the existing literature. Kambourov/Manovskii (2009) found that occupational 

experience, which represents occupation-specific human capital, is a major determinant to 

earnings. Thus, as occupational experience rises with a worker’s age or tenure occupa-

tional mobility declines (Shaw 1987, Kambourov/Manovskii 2008). Moreover, the more 

specific an occupation is, the more reduced are the later labor market chances of graduates 

(Borghans/Golsteyn 2007, Geel et al. 2009). Through occupational changes, employees 

attempt to realize better income possibilities or career chances (Fitzenberger/Spitz 2004). 

However, differentiating broad occupation subgroups based on their industry-affiliation, 

Goeggel/Zwick (2009) observe wage disadvantages after an occupational change out of 

                                                 

4 Specific human capital can be equivalent to firm-specific (e.g. Jovanovic 1979b), job-specific (e.g. Topel 
1991), industry-specific (e.g. Neal 1995), occupation-specific (e.g. Shaw 1987) or task-specific (e.g. 
Gibbons/Waldman 2004) human capital. 

5 Search theories (e.g. Rogerson et al. 2005) and matching theories (e.g. Jovanovic 1979a, McCall 1990) 
suggest that with each further job change, the match between worker and firm or worker and occupa-
tion improves. As the success of these matches is not known in advance, changes are necessary to dis-
solve inefficient matches and increase wages. 
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former industrial occupations, whereas no wage effect is observed for former commerce 

and trading or crafts and construction occupations. Clark/Fahr (2001) found that an occu-

pational change within a (1-digit) occupation category is wage–neutral, and training can 

thus be costlessly transferred, whereas a change into another occupation category leads to 

large wage losses. Thus, the transferability of acquired human capital across occupational 

boundaries is becoming more and more important in view of the increasing technological 

progress. 

In our paper, we apply a new, skill-based point of view to analyze occupational mobility 

and focus on the labor market segment in which an occupation is classified rather than 

broad classification codes, since occupations with similar skill combinations can be clus-

tered into labor market segments (or skill clusters, as we will also refer to them in the rest 

of this paper). This means that relevant and more important than the occupation per se is 

the skill combination acquired during apprenticeship training and required in that occupa-

tion. Within a given labor market segment, mobility should be easier due to similar re-

quired skills. Until now, labor market segmentation theory (Doeringer/Piore 1971, for an 

overview see Leontardi 1998) has considered classifications of occupations into segments. 

The resulting segments are based on different labor market characteristics, such as wages, 

job ladders, turnover or working habits, rather than the skills required in these occupa-

tions. Another strand of literature has analyzed occupational labour markets as opposed to 

external and internal labour markets (Marsden 1986, Eyraud et al. 1990); in this context, 

the importance of occupations with respect to mobility has already been stressed. The fo-

cus here is on the role of formal occupational degrees, but different degrees of occupa-

tional specificity are not distinguished. 

However, to the best of our knowledge, all previous studies on occupational mobility have 

dealt with occupational codes and occupations per se, but they have not engaged in a de-

tailed skill analysis, partly due to a lack of detailed skill data as well as to a lack of an ana-

lytical model that could guide a detailed empirical analysis of skills. Due to this lack of 

data and analytical foundation, empirical research on skill-based specificity is still at an 

early stage6. Nevertheless, in our paper, we are able to overcome both of these problems. 

First, we are able to work with a rich data set, which contains very detailed information on 

                                                 

6 Ingram/Neumann (2006) suggest to measure the returns to skill based on the observed skill characteristics 
of a job instead of education per se (that is, years of education). In a recent paper, Poletaev/Robinson 
(2008) analyze mobility based on the skill portfolios of jobs and found that wage losses are more 
closely associated with switching skill portfolios than switching industry or occupation codes per se. 
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required skills. Second, we build on Lazear’s skill-weights approach (2003), which is ideal 

for studying occupational specificity at the level of single skills as well as the resulting 

bundles of these skills. Our data are drawn from a recent German data set called the 

BIBB/BAuA-Survey 2005/06, which contains extensive individual information on the 

skills required and used at various workplaces as well as information on the educational 

and occupational career of individual employees. Thus, we are able to analyze occupa-

tional specificity and study the effects of occupation-specific skill combinations acquired 

during apprenticeship training on occupational mobility as well as on income prospects 

later on in a career.  

Taken together, our study is innovative in at least three ways. First, we analyze occupa-

tional mobility at the level of single skills as well as the resulting combinations of these 

skills. Second, we use Lazear’s skill-weights approach (2003) as a theoretical framework 

that provides us with a new empirical approach to operationalize occupational specificity 

as well as examine occupational mobility. The application of Lazear’s skill-weights ap-

proach allows for a micro-founded analysis of specific and general human capital. Third, 

we determine labor market segments, i.e., skill clusters containing a variety of occupations 

with similar skill combinations. We analyze the effects of the specificity of skills acquired 

during occupational training on occupational mobility within and between skill clusters 

and investigate the impact of such occupational changes on income.  

Our results show that the definition of skill specificity based on Lazear’s skill-weights 

approach provides a good measure to study the labor market flexibility of various occupa-

tions. In doing so, we also provide a micro-foundation for occupational labor market the-

ory that allows us to study the effect of occupational specificity on occupational mobility 

and wages. We find that the more specific the skill combination of an occupation is, the 

smaller is the probability that employees change the occupation not only within the labor 

market as a whole but even within the relevant skill cluster. Nonetheless, employees in 

very specific occupations have a comparatively higher probability of changing their occu-

pation within a skill cluster than between skill clusters. Therefore, within skill clusters, 

flexibility is facilitated, whereas between skill clusters, flexibility is constrained. Further 

findings indicate that occupational mobility within a skill cluster is honored with a wage 

gain, whereas occupational changes between skill clusters are accompanied by wage 

losses. The latter represents in part the losses of returns to the formerly-acquired skill port-

folio of the apprenticeship training occupation. Not surprisingly, the higher the specificity 

degree of the former occupation is, either the higher is the resulting wage loss or the 
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smaller is the resulting wage gain, depending on whether the move is between skill clus-

ters or within a skill cluster, respectively. 

The remainder of this paper is structured as follows. In Section 2, we use Lazear’s skill-

weights model (2003) to construct a measure for occupational specificity and derive test-

able implications regarding occupational mobility and wages after the completion of ap-

prenticeship training. In Section 3, we introduce the data set and explain the specifications 

of variables, particularly occupational specificity, which is our main explanatory variable. 

In Section 4, we explain our estimation methods and present empirical results in Section 5. 

We conclude with a short summary and implications in Section 6. 

 

2. Theoretical Framework: The Skill-Weights Approach 

Lazear’s main assumption is that all skills are naturally general. All firms can use general 

skills, but the required combination of skills varies from firm to firm. Specificity therefore 

occurs as firms demand different combinations and different weights of skills. These vary-

ing demands result in firm-specific skills. In the basic skill-weights model, there are only 

two skills and two periods. The two skills are general and can thus be used at other firms 

as well. A worker invests in either skill in the first period and receives a payoff in the sec-

ond period. In the first period, the worker decides to acquire particular amounts of skills A 

and B at cost ( )BAC , , which determines his payoff in the second period. His payoff at 

firm i is determined according to the following earnings function:  

( )BAy iii λλ −+= 1  

iλ  is the relative weight of skill A in firm i. Since iλ  may be different from the relative 

weight of skill A in any other firm j, the worker must determine the extent to which he 

wants to acquire skills A and B, given that he stays at the initial firm or moves on to an-

other firm with skill-weights jλ . If the employee is certain that he will remain at the initial 

firm indefinitely, then he would focus on iλ  and invest in the skill bundle that maximizes 

his income at the initial firm. However, if the employee cannot be certain that he will stay 

at his original firm, he must consider looking for a new job in another firm. Other firms 

may demand a different weighting of skills, and the employee’s skill bundle may not be 

optimal in an outside firm, rendering part of the employee’s investment worthless. There-

fore, in this case, the worker may be faced with a wage loss. The outside market deter-
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mines how much his investment will depreciate, which is given in the model by the differ-

ence between the weight of the initial firm and the expected market weight, iλ  - λ . Thus, 

skill combinations can be rather general or rather specific. If a combination is rather gen-

eral, then the difference between the weight of the initial firm and the market weight iλ  - 

λ  is small, as is the expected wage loss. However, if a skill combination is rather specific, 

the difference iλ  - λ  is large, and the wage loss is large as well. Thus, starting in an occu-

pation with a specific bundle of skills strongly determines mobility and income for the rest 

of a worker’s career.  

 

Application to apprenticeship training 

We use the basic idea behind Lazear’s skill-weights approach to apply it to apprenticeship 

training in which the combination of acquired skills is given by the apprenticeship training 

occupation. This idea was even mentioned by Lazear (2003: 23) himself, who suggests 

that skill-weights are not only specific to firms, but rather all individuals in an occupation 

have identical skill-weights. Therefore, occupations empirically matter. However, he has 

not further developed this argument, and there has yet to be any empirical investigation on 

this topic thus far. In our application, we use occupation-specific rather than firm-specific 

skill-weights for the first time, and we enlarge the number of skills under study because in 

reality, there are not only two distinct skills as in Lazear’s model. Instead, a greater num-

ber of different skills must be considered.  

Although skills are naturally general, the combination of these skills used in a specific 

occupation is unlikely to be replicated in many, if any, other occupation. Intuitively, em-

ployees in occupations with more specific skill combinations are faced with higher losses 

if they change their occupation, as they cannot make use of all skills acquired at the first 

occupation. However, a worker must decide early in his career on his human capital in-

vestment strategy. He must choose an occupation with a specific skill combination, which 

he acquires during vocational education and training during an investment period. A 

worker’s investment problem involves choosing an occupation and investing accordingly 

in skills A and B, knowing that he may most likely remain in the original occupation even 

if he has a probability of moving to another occupation either voluntarily or involuntarily. 

Therefore, the expected lifetime net earnings are not only dependent on the skill-weights 

of the first occupation for which the individual is trained but also on the distribution of 

skill-weights outside the original occupation in the general labor market. Once workers 



 8

have chosen a particular occupation, they invest in the occupation-specific skill combina-

tion in the first period, which will not only affect their wage in the next period but also for 

the rest of their career. The intuition is as follows. If an individual knows for sure that he 

will stay in the original occupation, only the skill-weights of the initial occupation matter. 

On the contrary, if a worker is certain to change the occupation after graduation, only the 

skill-weights in the outside labor market matter. However, ex ante, the individual may not 

know if he must change occupations, so he must consider the expected outside skill-

weightλ while making the investment decision.  

Moreover, while Lazear’s model considers the outside market as a whole as a relevant 

factor in occupational changes, we believe that in line with labor market segmentation 

theory (Doeringer/Piore 1971)7 and occupational labor market theory (Marsden 1986), the 

labor market is not a single competitive market but is composed of a variety of segments, 

which may not all be equally relevant in the case of an occupational change. In our paper, 

we define occupational segments based on skill combinations, and we expect the labor 

market to be segmented into different skill clusters that share similar skill combinations 

within clusters but have different skill combinations across clusters. We use cluster analy-

sis to divide the labor market into such labor market segments containing all occupations 

with comparable or similar skill-weights. The intuition should be clear; that is, even after 

an occupational change, an investment in a skill combination can still be valuable and pro-

ductively used if the former and the new occupations are classified into the same skill 

cluster and require very similar skill combinations. Thus, the skill cluster with its average 

skill-weight λ k represents the segment of the labor market that is relevant for potential 

occupational changes without a major loss in human capital investments. Therefore, the 

difference between the skill-weights of an individual occupation in comparison to the 

skill-weights of the respective skill segment λi - λ k defines the cluster specificity of an 

occupation. These differences may vary, but compared to the differences in skill-weights 

on the overall labor market λi - λ , the differences in skill-weights within a cluster λi - λ k 

are limited. Thus, for a particular occupation, the skill-weights of its particular skill cluster 

and the size of this cluster are the factors that are important in occupational investment 

decisions because these two factors determine mobility and wages later on. To test this 
                                                 

7 Labor market segmentation means the division of the labor market into separate submarkets or segments, 
as distinguished by different labor market characteristics, that reflect within-market barriers that con-
strain mobility (Reich et al. 1973, Osberg et al. 1987, Flatau/Lewis 1993). Virtually all labor market 
studies have shown that the labor force is segmented in some sense. Using the terminology of dual la-
bor market theory, the labor market is segmented into primary and secondary markets.  
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implication, we differentiate two types of occupational specificity, namely, “general speci-

ficity”, which compares the skill-weights of an occupation with the distribution of skill-

weights across the entire labor market, and “cluster specificity”, which compares the skill-

weights of an occupation with the skill-weights across the respective skill cluster. Fur-

thermore, we define three types of occupational mobility: first, occupational mobility in 

general; second, occupational mobility within a skill cluster; and third, occupational mo-

bility between skill clusters.  

 

Testable Implications 

According to Lazear, mobility is more likely if the skill-weights in one’s actual employ-

ment are very similar to the skill-weights on the external labor market. Thus, we expect 

the following patterns to occur with respect to occupational mobility within and between 

skill clusters:  

H1a  The more specific are the skill requirements of an occupation as compared to the 

overall labor market, the smaller is the likelihood that a worker will change the oc-

cupation after completion of apprenticeship training. 

H1b  The more specific are the skill requirements of an occupation as compared to the 

overall labor market, the greater is the likelihood that a worker who changes the oc-

cupation will change it within a skill cluster rather than between skill clusters. 

H1c  The more specific are the skill requirements of an occupation as compared to its 

respective skill cluster, the smaller is the likelihood that a worker will change the oc-

cupation even within this skill cluster. 

Furthermore, according to the skill-weights view, wage losses as well as wage gains may 

occur after occupational changes8. If someone who changes an occupation finds a job in an 

occupation in which the required skill combination is very similar to the former occupa-

tion, he does not lose much in terms of initial human capital investment and can use for-

merly acquired skills as productively as before. He may even gain by switching, for exam-

ple, into an occupation with labor shortages and accordingly higher wages. Thus, for mo-

                                                 

8 The wage effects of occupational changes reveal information about the skills of an individual that are trans-
ferable across occupations. Human capital theory predicts a wage loss in case of mobility after training 
if this training provided the individual with specific skills. The empirical effect of training on wages 
can be seen as an indicator of the degree of specificity of the training obtained (Loewenstein/Spletzer 
1999, Garloff/Kuckulenz 2006). 
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bile individuals within clusters, wages may either remain constant or even increase. How-

ever, for changes between clusters, the skill combination will be very different from the 

original occupation. Thus, cluster changers severely lose in terms of their initial human 

capital investment as skills may no longer be used as productively as before, which may 

not be offset by wage gains due to a higher demand for the new occupation. This leads us 

to the following hypotheses: 

H2  a) Occupational changes between skill clusters are most likely to cause wage losses.  

b) The size of the respective wage loss is expected to be larger the more specific are 

the skill requirements of the training occupation as compared to the overall labor 

market.  

H3  a) Occupational changes within skill clusters are most likely to cause wage gains.  

b) The size of a respective wage gain is expected to be smaller the more specific are 

the skill requirements of the training occupation within its respective skill cluster. 

 

3. Data and Variable Construction  

Our empirical estimation is based on the BIBB/BAuA Working-Population-Survey 

2005/069, a cross-sectional sample of the working population in Germany of about 20,000 

respondents, with data obtained using computer-based and oral interviews. The dataset 

contains retrospective information on educational and occupational careers as well as the 

current income of the interviewees and – most importantly – the required skills at the 

workplace in detail. The inclusion of information on skills required in an occupation is a 

crucial and unique feature of this dataset. In our study, we focus on skilled workers with 

apprenticeship training and are thus able to generate occupation-specific skill portfolios, 

i.e., the skill bundles that are typically acquired in an occupation during apprenticeship 

training. Occupations are grouped according to the (2-digit) classification of occupational 

titles by Germany’s Federal Employment Bureau in 1992, resulting in 71 occupations10. 

We can then cluster these occupation-specific skill portfolios and thus distinguish between 

occupations that are similar and those that are different in their required skills. This allows 
                                                 

9 BIBB/BAuA-Erwerbstätigenbefragung is a survey jointly conducted by the German Federal Institute for 
Vocational Training (Bundesinstitut für Berufsbildung, BIBB) and the Federal Institute for Occupa-
tional Safety and Health (Bundesanstalt für Arbeitsschutz und Arbeitsmedizin, BAuA). 

10 We lose some occupations that have too few observations per occupation to adequately represent the cor-
responding skill portfolio. 
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us to distinguish all occupational changes in within and between skill cluster changes. Fur-

thermore, we calculate the general specificity of an occupation as well as its cluster speci-

ficity in order to empirically test our hypotheses about occupational mobility and its effect 

on income.  

We restrict our analysis to individuals between 18 and 65 years of age (the mandatory age 

of retirement for paid employees). Furthermore, we exclude all civil servants and all self-

employed people (because they have no layoff risk). After eliminating observations with 

missing data, a sample of 4,217 male11 employees is included in the analysis. Descriptive 

statistics of all variables used in our analysis are given in Table 2 in the Appendix. 

 

Required Skills and Occupation-Specific Skill Portfolios 

Based on the large set of questions about a worker’s required skills, we are able to gener-

ate skill portfolios; see Table 3 in the Appendix for a complete list of skills. The respon-

dents were asked to report on skills that are required to perform their current job. If the 

respective skill is required at the workplace, the dummy variable takes the value of 1; if 

the skill is not required, it is 0. The left panel of Figure 1, for example, shows the skill 

portfolio of an individual office clerk. 

 

Figure 1 about here 

 

To determine the skill portfolio in an occupation, we use information on individual skill 

profiles of those respondents who completed apprenticeship training in a particular occu-

pation12. The aggregation of this individual information by occupation leads to a weighted 

occupation-specific skill portfolio (see Figure 1, right panel) showing the relative fre-

quency of different skills required in a particular occupation. Thus, we know the relative 

frequency of all individual skills in each occupation and are able to compare different dis-

tributions of skills. 

 
                                                 

11 We restrict our analysis to male employees to avoid difficulties related to the interrupted labor market 
histories of women. 

12 To determine the skill portfolio of an occupation, we only look at workers who are still in the same occu-
pation as during their apprenticeship to ensure that we actually are measuring the skills required for 
one particular occupation.  
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Skill Clusters 

To determine how similar or dissimilar the skill combinations of the 71 occupations are, 

we perform a cluster analysis (a more detailed description of our cluster analysis can be 

found in Appendix A). A cluster analysis maximizes the homogeneity of skill combina-

tions within clusters and maximizes heterogeneity between clusters, and thus, it is an ideal 

statistical method to identify the similarity or dissimilarity of occupational skill clusters 

(Mardia et al. 1979, Aldenderfer/Blashfield 1984, Bortz 1989). We perform a cluster 

analysis using the 71 occupations as the units of analysis and the thirteen skills as the vari-

ables used to define the clusters. We apply a two-stage procedure in which a hierarchical 

algorithm (i.e., Ward’s minimum variance method) is first used to define the number of 

clusters. This result serves as the starting point for the second stage of subsequent non-

hierarchical clustering (i.e., the K-means procedure). Research has shown that the two-

stage procedure increases the validity of solutions (Punj/Stewart 1983, Ketchen/Shook 

1996).  

As a result, we find six distinct skill clusters13, each of which contains occupations with 

similar skill combinations. In order to summarize the characteristics of these clusters, in 

Table 4 in the Appendix, the relative importance of the single skills per skill cluster are 

presented. 

 

Explanatory Variables: Cluster Specificity and General Specificity 

We use an index to measure the degree of specificity of occupations according to the skill-

weights approach; for more information, see Geel, Mure and Backes-Gellner (2008) in 

which we described the operationalization of the specificity index in more detail. The skill 

portfolios of occupations in the same skill cluster show very similar frequencies of re-

quired skills as expected. To determine the skill-weights within a skill cluster, we aggre-

gate the skill-weights of all occupations in the cluster. In doing so, we receive six cluster-

specific skill combinations, which represent the average skill-weights of this respective 

labor market segment. Comparing the importance of single skills in an occupation with the 

                                                 

13 The cluster analysis fulfils the robustness check according to Wagschal’s F-Test (1999: 272); 80% of the 
calculated F-values do not exceed the value of 1, which means that the variance within the clusters is 
smaller than the total variance. 
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relevant skill cluster (see Figure 2, left panel)14, we are able to derive the cluster specificity 

of a particular occupation.  

 

Figure 2 about here 

 

We therefore rank the skills of each occupation and each skill cluster according to their 

relative frequencies. For each occupation, we calculate the distances between the ranks of 

single skills in the occupation portfolio and the respective labor market segment. An ex-

ample of how these distances look is given in the right panel of Figure 2. Next, we weight 

these absolute rank-differences of all single skills with the corresponding relative fre-

quency of the respective skill cluster and summed them. The larger this number is, the 

more atypical are the skills needed for a particular occupation even within its labor market 

segment. Thus, an increase in this number indicates that the skill-weights in the occupation 

are quite different from the skill-weights in its respective labor market segment. Therefore, 

this variable provides us a degree of specificity as indicated by the skill-weights approach. 

Cluster specificity ranges from 1.2 to 10.8 units, with a mean of 3.7 units. According to 

our hypotheses, we therefore expect a higher cluster specificity to correspond with a lower 

rate of occupational change within a skill cluster as well as with a higher loss in income 

associated with an occupational change. 

The general specificity is generated in the same way, but the occupation-specific skill 

combination is compared to the overall labor market; that is, to the average skill combina-

tion of all occupations rather than to its respective skill cluster. The resulting general 

specificity ranges from 4.5 to 15.1 units, with a mean of 8.5 units. As expected, general 

specificity has a higher mean and range than cluster specificity, since the latter involves a 

comparison of more similar occupations. However, we accordingly expect a higher degree 

of general specificity to correspond with a lower rate of occupational change both in gen-

eral and between skill clusters as well as with a higher loss in income associated with an 

occupational change. 

                                                 

14 Because of the clustering method, the most important skill in each occupation is most likely to also be the 
most important skill in its relevant skill cluster; therefore, a large part of the occupation-specific skill 
portfolio is likely to be usable in its labor market segment. Across skill clusters, if the most important 
skill in the occupation is not equally important in other labor market segments, a large part of the oc-
cupation-specific skill portfolio is likely to become useless if an individual changes occupations be-
tween these segments. 
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Dependent Variables: Occupational Mobility and Income 

As already noted, occupational mobility is measured using three different variables. We 

generate a variable representing an occupational change during an individual’s working 

life, which stands for general occupational mobility. With this variable, we compare the 

current occupations of workers with the occupations of their apprenticeship training. If 

workers no longer work in their original occupation, we consider this an occupational 

change, and the dependent variable takes the value of 1; it takes the value of 0 if the occu-

pation remains unchanged. Overall, about 58% of employees in our sample changed their 

occupation, while about 42% did not. Second, we generate a mobility variable covering 

only occupational changes occurring within a skill cluster or labor market segment, which 

represents mobility to an occupation with similar skill-weights. To do this, we compare the 

cluster of the current occupation with the cluster of the apprenticeship training occupation. 

If an individual changed the occupation and remained in the same skill cluster, the dummy 

variable takes the value 1; if the individual did not change the occupation or changed the 

occupation but did not remain in the same skill cluster, it takes the value 0. About 21% of 

all employees changed their occupation within their respective skill cluster. Third, we 

generate a mobility variable covering only occupational changes occurring between skill 

clusters, representing mobility into an occupation with relatively different skill-weights. 

Here, we compare once more the cluster of the current occupation with the cluster of the 

apprenticeship training occupation. If the individual changed the occupation and the skill 

cluster, the dummy variable takes the value 1; if the individual did not change the occupa-

tion or changed the occupation but remained in the same skill cluster, it takes the value 0. 

About 37% of employees changed their occupation between skill clusters. Thus, if occupa-

tion-specific human capital is important, the wage loss for those who change occupations 

between skill clusters will be higher than for those who change occupations within skill 

clusters or for those who stay in their occupations.  

Furthermore, the survey contains self-reported information on monthly earnings and the 

average hours of work per week, and thus, we were able to calculate individual hourly 

wages15. In our estimates, the logarithm of wages is used as the dependent variable. On 

average, male employees in Germany earned about EUR 15.5 per hour in 2005.  

                                                 

15 We dropped observations with earnings above the 99th percentile or below the 1st percentile so that the 
results are not determined by outliers.  
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4. Estimation Methods 

Probability of Occupational Mobility 

First, we study the impact of occupational specificity on the occupational mobility of em-

ployees. According to our hypotheses, we not only differentiate between so-called occupa-

tional stayers and occupational changers, but we also differentiate occupational changers 

into changers within a skill cluster and changers between skill clusters. We apply simple 

probit models with the probability of changing occupations as the dependent variable and 

the two different types of specificity as explanatory variables (Wooldridge 2009: 575-

578). In addition, we use a standard set of control variables in our regression models16. We 

include socio-economic characteristics such as age as well as dummies for having children 

and for participation in further vocational training. We also include a dummy indicating if 

an individual lives in East Germany, because earnings as well as the costs of living are 

expected to still differ between East and West Germany. Other control variables include 

the size of the firm (four dummies), the industry sector (five dummies), and the highest 

educational degree (four dummies). 

 

 

Income Effects of Occupational Mobility 

Second, we test the wage effects of different types of occupational mobility. We study the 

impact of occupational specificity and mobility on income by estimating a log-linear ordi-

nary least square (OLS) regression. We control for a variety of demographic variables and 

interpret the coefficients of the occupational change dummies and the specificity degree. 

The basic equation we estimate can be written as: 

εββββα +++++= XMZZMy 4321 )*(ln  

Note that yln  is log hourly earnings. M contains the dummies for the two different types 

of occupational change (i.e., either within or between skill clusters); therefore, 1β  is the 

influence of an occupational change on earnings. Z contains the main explanatory variable 
                                                 

16 As a robustness check, we computed the regressions with occupational clusters to consistently estimate the 
standard errors and also obtained significant results; models 1 and 3 were significant at the 10% level, 
and model 2 was significant at the 1% level. 
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for specificity; therefore, 2β  is the influence of the specificity degree on earnings. Z*M is 

an interaction term17 we include to analyze the combined effect of specificity and mobil-

ity, 3β . X contains the control variables, while 4β  is the coefficient vector. ε  represents 

an unobservable error. 

 

5. Empirical Results 

Probability of Occupational Mobility 

We now discuss the key results concerning occupational specificity and mobility. In the 

following table, the marginal effect of each variable is shown, which is the derivative of 

each outcome probability with respect to the explanatory variable evaluated at the sample 

means of the independent variables. In model 1 (Table 5), we analyze occupational mobil-

ity in general across the entire labor market and find a negative impact of general specific-

ity as expected according to hypothesis H1a. An increase of the specificity degree of a 

training occupation per unit relative to those occupations with average specificity in the 

whole labor market results in a decrease in the probability of an occupational change of 

2.4%. This means the more specific the apprenticeship training occupation is as compared 

to the whole labor market, the smaller is occupational mobility after graduation.  

 

Table 5 about here 

 

In the next step, we are interested in differences in mobility patterns. To test hypothesis 

H1b, we apply our labor market segmentation and only look at occupational changers to 

compare occupational mobility within and between skill clusters. In line with our hypothe-

sis, we expect that the higher the general specificity is, the more likely are occupational 

changes into occupations with relatively similar skill requirements (i.e., within a skill clus-

ter) than changes into occupations with relatively dissimilar skill requirements (i.e., be-

tween skill clusters). Indeed, general specificity enhances occupational changes within a 

skill cluster as compared to occupational changes between skill clusters; see model 2 in 
                                                 

17 To reduce potential problems with multicollinearity due to interaction effects between a quantitative vari-
able and a dummy variable in multiple regression analysis, we center the quantitative variable prior to 
the formation of the product term (Jaccard et al. 1990, Aiken/West 1991) so that a specificity degree of 
0 corresponds to the mean specificity. 



 17

Table 5. An increase in specificity per unit results in an increase in the probability of an 

occupational change within a skill cluster of 8.9% as compared to an occupational change 

between skill clusters. Therefore, although an occupation is very specific, a graduate is 

nonetheless able to change the occupation after graduation into an occupation with similar 

skills within a labor market segment.  

According to hypothesis H1c, we finally analyze individual mobility behavior within a 

skill cluster (model 3, Table 5). Although occupations grouped in a skill cluster have simi-

lar skill requirements, they nonetheless differ in specificity, as we have shown in the op-

erationalization of the specificity degree. As expected, we find that even within a skill 

cluster, individuals with more cluster-specific occupations are less likely to change their 

occupations within their labor market segment. An increase in cluster specificity per unit 

results in a decrease in the probability of an occupational change within a skill cluster of 

3.2%. 

Summing up our initial empirical findings, occupational specificity has a negative and 

significant effect on occupational mobility. As expected based on Lazear’s theory, gradu-

ates in very specific occupations relative to the overall labor market are stuck in their oc-

cupation because only small parts of their skills can still be used if they change their occu-

pation, while large parts of their human capital investments are lost. Therefore, the value 

of their particular skill combinations will be dramatically reduced, and occupational mo-

bility becomes heavily restricted. But moreover, we showed that the labor market can be 

segmented into skill clusters. Mobility into occupations with similar skill requirements 

(i.e., within a skill cluster) is easier as compared to moving into another labor market seg-

ment (i.e., between skill clusters). Thus, although an apprenticeship training occupation is 

very specific, a graduate can indeed still be mobile within a labor market segment. There-

fore, an employee with a specific skill combination is not completely stuck in his occupa-

tion, but he is insofar bound to the original occupation as he can lose the productive value 

of formerly acquired skills in the case of an occupational change.  

 

Income Effects of Occupational Mobility 

We now discuss the key results concerning the income effects of occupational specificity 

and mobility. Estimation results with robust standard errors are provided in Table 6. In 

model 4, we test our second hypothesis and analyze occupational changes between skill 

clusters. In accordance with hypothesis H2a, we find a negative impact of an occupational 
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change between skill clusters on income. An occupational change between skill clusters is 

associated with a 5% reduction in hourly wages as compared to the wages of those who 

stay in their occupations. The coefficient of general specificity is statistically insignificant, 

but the interaction term between general specificity and an occupational change between 

skill clusters is statistically significant and negative, as expected according to hypothesis 

H2b. So in case of an occupational change between skill clusters, the more specific the 

skill portfolio in an occupation is relative to the overall labor market, the higher is the 

wage loss that a cluster changer has to bear. A per-unit increase of general specificity re-

sults in a decrease of 1.2% in hourly wages of a cluster changer as compared to an occupa-

tional stayer with average specificity. Therefore, employees who change their skill clusters 

suffer a wage loss that increases with the specificity of the skill requirements of the former 

occupation.  

 

Table 6 around here 

 

In the last step, we test our third hypothesis focusing on labor market segments, and we 

analyze occupational changes within a skill cluster; see model 5 in Table 6. As expected 

according to our hypothesis H3a, occupational changes within skill clusters have a positive 

and significant effect on income. An occupational change within a skill cluster is associ-

ated with a 6.8% increase in income relative to occupational stayers. In line with hypothe-

sis H3b, cluster specificity has a negative and significant effect on income, while the coef-

ficient of the interaction term is statistically insignificant. This means that a per-unit in-

crease in cluster specificity is associated with a 1.0 percentage point decrease in income 

relative to those occupations with average specificity. Therefore, an occupational change 

within a skill cluster is honored with a wage gain. However, the more specific the skill 

portfolio of the former occupation is relative to the respective skill cluster, the smaller is 

the wage gain.  

In summary, we found that employees changing to occupations with similar skill-weights 

(i.e., within skill clusters) can obtain a wage gain; however, employees changing to com-

pletely different occupations (i.e., between skill clusters) suffer a wage loss. The highest 

wage losses are for those who change occupations between skill clusters and who have 

initially chosen a very specific training occupation. The highest wage gains are for those 

who change occupations within a skill cluster and have initially chosen a non-specific ap-
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prenticeship training occupation. These findings suggest that (some) skills acquired during 

apprenticeship training can still be productively used after changing into an occupation 

with similar skill-weights within a labor market segment, but when workers change occu-

pations between skill clusters, they lose part of the return of their formerly-acquired pro-

ductive skills in the new occupation. Therefore, as Marsden (1986: 234) has already 

stated, having made their initial investment in apprenticeship training, skilled workers 

have an incentive to move into occupations that enable them to maintain their skills. Oc-

cupational mobility can benefit a worker if he loses neither the skills acquired nor their 

return. As our results show, in the case of an occupational change within skill clusters, 

occupation-specific skills remain relevant across occupational boundaries, while occupa-

tion-specific human capital is not completely lost. 

 

6. Conclusions 

Our analysis of occupational mobility shows that although vocational education and train-

ing (VET) is criticized as too inert and inflexible and too focused on narrow skill require-

ments, VET does not severely restrict mobility but rather still grants graduates flexibility. 

Several conclusions can be drawn about the specificity of occupational skill combinations 

and their implications on occupational mobility and income. The first is that there is evi-

dence of distinct segments within the labor market; skill clusters exist that contain occupa-

tions with similar skill-weights. In line with labor market segmentation theory (Doer-

inger/Piore 1971), occupations can be classified into skill clusters based on their required 

skill combinations. Second, the required skill combination is a good measure for the flexi-

bility of occupations and determines the specificity degree of an occupation. The more 

specific an occupation is, the smaller is the probability that employees change their occu-

pation not only across the entire labor market but even within their skill cluster. Nonethe-

less, even employees in specific occupations can be mobile, as they have a comparatively 

higher probability of changing occupations within a skill cluster rather than between skill 

clusters. Therefore, within skill clusters, flexibility is facilitated, whereas between skill 

clusters, flexibility is constrained. Third, an occupational change within skill clusters is 

possible without losing formerly acquired skills and is, moreover, honored with a wage 

gain. Since the required skill combination is quite similar, the return on the formerly ac-

quired skills is not lost. However, occupational mobility into occupations with very differ-

ent skill combinations, e.g., occupational mobility between skill clusters, is associated 
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with a wage loss because the returns on formerly acquired skills are lost in part. Not sur-

prisingly, the higher the specificity degree of the former occupation is, either the higher is 

the resulting wage loss or the smaller is the resulting wage gain depending on whether the 

change is between or within skill clusters, respectively. Obviously, occupational mobility 

is not only motivated by increased pay. Empirically, many employees change occupations 

between clusters, even though these changes are associated with a wage loss. Thus, it is 

unclear why such changes are observed at all. We assume that these changes are, for ex-

ample, related to health, family or general changes in one’s personal situation. Overall, we 

find clear evidence supporting our theoretical predictions, and thus, occupational specific-

ity can be analyzed according to Lazear’s skill-weights approach (2003). Therefore, the 

acquired skill combination – and not the occupation per se – crucially determines the mo-

bility of an employee. 

Our findings lead to several implications for research and educational politics. In a com-

parison of vocational education and training versus academic training, appropriate meas-

ures have to be used to determine relative competitiveness of programs. Therefore, previ-

ous conclusions have to be reviewed. First, regarding educational politics, it is important 

to look not only at a single occupation while thinking about future competitiveness and 

mobility issues but also at the occupational cluster within which a particular occupation is 

located, since the cluster is as important (or even more important) for mobility and earn-

ings as the occupation itself. Thus, choosing a seemingly outdated and very specific occu-

pation could be a better decision, if it is in a prosperous cluster, than choosing a seemingly 

general occupation that lies is in a very small and less prosperous cluster. Second, we find 

that the relevant parameter to evaluate the flexibility of an occupational system and the 

employability of its graduates is neither the number of apprenticeship training occupations 

nor the narrowness of skill requirements in a particular occupation but rather the specific-

ity of skill combinations in comparison to similar occupations within the skill cluster and 

in comparison to the rest of the labor market. Based on Lazear’s skill-weights approach, 

we argue that the specificity of the skill combination in an occupation is the relevant issue 

to be analyzed, and these skill combinations can be quite similar, even though there is a 

multitude of occupations. Of course, the question then arises as to why so many different 

apprenticeship training programs are needed when skill combinations are similar. We as-

sume that a larger variety of single occupations is necessary for the viability of apprentice-

ship training because on the one hand, it guarantees better incentives for firms to invest in 

training since occupations that are more tailored toward actual firm needs are more cost-

efficient than occupations that are very broad and general. On the other hand, a larger va-
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riety of single occupations makes the overall system more manageable for educational 

policy makers as well as for firms because it allows the system to develop gradually with-

out excessive frictions or risks, which would be the case if there were only very few con-

solidated occupations about which all firms had to reach a consensus. Thus, having a vari-

ety of single training occupations avoids the problem of “putting all of one’s eggs in one 

basket”, as articulated by Lazear (2002). 
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Appendix 

 

A. Cluster Analysis 

The statistical problem of classifying occupations into groups that are as homogeneous as 

possible when compared with others can be solved by applying cluster analysis (Aldender-

fer/Blashfield 1984). Cluster analysis is concerned with the problem of whether observa-

tions on several subjects (in this case, occupations) along various variables (i.e., the skill 

combinations required by the occupations) can be clustered into groups according to these 

characteristics and whether these groups can be regarded as distinct from one another18. 

Several algorithms are available for choosing clusters, which can be categorized as hierar-

chical or partitioning. We apply a two-stage procedure as a solution recommended by 

various authors (Punj/Stewart 1983, Ketchen/Shook 1996) in which a hierarchical algo-

rithm is first used to define the number of clusters. Second, this result then serves as the 

starting point for subsequent non-hierarchical clustering.  

In the first stage, we use Ward’s (1963) minimum variance method to determine the num-

ber of clusters in the dataset. This hierarchical method generates clusters in order to mini-

mize the within-cluster variance, and as such, it is best suited for studies in which no out-

liers exist and in which the number of observations in each cluster is expected to be ap-

proximately equal (Ketchen/Shook 1996, Punj/Stewart 1983). By examining the results of 

this preliminary analysis19, we determine a candidate number of six clusters for the follow-

ing iterative partitioning analysis. Note that our research follows Osberg et al. (1987), who 

applied six labor market segments and is along the line of the six broad occupational 

groups according to the 1-digit classification codes of occupational titles by Germany’s 

Federal Employment Bureau in 1992. 

The second stage consists of an iterative partitioning analysis for the refinement of the 

clusters (Punj/Stewart 1983). Non-hierarchical methods have two potential advantages 

over hierarchical methods (Ketchen/Shook 1996) if the number of clusters is specified a 

                                                 

18 Cluster analysis has become a common tool for academic researchers in marketing who rely on this tech-
nique to segment the market and develop empirical groupings that may serve as the basis for further 
analysis.  

19 We visually inspected the dendrogram that gives the distances between observations within clusters and 
distances between clusters (Wagschal 1999, Ketchen/Shook 1996) and used Mardia et al.’s (1979: 365) 
rule of thumb, g~(n/2)1/2 for determining the number of groups. 
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priori. First, as non-hierarchical methods allow observations to switch between clusters, 

they are less impacted by outliers. Second, because of these multiple passes through the 

data, the final solution optimizes within-cluster homogeneity and between-cluster hetero-

geneity. The most popular partitioning, non-hierarchical clustering method is the K-means 

procedure (Bortz 1989). Since this method aims to minimize the sum of squared distances 

from all points to their cluster centers, this should result in compact clusters. We use the 

K-means procedure, as it appears to outperform other iterative and hierarchical clustering 

methods if a non-random starting point is specified (Punj/Stewart 1983). To test the effi-

ciency of the cluster analysis, we applied the F-value test according to Wagschal (1999: 

272); 80% of the computed F-values do not exceed the value of 1, which means the vari-

ance within the skill clusters is smaller than the total variance.  

 

 

B. Tables 

Table 1: Enrollment in Upper Secondary Programs (2006, in %) 

Vocational
Austria 71.8  
Canada 5.4  
Denmark 47.8  
France 43.1  
Germany 59.4  
Italy 24.9  
Japan 23.7  
Netherlands 67.5  
Spain 42.5  
Sweden 54.2  
Switzerland 64.2  
United Kingdom 41.7  
OECD average 44.0   
Source: OECD 2008 

 

Table 2: Descriptive Statistics 
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Variable Mean Std. Dev. Min Max
Occupational Specificity in General 8.5 2.3 4.5 15.1
Occupational Cluster Specificity 3.7 2.3 1.2 10.8
Occupational Change 0.58 0.49 0 1
Occupational Change within  Skill Cluster 0.21 0.41 0 1
Occupational Change between  Skill Clusters 0.37 0.48 0 1
Hourly wage (ln) 2.5 0.47 0.8 3.8
Male 0.54 0.50 0 1
Age 40.2 9.8 18 65
Married 0.52 0.50 0 1
Children 0.45 0.50 0 1
Blue collar 0.35 0.48 0 1
German Nationality 0.97 0.16 0 1
East Germany 0.15 0.35 0 1
Tenure 10.8 9.1 0 49
Further training 0.57 0.50 0 1
Lower secondary school (Hauptschule) 0.29 0.46 0 1
Intermediate secondary school (Realschule) 0.54 0.50 0 1
High school diploma (Abitur) 0.16 0.36 0 1
No graduation 0.01 0.08 0 1
Firm size under 10 employees 0.20 0.40 0 1
Firm size between 10 and 49 employees 0.28 0.45 0 1
Firm size between 50 and 249 employees 0.23 0.42 0 1
Firm size over 250 employees 0.28 0.45 0 1
Industry 0.32 0.47 0 1
Handcraft 0.15 0.36 0 1
Trade 0.18 0.39 0 1
Service 0.34 0.47 0 1
Other sector 0.01 0.09 0 1  
Source: BIBB/BAuA 2005/2006, own calculations. 

 

Table 3: Required Skills 

List of skills
1 Natural Science
2 Craft
3 Technical
4 Pedagogic
5 Law
6 Medical
7 Project management
8 Design/Layout
9 Maths/Statistics
10 German/Orthography
11 Computer
12 Commercial
13 Foreign Languages   
Source: BIBB/BAuA 2005/2006 

 

Table 4: The Relative Importance of Single Skills per Skill Cluster 
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Relative Importance Clusters
1 2 3 4 5 6

Skills Natural Science 0.35 0.22 0.15 0.29 0.06 0.18
Craft 0.41 0.83 0.75 0.40 0.04 0.14
Technical 0.58 0.72 0.33 0.63 0.16 0.14
Pedagogic 0.04 0.10 0.07 0.12 0.16 0.35
Law 0.11 0.11 0.07 0.15 0.37 0.19
Medical 0.00 0.05 0.03 0.03 0.05 0.34
Project management 0.03 0.08 0.05 0.16 0.18 0.10
Design/Layout 0.03 0.06 0.08 0.31 0.15 0.08
Maths/Statistics 0.24 0.50 0.22 0.52 0.27 0.14
German/Orthography 0.16 0.20 0.10 0.29 0.62 0.39
Computer 0.06 0.17 0.04 0.48 0.55 0.09
Commercial 0.17 0.06 0.09 0.03 0.39 0.19
Foreign Languages 0.03 0.06 0.07 0.22 0.28 0.09  

Source: BIBB/BAuA 2005/2006, own calculations. 
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Table 5: Probability of Occupational Mobility (Probit Model) 

Dependent Variable

Reference Category

Focus

dF/dx Std. Err. dF/dx Std. Err. dF/dx Std. Err.

Occupational specificity in general -0.024 0.004 *** 0.086 0.006 ***
Occupational cluster specificity -0.032 0.006 ***
Age 0.033 0.006 *** -0.015 0.008 ** 0.017 0.008 **
Age squared 0.000 0.000 *** 0.000 0.000 * 0.000 0.000
Married -0.001 0.020 -0.018 0.024 -0.030 0.025
Children 0.002 0.020 0.021 0.024 0.013 0.025
Further training -0.036 0.020 * -0.029 0.020 -0.029 0.020
East Germany 0.006 0.028 -0.006 0.030 -0.006 0.030
Ref.Cat: Firm size ≥ 250 employees
Firm size ≤ 9 employees -0.072 0.028 ** 0.031 0.034 -0.043 0.033
Firm size between 10 and 49 employees -0.081 0.023 *** -0.054 0.025 ** -0.105 0.026 ***
Firm size between 50 and 249 employees -0.054 0.022 ** -0.003 0.024 -0.053 0.025 **
Ref.Cat: Services
Industry 0.003 0.022 0.096 0.024 *** 0.019 0.028
Handcraft -0.277 0.026 *** 0.166 0.039 *** -0.194 0.027 ***
Trade 0.064 0.026 ** -0.050 0.029 0.036 0.037
Other Sector -0.221 0.072 *** -0.104 0.095 -0.246 0.044 ***
Ref.Cat: Intermediate secondary school
No school 0.262 0.123 ** 0.056 0.119 0.056 0.119
Lower secondary school 0.060 0.022 *** -0.025 0.023 -0.025 0.023
High school diploma 0.022 0.026 0.164 0.033 *** 0.164 0.033 ***
Number of observations 4'217 2'590 2'417
Wald chi2 (17) 443.22 280.88 239.37
Prob > chi2 0.00 0.00 0.00
Pseudo R2 0.08 0.10 0.08
Notes: * significant at 10%, ** significant at 5%, *** significant at 1%; robust standard errors; all coefficients represent marginal effects.

Model 3:
Occupational Change 
within  Skill Clusters

Occupational Change 
within  Skill Clusters

Occ. Stayers Occ. Changers 
between Clusters

Occ. Stayers

Model 1: Model 2: 

Labor Market SegmentOverall Labor Market

Occupational Change 
in general

Overall Labor Market

 
Source: BIBB/BAuA 2005/2006, own calculations. 
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Table 6: Income Effects of Occupational Mobility (OLS Regression) 

Dependent Variable: Hourly Wage (ln)

Reference Category
Focus

Coef. Std. Err. Coef. Std. Err.
Occ. Change between  Skill Clusters -0.050 0.015 ***
Occ. Specificity in General 0.005 0.005
Interaction Term -0.012 0.007 *
Occ. Change within  Skill Cluster 0.068 0.017 ***
Occ. Cluster Specificity -0.010 0.004 **
Interaction Term 0.002 0.009
Age 0.035 0.005 *** 0.030 0.006 ***
Squared Age 0.000 0.000 *** 0.000 0.000 ***
Married 0.054 0.015 *** 0.036 0.017 **
Children 0.012 0.015 0.025 0.017
Tenure 0.021 0.002 *** 0.018 0.002 ***
Tenure Squared 0.000 0.000 *** 0.000 0.000 ***
German Nationality 0.059 0.036 0.015 0.034
Blue Collar -0.173 0.014 *** -0.132 0.016 ***
East Germany -0.285 0.019 *** -0.297 0.021 ***
Further training 0.101 0.012 *** 0.059 0.013 ***
Ref.Cat: Firm size ≥ 250 employees
Firm size ≤ 9 employees -0.225 0.024 *** -0.201 0.024 ***
Firm size between 10 and 49 employees -0.159 0.016 *** -0.142 0.018 ***
Firm size between 50 and 249 employees -0.091 0.015 *** -0.082 0.018 ***
Ref.Cat: Services
Industry 0.181 0.018 *** 0.052 0.021 **
Handcraft 0.077 0.021 *** -0.049 0.023 **
Trade -0.024 0.022 -0.098 0.025 ***
Other Sector 0.009 0.057 -0.122 0.057 **
Ref.Cat: Intermediate secondary school
No school 0.011 0.068 -0.064 0.064
Lower secondary school -0.052 0.013 *** -0.056 0.015 ***
High school diploma 0.097 0.020 *** 0.088 0.022 ***
Constant 1.701 0.104 *** 1.911 0.110 ***
n 3427 2417
F-Statistics 108.11 73.31
Prob > F 0.00 0.00
R-Squared 0.40 0.38
Notes: * significant at 10%, ** significant at 5%, *** significant at 1%; robust standard errors.

Model 4: Model 5:

Overall Labor Market Labor Market Segment

Occupational Change 
within  Skill Clusters

Occupational Change 
between  Skill Clusters

Occ. Stayers Occ. Stayers

 
Source: BIBB/BAuA 2005/2006, own calculations. 
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C. Figures 

 
Figure 1: Skill Portfolio of Office Clerks: Individual and Occupational Level 
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Source: BIBB/BAuA 2005/2006, own calculations. 

 

 
Figure 2: Comparison of an Occupation-Specific Skill Portfolio with the Skill Portfolio of 
the Relevant Skill Cluster 
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Source: BIBB/BAuA 2005/2006, own calculations. 

 


