
Journal of Economic Behavior and Organization 203 (2022) 210–234 

Contents lists available at ScienceDirect 

Journal of Economic Behavior and Organization 

journal homepage: www.elsevier.com/locate/jebo 

Things versus People: Gender Differences in Vocational 

Interests and in Occupational Preferences 

Andreas Kuhn 

a , b , c , 1 , ∗, Stefan C. Wolter b , c , d , e 

a Swiss Federal University for Vocational Education and Training, Zollikofen, Switzerland 
b Centre for Research in Economics of Education, University of Bern, Switzerland 
c Institute for the Study of Labor (IZA), Bonn, Germany 
d Swiss Coordination Centre for Research in Education, Aarau, Switzerland 
e Center for Economic Studies (CESifo), Munich, Germany 

a r t i c l e i n f o 

Article history: 

Received 21 November 2021 

Revised 24 June 2022 

Accepted 2 September 2022 

JEL classification: 

J16 

J24 

D91 

Keywords: 

Occupational choice 

Occupational segregation 

Things versus people 

Preferences 

Gender differences 

Job content 

a b s t r a c t 

Occupational choices remain strongly segregated by gender, for reasons not yet fully un- 

derstood. In this paper, we use detailed information on the cognitive requirements in 130 

distinct learnable occupations in the Swiss apprenticeship system to describe the broad job 

content in these occupations along the things-versus-people dimension. We first show that 

our occupational classification along this dimension closely aligns with actual job tasks, 

taken from an independent data source on employers job advertisements. We then docu- 

ment that female apprentices tend to choose occupations that are oriented towards work- 

ing with people, while male apprentices tend to favor occupations that involve working 

with things. In fact, our analysis suggests that this variable is by any statistical measure 

among the most important proximate predictors of occupational gender segregation. In a 

further step, we replicate this finding using individual-level data on both occupational as- 

pirations and actual occupational choices for a sample of adolescents at the start of 8th 

grade and the end of 9th grade, respectively. Using these additional data, we finally show 

that the gender difference in occupational preferences is largely independent of a large 

number of individual, parental, and regional controls. 

© 2022 The Author(s). Published by Elsevier B.V. 

This is an open access article under the CC BY-NC-ND license 

( http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 
1. Introduction 

Many countries have seen profound and often surprisingly rapid changes in various measures of women’s participation 

and performance in both the educational system and in the labor market, paralleled by corresponding changes in individuals’ 
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attitudes towards the equality between women and men. Nonetheless, there remains a persistently high degree of occupa- 

tional gender segregation, even in the most progressive countries in this regard (see, for example, Charles and Grusky, 2004 )

– and often despite explicit and considerable public effort to decrease the extent of occupational segregation. 2 These remain- 

ing differences in occupational choice show up in women’s underrepresentation in STEM jobs (e.g. Kahn and Ginther, 2017 ),

for example, and they are related to the remaining gender gap in wages (e.g. Blau and Kahn, 2017; Olivetti and Petrongolo,

2016 ). Moreover, both the legitimacy and the potential effectiveness of measures directed towards establishing a more equal 

gender balance across occupations are directly related to the underlying causes of the observed difference in occupational 

choices. Therefore, understanding the causes of the persistence in occupational gender segregation is of both academic and 

public interest ( Cortes and Pan, 2018; Bertrand, 2011; Williams and Halsey, 2021 ). 

A first potential explanation starts from the observation that men and women differ in their economic preferences and 

psychological traits that may influence their occupational choices. Indeed, a voluminous and growing number of empir- 

ical studies documents gender differences in various economic preferences ( Croson and Gneezy, 2009; Bertrand, 2011 ) 

and across many countries ( Falk et al., 2018 ). 3 Moreover, a few studies have explicitly studied whether these gender dif-

ferences in preferences are associated with differences in occupational choices. For example, Bonin et al. (2007) showed 

that more risk-tolerant individuals select into occupations with a higher earnings risk. In a closely related study, 

Fouarge et al. (2014) showed that both risk preferences and time preferences are related to occupational choices, with more 

patient individuals choosing occupations with a steeper earnings profile later on. In the context of occupational choice, 

however, competitiveness has presumably received the most attention from economists. In one prominent study on the 

subject, Buser et al. (2014) found that the gender difference in competitiveness can explain some of the gender gap in

choice of study subject in the Netherlands. Other studies have found similar results, such as Kleinjans (2009) for Denmark

or Buser et al. (2017) , who estimate the effect of competitiveness on study choices among Swiss college students (see also

Buser et al., 2022 , who extend the analysis to non-college students). Differences along personality dimensions are also well 

documented empirically, such as in agreeableness or neuroticism (e.g. Weisberg et al., 2011; Giudice et al., 2012 ), and they

become large when the different dimensions are considered simultaneously ( Del Giudice, 2019 ); see also Archer (2019) , who

provides an overview across a large number of traits and measures. The differences in personality between men and women 

also hold up across many different countries (e.g. Schmitt et al., 2008 ). Similar to economic preferences, some personality

traits have been shown to be associated with individuals’ occupational choices (e.g. Lee et al., 2015; John and Thomsen,

2014; Coenen et al., 2021; Taber et al., 2011 ), and there also appears to exist overlap across different concepts and measures

(see, for example, Houston et al., 2015 ). 

A closely related and partially overlapping, and in some way even more obvious hypothesis is that men and women 

may differ in their occupational choices because they have different vocational interests, i.e. that they differ in their prefer- 

ences over the general task content within a given occupation. Indeed, there is a considerable amount of empirical evidence, 

mainly from psychologists, consistently documenting large and persistent gender differences in vocational interests, espe- 

cially along the things-versus-people dimension, an idea that goes back at least to the work of Holland (1959) . 4 In this

and other publications, Holland (1959) has set out a multidimensional conceptual typology of vocational personalities, such 

as investigative or entrepreneurial personalities. Interest in working with inanimate things and working with other people, 

respectively, are the two dimensions of interest to us, and it has been suggested that they may describe interests along

the same bipolar dimension, as first argued by Prediger (1982) . 5 A representative study along these lines is Morris (2016) ,

who describes vocational interests for about 1.28 million individuals aged 14 to 63 from the US, surveyed between 2005 

and 2014. He finds a large gender difference in vocational interesets between men and women, mainly along (but not re-

stricted to) the things-people dimension, but only small to very small associations with either age, year or ethnicity. Recent 

empirical studies by Lordan and Pischke (2022) and by Gelblum (2020) confirm this regularity, showing that women and 

men have different preferences regarding job content. Moreover, empirically, it appears that this specific dimension of vo- 

cational interests can best discriminate between tasks men and women prefer, respectively (e.g. Lippa, 1998 ). Interestingly, 

this specific dimension of vocational interests may also explain a substantive part of the gender segregation within relatively 

narrow groups of occupations, such as within STEM occupations (e.g. Su and Rounds, 2015; Thelwall et al., 2019 ). Moreover,

Lippa et al. (2014) show that the explanatory power of an occupation’s task content along the things-people dimension has 
2 In fact, several cross-country studies have consistently documented that gender differences in economic preferences, as well as in personality traits, 

tend to increase, rather than decrease, in countries with more progressive views towards equality between men and women ( Falk and Hermle, 2018; 

Schmitt et al., 2008; Stoet and Geary, 2022 ). The same holds true for occupational gender segregation (e.g. Charles, 2017; Charles and Bradley, 2009 ). In 

contrast, gender differences in academic achievement do not appear to be consistently related to measures of gender equality (e.g. Stoet and Geary, 2015 ). 
3 More specifically, empirical research has documented gender differences in time preferences (e.g. Dittrich and Leipold, 2014 ), risk preferences (e.g. 

Charness and Gneezy, 2012 ), social preferences (e.g. Kamas and Preston, 2015 ), and competitiveness (e.g. Niederle and Vesterlund, 2011 ), to name but the 

most prominent examples. 
4 As laid out in Zickar and Min (2019) , effort s to measure vocational interests dates back to the late 19th century. See also Nauta (2010) on a discussion 

of Holland’s influential conceptualization of vocational interests. Empirically, it turns out that observed gender differences in vocational interests along the 

things-people dimension are among the largest differences between men and women measured by any psychometric instrument. For example, in their 

meta-study on the subject, Su et al. (2009) document an average effect size of 0.93. Similarly, Lippa (2010) reports an average effect size of 1.18. As we will 

show in Section 4.4 below, we find a gender difference in vocational interests along the things-versus-people dimension of a comparable size. 
5 More precisely, Prediger (1982) argued that the six different vocational types or personalities (i.e. scales) proposed by Holland (1959) can be mapped 

onto four dimensions, which in turn can be represented by the two biploar dimensions of things versus people and data versus ideas (see also Morris, 2016 ). 
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become more, not less, important over time in the US labor market, suggesting that the gender difference in occupational 

preferences has been rather stable over time. 

Moreover, the pychological literature suggests that the gender difference in interest towards things and towards peo- 

ple may run much deeper than just reflecting differences in vocational interests. Specifically, it has been argued that one’s 

orientation towards things or towards other people is a much more encompassing trait, which manifests itself also in ever- 

day behavior, such as in book preferences or even in the objects individuals are looking at ( Graziano et al., 2011; Intyre

and Graziano, 2019; 2016 ). And then there is another, also closely related literature on the distinction between individuals’ 

systemizing skills, i.e. their propensity towards seeking patterns and being interested in understanding both natural and 

technical systems, and empathizing, i.e. the degree to which people are able to navigate the social world without much 

effort, which also emphasizes that individuals may be differently predisposed to and apt in dealing with these two different 

domains (e.g. Groen et al., 2018; Cohen, 2004 ). Both these concepts, which also overlap to some extent, have been shown to

be associated with occupational choices ( Svedholm-Häkkinen and Lindeman, 2016; Yang and Barth, 2015; Greenberg et al., 

2018; Wright et al., 2015 ). Again, see also the overview by Archer (2019) , which suggests that gender differences in the dif-

ferent measures associated with how strongly individuals are oriented or interested towards things versus people are among 

the largest documented differences between men and women across all documented traits and measures. 

In this paper, we add further empirical evidence to this important and fascinating debate, using a unique combination of 

different data sources to describe gender differences in occupational preferences among Swiss adolescents. Specifically, we 

use detailed information on the cognitive requirements in 130 apprenticeship occupations to describe occupations’ broad 

task content along the things-versus-people dimension. Importantly, note that we directly describe occupations, not in- 

dividuals’ subjective interests, deviating from the original, mainly psychological literature in this regard (more on this in 

Section 3.1 below). In a first step, however, we show that occupational aspirations are indeed highly segregated, consis- 

tent with analogous findings for the country as a whole (e.g. Aepli et al., 2019 ). We then show that the proportion of men

and women, respectively, in an occupation is strongly correlated with its position on the things-versus-people dimension. 

In fact, we find that the broad task content of an occupation is an extremely powerful predictor of whether males or fe-

males predominantly choose the occupation. In the second part of our empirical analysis, we replicate this finding using 

individual-level data for a sample of adolescents from the canton of Bern. The majority of these individuals were surveyed 

twice, at the start of 8th grade as well as at the end of 9th grade. As we will explain below, this implies that the survey

contains information on participants’ occupational aspirations at the time they started the vocational selection process as 

well as about their actual occupational choices later on. This allows us not only to see whether we can replicate the analysis

based on the occupational level data, but also to show that the association between gender and the task content of an oc-

cupation shows up already in adolescents’ occupational aspirations (and thereby mitigating the concern that the difference 

in actual occupational choices is driven by external factors, such as employers’ discriminatory behavior). Moreover, using 

these additional data, we are also able to check whether the gender difference in occupational preferences is robust to the

inclusion of additional controls at the individual, parental and regional level. 

The remainder of this paper proceeds as follows. In the following section, we shortly describe some of the key features of

the Swiss educational system, mainly focusing on the apprenticeship system. Section 3 discusses the different data sources 

used in the empirical analysis. Our empirical analysis is presented and discussed in several consecutive steps in Section 4 .

In the first part of the analysis ( Sections 4.1 to 4.3 ), we analyze data at the occupational level. In the second part of the

analysis ( Section 4.4 ), we use individual-level data to replicate and expand on the main finding from the analysis at the

occupational level. Section 5 concludes. 

2. The Swiss educational system 

Compulsory schooling in Switzerland lasts eleven years, of which two years are spent in kindergarten, six in primary 

school, and three in secondary school (see SCCRE, 2018 , for a detailed description of the Swiss educational system). Children

usually enter primary school in the year they turn seven years old, and thus most of them are round 15 years old when

they finish the mandatory part of education. Consequently, they usually enter post-mandatory, upper-secondary school- 

ing/training in the year they reach the age of 16. 

At the upper-secondary level, there are two main options (see appendix Fig. A.1 for a schematic illustration). First, there

is the possibility to enter further general education via a baccalaureate school (“Gymnasium” in German, about equivalent 

to high school), which prepares for and gives access to further studies at the tertiary (usually university) level. The other,

far more popular route at this stage is to enter the apprenticeship system, which also gives opportunities to enter further

education and training at the tertiary level later on. 

2.1. The apprenticeship system 

At the national level, a large majority of about 62% of adolescents eventually enters the apprenticeship system, typ- 

ically through a dual-track apprenticeship which combines practical training within a firm with vocational school (e.g. 

SERI, 2022 ). 6 In the canton of Bern, from where our sample of adolescents is drawn (see Section 3 below for details), the
6 See Wettstein et al. (2017) for a detailed discussion of the Swiss apprenticeship system. 
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proportion of adolescents entering the apprenticeship system is actually higher than the national average, with almost 70% 

of recent cohorts entering the apprenticeship system ( SCCRE, 2018 ). 

Most apprenticeships last three or four years, and one day per week (in some cases two days per week) are spent in

vocational school ( SERI, 2022 ). There are also two-year apprenticeships for adolescents with lower academic standards (see 

also Section 4.2 ). Overall, there are about 240 different learnable occupations within the Swiss apprenticeship system. It is 

also worth noting that the apprenticeship system is regulated at the national level, in contrast to the rest of the educational

system (where both the cantons and the municipalities play the lead role; that is also one of the main reasons why there

are large regional differences in fraction of adolescents entering vocational training versus further general education at the 

upper-secondary level). 

Moreover, there is basically a market for apprenticeship positions, with adolescents looking for apprenticeship positions 

and with employers simultaneously advertising vacant positions (furthermore, apprentice wages may differ across employers 

for the same occupation). In case of a mutual match, the host company and the apprentice both sign an apprenticeship

contract, which lasts until the completion of the apprenticeship. This implies that an apprenticeship does not automatically 

lead to an employment contract with the training firm, even though many training firms retain their apprentices after they 

have successfully finished their apprenticeships. During their training period, apprentices are paid an apprentice wage, which 

is substantively lower than that of a fully trained worker in the same occupation. 

3. Data 

We next describe the different data sources used in our empirical analysis. 

3.1. Describing the task content of occupation 

We use two different and independent data sources to describe the task content of occupations. 

Cognitive requirements by occupation 

First, we use data on the cognitive requirements in the different learnable occupations within the Swiss apprenticeship 

system. These data come from a project initiated, and partially funded, by the Swiss State Secretariat for Education, Research 

and Innovation (SERI), and with the primary goal of providing adolescents and their parents, as well as people working 

within the VET system (such as teachers in vocational schools or vocational advisers) with comparable information on the 

cognitive requirements in the different learnable occupations (labelled “Anforderungsprofile” in German). 7 For this purpose, 

the data contain quite detailed requirements in native and foreign languages, mathematics, and natural sciences for the 

various learnable occupations within the Swiss apprenticeship system. Within each of the four subjects, there is a more 

detailed breakdown by subtopics. 8 However, we will almost exclusively focus on the aggregated scores by main topic in our 

own analysis (we do use some of the subcategories for a validation exercise; see Section 4.1 below). This is our main data

source for describing the task content of occupations, as explained in more detail in Section 4.1 below. 

That being said, note that our approach is fundamentally from, but at the same time complementary to the approach

typically chosen in the (mainly) psychological literature, which focuses on the psychometric measurement of individuals’ 

(stated) vocational interests (for a short introduction, see Chernyshenko et al., 2019 ). Practically, this is done using a large

and tested battery of survey items, such as the “Strong Interest Inventory” (e.g. Donnay and Borgen, 1996; Donnay et al., 

2005 ). In contrast, our approach focuses on variables that describe the cognitive requirementes judged necessary to enter 

a given learnable occupation, i.e. variables that essentially describe occupations’ task content and overall difficulty. In other 

words, our approach focuses on adolescents’ vocational interests as revealed by their occupational aspirations and actual 

occupational choices. Both approaches are complementary in that they both assume that individuals self-select into the 

various occupations at least in part based on the match between their vocational interests and the actual task content of an

occupation (see, for example, Nye et al., 2019 , on this issue). Of course, one potential issue with such an approach is that

the evidence with regard to the influence of vocational interests remains indirect, and we will come back to this issue in

Section 4.1 below. 

Task descriptions from actual job postings 

We complement this information with data from actual job advertisements, taken from an additional and independent 

source of data collected for the main purpose of monitoring the demand side of the Swiss job market over time (the Swiss

Job Market Monitor, “Stellenmarktmonitor”). 9 These data contain samples of actual job advertisements by both private and 
7 More information about these data is available online (however, only in German, French, and Italian) at: www.anforderungsprofile.ch. Ap- 

pendix Fig. A.2 shows an example comparison between two popular occupations (healthcare assistant versus mechanical engineer) as available directly 

from the website. 
8 For example, in mathematics, there are the following five subtopics: algebra (“Zahl und Variable”), geometry (“Form und Raum”), units of measurement 

(“Grssen und Masse”), calculus (“Funktionale Zusammenhnge”) and statistics (“Daten und Zufall’). See again appendix Fig. A.2 for a concrete example. 
9 Additional details are available online from the project website: www.stellenmarktmonitor.uzh.ch. 
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Table 1 

The occupations ranked highest/lowest along the things–people dimension. 

Rank Occupation C 
things 
j 

(a) The ten most things-oriented occupations 

1. Plant and apparatus engineer (“Anlagen- und Apparatebauer”) 2.260 

2. Design engineer (“Konstrukteur”) 2.084 

3. Mechanical engineer (“Polymechaniker”) 2.052 

4. Automatic technician (“Automatikmonteur”) 2.027 

5. Mechanical technician (“Produktionsmechaniker”) 2.027 

6. Gunsmith (“Bchsenmacher”) 1.974 

7. Insulation contractor (“Isolierspengler”) 1.933 

8. Automation engineer (Automatiker”) 1.884 

9. Carpenter (“Schreiner”) 1.538 

10. Industrial ceramist (“Industriekeramiker”) 1.517 

(b) The ten most people-oriented occupations 

1. Podiatrist (“Podologin”) -3.049 

2. Healthcare assistant (“Fachfrau Gesundheit”) -2.715 

3. Information and documentation specialist (“Fachfrau Information und Dokumentation”) -2.634 

4. Certified social care worker (“Fachfrau Betreuung”) -2.590 

5. Druggist (“Drogistin”) -2.538 

6. Pharmacy assistant (“Pharma-Assistentin”) -2.234 

7. Hairdresser (“Coiffeuse”) -2.233 

8. Bookseller (“Buchhndlerin”) -2.218 

9. Hairdresser (“Coiffeuse”) -2.136 

10. Customer dialogue specialist (“Fachmann Kundendialog”) -2.072 

Notes: The table shows the ten occupations with the highest (lowest) scores on C 
things 
j 

. The official German 

description is given in parentheses, along with the English translation suggested by the State Secretariat for Edu- 

cation, Research and Innovation (SERI), where available (otherwise we chose our own translation). We show the 

female (male) description in German if an occupation is chosen by a majority of female (male) apprentices. 

 

 

 

 

 

 

 

public employers from the years 1950 until 2018 (currently, the data collection is still going) and sampled from newspapers,

company websites, as well as online job portals ( Buchmann et al., 2020 ). 

For our purpose, we focus on the more recent advertisements from the years 2010 to 2015, with a total of 24,368 indi-

vidual job postings from all over Switzerland. Among other things, the data record the main activity of each job posting. 10 

We use this variable to validate our approach of categorizing the different occupations along the interest in things versus 

people dimension based on the data describing the cognitive requirements (see Section 4.1 below for details). 

3.2. Describing the extent of occupational gender segregation 

Moreover, we have also access to a dataset that contains the full population of individual-level apprenticeship contracts 

involving either apprentices and/or employers from the canton of Bern as of August 2014, with more than 45,0 0 0 individual

apprenticeship contracts covered. We use these data to compute the proportion of females by occupation, which in turn 

allows us to describe the extent of occupational gender segregation. We can do this with reasonable precision for most 

occupations because the data cover so many individual-level contracts. Nonetheless, some occupations are still only rarely 

chosen, and we exclude these occupations from most of the analysis, as discussed in more detail below. 11 

3.3. Individual-level survey among adolescents 

Our final data source is a computer-assisted individual-level survey among 1,514 adolescents at the start of 8th grade 

(with an average age of about 14 years at the time the main survey was administered) from the German language area of

the canton of Bern (see Buser et al., 2017 , for additional details). The adolescents are from 28 different schools spread across

24 different municipalities in the German language area of the canton of Bern. 12 The main survey was administered in the

autumn of 2013, and a majority of adolescents (about 96%) was successfully contacted a second time in late spring of 2015,

at the end of 9th grade (i.e. at the end of compulsory education). 
10 The variable containing the main activity has 21 different values designating broad groups of tasks, such as “planning, engineering, designing/drawing”

or “educating/teaching, advising”, and it is available from 1995 onwards only (see Table 2 below for the full list of activities coded). Moreover, the data also 

contain several occupational codes, allowing us to merge the two datasets. 
11 It is worth noting that the distribution of individuals across occupations is highly skewed, with a large proportion of all apprenticeship contracts 

concentrated in relatively few occupations only. This is clearly evident from appendix Table A.1 , which shows the ten most popular occupations among 

girls and boys, respectively. Among boys (girls), the ten most popular occupations account for 42.3% (65.3%) of all apprenticeship contracts. 
12 These data have been used before to study whether competitiveness has an influence on adolescents’ occupational aspirations ( Buser et al., 2017; 2022 ). 

Jaik and Wolter (2019) look at the correlation between occupational aspirations and occupational choices. Finally, Kuhn and Wolter (2022) use the same 

data to study the impact of societal gender norms on gender-stereotypical occupational aspirations. 
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Table 2 

Validating our classification of occupations using information from actual 

job postings. 

C things 
j 

Agricultural tasks -0.460 � -0.399 

Manufacturing 0.125 0.243 

Installation, assembly, construction 0.875 �� 1.045 ��� 

Set up, operate 0.669 0.902 

Repair, restore 0.823 ��� 0.843 ��� 

Store and transport 0.352 ��� 0.381 ��� 

Purchasing/sales, cashier, customer service -2.101 ��� -2.341 ��� 

Writing, correspondence, administration -4.958 ��� -5.395 ��� 

Accounting and finance 7.292 9.431 

IT, programming -0.742 -0.967 

Hospitality services -2.977 ��� -3.012 ��� 

Ironing, cleaning, waste management -0.116 -0.017 

Guarding -4.339 -1.952 

Analysis/research, controller -0.481 -1.082 

Planning, engineering, designing/drawing 1.918 ��� 1.530 ��� 

Supervising, hiring 9.892 17.444 

Disposing, organizing, leading 3.282 2.355 

Educating/teaching, advising -4.056 � -4.781 �� 

Administration of justice -1.569 3.343 

Medical and cosmetical care -1.944 ��� -2.053 ��� 

Publishing, creative work -0.881 -1.027 

C demand 
j 

0.152 ��� 

Number of observations 130 130 

R-Squared 0.673 0.698 

Adjusted R-Squared 0.610 0.636 

Notes: � , �� , ��� denotes statistical significance on the 10%, 5%, and 1% 

level, respectively. The table shows point estimates from a regression 

suppressing the constant term (robust standard errors are not shown to 

keep the table compact). The labels for the activities are carried over 

from the “Stellenmarktmonitor” data ( Buchmann et al., 2020 ). 

Table 3 

Discriminating between two-year and regular (i.e. three- 

or four-year) apprenticeships. 

Two-year 

apprenticeship (yes = 1) 

C demand 
j 

-0.182 ��� -0.183 ��� 

(0.019) (0.018) 

C 
things 
j 

-0.096 ��� 

(0.019) 

Number of observations 130 130 

R-Squared 0.492 0.573 

Adjusted R-Squared 0.488 0.567 

Notes: � , �� , ��� denotes statistical significance on the 

10%, 5%, and 1% level, respectively. Robust standard er- 

rors are given in parentheses. The dependent variable is 

a dummy, taking on the value of 1 if an occupation is 

learnable through a two-year apprenticeship (and 0 oth- 

erwise), and thus explicitly tailored towards academically 

weaker adolescents. 

 

 

 

 

 

The first and main round of the survey was administered in class and during school hours, and it took about one school

lesson to complete the survey in class. A small team of research assistants and students went to each class who partici-

pated, equipped with a set of laptops, and the adolescents could thus fill out the survey electronically. This also allowed to

implement experimental and incentivized measures of both competitiveness and risk preferences. The second, significantly 

less extensive part of the survey, which mainly focused on individuals’ actual choices already taken by the end of 9th grade,

was administered as a short paper questionanaire of two pages only. It was also administered in class and during school

hours, which is why attrition between the two rounds of the survey was so low. 

Occupational aspirations and occupational choices among adolescents 

In the first and main round of the survey, adolescents were asked about their occupational aspirations, i.e. adolescents 

were simply asked in which occupation they would like to work (What apprenticeship would you most like to complete?). 
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This information is in raw-text form, but we assigned an occupational code to each occupation that is learnable through 

an apprenticeship occupation. The adolescents were further asked about their actual occupational choices in a second, later 

round of the survey. At this stage, most adolescents tend to have chosen their occupation and already have signed an

apprenticeship contract with their prospective employer and instructor (or have decided instead that they want to go on 

with further general education, in which case there is no occupational choice to be made yet). 

In the empirical analysis reported below, we will report results for both actual choices and aspirations. The data on 

individual-level occupational choices obviously allow us to replicate the analysis based on the occupational-level data. At 

the same time, occupational aspirations are also of interest because they are arguably not (or less) influenced by external 

restrictions on occupational choice, such as by the availability of apprenticeship positions in the desired occupation, or by 

their prospective employers and/or their parents. On the other hand, however, it is often argued that people are more prone

to be influenced by societal norms when they are younger. 13 This allows us to show that the results using actual choices,

both at the individual and occupational levels, are not simply driven by such external forces. 

4. Empirical analysis 

The primary aim of our analysis is to see whether there are gender differences in occupational preferences that align 

with differences in the task content of the occupations. In a first step, however, we need to classify the different occupations

according to their task content, along the things-versus-people dimension. 

4.1. Describing the task content of occupations 

We therefore first describe how the learnable occupations differ in their broad task content. 

The task content of occupations: things versus people orientation 

We first run a principal-components analysis to describe the task content of occupations (e.g. James et al., 2013; Gorsuch, 

2014 ). More specifically, we use the four variables describing the cognitive requirements in mathematics, natural sciences, 

as well as native and foreign languages as input variables into the analysis. The results show that the first three principal

components can reproduce almost 98% of the overall variation in the four original variables (cf. appendix Table A.2 ). Also

note that, by construction, the resulting principal components are uncorrelated with each other at the occupational level. 

Not surprisingly, the first principal component (PC) loads on all four input variables, which suggests that this PC can be

interpreted as the overall level of cognitive demands in a given occupation, and we will thus use the shorthand C demand 

j 

for this variable subsequently. Indeed, comparing the occupations with the highest and lowest values on this PC supports 

this interpretation (cf. appendix Table A.3 ). The ten occupations with the lowest overall cognitive requirements, for example, 

are exclusively apprenticeships that only last for two years (i.e. these are occupations which were intentionally set up for 

academically underachieving youths), such as timber worker or tire work assistant. At the upper end of the distribution of 

this variable, on the other hand, we find occupations such as optometrist or geomatics expert. A more formal validation

check concerning this variable is presented in the empirical part (see Section 4.2 below). 

In what follows, however, we will mainly focus on the second and the third PCs, which together describe the task content

of the occupations along the interest in things versus interest in people dimension, as we will now argue. The second PC

loads positively on mathematics and natural sciences as well as negatively on both native and foreign languages, while the 

third PC loads positively on mathematics and foreign languages, but negatively on natural sciences and native languages. 

Thus the second PC classifies occupations according to whether they are oriented towards the importance of mathematics 

and sciences rather than towards the usage of languages, and we use the shorthand C math 

j 
for this PC in what follows.

The third PC is more ambiguous than the previous two, but we think that one may interpret this PC as indicating whether

an occupation deals with things or people in an either more abstract or a more direct and practical way, and we thus

denote this PC as C abstract 
j 

subsequently, but we acknowledge that the interpretation of this PC is less clear-cut than for

the first two. 14 Occupations oriented towards things are presumably tilted towards both mathematics/sciences as well as 

abstract content, and we thus combine the second and the third PCs into a common variable, simply by summing them

up. 15 In what follows, we use the shorthand C 
things 
j 

(i.e. C 
things 
j 

= C math 

j 
+ C abstract 

j 
) for this variable, with larger values
13 See also Jaik and Wolter (2019) , who study how occupational aspirations in 8th grade deviate from actual occupational choices later on using the same 

data. Kuhn and Wolter (2022) find a null effect of societal gender norms on both occupational aspirations and actual occupational choices. Together, the 

two studies suggest that adolescents’ aspirations may often differ from their choices, without influencing the gender-stereotypicity of their preferences, 

however. Our results are also in line with this conclusion. 
14 The fourth principal component has no obvious interpretation and is not used in the empirical analysis at all (also note that this PC explains only a 

negligible fraction of the variation in the input variables; cf. appendix Table A.2 ). 

15 Remember that the two PCs are independent of each other at the occupational level by construction. This implies that C 
things 
j 

still has a mean of zero, 

and a variance that equals the sum of the variances of the two variables that are added up. 
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indicating that the broad task content in an occupation is tilted towards working with inanimate things, rather than with 

other people. 16 

A look at some specific occupations suggests that this classification is both plausible and meaningful. Table 1 therefore 

lists the ten occupations with the largest and with the smallest values on C 
things 
j 

, respectively. Not surprisingly, technical 

occupations such as mechanical engineer or carpenter are found on the things-intense tail of the distribution of this vari- 

able, while occupations such as healthcare assistant or hairdresser are found on the opposite end of the distribution (see 

Appendix B for a more formal evaluation). 17 

Further note that the statistical separation between occupations’ overall demand level and their task content along the 

things-versus-people dimension implies another, more subtle difference between our approach and many of the preceeding 

empirical studies on the subject. Specifically, by separating the vertical (i.e. demand level) from the horizontal (i.e. task 

content) dimension of occupational choice we can more clearly focus on the horizontal dimension of occupational choice. 

This is interesting for at least two reasons. First, empirically, the horizontal dimension turns out to be much more relevant

than the vertical dimension in predicting the proportion of male and female apprentices choosing a given occupation (as 

shown in Sections 4.3 and 4.4 below). Second, at the conceptual level, the distinction between a horizontal and a vertical

dimension of occupations could also help in better understanding why and how certain characteristics, such as vocational 

interests, have an influence on individuals’ occupational choices. 

4.2. Validating our classification of the task content of occupations 

We next provide two validation checks to support our occupational classification. 

Classification along the things-versus-people dimension 

We first use the data on employers’ actual job postings to validate our classification of the occupations along the main

dimension of interest (i.e. things-versus-people) because one might raise the objection that the data on the cognitive re- 

quirements may not have much to do with what people working in these occupations actually do. Using the additional

data from employers’ job postings allows us to check empirically whether our classification of the occupations based on 

the cognitive requirements alone roughly corresponds to what employers really expect people actually working in these 

occupations to do. 

Table 2 describes the full correlational pattern by regressing our measure of the task-intensity along the things-people 

dimension C 
things 
j 

on a set of 21 variables, each essentially measuring the relative frequency with which a given main 

activity was explicitly mentioned in a real job posting (i.e. each of these variables may take on values within the unit

interval). The first column of Table 2 shows estimates without controlling for the overall demand level in an occupation, 

while the second column adds C demand 

j 
as a regressor (because the task data from the SJMM may also reflect differences in

the demand level of an occupation). Both columns show that the value on the things-versus-people variable of an occupation 

closely aligns with the actual activity pattern in an occupation as made salient through job postings by employers looking 

for individuals to work in these occupations. Correspondingly, the resulting R-squared is very high, 0.673 without and 0.698 

with the inclusion of C demand 

j 
as a regressor. Given that we use two fully independent sources of data, we view these

results as quite a strong confirmation that our occupational classification based on the cognitive requirements is meaningful 

and that it picks up real differences between the different occupations. 18 

The overall level of cognitive requirements 

A complementary validation check focuses on the overall demand level of an occupation (i.e. C demand 

j 
) rather than on its

task content. To implement this test, we focus on the institutional feature that there exist two-year apprenticeships that are 

specifically designed for adolescents with lower academic abilities (“regular” apprenticeships last either three or four years). 

The successful completion of these apprenticeships also leads to a nationally recognized diploma, and successful completion 

of such an apprenticeship opens up further educational possibilities. 19 Therefore, in this context, we expect that C demand 

j 
16 In Appendix B , we provide a data-based rationale for combining the two PCs into a single task measure, and we also deal with potential objections to 

this specific parameterization. Moreover, we also provide some additional robustness checks concerning this variable. Importantly, we show that our main 

result is not driven by the decision to combine the two PCs into a single task measure. 
17 See also appendix Table A.4 , which shows the breakdown between C math 

j 
and C abstract 

j 
for the occupations from Table 1 . The table suggests that, 

while all of the most math-intensive occupations are also high on abstraction, there is notable variation on C abstract 
j 

among the most language-intensive 

occupations. That is, among the language-intensive occupations, there are occupations that score either low (e.g. healthcare assistant) or high (e.g. cus- 

tomer dialogue specialist) in terms of abstract job content. Quite evidently, this mainly reflects the fact that these occupations differ in the extent to 

which they have direct (e.g. physical contact with patients) or only indirect (e.g. contact with customers by phone or email) contact with other people. 

Appendix B presents additional evidence and results on this specific issue. 
18 An additional validation exercise based on the subcategories for the cognitive requirements in both mathematics and in native language is discussed in 

Appendix B.2 . 
19 These two-year apprenticeships make up less than 10% of all apprenticeships contracts and they are more often chosen by male than by female 

apprentices ( SERI, 2022 ). See also appendix Fig. A.1 . 
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Table 4 

Occupational-level regressions. 

F j 

C 
things 
j 

-0.202 ��� -0.202 ��� -0.232 ��� -0.238 ��� -0.188 ��� -0.188 ��� -0.228 ��� -0.220 ��� 

(0.014) (0.015) (0.021) (0.022) (0.018) (0.019) (0.013) (0.016) 

C demand 
j 

0.050 ��� 0.057 ��� 0.048 ��� 0.045 �� 

(0.014) (0.017) (0.014) (0.019) 

Estimation Method OLS OLS Frac. Probit Frac. Probit OLS OLS WLS WLS 

Number of observations 130 130 130 130 153 153 130 130 

R-Squared 0.477 0.524 0.414 0.462 0.386 0.430 0.771 0.799 

Adjusted R-Squared 0.473 0.517 - - 0.382 0.423 0.769 0.795 

Pseudo R-Squared - - 0.216 0.239 - - - - 

Notes: � , �� , ��� denotes statistical significance on the 10%, 5%, and 1% level, respectively. Robust stanard errors are given in parentheses. 

For easier comparison we report marginal effects, evaluated at mean values, instead of parameter coefficients in columns 3 and 4. 

Weights are equal to the number of apprenticeship contracts in the canton of Bern as of August 2014 in a given occupation. 
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should be predictive of whether a given occupation is set up as a two-year rather than as a regular apprenticeship, and

 

things 
j 

should have a lower, if any, predictive value. 

The estimates from Table 3 show, as expected, that the overall level of cognitive requirements is indeed highly predictive

of an occupation being targeted towards academically weaker adolescents (the R-squared associated with the regression 

from column 1 equals 0.492). In contrast, also including C 
things 
j 

as regressor adds comparatively little fit to the regression,

even though the point estimate is also statistically significant, as shown in column 2 of Table 3 (with an associated R-

Squared of 0.573). 

4.3. Analysis of the occupational-level data 

In the second part of our analysis, we show that men and women chose occupations that differ strongly in their broad

task content along the things-versus-people dimension. 

Describing occupational gender segregation 

In a preliminary step, however, we first show that there indeed is strong occupational gender segregation within the 

Swiss apprenticeship system (cf. Aepli et al., 2019; Kuhn and Wolter, 2022 ). As we mentioned above, access to data on the

population of apprenticeship contracts in the canton of Bern allows us to calculate the proportion of female apprentices 

within each of the 214 different occupations covered in the data with reasonable accuracy. We do, however, exclude occu- 

pations with very low overall frequencies, i.e. occupations with less than ten contracts as of August 2014. 20 This restriction

leads to the exclusion of 44 (of a total of 214) occupations. However, because these occupations are rarely chosen, they

represent only 0.32% of the total of all apprenticeship contracts. Another restriction is due to the fact that we do not have

information on the cognitive requirements for all of the occupations; due to this restriction, we lose another 40 occupations. 

We thus end up with a total of 130 different occupations for which we have at least ten apprenticeship contracts as well as

information on the cognitive requirements in that occupation (unless stated otherwise, all results in this section are based 

on this set of occupations). These 130 occupations cover about 90% of the total of apprenticeship contracts in the canton of

Bern as of August 2014. 

Fig. 1 shows a histogram of the proportion of females by occupation. The most obvious feature is the bimodality of the

distribution, with many occupations clustering at the two extreme values (specifically, there are many occupations that are 

primarily chosen by men; obviously, the least frequent occupations are those with a more or less balanced sex ratio). 

This is more explicitly evident from Fig. 2 , which plots the number of individual apprenticeship contracts by males

(females) in an occupation characterized by a given overall proportion of females choosing an occupation. Obviously, and 

as expected, both male and female adolescents tend to cluster in occupations mainly chosen by individuals of the same 

gender (cf. Kuhn and Wolter, 2022 ). On average, the typical occupation chosen by female adolescents is 71.4% female, while

the typical occupation of male adolescents is 77.5% male. Thus, without any doubt, the data show that there is strong

occupational gender segregation in the Swiss apprenticeship system ( Aepli et al., 2019 , show similar results for the country

as a whole). 

Men and women choose occupations with different task content 

In a next step, we merge the variables describing the task content of occupations with the information on the proportion

of females within each of these occupations. This allows us to see whether occupations females predominantly choose differ 

in their task content from those occupations males primarily select. Based on the existing empirical literature on the subject, 
20 Architectural model builder (“Architekturmodellbauer”) or glass painter (“Glasmaler”) are just two examples of rarely chosen occupations. The 

occupational-level results are robust to the inclusion of the smaller occupations, however, as shown in columns 5 and 6 of Table 4 . 
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Fig. 1. Proportion of females, by occupation. Notes: The figure shows the absolute number of learnable occupations with a given proportion of females 

choosing that occupation. Only occupations with ten or more apprenticeship contracts are included in the figure ( J = 130 ; see Sections 3 and 4.3 in the 

main text for details). There are 12 (3) occupations with a female share of exactly 0 (1). 

Fig. 2. Gender segregation in occupational choices. Notes: The figure shows the distribution of individuals across occupations characterized by varying 

proportions of females (shown on the x-axis of each panel). Panel (a) shows the distribution of male apprentices; panel (b) the distribution of female 

apprentices. The two figures are based on the population of apprenticehip contracts in the canton of Bern as of 2015. See also Sections 3 and 4.3 in the 

main text for details. 
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Fig. 3. Proportion of females versus broad task-content, by occupation. Notes: The figure plots, by occupation, the proportion of females against the task 

content along the people-versus-things dimension (positive values indicate that an occupation is more oriented towards things, negative values indicate 

than an occupation is oriented towards people). Only occupations with at least ten apprenticeship contracts are considered ( J = 130 ). The size of the 

markers is proportional to the number of apprenticeship contracts in an occupation in the canton of Bern as of August 2014.See main text for additional 

details. 

 

 

 

 

 

 

 

 

 

 

 

 

 

we expect to find a negative association between the degree to which an occupation is heavy on things-related content and

the proportion of women in that occupation. 

Fig. 3 thus shows a scatterplot of the fraction of females on the x-axis against C 
things 
j 

, the principal component describ-

ing the task content of an occupation j along the people-versus-things dimension on the y-axis (the dotted horizontal line 

corresponds to the overall proportion of women in the population of all apprenticeship contracts). The relation between the 

two variables could hardly be more evident. As expected, occupations mainly chosen by males are oriented towards things, 

while occupations predominantly chosen by females are tilted towards working with people (see also appendix Fig. A.3 ). 21 

In a next step, we run several linear regression models of the following form: 

F j = π0 + π1 C 
things 
j 

+ π2 C 
demand 

j + ε j , (1) 

where the dependent variable, F j , denotes the proportion of women choosing occupation j, and thus F j ∈ [0 , 1] . The regres-

sor of main interest is C 
things 
j 

, which describes whether occupation j is oriented towards working with things (as discussed

in Section 4.1 above), and we include the overall demand level C demand 

j 
as an additional regressor in some of the specifi-

cations. We report heteroscedasticity-robust standard errors throughout. 

Table 4 shows the resulting parameter estimates. In the first column, we include C 
things 
j 

as the only regressor. This

specification yields an estimate of ̂ π1 = −0 . 202 with a robust standard error of about 0.014. The point estimate of π1 implies

that the predicted proportion of women in an occupation essentially shifts from zero to one as we move from the lowest to

the highest values on C 
things 
j 

, consistent with the pattern shown in Fig. 3 . Also note the large R-squared of 0.477 associated

with this simple regression – also suggesting that the variable describing the task content along the things-versus-people 

dimension is likely one of the more important predictors of whether an occupation is predominantly chosen by men or 

women. In the second column, we add the overall demand level C demand 

j 
as regressor. By construction, this does not 

change the point estimate of π1 – remember that the two variables are statistically independent from each other at the 

occupational level by construction – but it shows that the predictive value of the overall level of cognitive requirements is far

lower than that of things-versus-people dimension. In substantive terms, it shows that women tend to favor somewhat more 

demanding occupations than men. 22 In the next two columns, we estimate the same two specifications using a fractional 

probit regression (e.g. Wooldridge, 2010 ), to take into account that the dependent variable can only take on values within

the unit interval (accordingly, we report marginal effects, evaluated at mean values, in these two columns). This yields 

comparable findings, both in terms of marginal effects and model fit. Next, we also include the smaller occupations in 

columns 5 and 6 (i.e. those occupations with only ten or less observations in the data on the individual-level apprenticeship

contracts; as discussed in Section 3.2 above), again yielding a very similar point estimate ( ̂  π1 = 0 . 188 in both specifications).

As expected, however, the R-squared associated with these specifications is lower than in the baseline specifications because 

the fraction of female apprentices tends to be more variable in rarely chosen occupations. Finally, we re-estimate the two 
21 A further notable feature of Fig. 3 is the fact that two of the most popular occupations among both males and females are located somewhere in the 

middle along the things-versus-people axis: “commercial employee” and “retail professional” (cf. appendix Table A.1 ). 
22 This is well in line with existing empirical evidence on gender differences in academic achievement, showing that girls tend to (slightly) outperform 

boys academically (e.g. Voyer and Voyer, 2014 ). 
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specifications using weighted least squares in the last two columns, with weights that are proportional to the number of 

apprenticeship contracts in a given occupation. The resulting point estimates ( ̂  π1 = −0 . 228 and 

̂ π1 = −0 . 220 , respectively)

are again very similar to our baseline estimates. The fact that the R-Squared is considerably higher than in the unweighted

regressions (i.e. 0.771 and 0.799 versus 0.477 and 0.524) is presumably due to the fact that the more popular occupations

tend to be close to the estimated regression function (cf. Fig. 3 above). 

Overall, the estimates reported in Table 4 are not only in line with our expectations (and also with common sense, we

would add), they also turn out to be surprisingly large, by any statistical measure. This is even more remarkable considering

that our main task measure represents only a fraction (about 36%) of the total variation in the underlying four variables

(cf. appendix Table A.2 ). This in turn suggests that vocational interests along the things-people dimension presumably ranks 

amongst the most important proximate predictors of occupational gender segregation, and we will provide some more direct 

comparisons in Section 4.4 below. 

4.4. Analysis of individual-level data 

In the final part of our empirical analysis, we will replicate this result in our individual-level data and then show that

the gender difference in occupational preferences is robust to the inclusion of a variety of control variables. We therefore 

combine the information describing occupations’ task content with the individual-level survey among the adolescents from 

the German language area of the canton of Bern. This will allow us to go beyond the analysis at the occupational level,

checking whether the finding from Section 4.3 is robust to the inclusion of additional predictors of occupational aspirations 

or choices, such as school grades or parental characteristics. 

Gender differences in occupational aspirations 

We therefore next estimate linear regressions that take the following form: 

c 
things 
i 

= α + β f i + γx x i + γp p i + δp ( f i × p i ) + γr r i + δr ( f i × r i ) + εi , (2)

where the dependent variable c 
things 
i 

characterizes the job content of the occupation for which individual i aspires while 

in 8th grade (i.e. c 
things 
i 

corresponds to the value of C 
things 
j 

associated with the occupation that individual i aspires for). 23 

The main regressor in this case is a dummy variable indicating whether individual i is a female, in which case f i = 1 . Step

by step, we will then also control for various individual-level controls x i , parental-level controls p i , as well as regional-

level controls r i . Note that controls at both the parental and the regional level are expected to be uncorrelated with an

adolescent’s gender because parents have no control over the sex of their children, and simply including these variables as 

additional controls will therefore not have any noticeable impact on the estimate of β . For that reason, we also include the

interaction terms between the female dummy and these controls and then check whether or not we can reject the null

hypothesis that the parameters associated with the interaction terms are simultaneously equal to zero (we will show robust 

F-statistics and associated p-values). Throughout, we are primarily interested in the estimated size of gender differences in 

occupational preferences, which is given by parameter β in equation (2) , as well as in the coefficients associated with the

interaction terms, i.e. δp and δr . We report robust standard errors and test statistics for the full set of estimates. 

At the individual level, we include an adolescent’s exact age, an indicator for being a single child, the number of siblings,

school grades (in mathematics as well as in German, French, and English), an indicator of the educational track at the

upper-secondary level, as well as survey measures of competitiveness, risk preferences, and locus of control as additional 

regressors (see Buser et al., 2017; Jaik and Wolter, 2019 , for additional details). Parental-level controls include the highest

educational attainment of both mother and father, as well as their occupations (major, one-digit ISCO group). Finally, in the 

full-blown specification, we include a full set of local labor markets dummies to further control for regional differences in 

the availability of apprenticeship positions in different occupations as well as for spatial differences in gender norms. 

Table 5 presents the resulting OLS estimates. In the first column, we simply regress the things-orientation of individual’s 

occupational aspirations on the female dummy. This yields an estimate of ̂ β = −1 . 775 , which implies that male and female

adolescents in the sample differ widely in terms of the task content of their occupational aspirations. More specifically, this 

estimate implies that the mean difference in occupational preferences along the things-versus-people dimension between 

male and female adolescents equals more than one standard deviation, a result which is consistent with previous empirical 

evidence (e.g. Lippa, 2010; Su et al., 2009 ). 24 With a robust standard error of about 0.062, the estimate is also statistically
23 More precisely, in the survey, individuals stated their occupational aspirations (with zero, one, or more than one possible occupations given). In a first 

step, and where possible, we assigned the same occupational coding to the raw text as those used for the occupational-level data. We then merged the 

corresponding value on C 
things 
j 

for each occupation with a valid code. In cases where the same individual named more than one occupation, we simply 

use the mean value of C 
things 
j 

across all occupations that individual in question named. We lose some observations because of missing answers (“don’t 

know”) or because we are not able to assign a learnable occupation to the answer (e.g. in cases where the adolescent stated an occupation which requires 

studying at the university, such as a medical doctor for example). 

24 In the occupational level data, the standard deviation of C 
things 
j 

equals about 1.234. In the individual-level survey data, the standard deviation of 

c 
things 
j[ i ] 

amounts to about 1.387. Both Su et al. (2009) and Lippa (2010) report similar-sized gender differences along the things-versus-people dimension 

of job content. 
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Table 5 

Individual-level regressions, occupational aspirations at the start of 8th grade. 

c things 

j[ i ] 

Female i (yes = 1) -1.775 ��� -1.721 ��� -1.556 ��� -1.792 ��� 

(0.062) (0.065) (0.242) (0.267) 

Individual-level controls: 

Demographics No Yes Yes Yes 

School grades No Yes Yes Yes 

Preferences No Yes Yes Yes 

Parental-level controls: 

Education No No Yes Yes 

Occupation No No Yes Yes 

Regional-level controls: 

Local labor market No No No Yes 

Main effects: 

Parental education 0.477 0.492 

(0.929) (0.921) 

Parental occupation 2.737 2.280 

(0.000) (0.003) 

Local labor market 1.325 

(0.198) 

Interaction effects: 

Female × parental education 1.236 1.350 

(0.253) (0.184) 

Female × parental occupation 1.305 1.310 

(0.186) (0.183) 

Female × local labor market 0.900 

(0.546) 

Number of observations 1,191 1,191 1,191 1,191 

R-Squared 0.409 0.423 0.455 0.473 

Adjusted R-Squared 0.409 0.416 0.421 0.428 

Notes: � , �� , ��� denotes statistical significance on the 10%, 5%, and 1% level, respec- 

tively. Robust standard errors are given in parentheses. The table also reports robust 

F-statistics (with associated p-values in parentheses below) from testing the null hy- 

pothesis that the corresponding interaction terms are equal to zero. Full regression re- 

sults are available upon request. The full list of controls is as follows: “demographics”

includes the age at the time of the survey, the number of siblings, and a dummy for 

being a single child; “school grades” includes grades in mathematics, German, French 

and English; “preferences” includes survey measures of competitiveness, risk prefer- 

ences, and locus of control; parental education includes a full set of dummies for the 

highest attained education of both mother and father; parental occupation includes a 

full set of dummies for the occupation of both mother and father (major ISCO group); 

local labor market includes a full set of local-labor markets dummies. 

 

 

 

 

 

 

highly significant. Moreover, and similar to the occupational-level regressions, the resulting R-squared of 0.409 is unusu- 

ally large. Overall, this first specification based on individual-level data is thus consistent with our finding based on the 

occupational-level data from Section 4.3 above. 

We next check whether this difference still holds when we add various control variables. We first add individual-level 

controls in the second column, which results in an estimate of ̂ β = −1 . 721 (with a robust standard error of 0.065, the

estimate also remains highly statistically significant). Obviously, adding these controls has hardly any impact on the size of 
̂ β , either because there are no or only small gender differences in these variables and/or because these variables do not

predict occupational preferences along the things-versus-people dimension. In the next column, we further add parental- 

level controls as well as the interaction terms between these and the female dummy. Here we are mainly interested in the

coefficients associated with the interaction terms. 25 The F-test associated with the null hypothesis that the gender difference 

in occupational preferences does not vary with parental education is small and statistically insignificant ( F = 1 . 236 , with a p-

value of 0.253); similarly for parental occupation ( F = 1 . 350 , p = 0 . 184 ). In column 4, we further add dummies representing

local labor markets and their interactions with the female dummy. This also yields a small and insignificant test statistic 

( F = 0 . 900 , p = 0 . 546 ). 

Taken together, and consistent with the results from our occupational-level analysis above, the estimates from 

Table 5 show that there is a large and statistically significant gender difference over the task content along the things-

versus-people dimension of individual occupational aspirations. Moreover, we also find that this difference is not driven by 

any of the individual- or parental-level control variables considered in the regression analysis. 
25 As expected, however, and consistent with the results of Kuhn and Wolter (2022) , the F-tests associated with the main effects of the parental controls 

tend to be statistically significant. Thus, children from different parental backgrounds do differ in their occupational preferences along the things-people 

dimension, but there appears to be no differential pattern between girls and boys in this regard. 
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Table 6 

Individual-level regressions, overall demand-level and average recommended ap- 

prentice wage (associated with occupational aspirations at the start of 8th grade). 

c demand 
j[ i ] 

ln ( w j[ i ] ) 

Female i (yes = 1) 0.310 ��� -0.114 -0.042 ��� -0.059 

(0.063) (0.258) (0.010) (0.045) 

Individual-level controls: 

Demographics No Yes No Yes 

School grades No Yes No Yes 

Preferences No Yes No Yes 

Parental-level controls: 

Education No Yes No Yes 

Occupation No Yes No Yes 

Regional-level controls: 

Local labor market No Yes No Yes 

Main effects: 

Parental education 0.658 0.520 

(0.792) (0.903) 

Parental occupation 1.654 1.645 

(0.050) (0.052) 

Local labor market 2.334 2.010 

(0.006) (0.021) 

Interaction effects: 

Female × parental education 0.881 0.494 

(0.566) (0.919) 

Female × parental occupation 1.118 3.024 

(0.332) (0.000) 

Female × local labor market 1.436 1.613 

(0.143) (0.082) 

Number of observations 1,191 1,191 1,129 1,129 

R-Squared 0.020 0.178 0.015 0.117 

Adjusted R-Squared 0.019 0.108 0.014 0.037 

Notes: � , �� , ��� denotes statistical significance on the 10%, 5%, and 1% level, respec- 

tively. Robust standard errors are given in parentheses. The table also reports ro- 

bust F-statistics (with associated p-values in parentheses below) from testing the 

null hypothesis that the corresponding interaction terms are equal to zero. Full re- 

gression results are available upon request. The full list of controls is as follows: 

“demographics” includes the age at the time of the survey, the number of siblings, 

and a dummy for being a single child; “school grades” includes grades in math- 

ematics, German, French and English; “preferences” includes survey measures of 

competitiveness, risk preferences, and locus of control; parental education includes 

a full set of dummies for the highest attained education of both mother and fa- 

ther; parental occupation includes a full set of dummies for the occupation of both 

mother and father (major ISCO group); local labor market includes a full set of 

local-labor markets dummies. 

 

 

 

 

Gender differences in the overall demand level and apprentice wages 

In an additional step, we present analogous estimates for two other key characteristics of learnable occupations, namely 

their overall cognitive demand level as well as the apprentice wage which goes along with a given occupational choice (to

save space, we only show estimates without any additional controls and with the full set of controls, respectively). 

The first two columns of Table 6 show estimates using the overall cognitive demand level associated with individuals’ 

occupational aspirations at the start of 8th grade as the dependent variable. Consistent with Table 4 above, we find a much

smaller gender difference in the demand level of individuals’ occupational aspirations. Thus even though the demand level 

represents a much larger proportion of the variation in the underlying (cf. appendix Table A.2 ), it is occupations’ task con-

tent that is much closer associated with adolescents’ gender. Moreover, the difference becomes statistically insignificant 

once we include the (full set of) control variables, but note that this is at least partially driven by a large increase in the

associated standard error. In the remaining two columns, the dependent variable is the natural logarithm of the average ap- 

prentice wage that is associated with adolescents’ occupational aspirations. 26 As shown in the third column, there is again a 

significant, but comparatively small gender difference of about 4 percentage points. This shows that a gender gap in wages 

already appears at this early stage of individuals’ labor market career which is associated with differences in occupational 

aspirations (obviously, recommended wages do not vary by gender, which would be unconstitutional; moreover, appren- 
26 We use wage recommendations for the corresponding occupation provided by the responsible professional association, averaged across the different 

years of training. The data are taken from an online platform providing information about open apprenticeship positions in Switzerland ( www.yousty.ch ). 

While employers are not required to comply with the wage recommendations, actual apprentice wages tend to be close to the corresponding recommen- 

dation. However, actual apprentice wages within the same occupation often vary across regions because of differences in the overall wage level. 
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Table 7 

Individual-level regressions, occupational choices at the end of 9th grade. 

c things 

j[ i ] 

Female i (yes = 1) -1.691 ��� -1.664 ��� -2.182 ��� -2.581 ��� 

(0.068) (0.070) (0.480) (0.624) 

Individual-level controls: 

Demographics No Yes Yes Yes 

School grades No Yes Yes Yes 

Preferences No Yes Yes Yes 

Parental-level controls: 

Education No No Yes Yes 

Occupation No No Yes Yes 

Regional-level controls: 

Local labor market No No No Yes 

Main effects: 

Parental education 1.974 2.102 

(0.024) (0.015) 

Parental occupation 2.921 3.366 

(0.000) (0.000) 

Local labor market 1.681 

(0.066) 

Interaction effects: 

Female × parental education 2.437 2.494 

(0.004) (0.003) 

Female × parental occupation 4.693 4.232 

(0.000) (0.000) 

Female × local labor market 0.789 

(0.662) 

Number of observations 953 953 953 953 

R-Squared 0.397 0.411 0.465 0.479 

Adjusted R-Squared 0.396 0.403 0.423 0.423 

Notes: � , �� , ��� denotes statistical significance on the 10%, 5%, and 1% level, respectively. Robust standard errors are given 

in parentheses. The table also reports robust F-statistics (with associated p-values in parentheses below) from testing 

the null hypothesis that the corresponding interaction terms are equal to zero. Full regression results are available 

upon request. The full list of controls is as follows: “demographics” includes the age at the time of the survey, the 

number of siblings, and a dummy for being a single child; “school grades” includes grades in mathematics, German, 

French and English; “preferences” includes survey measures of competitiveness, risk preferences, and locus of control; 

parental education includes a full set of dummies for the highest attained education of both mother and father; parental 

occupation includes a full set of dummies for the occupation of both mother and father (major ISCO group); local labor 

market includes a full set of local-labor markets dummies. 

 

 

 

 

 

 

 

 

 

ticeship training is set up as a full-time undertaking, independent of the occupation chosen, rendering such considerations 

irrelevant at this stage). Moreover, the wage gap at this stage is substantively smaller than the wage gap among fully trained

workers, which clearly points to the fact that additional factors become relevant later on, when apprentices have finished 

their training, enter the regular labor market and also engage in family formation. Finally, the fourth column shows that this

gender difference also becomes insignificant once the full set of controls is taken into account. In this case it is even more

obvious that this is mainly driven by the inflation of the associated standard error (which increases from 0.01 to 0.045). 

Gender differences in actual occupational choices 

In the final step of our analysis, we rerun the analysis above, but focus on the job content along the things-versus-people

dimension of actual occupational choices instead of occupational aspirations. 27 By and large, these additional estimates 

mirror those associated with individuals’ occupational aspirations. There is, however, a small and statistically insignificant 

difference in the average value in the “things”-intensity of occupational aspirations ( c = −0 . 433 ) and actual occupational

choices ( c = −0 . 361 ). 

Again, the first specification of Table 7 simply regresses the things-orientation of an adolescent’s actual occupational 

choice on the female dummy. This yields an estimate of ̂ β = −1 . 691 with an standard error of 0.068; somewhat smaller,

though not significantly so, than the corresponding estimate from Table 5 . Thus, in the unconditional case we find a sim-

ilar sized gender difference along the things-versus-people dimension for occupational aspirations as well as occupational 

choices. As evident from column 2, adding individual-level controls has only a small impact on the estimate of β , which

becomes somewhat smaller than in the unconditional case ( ̂ β = −1 . 664 , robust standard error of 0.070). Again, this parallels

the corresponding result related to occupational aspirations from Table 5 . 
27 Focusing on actual choices implies that we must focus on a smaller, and potentially somewhat selective, sample. Specifically, both individuals who 

decided to go on with general education (i.e. baccalaureate school) and individuals who have not yet found an apprenticeship position, or who opted for 

an interim solution, are not included in this subsample. 
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Results differ somewhat between occupational choices and aspirations when we further add parental-level controls and 

the corresponding interaction terms with the female dummy, as done in column 3 of Table 7 . In the case of actual oc-

cupational choices, both the F-test associated with the interaction terms between the female dummy and parents’ educa- 

tion ( F = 2 . 437 , p = 0 . 024 ) and with the interaction terms between the female dummy and parental occupation ( F = 2 . 921 ,

p < 0 . 001 ) turns out to be statistically significant, suggesting that parental background does have some differential impact

on the things-intensity of actual occupational choices between girls and boys, a finding that is also in line with existing

empirical evidence (e.g. Humlum et al., 2019 ). 

In general, however, the impact of parental background remains very limited, as the gender difference in occupational 

choices along the things-people dimension shows up across most attributes characterizing parental background. Thus one 

main conclusion from the analysis using individual-level data is that the gender difference in vocational interests is not 

driven by any of the controls at the individual or at the parental level, and that it already shows up in adolescents’ aspira-

tions. 

A comparison of the implied effect sizes 

To ease the comparison across the different estimates from tables 5 to 7 , we also present a short description of the

effect sizes which are implied by these estimates. First, our estimate based on the individual-level data from column 1 

of Table 5 implies an effect size (i.e. a standardized mean difference between male and female adolescents) with regard 

to the task content in occupational aspirations of about -1.28, while the corresponding estimate from Table 7 implies an

almost identical effect size of about -1.261 for the task content of actual occupational choices. Moreover, this corresponds 

surprisingly well with effect sizes related to vocational interests, and it is therefore also consistent with the intuitive notion 

that vocational interests and choices overlap to a considerable degree. In stark contrast, the estimates from Table 6 show that

the effect sizes associated with either an occupation’s demand level or the associated apprentice wage are much smaller. 

The comparatively small effect size associated with the demand level of occupational aspirations, about 0.281, is consistent 

with both the finding that girls slightly outperform boys academically and that the finding that there is no gender difference

in mean intelligence, which further corroborates our general approach. With regard to recommended apprentice wages, the 

implied effect size equals about -0.248. Notably, this effect size is also much smaller than the effect size associated with an

occupation’s task content. 

5. Conclusions 

Occupational gender segregation remains at persistently high levels, for reasons not yet fully understood. In this paper, 

we add to this important discussion and argue that gender differences in vocational interests are among the most impor- 

tant proximate determinants of occupational gender segregation. More precisely, motivated by previous empirical evidence, 

mainly by psychologists, we use a unique combination of different data sources to show that male adolescents clearly tend 

to favor occupations which require creating and/or manipulating inanimate objects (i.e. “things”), while female adolescents 

prefer to work in occupations in which interacting with customers or patients is important (i.e. “people”). 

For our own empirical analysis, we use data on the cognitive requirements in 130 different learnable occupations in the 

Swiss apprenticeship system to classify them according to their broad task content along the things-versus-people dimen- 

sion, using a data-driven process. Moreover, we validate our classification results using an alternative, fully independent 

source of data that describes the actual task-content of different occupations. We then show at the occupational level that 

this simple, unidimensional classification of the occupations explains a surprisingly large part of the observed variation in 

the proportion of females in an occupation (with an unusually large R-squared of 0.477). In other words, knowing whether 

an occupation is tilted towards working with things rather than people allows one to formulate a reasonable guess as 

to whether men rather than women predominantly choose this occupation. This finding also illustrates an issue that is 

not often acknowledged in the discussion about women’s underrepresentation in the technical, i.e. things-oriented, occupa- 

tions: this apparently goes hand-in-hand with women’ overrepresentation in the social, people-oriented occupations, such as 

healthcare. Therefore, for example, policies explicitly aiming at increasing the proportion of women in the STEM occupations 

will, ceteris–paribus, necessarily decrease the number of females working in other occupations. 

In the second part of our empirical analysis, we replicate this finding using individual-level data for a sample of adoles-

cents from the German language area of the canton of Bern. Taken together, we find that variation in the task content of

occupations along the things-versus-people is a very powerful predictor of whether males or females predominantly choose 

an occupation; actually, and consistent with the occupational-level results, it appears that this variable is likely one of the 

most important proximate predictors of occupational gender segregation – by any statistical measure applied. For example, 

a simple, univariate regression of the things-intensity of individuals’ occupational aspirations (occupational choices) on a 

female dummy yields an estimate of -1.775 (-1.691), which approximately corresponds an effect size of about -1.28 (-1.26). 

Notably, these differences are considerably larger than gender differences in economic preferences, such as risk preferences 

or positive reciprocity. 28 It is also larger than the gender differences in personality measures, at least when judged on the
28 For Switzerland, the data from Falk et al. (2018) yield an effect size of about 0.228 for risk preferences and an effect size of about 0.170 for positive 

reciprocity (effect sizes are much smaller for the other preference measures available in these data). 
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basis of individual personality traits. 29 As we mentioned above, however, this finding is well in line with previous empiri-

cal studies. For example, both Su et al. (2009) and Lippa (2010) report gender differences in vocational interests along the

things-versus-people dimension that are as large as those reported in this paper. Moreover, in his overview, Archer (2019) re-

ports differences of similar size in closely related concepts (i.e. systemizing and things orientation). 

Finally, our findings also overlap with and complement a number of recent empirical studies which show that various 

characteristics of (the task content of) an occupation are important in explaining the segregation of men and women into 

different occupations (e.g. Speer, 2017; Delaney and Devereux, 2019; Jiang, 2021 ). Most importantly, perhaps, the results of 

our analysis align closely with the findings from Breda and Napp (2019) , who show that girls tend to score relatively better

in languages than in mathematics, and vice versa for boys, and from Baker and Cornelson (2018) , who document gender

differences in visuo-spatial and motor aptitudes (see also Halpern, 2011; Moè et al., 2018; Archer, 2019 , among others). 

Thus, and not really surprisingly, interests appear to considerably overlap with associated cognitive abilities (see also Geary, 

2021; Cohen, 2004 ). Persistent gender differences in relative abilities and vocational interests may also explain why explicit 

interventions targeted towards the reduction or elimination of these differences often turn out to be relatively ineffective 

(e.g. Baker and Cornelson, 2019; Li, 2018 ). Overall, and based on our own results as well as on the results of related studies,

it appears evident to us that gender differences in these traits are absolutely key for understanding why men and women

still tend to prefer to work in distinct occupations (see also Wang et al., 2013; 2015; Haworth et al., 2010 ). 
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Appendix A. Additional tables and figures 

Fig. A.1. The Swiss educational system. Source: State Secretariat for Education, Research and Innovation (SERI). 
29 Weisberg et al. (2011) report an effect size of about -0.48 and -0.39 for the gender difference in agreeableness and in neuroticism, respectively (negative 

values indicatte that women score higher on the traits than men; differences on the other traits are smaller). However, differences in personality traits are 

considerably larger when considered simultaneously, as argued by Giudice et al. (2012) , who report an overall effect size of about 1.71 to 2.71. 
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Fig. A.2. Two example profiles from the “Anforderungsprofile” website. Notes: The figure shows an example comparison in the cognitive requirements 

for two different occupations, healthcare assistant (“Fachmann/-frau Gesundheit”) and mechanical engineer (“Polymechaniker/-in”), as available from the 

website (www.anforderungsprofile.ch). See also Table 1 in the main text. 
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Fig. A.3. Proportion of apprenticeship contracts by an occupation’s task content along the things-people dimension. Notes: The figure shows the frequency 

distribution of C 
things 
j 

, i.e. the task content of an occupation along the things-people dimension, weighted by the numer of female and male apprenticeship 

contracts, respectively. 

Table A.1 

The ten most popular apprenticeship occupations among male and female apprentices in the 

canton of Bern. 

Rank Occupation f j F j 

(a) Male apprentices 

1. Commercial employee (“Kaufmann”) 0.093 0.643 

2. Information technologist (“Informatiker”) 0.051 0.089 

3. Farmer (“Landwirt”) 0.042 0.156 

4. Mechanical engineer (“Polymechaniker”) 0.041 0.031 

5. Licensed electrician (“Elektroinstallateur”) 0.040 0.028 

6. Retail professional (“Detailhandelsfachmann”) 0.033 0.649 

7. Logistics expert (“Logistiker”) 0.033 0.102 

8. Carpenter (“Zimmermann”) 0.032 0.012 

9. Carpenter (“Schreiner”) 0.031 0.148 

10. Gardener (“Grtner”) 0.027 0.287 

(b) Female apprentices 

1. Commercial employee (“Kauffrau”) 0.213 0.643 

2. Healthcare assistant (“Fachfrau Gesundheit”) 0.138 0.902 

3. Retail professional (“Detailhandelsfachfrau”) 0.077 0.649 

4. Certified social care worker (“Fachfrau Betreuung”) 0.058 0.865 

5. Specialist in hotel housekeeping (“Hotelfachfrau”) 0.041 0.909 

6. Dental assistant (“ Dentalassistentin”) 0.029 0.987 

7. Medical practice assistant (“Medizinische Praxisassistentin”) 0.027 0.996 

8. Hairdresser (“Coiffeuse”) 0.024 0.928 

9. Chef (“Kchin”) 0.024 0.438 

10. Pharmacy assistant (“Pharma-Assistentin”) 0.022 0.978 

Notes: The table shows the ten most popular occupations among male and female apprentices 

in the canton of Bern as of August 2014 (the official German description of the occupation 

is given in parentheses, along with the English translation proposed by the State Secretariat 

for Education, Research and Innovation (SERI), where available). f j denotes the proportion of 

male (female) apprentices choosing a specific occupation among all male (female) apprentices, 

while F j denotes the proportion of female apprentices in the corresponding occupation. 

Table A.2 

Principal-components analysis of the occupational-level data de- 

scribing the cognitive requirements in four different subjects. 

Variable PC-1 PC-2 PC-3 PC-4 

Mathematics 0.3617 0.7195 0.4990 0.3202 

Native language 0.5694 -0.3266 -0.3653 0.6601 

Natural sciences 0.5661 0.3110 -0.4754 -0.5974 

Foreign language 0.4739 -0.5281 0.6258 -0.3238 

Proportion 0.616 0.287 0.075 0.023 

Notes: The table shows the results from the principal-components 

analysis of the four main subjects covered by the data on cognitive 

requirements in learnable occupations. The upper part of the table 

shows the factor loadings for the four PCs, the lower part shows 

the proportion of variance explained by any of the four PCs. 
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Table A.3 

Task content of occupations ranked highest/lowest along the overall level of cognitive requirements. 

Rank Occupation C demand 
j 

(a) Ranked highest on overall cognitive demands 

1. Mediamatician (“Mediamatiker”) 3.600 

2. Optometrist (“Augenoptikerin”) 3.445 

3. Interactive media designer (“Interactive Media Designer”) 3.133 

4. Geomatics expert (“Geomatiker”) 3.028 

5. Information and documentation specialist (“Fachfrau Information und Dokumentation”) 2.977 

6. Druggist (“Drogistin”) 2.848 

7. Laboratory technician (“Laborantin”) 2.656 

8. Automation engineer (“Automatiker”) 2.476 

9. Bookseller (“Buchhndlerin”) 2.467 

10. Information technologist (“Informatiker”) 2.461 

(b) Ranked lowest on overall cognitive demands 

1. Mechanical assistant (“Mechanikpraktiker”) -2.972 

2. Automobile assistant (“Automobil-Assistent”) -2.793 

3. Timber worker (“Holzbearbeiter”) -2.792 

4. Logistician (“Logistikerin”) -2.722 

5. Dairy industry assistant (“Milchpraktiker”) -2.573 

6. Tire work assistant (“Reifenpraktiker”) -2.569 

7. Food production assistant (“Lebensmittelpraktiker”) -2.564 

8. Horse keeper (“Pferdewartin”) -2.548 

9. Metal construction practitioner (“Metallbaupraktiker”) -2.542 

10. Building services assistant (“Haustechnikpraktiker”) -2.463 

Notes: The table shows the ten occupations ranked highest (lowest) in terms of their overall cognitive requirement 

level, C demand 
j 

. We show the female (male) description in German if an occupation is chosen by a majority of 

female (male) apprentices. 

Table A.4 

Disaggregated task content of occupations ranked highest/lowest along the things-versus-people dimension. 

Rank Occupation C math 
j 

C abstract 
j 

C 
things 
j 

(a) The most things-oriented occupations 

1. Plant and apparatus engineer (“Anlagen- und Apparatebauer”) 1.713 0.547 2.260 

2. Design engineer (“Konstrukteur”) 1.434 0.650 2.084 

3. Mechanical engineer (“Polymechaniker”) 1.389 0.662 2.052 

4. Automatic technician (“Automatikmonteur”) 1.178 0.850 2.027 

5. Mechanical technician (“Produktionsmechaniker”) 1.178 0.850 2.027 

6. Gunsmith (“Bchsenmacher”) 1.380 0.594 1.974 

7. Insulation contractor (“Isolierspengler”) 1.698 0.235 1.933 

8. Automation engineer (Automatiker”) 1.056 0.828 1.884 

9. Carpenter (“Schreiner”) 1.515 0.023 1.538 

10. Industrial ceramist (“Industriekeramiker”) 0.599 0.918 1.517 

(b) The most people-oriented occupations 

1. Podiatrist (“Podologin”) -1.293 -1.757 -3.049 

2. Healthcare assistant (“Fachfrau Gesundheit”) -1.242 -1.474 -2.715 

3. Information and documentation specialist (“Fachfrau Information und Dokumentation”) -2.784 0.150 -2.634 

4. Certified social care worker (“Fachfrau Betreuung”) -1.060 -1.530 -2.590 

5. Druggist (“Drogistin”) -1.582 -0.956 -2.538 

6. Pharmacy assistant (“Pharma-Assistentin”) -1.504 -0.730 -2.234 

7. Hairdresser (“Coiffeuse”) -1.660 -0.573 -2.233 

8. Bookseller (“Buchhndler”) -2.403 0.185 -2.218 

9. Hairdresser (“Coiffeuse”) -1.207 -0.929 -2.136 

10. Customer dialogue specialist (“Fachmann Kundendialog”) -3.048 0.976 -2.072 

Notes: The variable C 
things 
j 

is equal to the sum of C math 
j 

and C abstract 
j 

. Therefore, column 3 is identical to Table 1 in the main text. 

We show the female (male) description in German if an occupation is chosen by a majority of female (male) apprentices. “Hairdresser”

appears twice in the table because there is both a two-year and and a regular apprenticeship in that occupation. 
Appendix B. Details concerning the occupational classification 

In this appendix we present some additional robustness and validation checks concerning our classification of the task 

content of the various occupations, as discussed in Section 3.1 in the main text. 
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Fig. B.1. C abstract 
j 

C math 
j 

and C 
things 
j 

, by occupation. Notes: Panels (a) and (b) plot our main task measure C 
things 
j 

against the two underlying principal 

components (i.e. mathiness and abstractness, C math 
j 

and C abstract 
j 

. respectively). Panel (c) plots these two variables directly against each other. Finally, 

panel (d) show the association between the proportion of female apprentices and C math 
j 

. 

 

 

C

 

 

 

 

B1. Disaggregating our main task measure 

One potential objection against our occupational classification is that we combine two distinct PCs into a single measure 

(and that one of these two PCs, i.e. C abstract 
j 

, is admittedly ambiguous in its interpretation). We thus first present some

additional graphical evidence in support of this data-driven decision. 

Panels (a) and (b) of Fig. B.1 plot C 
things 
j 

against C math 

j 
or against C abstract 

j 
, respectively, illustrating that both C math 

j 

and C abstract 
j 

are strongly correlated with our main task measure. Given that C 
things 
j 

equals the sum of C math 

j 
and

 

abstract 
j 

, these correlations hold by definition, however. More interestingly, therefore, and not immediately evident oth- 

erwise, the two figures also show that the strength of the association appears to vary along different values of either C math 

j 

or C abstract 
j 

. For example, there is apparently more variability in C 
things 
j 

for occupations with a weaker orientation towards 

mathematics. Panel (c) plots C abstract 
j 

against C math 

j 
, directly showing that there is more variation in C abstract 

j 
among oc-

cupations that are more heavily oriented towards languages – compared to occupations where mathematics and natural 

sciences are relatively more important. Finally, panel (d) plots the share of female apprentices against C math 

j 
, showing that

the two variables are associated negatively with each other, i.e. the share of female apprentices tends to be lower in occu-

pations oriented towards mathematics and natural sciences. Clearly, the two variables are also strongly correlated with each 

other, but the correlation is supposedly weaker than the one shown in Fig. 3 in the main text. 

In an additional step, we show that regressions using the disaggregated measures of occupations’ task content yield sim- 

ilar, though somewhat muted, results (muted in the sense that the predictive value is lower). The first column of Table B.1
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Table B.1 

Occupational-level regressions, disaggregated task measure. 

F j 

C math 
j 

-0.210 ��� -0.207 ��� -0.209 ��� -0.206 ��� 

(0.019) (0.017) (0.021) (0.018) 

C abstract 
j 

-0.187 ��� -0.186 ��� 

(0.028) (0.028) 

C demand 
j 

0.050 ��� 0.050 ��� 

(0.017) (0.014) 

Number of observations 130 130 130 130 

R-Squared 0.396 0.477 0.444 0.525 

Adjusted R-Squared 0.391 0.469 0.435 0.514 

Notes: � , �� , ��� denotes statistical significance on the 10%, 5%, and 1% level, re- 

spectively. Robust standard errors are given in parentheses. 

Table B.2 

Validating our occupational classification using subcategories in cognitive requirements (mathematics only). 

Cognitive requirements in mathematics 

Mean Subcat-1 Subcat-2 Subcat-3 Subcat-4 Subcat-5 

Algebra Geometry Measurement Calculus Statistics 

C 
things 
j 

12.137 ��� 11.393 ��� 17.391 ��� 11.827 ��� 13.652 ��� 6.422 ��� 

(0.188) (0.443) (0.602) (0.622) (0.405) (0.554) 

C demand 
j 

6.778 ��� 7.052 ��� 4.820 ��� 6.447 ��� 7.515 ��� 8.057 ��� 

(0.176) (0.333) (0.579) (0.552) (0.304) (0.329) 

Number of observations 130 130 130 130 130 130 

R-Squared 0.980 0.886 0.841 0.825 0.922 0.812 

Adjusted R-Squared 0.980 0.884 0.838 0.823 0.921 0.809 

Notes: � , �� , ��� denotes statistical significance on the 10%, 5%, and 1% level, respectively. Robust standard errors 

are given in parentheses. 
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uses C math 

j 
instead of C 

things 
j 

as the main regressor. The resulting point estimate of −0 . 21 is virtually the same as the

corresponding estimate from Table 4 in the main text (i.e. −0 . 202 ). Consistent with Fig. B.1 , however, there is a notable dif-

ference in the predictive value of the variable in explaining the share of female apprentices across all the occupations (i.e.

the R-squared associated with this regression is considerably lower than when using C 
things 
j 

as regressor). Adding C abstract 
j 

as an additional regressor, we can see that both point estimates are statistically significant and, moreover, are of almost 

equal size (-0.207 and -0.187, respectively). Indeed, we can not reject the null hypothesis that the two coefficients are sta-

tistically identical ( F = 0 . 36 , p = 0 . 547 ). This specification thus provides a data-based rationale for combining the two PCs

into a single measure of task content. 

Columns 3 and 4 of Table B.1 repliate the the first two specifications while also controlling for the overall demand level

in an occupation. Again, the estimate from column 3 is close to the corresponding estimate from Table 4 , but with lower

predictive power. Also, in column 4, the estimates of the two task measures do not differ from each other statistically

( F = 0 . 34 , p = 0 . 563 ), paralleling the result from column 2. 

B2. Additional validation checks based on the subcategories in cognitive requirements 

In addition, the fact that the data describing the cognitive requirements in the different apprenticeship occupations con- 

tain subclassifications that we do not directly use in the construction of the two latent task variables (i.e. C demand 

j 
and

 

things 
j 

) allows us to implement further validation checks. Specifically, we next show that these two variables predict the 

subscores, both in mathematics and in first language, in a pattern that lines up with our occupational classification along 

the things–people dimension. Importantly, note that this finding is not simply a mechanical implication as we only use 

the aggregate scores to construct the latent variables (and thus the subscores only enter indirectly, through making up the 

aggregate score). 

We start with the results for mathematics in Table B.2 . The dependent variable in the table varies across columns,

with the mean value in mathematics used in the first column, and with the different subcategories used in the remain-

ing columns. In Table B.2 (as well as in and Table B.3 below), we use the original scaling of the dependent variables (which

can take on values between 0 and 100). The first column of Table B.2 mainly serves as a benchmark for the other columns

(i.e. we can compare whether the estimates for the subscores differ from these estimates). The interesting pattern emerging 

from Table B.2 is that the point estimates associated with C 
things 
j 

do indeed vary across the different columns. For each
231 
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Table B.3 

Validating our occupational classification using subcategories in cognitive requirements (native language 

only). 

Cognitive requirements in native language 

Mean Subcat-1 Subcat-2 Subcat-3 Subcat-4 Subcat-5 

Reading Listening Writing Conversation Speech 

C 
things 
j 

-4.758 ��� -0.567 -6.928 ��� -3.406 ��� -5.798 ��� -7.092 ��� 

(0.187) (0.637) (0.378) (0.408) (0.399) (0.497) 

C demand 
j 

8.071 ��� 8.361 ��� 6.590 ��� 8.560 ��� 8.079 ��� 8.764 ��� 

(0.175) (0.406) (0.392) (0.326) (0.339) (0.315) 

Number of observations 130 130 130 130 130 130 

R-Squared 0.962 0.738 0.814 0.861 0.861 0.856 

Adjusted R-Squared 0.962 0.734 0.811 0.859 0.859 0.854 

Notes: � , �� , ��� denotes statistical significance on the 10%, 5%, and 1% level, respectively. Robust standard 

errors are given in parentheses. 

 

 

 

 

 

 

 

 

 

 

 

 

mathematical subcategory, there is a positive coefficient on C 
things 
j 

, implying that things-oriented occupations tend to score 

higher on each mathematical subcategory; however, the effect varies substantively across columns, from a low of about 6.4 

for “statistics” to a high of about 17.4 for “geometry”. In contrast, note that the coefficient associated with C demand 

j 
varies 

much less across the different columns. 

Table B.3 presents analogous findings concerning native language (for example, German in the German-speaking part 

of the country). Again, we regress the various values on the subcategories on both C 
things 
j 

and C demand 

j 
. As for mathe-

matics, the result from the first column is shown as a benchmark for the other columns. The five subcategories for the

cognitive requirements in native language, such as “reading” or “writing”, are all negatively associated with C 
things 
j 

, but 

again to very different degrees. For example, “reading” is not significantly associated with C 
things 
j 

, while both “participa- 

tion in discussions” and “coherent speech” are strongly associated with C 
things 
j 

. Again, this aligns well with the claim that 

things–intensive occupations are characterized by a lower level of immediate interaction with other people (e.g. customers 

or patients) than things–intensive occupations. 
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