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Abstract
For non-cognitive skills, economics research has focused primarily on social skills as
one element. One important, largely unexplored element is self-competence, the ability
to act responsibly for oneself. We therefore study returns to self-competence adding
heterogeneous and complementary returns to the literature on non-cognitive skills.
Using texts of training curricula as data source, we apply machine-learning methods to
identify self-competence in occupations. Combining these measures with labor market
data, we find heterogeneous returns to self-competence: A medium level of selfcompetence has the strongest wage returns compared to low or high levels, but with
high cognitive requirements also high self-competence pays.

Keywords: non-cognitive skills, human capital, text as data, curricula content analyses,
vocational education and training

JEL Classification: I26, J24, M53

1

This study is partly funded by the Swiss State Secretariat for Education, Research, and Innovation (SERI) through
its Leading House on the Economics of Education, Firm Behavior and Training Policies and the Swiss National
Fund through the National Research Program 77. We would like to thank Simone Balestra, Simon Clematide, Eric
Bettinger, Edward Lazear, conference participants at SASE and seminar participants at the University of Zurich
for helpful comments and the Swiss Federal Statistical Office for provision of the labor market data. The purchased
data on cognitive requirement levels of each VET occupation (Anforderungsprofile) belongs to the Swiss Trade
Association.
2
Corresponding author. University of Zurich, Department of Business Administration. Email:
fabienne.kiener@business.uzh.ch. Address: Plattenstrasse 14, 8032 Zurich, Switzerland
3
University of Zurich, Institute of Sociology
4
University of Zurich, Department of Business Administration

1

I.

Introduction

The labor market rewards higher levels of non-cognitive skills with higher earnings
(Almlund et al. 2011; Heckman, Stixrud, and Urzua 2006). One dimension of noncognitive skills is social skills, which enable individuals to interact and collaborate.
Because social skills are crucial on the job, a recent strand of the labor economics
literature has focused on returns to social skills (Deming 2017; Deming and Kahn 2017;
Weinberger 2014). These studies show positive wage returns to social skills, implying
that these skills increase workplace productivity. In addition, these studies find
complementary returns between social skills and cognitive skills. In times of
technological change, social skills—both alone and in combination with cognitive
skills—are increasingly rewarded, because (among other reasons) automation cannot
substitute for them (Deming 2017).
While labor economics research focuses on and analyzes social skills, sociologists
study self-competence, which is the ability to act responsibly for oneself and which
comprises motivation, perseverance, autonomy, and reliability (Salvisberg 2010).5
Given that self-competence supports workers in doing their job effectively, it also likely
increases productivity. Thus far, however, labor economics studies have not yet
comprehensively studied self-competence and its role in the labor market. This
oversight means an absence of research into the likelihood that other dimensions of
non-cognitive skills, such as self-competence, also increase workers’ productivity.
Moreover, labor economics studies tend to analyze average wage returns rather than
heterogeneous, nonlinear returns. Although analyses of average wage returns do not
show whether or not the training of non-cognitive skills is decreasingly productive
beyond a certain level, analyses of potential heterogeneous returns would do so. Thus
analyses of heterogeneous returns will strongly affect educational policymakers’
decisions and recommendations.
Using occupational training curricula texts as a data source, this paper applies advanced
machine-learning methods to identify self-competence and empirically investigates
both self-competence and its potential heterogeneous returns. Moreover, because prior
5

Self-competence is very similar to “personal qualities”, which importance is highlighted in the Secretary's
Commission on Achieving Necessary Skills (SCANS) framework developed by the United States Department of
Labor and Education (The Secretary's Commission on Achieving Necessary Skills 1991). The term “selfcompetence” (in German “Selbstkompetenz”) was already used in the 1970s by Roth (1971) in the field of
developmental psychology.
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studies have found complementarities between social skills and cognitive skills, we
also examine potential heterogeneous complementary returns between self-competence
and cognitive skills. In addition, to test whether heterogeneous returns also apply to
social skills, we investigate social skills in the same manner as self-competence.6
For our dataset, we use occupational training curricula from Switzerland, because they
provide very detailed descriptions of both cognitive and non-cognitive skills (totaling
8,102 pages, with 44 pages on average for each curriculum) that students have to
acquire during vocational training and education (VET). In addition, these Swiss
occupational training curricula are particularly useful for measuring workers’ skills,
because they (a) are legally binding and (b) apply to two-thirds of the workforce in
Switzerland. We apply deep learning—a technique approximating human thought
processes—to these curricula, because this advanced machine-learning method is one
of the most powerful for deriving meaning from large quantities of text (Meng et al.
2018). Furthermore, this method is both faster and less cumbersome than human
attempts at analyzing large amounts of text.
Specifically, we use deep learning to detect text passages in curricula that describe noncognitive skills, and—within these passages—we identify words indicating selfcompetence and social skills. Then, to determine our measures of self-competence and
social skills in each occupation, we calculate the number of words identified as
describing either self-competence or social skills relative to the total number of words
in that curriculum, thereby capturing the importance of both non-cognitive skills. From
our measures of self-competence and social skills, we form three groups for analyzing
heterogeneous returns: occupations with high, medium, or low levels of these two noncognitive skills. Thus, a high level of self-competence means a high level compared to
what is found across all occupational curricula.
In addition to the occupational training curricula, we use two other datasets, one to
proxy for cognitive skills required in each occupation and one for individual
characteristics and labor market outcomes. To proxy cognitive skills, we use a scale for
“cognitive requirement levels” (in German, “Anforderungsprofile”), a scale derived
from expert assessments of the cognitive mathematical difficulty of each training
occupation (Goetze and Aksu 2018). We then connect our skills measures at the
6

We analyze self-competence and social skills separately due to their high correlation; thus we do not study which
dimension of non-cognitive skills is more important.
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occupational level with individual labor market data for the upper-secondary-level
VET graduates trained in occupations (hereafter, “VET graduates”). In so doing, we
follow Eggenberger, Rinawi, and Backes-Gellner (2018) and Kiener et al. (2019) but
with our novel skills measures for self-competence. For labor market data, we use the
Swiss Social Protection and Labor Market (SESAM) data, which constitutes a
representative sample of the population in Switzerland. SESAM includes
administrative wage data and information about the individuals’ socio-demographic
characteristics, and education. Our sample of VET graduates from SESAM comprises
104,660 observations from 64,951 individuals.
Our regression results from using wages as the outcome variable show that returns to
self-competence are heterogeneous: Having a medium level of self-competence has the
strongest relationship with wages. While both ends have a lower return, investing a
very high level of self-competence in a curriculum is clearly less positive than investing
only a medium level. A high level of self-competence relates to the highest third of
self-competence across all curricula. Besides, for around a third of the occupations,
which has a low level of self-competence, increasing self-competence to a medium
level in the curriculum would lead to a wage increase. One explanation for these
patterns is a trade-off between the time spent on increasing self-competence that
reduces the time spent on technical and other important occupational skills in
combination with diminishing marginal returns for both skills. Further results on
complementarities between self-competence and cognitive requirement levels also
show heterogeneous returns. The results reveal a complementary return only between
a high level of self-competence and a high cognitive requirement level but not between
a medium level of self-competence and a high cognitive requirement level. Returns to
social skills follow a similar heterogeneous pattern.
The potential mechanism explaining our results is the trade-off between training
different skills. The amount of skills in which a worker can be trained during a VET
program is always finite. Thus, instead of spending more and more effort on teaching
a very high level of self-competence or social skills, it pays more to teach technical and
other important occupation-specific skills. Thus, the explanation for these patterns is a
trade-off between the time spent on increasing self-competence that reduces the time
spent on technical and other important occupational skills in combination with

4
diminishing marginal returns for skills. Moreover, in more sophisticated occupations,
higher levels of self-competence are more important and have higher marginal returns.
Our approach to measuring two dimensions of non-cognitive skills, self-competence
and social skills, contributes a new method and valuable findings to recent research on
labor market-relevant occupational skills. Moreover, our study contributes to the labor
economics literature by revealing important heterogeneous returns to dimensions of
non-cognitive skills, such as self-competence and social skills. These results also lead
to the novel policy recommendation that, in occupations with a low level of selfcompetence, an increase in self-competence leads to higher wages, because a sufficient
level of self-competence helps to increase productivity. However, infinitely increasing
self-competence turns out not to be valuable, because a very high level does not always
increase productivity due to a trade-off between the time spent on increasing selfcompetence reducing the time spent on technical or other important occupational skills.
The only exception we find is that a high level of self-competence is useful only in
combination with a high cognitive requirement level of an occupation, indicating that
higher levels of self-competence have higher marginal returns in more sophisticated
occupations. Our results for social skills lead to similar conclusions.
In the next section, we describe our data. In Section III, we show how we apply our
deep-learning method to the Swiss occupational training curricula. In Section IV, we
present our labor market analyses: We discuss our sample, illustrate the measured skills
at the occupational level, and show the wage analyses for VET graduates. Section V
concludes.

II.

Data

We use three data sources for the empirical analysis: one for self-competence and social
skills in occupational curricula, one for the cognitive requirement levels of occupations,
and one for the individual labor market data for VET graduates. First, we measure selfcompetence and social skills with the curricula that were first used in Kiener et al.
(2019)—the 166 Swiss Vocational Education and Training (VET) curricula from 2018,
all of which lead to an upper-secondary Federal diploma. These curricula comprise
8,102 pages, averaging 44 for each occupational curriculum, and a total of around 1.5
million words, averaging 8,030 for each curriculum. These curricula extensively
describe the occupational skills a vocational student must acquire within a three- or
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four-year training program. State-mandated examinations ensure that VET workers
acquire the necessary skills. Previous research has already shown that the skills in
Swiss VET curricula are related to the labor market outcomes of its graduates
(Eggenberger, Rinawi, and Backes-Gellner 2018; Eggenberger and Backes-Gellner
2020; Kiener et al. 2019). Given that two-thirds of the workforce in Switzerland are
VET graduates, VET curricula are an excellent source for measuring and representing
non-cognitive skills.
Second, we use a measure to proxy the cognitive skills of the VET occupations. The
data stems from experts who assess the cognitive difficulty level for math (between 1
and 100), the regional language, the natural sciences, and the first “second language”
taught in compulsory schooling (see Goetze and Aksu, 2018, for their methodology;
see Jaik and Wolter, 2019, and Wolter and Zumbuehl, 2017, for studies using these
measures).7 For our analysis, we use the cognitive difficulty level in math, because the
measure is very similar to that in the IQ testing used in previous research (for example,
Weinberger 2014). We call the cognitive difficulty level in math the previously defined
“cognitive requirement level.”
Third, our labor market data for VET graduates come from SESAM, which includes
data on wages (administrative), socio-demographic characteristics, and the education
level. In 2010, SESAM changed its survey frequency from annually for a five-year
period to quarterly for a one-and-a-half-year period. Given this change in the survey
frequency, researchers either use the pre-2010 or the post-2010 data. Because we are
interested in the most recent developments, we use data from 2010 through 2018 (the
latest year available in 2020). For individuals with a VET diploma as their highest
educational level, we link their labor market data with self-competence, social skills,
and the cognitive requirement level of their occupation in which they were trained
(similar to Eggenberger and Backes-Gellner 2020; Eggenberger, Rinawi, and BackesGellner 2018; Kiener et al. 2019). We measure self-competence and social skills with
our advanced machine-learning methods, described in the next section.

7

The data on cognitive requirement levels of each VET occupation belongs to the Swiss Trade Association
(Schweizer Gewerbeverband).
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III.

Measuring Non-Cognitive Skills in VET Curricula: DeepLearning Method

Our deep-learning method applied to curricula recognizes text passages describing noncognitive skills. Then, within these passages, we identify self-competence and social
skills using further machine-learning methods. This two-step procedure provides us
with the proportion of curricula text describing self-competence and social skills. The
first step is crucial for preparing the second step, because words may have different
meanings depending on the particular context (for example, “dynamic” might be a noncognitive skill of a personality description such as “dynamic personality” but may be a
technical skill of a production process description such as “dynamic programming
systems”). Therefore, instead of using only keywords throughout the entire text, we
first identify types of text passages with different contents; in particular, text passages
describing non-cognitive skills. In the second step, we then use additional machinelearning techniques to detect self-competence and social skills.
First Step: Identifying Text Passages with Non-Cognitive Skills
The first step, identifying text passages in curricula describing non-cognitive skills,
uses deep learning. Deep learning, in other words, complex, nonlinear learning and
neural networks, is similar to human thinking through learning from experience and
breaking down concepts into simpler ones (Goodfellow, Bengio, and Courville 2016).
As deep learning most closely approximates human thought processes, the method is
thus a most promising novel approach to analyze large quantities of unstructured texts
(Meng et al. 2018) such as our VET training curricula. Our deep-learning method to
measure non-cognitive skills is developed in Gnehm (2018). She segments job postings
into different text passages, called “text zones.” One of these text zones identifies noncognitive skills (see Schultheiss et al. 2018 or Schoen and Gnehm 2019 for two studies
using Gnehm’s 2018 text zones).8
The principle of the deep-learning method follows typical supervised machine-learning
processes: a deep neural network uses input (unstructured) data and training
(structured, labeled) data to generate the output (structured, labeled) data. Figure 1

8

Gnehm (2018) uses recurrent neural networks, a subclass of neural networks, that are suitable for sequence
labeling, because they are flexible in the use of the context information: They recognize well which information
to store and which to forget. In particular, she uses Bidirectional Long Short-Term Memories (BiLSTMs), a class
of recurrent neural network that considers the context on both sides of the label.
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graphically shows different parts of the method and includes text examples as
illustrations. Our input data are the raw text passages of VET curricula.
As training data, first, we use job postings, because the model developed by Gnehm
(2018) is trained on the job postings data (see example 1). The training data covers
around 25,000 job postings from the Swiss Job Market Monitor (SJMM).9 These job
postings are annotated by SJMM experts into text zones, where one text zone captures
non-cognitive skills. The SJMM experts’ definition of non-cognitive skills follows
Salvisberg’s (2010) sociological concept, which includes social skills and selfcompetence as two important dimensions. Given that job postings constitute a type of
text similar to curricula, they are highly suitable to use as training data for a model that
is applied to curricula. The main advantage of using this training data is its large size
of labelled text data (in contrast to the lack of labelled curricula text data) and the wellfounded theoretical concept by Salvisberg (2010) that was used to classify noncognitive skills.
Example 1: Training data for non-cognitive skills from a SJMM-job posting
for a Carpenter (italicized words are the ones labeled as non-cognitive skills):
“Prerequisites: Successfully completed apprenticeship as a carpenter with at least
two years of work experience; reliable, flexible, quality-conscious and on
schedule; precise and clean work; punctuality and good manners.”
Second, we feed a set of eight occupational curricula into the training data to fine-tune
the model to our purpose. We manually labeled the non-cognitive skills in the eight
curricula ourselves to ensure that the specific language used in curricula is also well
represented in our training dataset (see example 2). Third, following the same
reasoning, we feed twelve definitions of non-cognitive skills provided in the
introductory parts of the curricula into the training data (see example 3).
Example 2: Training data for non-cognitive skills from the VET-curriculum
of a Florist (italicized words are the ones labeled as non-cognitive skills):
“Florists are able to independently and autonomously advise and serve customers
with different needs. (…) I conscientiously implement the legal norms and
operational requirements for environmental protection in my work.”

9

The SJMM corpus is available under forsbase.unil.ch (Buchmann et al. 2020).
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Example 3: Training data from the introductory part of the VET curriculum
of a Cooling System Technician to identify non-cognitive skills (italicized
words are the ones labeled as non-cognitive skills): “Creative thinking and
acting, openness to new ideas and unconventional solutions are important skills
of cooling system technicians. (…) They assess themselves realistically and seek
support if necessary.”
These training data provide a good foundation to use a deep-learning method applied
to VET curricula (input data) to produce labeled texts marking for non-cognitive skills
in occupations (see example 4). In Figure 1, the different parts of the method are the
graphically illustrated. The labeled curricula text passages of non-cognitive skills are
the backbone to identify self-competence and social skills in the second step.
Example 4: Output data from a VET curriculum with labelled non-cognitive
skills text passages (italicized parts of the text; stop words are crossed out by
authors): “Booksellers attach importance to their appearance and to successful
communication. They are capable of independently and responsibly advising and
serving customers with different needs depending on the situation (…)
Booksellers demonstrate how to add new products to the product range and to
attract new customer groups.”

9
Figure 1: Method to label Text Passages describing Non-Cognitive Skills in Curricula.

Source: Authors’ illustration of the method used to label text passages describing non-cognitive skills in curricula.
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Second Step: Identifying Self-Competence and Social Skills in Text
Passages with Non-Cognitive Skills
In the second step, after recognizing text passages describing non-cognitive skills,
we identify self-competence and social skills applying further machine-learning
techniques. The definitions of self-competence and social skills stem from
Salvisberg (2010). Self-competence is defined as the ability to act responsibly for
oneself; examples are being motivated, reliable, autonomous, discrete, eventempered and having enthusiasm or perseverance. Social skills are defined as
interpersonal skills enabling individuals to interact and collaborate; examples are
communication skills, conflict capabilities, being able to work in a team,
negotiation skills, empathy, and appearance.
Drawing on the definitions from Salvisberg (2010), we build the proportions of selfcompetence and social skills within a curriculum. We do so by proceeding in three
sub-steps. First, we select typical words of self-competence and social skills
according to Salvisberg’s definitions (2010) from a list of the 300 most frequent
non-cognitive skill words of the SJMM corpus. Second, we use a word-embedding
technique that considers contextual information to find synonyms and similar words
of the selected typical words.10 Third, we apply the typical words for social skills
and self-competence (from sub-step one) and similar words (from sub-step two) to
analyze which ones occur in text passages mentioning non-cognitive skills of each
curriculum.
Examples of the most frequently occurring words that indicate self-competence and
social skills in the curricula are displayed in Table 1. These and all less frequent
words are then used to calculate the proportions of social skills and self-competence
within each occupational curriculum. The proportions constitute the words labeled
as self-competence or social skills over all words in the curriculum (excluding stop
words such as “the” or “as”). The proportions embody our measure of selfcompetence and social skills.

10

We use word2vec embeddings (Mikolov et al. 2013) trained on the online job postings corpus consisting of
9 million job postings. We set the default parameters as specified by Mikolov et al. (2013), and we train
embeddings over lemmatized and lowercased words belonging to skills and task descriptions in the job
postings. We use a cosine similarity threshold of 0.6 for suggesting similar words; for example, for the
original word “curiosity,” we find the similar word “creativity.”
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Table 1: Examples of most frequent Words of Self-Competence and Social
Skills within the Curricula
Social Skills

social, communication skills, team spirit, manners, conflict
capability, social competences, ability to work in a team,
convincing, friendly, empathy

Self-Competence

autonomous, self-competences, resilience, dutifully,
independent, sense of responsibility, motivated, readiness
to perform, reliability, accuracy

Source: Authors’ calculations.
Having explained the method to measure the two dimensions of non-cognitive
skills, we use the measures for our empirical analyses in the next section.

IV.

Empirical Analyses: Non-Cognitive Skills and Wages
Returns

The empirical analyses of non-cognitive skills and wage returns derive from our
hypothesis that returns to self-competence may be heterogeneous. We also
investigate potential heterogeneous complementarities between self-competence
and cognitive requirement levels. Subsequently, we investigate whether returns to
social skills show potential heterogeneous patterns similar to those of selfcompetence. To investigate potential heterogeneous returns, we form terciles of
both self-competence and social skills. Thus, in contrast to previous studies, we do
not analyze average returns to dimensions of non-cognitive skills,
In this section, we connect the skills measured at the level of the training occupation
with the individual labor market data of VET graduates in specific occupations.
After describing our sample, we illustrate the skills measures with five occupations
before continuing with the econometric analyses of wages.

A. Sample
Our sample includes the working population in Switzerland, aged 18 to 64, with a
VET diploma as their highest educational level. We do not include observations
with missing values for the variables needed for the empirical analyses. We
calculate the annual wages in full-time equivalents, and, to increase the plausibility
of our sample, we exclude observations in the first and last percentile of wages.
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Because our sample of 104,660 observations from 64,951 individuals comprises
only VET graduates, we link the skills measures with the individuals’ training
occupations, following Eggenberger, Rinawi, and Backes-Gellner (2018) and
Kiener et al. (2019).
As previously described, the skills measure of the cognitive requirement level stems
from the expert ratings of the cognitive difficulty level in math of each VET
occupation; the skills measures of self-competence and social skills stem from the
proportion of a curriculum describing self-competence or social skills. For the
empirical analyses, we standardize cognitive requirement levels, self-competence,
and social skills on the wage sample. To account for heterogeneous returns to selfcompetence and social skills, we use dummies for the terciles.
We display the summary statistics in three tables. The first table includes the
variables annual wages, cognitive requirement level, age, female, and Swiss. The
second table shows the proportion for each tercile of self-competence and social
skills, and the third table presents each tercile’s standardized values.
Table 2: Summary Statistics of Wages, Cognitive Requirement Level, Age,
Female, and Swiss
Variable

Mean

St. dev.

Min

Max

N

Annual wages

80,130

31,416

10,600

198,250 104,660

Cognitive Requirement
Level

0.0

1

-2.06

2.32

104,660

Age

43.53

11.66

18

64

104,660

Female

0.45

0.50

0

1

104,660

Swiss

0.68

0.46

0

1

104,660

Source: Authors’ calculations of the summary statistics from the wage sample. The values
cover overall observations. Cognitive requirement levels stem from expert rating on the
cognitive difficulty level in math and are standardized on the labor market sample.
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Table 3: Summary Statistics of Self-Competence and Social Skills in Terciles
(Proportion)
Variable

Mean

St. dev.

Min

Max

N

1st Tercile SelfCompetence

0.04%

0.06%

0%

0.21%

35,558

2nd Tercile SelfCompetence

0.39%

0.05%

0.24%

0.42%

35,073

3rd Tercile SelfCompetence

1.05%

0.87%

0.42%

4.40%

34,029

1st Tercile Social Skills

0.11%

0.09%

0%

0.30%

35,155

2nd Tercile Social Skills

0.78%

0.33%

0.30%

1.09%

55,227

3rd Tercile Social Skills

1.66%

0.55%

1.12%

2.81%

14,278

Source: Authors’ calculations of the summary statistics from the wage sample. The values
cover overall observations. Self-competence and social skills are standardized on the wage
sample and then grouped into terciles. This table displays the proportion of each tercile of
self-competence and social skills.

Table 4: Summary Statistics of Self-Competence and Social Skills in Terciles
(Standardized Values)
Variable

Mean

St. dev.

Min

Max

N

1st Tercile SelfCompetence

-0.68

0.10

-0.75

-0.42

35,558

2nd Tercile SelfCompetence

-0.15

0.07

-0.38

-0.11

35,073

3rd Tercile SelfCompetence

0.87

1.34

-0.10

6.06

34,029

1st Tercile Social Skills

-0.96

0.16

-1.14

-0.64

35,155

2nd Tercile Social Skills

0.18

0.55

-0.64

0.71

55,227

3rd Tercile Social Skills

1.68

0.93

0.76

3.62

14,278

Source: Authors’ calculations of the summary statistics from the wage sample. The
displayed values relate to overall observations. Self-competence and social skills are
standardized on the wage sample and then grouped into terciles. This table displays the
standardized values of each tercile of self-competence and social skills.
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B. Explanatory Variables: Skills at the Occupational Level
To better understand and illustrate the content and meaning of the skills measures
that are explanatory variables in the following empirical analyses, we use
descriptive results for five of the most common occupations as an illustration. The
five occupations we take as examples are the automotive technician, the cook, the
commercial employee (an office worker carrying out administrative tasks), the
hairdresser, and the logistician (someone involved in planning and carrying out
logistics).11 Table 5 shows the values for self-competence, social skills, and
cognitive requirement levels of these occupations. For self-competence and social
skills, the table shows in which tercile the occupation lies in comparison to all
occupations in our labor market sample. For the three terciles for both selfcompetence and social skills, the third tercile is the highest, the second tercile is in
the middle (that is, medium), and first tercile is the lowest. For cognitive
requirement levels, the table shows the standardized values in our sample. Due to
the standardization, positive (negative) values indicate that the occupation demands
a cognitive requirement level above (or below) the average of all individuals in the
labor market.

11

We derive the task descriptions of the example occupations from the Swiss VET career counselling office
(https://www.berufsberatung.ch/dyn/show/1893).
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Table 5: Examples of Occupations (Terciles of Non-Cognitive Skills,
Standardized Values of Cognitive Requirement Level)
Occupation

Self-Competence Social Skills
Tercile
Tercile
Assignment
Assignment

Cognitive
Requirement
Level

Automotive Technician
(in German “AutomobilFachfrau/-mann”)

2nd

1st

0.55

Cook (in German
“Köchin/Koch”)

3rd

2nd

-1.29

Commercial Employee
(in German “Kauffrau/mann”)

2nd

2nd

0.36

Hairdresser (in German
“Coiffeuse/Coiffeur)

3rd

3rd

-1.80

Logistician (in German
“Logistiker/-in”)

1st

1st

-1.42

Source: Author’s calculation of the skills measures of five common VET occupations as
examples. Self-competence and social skills are standardized on the labor market sample
and then grouped into terciles. Cognitive requirement levels stem from expert rating on the
cognitive difficulty level in math and are standardized on the wage sample.

The automotive technician—who maintains and repairs engines and cars—is in the
second tercile of self-competence; in other words, the proportion of selfcompetence in the curriculum is at a medium level (not the highest or the lowest)
compared to the entire labor market sample. The automotive technician is also in
the first tercile of social skills, in other words, in the lowest third relative to the
entire labor market sample, and has a cognitive requirement level above the mean.
The commercial employee—who handles administrative and organizational
tasks—is in the second tercile for self-competence, in the second tercile for social
skills, and has a cognitive requirement level above the mean. In contrast, the
hairdresser is in the third tercile of both self-competence and social skills, with a
cognitive requirement level below the mean. The logistician—who primarily
transports, stores, and distributes goods—is in the first tercile of both selfcompetence and social skills, with a cognitive requirement level below the mean.
These examples show how our measures can be interpreted in real-world terms and
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how our characterizations of self-competence, social skills. and cognitive
requirement levels provide useful results for further analyses.

C. Empirical Wage Analyses
Our empirical wage analyses examine returns to self-competence and whether their
returns are heterogeneous. We use terciles for self-competence to study whether the
returns of the different terciles increase in a heterogeneous, nonlinear way. We also
study potential heterogeneous complementarities between self-competence and
cognitive requirement levels. Subsequently, we analyze social skills in the same
way to investigate whether the returns to social skills follow a similar potentially
heterogeneous pattern. Given the high correlation between self-competence and
social skills (see Table 8 in the appendix), we deal with the two dimensions in
separate estimations. For the main analysis, we conduct a Mincer-type OLS
regression as follows:
!"# (&'#() *,, = ./ + .1 224(!56"78(9(:;(* + .< 234(!56"78(9(:;(*
+ .> 6"#:?9?@(AB(@(!* + .C 224(!56"78(9(:;(* ∗ 6"#:?9?@(AB(@(!*
+ .E 234(!56"78(9(:;(* ∗ 6"#:?9?@(AB(@(!*
<
+ .F #(:G(H* + .I '#(*,, + .J '#(*,,
+ .K L&?LL* + .1/M1J N('H*,,

+ O*,,
, where 9 = 2010, … , 2018; ? = 1, … , U.

The dependent variable is the log of annual wages. The explanatory variables are
dummies for the second and third terciles of self-competence (T2SelfCompetence,
T3SelfCompetence) and the cognitive requirement level (CognitiveRLevel), as well
as the interaction of the dummies for the second and third terciles of selfcompetence

with

the

cognitive

requirement

level

(T2SelfCompetence*

CognitiveRLevel, T3SelfCompetence*CognitiveRLevel). As all skill measures are at
the level of the training occupation of the individual worker, standard errors are
clustered at the level of the training occupation. We also control for individual
characteristics (gender, age, age squared, being Swiss) and the year. After
analyzing self-competence, we study social skills in the same way (replacing the
variables of the second and third terciles of self-competence with those of social
skills).
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Our regression results show that the wage returns to self-competence are indeed
heterogeneous. Individuals trained in occupations in the second tercile of selfcompetence receive a positive wage increase of 11.2 percent relative to our
baseline, the first tercile (see regression 2 in Table 6). However, those trained in
occupations in the third tercile of self-competence do not receive a positive wage
increase relative to our first-tercile baseline. Thus, because the wage returns to selfcompetence first increase and then decrease across terciles, they are heterogeneous
and nonlinear. Furthermore, the results show that a one standard deviation higher
cognitive requirement level in an occupation is on average associated with a 4.0
percent higher wage for the graduates.
Table 6: Heterogeneous Wage Returns to Self-Competence
VARIABLES
(Baseline: 1st Tercile Self-Competence)

(1)
log wage

(2)
log wage

(3)
log wage

2nd Tercile Self-Competence

0.112*** 0.109***
(0.029)
(0.025)

0.107***
(0.027)

3rd Tercile Self-Competence

-0.045
(0.035)

-0.022
(0.032)

-0.009
(0.034)

0.040***
(0.011)

0.027**
(0.011)

Cognitive requirement level
2nd Tercile Self-Competence*Cognitive
requirement level

-0.015
(0.027)

3rd Tercile Self-Competence*Cognitive
requirement level
age, age2
gender
swiss
years
Constant

0.050*
(0.026)

Observations
Number of individuals
R2 overall
R2 between individuals

Yes
Yes
Yes
Yes
9.694***
(0.051)

Yes
Yes
Yes
Yes
9.676***
(0.056)

Yes
Yes
Yes
Yes
9.680***
(0.052)

104,660
64,951
0.158
0.167

104,660
64,951
0.164
0.172

104,660
64,951
0.168
0.177

Source: Authors’ calculations. Panel data 2010-2018. Standard errors in parentheses
clustered on training occupation. Reading example of the coefficient of the 2nd tercile selfcompetence in regression (1): “Compared to the first tercile of self-competence, individuals
trained in occupations in the second tercile of self-competence receive a positive wage
increase of 11.2 percent.”
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To further illuminate the heterogeneous wage returns to self-competence, we plot
the marginal effect of the terciles of self-competence to wages in Figure 2 (similar
to regression 2 in Table 6). The y-axis displays the linear prediction and the x-axis
the different terciles with 1 as the lowest, 2 as the medium, 3 as the highest level of
self-competence. The figure shows that the medium level of self-competence has
the highest predicted wage compared to the lowest level and the highest level.
Figure 2: Predictive Margins Across Terciles of Self-Competence (Regression
2)

11.1

Linear Prediction
11.15
11.2
11.25

11.3

Regression 2: Predictive Margins of Self-Competence with 95% CIs

1

2
Self-Competence

3

Source: Authors’ calculations. Predictive margins at the mean similar to regression 2 in
Table 6 (in other words, controlled for cognitive requirement level, age, age squared,
gender, swiss, year).

For the complementarity between self-competence and cognitive skills, the results
show that the wage returns are also heterogeneous. As regression 3 in Table 6
shows, the return is positive only for the third tercile of self-competence when the
cognitive requirement level is high. Individuals trained in occupations in the third
tercile of self-competence when the cognitive requirement level is one standard
deviation above the mean receive a positive wage return of 5.0 percent. However,
as the slightly negative but insignificant coefficient shows, those trained in
occupations in the second tercile of self-competence when the cognitive
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requirement level is one standard deviation above the mean do not receive a positive
wage return. Thus, for occupations with a high cognitive requirement level, the
wage returns to self-competence are heterogeneous: They primarily increase in the
third tercile.
To further illuminate the heterogeneous complementary returns to self-competence
and cognitive requirement levels, we plot the marginal effect of the terciles of selfcompetence grouped by above and below the mean of the cognitive requirement
level in Figure 3 (similar to regression 3 in Table 6). The y-axis displays the linear
prediction and the x-axis the different terciles with 1 as the lowest, 2 as the medium,
3 as the highest level of self-competence. The blue (red) line indicates a cognitive
requirement level below or at (above) the mean. The figure shows that a high level
of self-competence has only a high predicted wage in combination with a high
cognitive requirement level.
Figure 3: Predictive Margins Across Terciles of Self-Competence, Grouped
above and below the mean of Cognitive Requirement Levels
(Regression 3)

11

Linear Prediction
11.1
11.2
11.3

11.4

Regression 3: Predictive Margins of Self-Competence with 95% CIs

1

2
Self-Competence
cognitive r. level <= 0

3
cognitive r. level > 0

Source: Authors’ calculations. Predictive margins at the mean similar to regression 3 in
Table 6 (in other words, controlled for age, age squared, gender, swiss, year), but cognitive
requirement level as a dummy and not as a continuous variable.
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The explanation of the wage returns to self-competence very likely lies in a tradeoff between the time spent on increasing self-competence that reduces the time
spent on technical and other important occupational skills combined with
diminishing marginal returns for skills. Moreover, in more sophisticated
occupations, higher levels of self-competence have higher marginal returns. Given
that we measure self-competence in curricula, the high level always means a high
level compared to what is found across all occupational curricula.
To illustrate what these self-competence results mean for particular occupations,
we return to the earlier five examples. For a logistician in the first tercile of selfcompetence, moving into a higher level (the second tercile) of self-competence
would lead to a wage increase, because being more reliable, autonomous, or
motivated would increase his or her productivity. For an automotive technician in
the second tercile of self-competence, an even higher level (third tercile) would not
lead to a wage increase, likely because other important skills—such as occupationspecific ones—would be displaced in the training process.
For a cook in the third tercile of self-competence, the high level does not lead to
higher wages unless a higher cognitive requirement level is involved. In such a case,
the cook’s wages would increase due to the complementarity between selfcompetence and the cognitive requirement levels in the third tercile. For example,
a Michelin-star chef—which is not a distinct VET occupation and thus does not
exist in our dataset—requires a high level of cognitive skills and therefore would
benefit from a high level of self-competence. In contrast, a high school cafeteria
cook—which is not a distinct VET occupation and thus does not exist in our
dataset—requires a low level of cognitive skills and thus would not benefit from a
high level of self-competence.
The subsequent analyses of social skills indicate that the wage returns to social
skills are also heterogeneous. Individuals trained in occupations in the second
tercile of social skills receive a positive wage increase of 11.2 percent relative to
our baseline, the first tercile of social skills (see regression 2 in Table 7). However,
those trained in occupations in the third tercile of social skills receive a positive,
although lower wage increase than the second tercile relative to our first-tercile
baseline (see the coefficient of 8.3 percent). Thus, because the wage returns to social
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skills first increase and then decrease across terciles, they are heterogeneous
showing similar patterns to self-competence. Furthermore, the results show that a
one standard deviation higher cognitive requirement level in an occupation is on
average associated with a 7.0 percent higher wage for their graduates.
Table 7: Heterogeneous Wage Returns to Social Skills
VARIABLES
(Baseline: 1st Tercile Social Skills)

(1)
log wage

(2)
log wage

(3)
log wage

2nd Tercile Social Skills

0.069**
(0.034)

0.112***
(0.031)

0.086***
(0.031)

3rd Tercile Social Skills

0.019
(0.056)

0.083*
(0.049)

0.098***
(0.038)

0.070***
(0.015)

0.037**
(0.016)

Cognitive requirement levels
2nd Tercile Social Skills * Cognitive
requirement levels

0.028
(0.035)

3rd Tercile Social Skills * Cognitive
requirement levels
age, age2
gender
swiss
years
Constant

Yes
Yes
Yes
Yes
9.677***
(0.051)

Yes
Yes
Yes
Yes
9.639***
(0.053)

0.111***
(0.026)
Yes
Yes
Yes
Yes
9.661***
(0.055)

Observations
Number of individuals
R2 overall
R2 between individuals

104,660
64,951
0.138
0.147

104,660
64,951
0.156
0.165

104,660
64,951
0.164
0.172

Source: Authors’ calculations. Panel data 2010-2018. Standard errors in parentheses
clustered on training occupation. Reading example of the coefficient of the 2nd tercile
social skills in regression (1): “Compared to the first tercile of social skills, individuals
trained in occupations in the second tercile of social skills receive a positive wage increase
of 6.9 percent.”

To further illuminate the heterogeneous returns to social skills, we plot the marginal
effect of the terciles of social skills to wages in Figure 4 (similar to regression 2 in
Table 7). The y-axis displays the linear prediction and the x-axis the different
terciles with 1 as the lowest, 2 as the medium, 3 as the highest level of selfcompetence. The figure shows that the medium level of social skills has the highest
predicted wage compared to the lowest level and the highest level. While the
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difference between predictive margins of the lowest level and the medium level are
significantly different from one another, the confidence intervals of the predictive
margins of the second tercile and the third tercile overlap.
Figure 4: Predictive Margins Across Terciles of Social Skills (Regression 2)

11.05

11.1

Linear Prediction
11.15
11.2

11.25

11.3

Regression 2: Predictive Margins of Social Skills with 95% CIs

1

2
Social Skills

3

Source: Authors’ calculations. Predictive margins at the mean similar to regression 2 in
Table 7 (in other words, controlled for cognitive requirement level, age, age squared,
gender, swiss, year).

For the complementarity between social skills and cognitive requirement levels, the
results show that returns are also heterogeneous. As regression 3 in Table 7 shows,
the return is positive only for the third tercile of social skills when the cognitive
requirement level is high. Individuals trained in occupations in the third tercile of
social skills when the cognitive requirement level is one standard deviation above
the mean receive a positive wage return of 11.1 percent. However, as the positive
but insignificant coefficient shows, those trained in occupations in the second
tercile of social skills when the cognitive requirement level is one standard
deviation above the mean do not receive a significant positive wage return. Thus,
for occupations with a high cognitive requirement level, the wage returns to social
skills are heterogeneous: They primarily increase in the third tercile, showing
similar patterns to self-competence.
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To further illuminate the heterogeneous complementary returns to social skills and
cognitive requirement levels, we plot the marginal effect of the terciles of social
skills grouped by above and below the mean of the cognitive requirement level in
Figure 5 (similar to regression 3 in Table 6). The y-axis displays the linear
prediction and the x-axis the different terciles with 1 as the lowest, 2 as the medium,
3 as the highest level of social skills. The blue (red) line indicates a cognitive
requirement level below or at (above) the mean. The figure shows that a high level
of social skills has only a high predicted wage in combination with a high cognitive
requirement level.
Figure 5: Predictive Margins Across Terciles of Social Skills, Grouped above
and below the mean of Cognitive Requirement Levels (Regression
3)

10.8

11

Linear Prediction
11.2
11.4

11.6

Regression 3: Predictive Margins of Social Skills with 95% CIs

1

2
Social Skills
cognitive r. level <= 0

3
cognitive r. level > 0

Source: Authors’ calculations. Predictive margins similar to regression 3 in Table 7 (in
other words, controlled for cognitive requirement level, age, age squared, gender, swiss,
year), but cognitive requirement level as a dummy and not as a continuous variable.

In line with the explanations of the self-competence results, the explanation of the
wage returns to social skills very likely lies in a trade-off between the time spent on
increasing social skills that reduces the time spent on technical and other important
occupational skills combined with diminishing marginal returns for both skills.
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Moreover, in more sophisticated occupations, higher levels of social skills and have
higher marginal returns. Given that we measure social skills in curricula, the high
level always means a high level compared to what is found across all occupational
curricula.
To again illustrate what these social skills results mean for particular occupations,
we return to the earlier examples. For an automotive technician who is in the first
tercile of social skills, moving into a higher level of social skills (second tercile)
would lead to a wage increase, because being able to work in a team, friendly and
communicative would increase his or her productivity. For a cook in the second
tercile of social skills, an even higher level (third tercile) would not lead to a wage
increase, likely because other important skills—such as occupation-specific ones—
would be displaced in the training process.
For a hairdresser in the third tercile of social skills, the high level of social skills
does not lead to higher wages unless a higher cognitive requirement level is
involved. In such a case, the hairdresser’s wages would increase due to the
complementarity between social skills and cognitive requirement levels in the third
tercile. For example, a hairdresser owning their hair salon with two employees—
which is not a distinct VET occupation and thus does not exist in our dataset—
requires a high level of cognitive skills and therefore would benefit from a high
level of social skills. In contrast, another hairdresser employed at a hair salon—
which is not a distinct VET occupation and thus does not exist in our dataset—
requires a low level of cognitive skills and thus would not benefit from a high level
of social skills.
While previous studies on social skills assumed linear returns, our results show that
heterogeneity is important. Nevertheless, like previous studies (Deming 2017;
Deming and Kahn 2017; Weinberger 2014), our additional analyses show—at the
mean—positive individual returns of both social skills and cognitive requirement
levels and a complementary return of social skills and cognitive requirement levels
(see Table 9 in the appendix). This indirectly confirms the validity of our
methodology for measuring social skills and cognitive skills.
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V.

Conclusion

In this paper, we investigate an important but often neglected dimension of noncognitive skills needed in the workplace, self-competence. Sociological research
promotes the importance of self-competence as a dimension of non-cognitive skills
(Salvisberg 2010), while previous labor economics studies primarily focus on social
skills, another dimension of non-cognitive skills (Deming 2017; Deming and Kahn
2017; Weinberger 2014). One potential hindrance of previous studies is that
measuring dimensions of on-the-job non-cognitive skills is challenging. To
overcome this problem, we use training curricula and advanced machine-learning
methods to analyze the vast quantities of curricula texts contributing
methodologically to the current labor economics literature on skills.
We focus on potential heterogeneous returns, in contrast to previous labor
economics research that analyze average wage returns. Indeed, our wage analyses
show that returns to self-competence are heterogeneous. We find the strongest
relationship between wages and a medium level of self-competence compared to a
low or high level. Further results on complementarities between self-competence
and cognitive requirement levels show also heterogeneous returns. Particularly,
investing a high level of self-competence is only positively associated with wages
when the occupation also demands a high cognitive requirement level. An
explanation for these patterns is a trade-off between the time spent on increasing
self-competence that reduces the time spent on technical and other important
occupational skills in combination with diminishing marginal returns for both skills.
Returns to social skills have similar heterogeneous patterns to self-competence. Our
results emphasize that returns to dimensions of non-cognitive skills, such as selfcompetence and social skills, are heterogeneous; an important insight leading to
novel policy recommendations that previous studies have not yet established.
Our results suggest the following policy recommendations for designing
occupational curricula: The training of self-competence—nurturing individuals to
act responsibly for oneself, for example being more reliable, autonomous, or
motivated—is a very important part of each curriculum, and it is in general most
valuable if on a medium level, leaving enough room for other important
occupational skills. Hence, occupations with a low level of self-competence can be

26
improved by increasing self-competence in their curriculum. However, over a
certain level, it is no longer valuable to spent more time on improving selfcompetence because the teaching of other occupational skills would suffer too
much. Only in occupations with high cognitive requirement levels, it can pay to
teach very high levels of self-competence because these are very sophisticated
occupations with high levels of discretion which needs to be combined with high
levels of self-competence. Given that we measure self-competence in curricula, the
high level always means a high level compared to what is found across all
occupational curricula. Results for social skills lead to similar conclusions.
The potential mechanism explaining our results is the trade-off of training different
skills, assuming that the amount of skills a worker’s training can include is finite.
Instead of spending more and more effort on teaching a very high level of selfcompetence or social skills, it pays more to teach technical and other important
occupation-specific skills. Thus, the time spent on increasing self-competence
reduces the time spent on technical and other important occupational skills (tradeoff) in combination with diminishing marginal returns for both skills. Moreover, in
highly sophisticated occupations, higher levels of self-competence have higher
marginal returns. While our study does not focus on comparing trade-offs between
skills, future research could identify such trade-offs.
The limitation of our paper is that we do not investigate whether the results originate
from a sorting effect, in line with Borghans, ter Weel, and Weinberg (2008), or stem
from a causal effect of training, in line with Heckman and Kautz (2012). On the one
hand, if workers acquire or substantially strengthen their skills during their training,
the results would be driven by a causal effect of training. On the other hand, workers
with high self-competence, say, choose occupations that require precisely those
skills that also have high teaching emphasis on self-competence, so that the results
could also originate from a sorting effect. However, it seems unreasonable to
assume that teaching would not add anything and most reasonable to assume that
both effects apply, which is also argued by Hoeschler, Balestra, and Backes-Gellner
(2018) for “Grit” (the perseverance and passion for long-term goals). Irrespective
of the potential mechanisms, our study sheds light on heterogeneous returns to
dimensions of non-cognitive skills, such as self-competence or social skills, that
previous studies have not yet considered.
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Appendix
Table 8: Correlations between Wages, Self-Competence, Social Skills and
Cognitive Requirement Level

Wages

Cognitiv
e
Require
ment
Level

1st
Tercile
SelfCompete
nce

2nd
Tercile
SelfCompete
nce

3rd
Tercile
SelfCompete
nce

1st
Tercile
Social
Skills

2nd
Tercile
Social
Skills

Wages
Cognitive
Requirement
Level

0.1947*

1st Tercile SelfCompetence

-0.0192

0.1825*

2nd Tercile SelfCompetence

0.1235*

0.0709*

-0.5251*

3rd Tercile SelfCompetence

-0.1067*

-0.2603*

-0.4912*

-0.4834*

1st Tercile Social
Skills

0.0411*

0.4806*

0.5167*

-0.3101*

-0.2142*

2nd Tercile
Social Skills

-0.0099

-0.2998*

-0.2827*

0.4949*

-0.2158*

-0.7455*

3rd Tercile Social
Skills

-0.0415*

-0.2215*

-0.2952*

-0.2905*

0.6010*

-0.2861*

-0.4254*

Source: Authors’ calculations. Pairwise correlations with a Bonferroni correction. Only
data on 2013 (year randomly chosen) included, because some individuals in more than one
year observed. The values in bold show the correlations between the same terciles of selfcompetence and social skills. * means statistical significance on the 0.01 significance level.
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Table 9: Wage Returns to Social Skills at the Mean
VARIABLES

(1)
log wage

Social Skills

0.046*** 0.038***

Cognitive requirement levels
Social Skills*Cognitive requirement
levels
age, age2
gender
swiss
years
Constant

Observations
Number of individuals
R2 overall
R2 between individuals

(2)
log wage

(0.013)
(0.012)
0.058*** 0.066***
(0.014)
(0.011)
0.043***
(0.009)
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
9.709*** 9.720***
(0.055)
(0.053)
104,660
64,951
0.157
0.165

104,660
64,951
0.168
0.176

Source: Authors’ calculations. Panel data 2010-2018. Standard errors in parentheses
clustered on training occupation. Reading example coefficient of the coefficient of social
skills in regression (1): “An increase of one standard deviation of social skills is associated
with a 4.6 percent increase in wages at the mean.”

