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Abstract 

This paper examines the effect of information and communication technologies (ICT) on the demand for workers in 
Switzerland. We compare the hypotheses that an increase in ICT leads to upskilling or job polarization and investigate 
their implications for countries where vocational education and training (VET) is the most widespread education pro-
gram at the upper secondary level. Using data from a large employer–employee survey, we create a novel measure 
of ICT based on the percentage of ICT workers within firms. This measure allows us to assess the impact of ICT on the 
educational composition of the workforce by exploiting variation over time. We find that ICT has an upskilling effect 
from 1996 to 2018: ICT decreases the demand for low-skilled workers while increasing the demand for high-skilled 
workers, especially those with a tertiary vocational education. These results strongly suggest that VET is a valid alterna-
tive to a strictly academic education, because workers with a tertiary VET degree are as good, or better, at adjusting to 
technological change as workers with a tertiary academic education.
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1  Introduction
The expansion of information and communication tech-
nologies (ICT) is one of the most significant trends in 
industrialized countries. The disappearance of occupa-
tions and employment resulting from an increase in ICT-
based technologies such as automation and robotics has 
become a hotly debated subject in the media and among 
policymakers. Researchers even try to predict which 
occupations will become obsolete and how large the 
displacement effect on employment will be (e.g., Frey & 
Osborne, 2017).

The debate over the influence of technological change 
on labor has long been dominated by the skill-biased 
technical change (SBTC) hypothesis, which posits 
that technological development favors highly skilled 

occupations (Katz & Murphy, 1992). SBTC, also known 
as upskilling, implies a shift in labor demand from low-
skilled to high-skilled workers. Nonetheless, the impli-
cations of this hypothesis were partially contradicted by 
studies from the USA (Autor et  al., 2006) and the UK 
(Goos & Manning, 2007), both of which showed that 
employment growth mainly occurred in low- and high-
skilled occupations while decreasing in the middle of 
the distribution. Goos & Manning (2007) define this 
phenomenon—which Autor et  al. (2003) had originally 
linked to the routinization of jobs—as job polarization.

Nonetheless, US studies may be biased, because they 
presuppose a certain educational system that does not 
necessarily apply to other countries. Indeed, despite a 
growing number of studies on labor market polarization 
and the routinization of jobs, evidence is scarce for the 
effect of technological change on labor demand in coun-
tries where most workers have a vocational education and 
training (VET) diploma or a professional education and 

Open Access

Swiss Journal of 
Economics and Statistics

*Correspondence:  filippo.pusterla@mtec.ethz.ch

2 ETH Zurich, MTEC Department, Chair of Education Systems, 
Stempfenbachstrasse 69, 8092 Zurich, Switzerland
Full list of author information is available at the end of the article

http://orcid.org/0000-0003-3512-1462
http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s41937-022-00101-8&domain=pdf


Page 2 of 22Pusterla and Renold ﻿Swiss Journal of Economics and Statistics          (2022) 158:22 

training (PET) degree.1 Furthermore, some researchers 
argue that VET graduates are theoretically at a disadvan-
tage in adjusting to technological change (e.g., Krueger & 
Kumar, 2004; Hanushek et al., 2017). However, evidence 
of the effect of technological change on the demand for 
VET workers is relatively scarce, and the little research 
that exists—in case of Germany, for example—is contra-
dictory (Rendall & Weiss, 2016; Roy & Consoli; 2018).

This study extends current knowledge of the impact of 
ICT on the demand for workers with different types of 
education, among others with VET. As for ICT, there are 
many ways to measure its diffusion and intensity. In our 
analysis we focuses on the labor component of ICT. Con-
cretely, to capture the extent of ICT in a firm, we created 
a novel measure of ICT based on the percentage of ICT 
workers within firms. Focusing on the labor component 
of ICT offers multiple advantages, compared for instance 
to ICT capital, which covers a significantly smaller por-
tion of firms’ outlay for ICT and is more subject to meas-
urement errors.

As for the composition of the labor force, we subdivide 
workers into six groups, according to their highest educa-
tional level. In addition to academic university graduates, 
high school graduates, and untrained workers, we con-
sider workers with upper secondary VET, workers with 
tertiary PET degrees (Federal Diploma of Higher Educa-
tion or Advanced Federal or Diploma of Higher Educa-
tion), and workers who have graduated from a University 
of Applied Sciences (UAS) (bachelor-granting three-
year colleges teaching and conducting applied research). 
Analyzing six education groups allows a fine-grained 
analysis of differences between types of education. Our 
analysis draws on data from 1996 to 2018 in the Swiss 
Earnings Structure Survey (SESS), a biannual survey of 
firms, which is the largest representative firm survey in 
Switzerland.

To assess the effect of ICT on labor demand,2 we use 
quantitative regression analysis. We estimate equations 
that explain the percentage of employees with a particu-
lar education level by the extent of ICT in the firm. To 
account for firms’ unobserved heterogeneity, we apply 
pseudo-panel methods in our estimations. We include 
time*region fixed effects, which allow us to capture 
changes in labor supply and control for firm size and 
workers’ characteristics.

Our results suggest that ICT has an upskilling effect 
during the 1996–2018 period. Specifically, we find 

evidence that ICT increases the demand for high-skilled 
workers while decreasing the demand for low-skilled 
ones. Our results further suggest that the upskilling effect 
is larger for firms in the manufacturing sector than those 
in the service sector. For firm size, our estimates indicate 
a polarizing effect of ICT in large firms but an upskilling 
effect in small- and medium-sized ones.

A limitation of this study’s data needs stating from the 
outset. Our analysis is based on two different proxies for 
ICT occupations: one for 1996–2010 and the other one 
for 2012 onward. This division is made because a shift in 
the information collected in the SESS precludes having 
a single ICT measure for all samples. Although we pro-
vide evidence for the similarity of these two measures, we 
cannot rule out the possibility that the different results 
we find for the two periods can partly be linked to these 
two different proxies.

The contribution of our paper is threefold. First, we 
create a novel measure of ICT based on the percentage of 
ICT workers within firms, a measure easily transferable 
to other countries or different datasets. Second, we pro-
vide new evidence of the effects of ICT on the labor mar-
ket in Switzerland. While most of the literature focuses 
on the US labor market, we contribute to the debate 
about the effect of ICT in a European country. Third, 
by focusing on a fine-grained distinction among work-
ers’ educations, we also contribute to the literature on 
the adaptability of VET-educated workers to technologi-
cal change (e.g., Hanushek et al., 2017). Our study shows 
that the expansion of ICT increases the demand not only 
for tertiary academic workers but also for workers with a 
PET degree and particularly those with a degree from a 
UAS. This finding suggests that both PET and UAS ter-
tiary degrees constitute a valid alternative to academic 
university education. Distinguishing among these three 
types of highest education levels is particularly valuable 
for many European countries—including Austria, Den-
mark, Germany, and Switzerland—where the majority of 
workers enter the labor market with an upper secondary 
VET education (Hoeckel & Schwartz, 2010).

The remainder of this paper is structured as follows. 
The following section describes some of the key features 
of the Swiss education system, mainly focusing on the 
peculiarity of the Swiss VET and PET. Section 3 reviews 
the literature on the effect of technological change on 
labor market demand and presents our hypotheses. 
Section  4 explains the estimation strategy, and Sect.  5 
describes the data. Section  6 presents the results of the 
analysis and deals with the issue of reverse causality by 
providing a robustness test of our main results. Section 7 
investigates whether the results for the entire time period 
also hold for sub-periods. Section 8 concludes.

2  For simplicity, we refer to this as the effect of ICT on labor demand, while 
what our estimations actually measure is an equilibrium outcome.

1  We use the terms VET and PET for educational programs that prepare stu-
dents for labor market entry in specific occupations or trades.
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2 � The Swiss education system
The Swiss education system has an academic and a voca-
tional track, both at the upper secondary and at the ter-
tiary level. At the upper secondary level, there are two 
main options. First, there is the possibility to enter fur-
ther general education via a general baccalaureate school 
(equivalent to high school), which prepares youngsters 
for further studies at the tertiary level, usually at universi-
ties. The proportion opting for this pathway is relatively 
small, constituting approximately 20% of youngsters 
enrolled at the upper secondary level (SERI, 2018).

The second possibility at the upper secondary level, 
also the most common, is to embark on vocational 
education, typically through a dual-track VET, which 
combines practical training within a firm and general 
education in a vocational school. This pathway provides 
youngsters with a solid foundation in a given occupation. 
There are around 250 occupations to choose from. Most 
dual-track VETs last 3 or 4 years and ends with a nation-
ally recognized VET diploma that gives access to tertiary-
level professional education if combined with sufficient 
work experience. In the Swiss context, VET at the upper 
secondary level forms the basis for lifelong learning and 
opens up a wealth of job prospects (SERI, 2018).

Swiss tertiary-level education comprises professional 
education, Universities of Applied Sciences (UAS), and 
conventional universities. Professional education imparts 
the competences needed to handle challenging techni-
cal or managerial activities. Admission to professional 
education is normally open to holders of a VET diploma. 
There are around 400 federal examinations and 57 study 
programs at colleges of higher education in eight profes-
sional fields. The proportion of VET graduates who, after 
some years of work experience, decide to pursue profes-
sional qualifications has increased slightly over the last 
decade, to almost one-third (SERI, 2018).

The federal vocational baccalaureate can be acquired in 
parallel to a VET diploma or as a one-year course after 
completion of VET. The federal vocational baccalaure-
ate improves permeability and entitles students to con-
tinue to a UAS, preparing them for professional activities 
through practical studies and applied research. Study 
programs are structured according to the Bachelor–Mas-
ter system. In line with the European higher education 
framework, UAS are characterized by teaching-based 
orientation and applied research.

The general baccalaureate schools (high schools) serve 
mainly as student generators for conventional universi-
ties. Baccalaureate holders have the highest transition 
rates to higher education, with more than three-quarters 
enrolling with a conventional university within 2 years 
of obtaining their baccalaureate degree (Wolter et  al. 
2018). For this reason, it is hard to find individuals in the 

labor market with a high school diploma as the highest 
level of education obtained. Admission to a conventional 
university with a federal vocational baccalaureate is also 
possible although not frequent. This transition normally 
requires following a one-year preparatory course and 
passing the University Aptitude Test. Similarly, transi-
tioning from a general baccalaureate school to a UAS is 
also possible. Such transitions generally require one year 
of work experience (Swissuniversities, 2015).

The Swiss education system is characterized by a high 
degree of permeability. It is relatively easy for learners 
to switch between the vocational/professional and gen-
eral education pathways and pursue further education 
and training opportunities. Wolter et al. (2018) provides 
a detailed description of the Swiss education system, 
the transition possibilities, and graduates’ labor market 
outcomes.

3 � Literature review and hypotheses
Despite a growing body of literature on the effect of ICT 
on labor demand, the question of whether ICT decreases 
the demand for workers remains unanswered. By con-
trasting the concepts of job polarization and upskilling, 
this section reviews the literature on ICT’s effect on the 
labor market, summarizes the international evidence, 
and links specific findings to the Swiss labor context.

3.1 � From skill‑biased technical change to job polarization
The debate over the influence of ICT on occupational 
structure has long been dominated by the assumption 
that technological change favors highly skilled occupa-
tions (e.g., Katz & Murphy, 1992; Hansen & Birkinshaw, 
2007; Goos et al., 2009). This assumption, known as the 
SBTC hypothesis, suggests that new technologies lead to 
higher productivity, especially for highly educated work-
ers, who possess the necessary skills to use them (see 
Acemoglu, 2002; Hornstein et al., 2005, for a theoretical 
foundation of skill-biased technological change). SBTC 
thus posits that ICT shifts labor demand from unskilled 
to skilled workers.

The empirical literature confirms this positive relation-
ship between ICT and the demand for workers’ skills 
across countries. Autor et al. (1998) show that the SBTC 
hypothesis, as measured by computerization, fits sev-
eral salient changes in the distribution of earnings in the 
USA. Goldin & Katz (2009) empirically show that this 
framework successfully considered changes in the skill 
premium and the demand for skills in the USA through-
out the twentieth century.

However, as Acemoglu (1999) points out, the SBTC 
hypothesis is partly contradicted by the empirical obser-
vation that the employment structure in the US has 
become polarized—that is, employment in low- and 
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high-paid occupations has increased, while the percent-
age of medium-paid occupations has decreased. Acemo-
glu & Autor (2011) also show that the distribution of 
employment in the USA across occupations “twisted” 
over the period 1980–2007. They point out that employ-
ment grew nearly monotonically in occupational skills 
during the 1980s, with the percentage of occupations 
below the median skill level declining and the percentage 
of occupations above the median increasing. During the 
1990s, while employment growth continued to increase 
in the higher part of the distribution, it also increased 
modestly at the bottom. In contrast, the percentage of 
occupations around the median skill level decreased. 
Acemoglu & Autor (2011) call this pattern “job polariza-
tion.” They also point out during the 2000s, the US labor 
market became further polarized by showing substantial 
growth at the bottom part of the skills distribution, while 
showing negative growth and no growth, respectively, in 
the middle and top part of the skills distribution.

Linking job polarization to the diffusion of ICT, Autor 
et  al. (2003) argue that this job polarization reflects the 
routinization of jobs—and that understanding the labor 
market consequences of technical change calls for dis-
tinguishing between skills and tasks. This distinction is 
crucial because workers with a given level of skills can 
perform different tasks. These tasks, in turn, are differ-
ently affected by ICT. In their classic work, Autor et  al. 
(2003) distinguish both between routine and non-routine 
tasks and between cognitive and manual tasks, finding 
that ICT has a negative impact on workers performing 
routine manual and routine cognitive tasks. In contrast, 
they find that ICT positively affects workers conducting 
non-routine cognitive tasks but has no effect on workers 
performing non-routine manual tasks.

Following the groundbreaking work of Autor et  al. 
(2003), many scholars have further developed the task-
based perspective. David & Dorn (2013) show that the 
expansion of service employment explains almost all the 
increase at the bottom of the occupational distribution. 
Autor et al. (2015) highlight that the effect of ICT on the 
percentage of workers performing routine tasks in the US 
manufacturing sector has weakened since the 1980s but 
intensified in the service sector. These findings suggest 
that the effect of ICT on the labor market is shifting from 
automation in the manufacturing sector to computeriza-
tion of information processing in the service sector.

The polarization pattern applies to the USA and many 
European countries, as shown by Goos et  al. (2009), 
who analyze labor evolution in 16 European countries 
between 1993 and 2006. They show that the decline in 
the percentage of middle-wage occupations in all 16 
countries was accompanied by an increase in the per-
centage of high-wage occupations (in 13 countries) and 

an increase in low-wage occupations (in 11 countries). 
Michaels et  al. (2014) test whether industry–country 
pairs with faster growth in ICT experienced a relatively 
faster growth of tertiary-educated workers. Using data 
from the USA, Japan, and nine European countries for 
the period 1980–2004, they show that industries with 
faster ICT growth raise the relative demand for high-
skilled workers while reducing it for middle-skilled work-
ers. Their results are thus consistent with the notion of 
ICT-based polarization.

However, despite the attention given to labor market 
polarization, evidence from countries where most work-
ers have a VET degree—including Austria, Germany, and 
Switzerland—is scarce. This lack of evidence is worrying, 
given the theoretical argument that VET graduates are at 
a disadvantage in adjusting to technological change (e.g., 
Krueger & Kumar, 2004; Hanushek et al., 2017). Moreo-
ver, few empirical studies consider the effect of techno-
logical change on VET, and the results are contradictory.

For example, recent analyses by Roy & Consoli (2018) 
and Rendall & Weiss (2016), investigating employment 
polarization in Germany within the framework of task-
biased technical change, reach opposing conclusions. 
Roy & Consoli (2018) show that regions with a high per-
centage of VET experienced a decline in routine jobs, 
suggesting occupational upskilling. In contrast, Rendall 
& Weiss (2016) find that regions with high percentages 
of VET students have less computer adoption and less 
employment polarization. They argue that this relatively 
lower computer adoption arises because the firm-spe-
cific investment in VET prevents firms from adopting 
new technologies. These contradictory findings highlight 
the need for further investigations into the relationship 
between ICT and VET.

For Switzerland, the evidence is even sparser than for 
Germany. One of the few relevant studies was under-
taken by Oesch & Rodriguez Menes (2011), who analyze 
the development of occupational structure in Switzerland 
according to changes in wage distribution from 1990 to 
2008. They focus on changes in skills and task composi-
tion, and find for Switzerland a decrease in low-skilled 
non-routine manual occupations. In total, their results 
suggest that labor evolution in Switzerland shows an 
increasing pattern of polarization. However, they do not 
measure the direct effect of digitalization but consider 
it as a possible explanation. Bolli et al. (2015), in a simi-
lar manner, investigate the occupation-specific unem-
ployment risk and show that the unemployment rate of 
high-paid and low-paid occupational groups has grown 
less than that of medium-paid occupational groups. This 
finding is more consistent with the polarization pattern 
of the labor market. However, once again, the effect of 
digitization is not measured directly.
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In contrast, Balsmeier & Woerter (2019) offer evidence 
of the impact of digitization on job creation or destruc-
tion. Using a representative survey of Swiss firms, they 
measure investments in ICT capital at firm level. Their 
analyses suggest that increased investment in digitaliza-
tion is associated with increased employment of high-
skilled workers, while it reduces the employment of 
low-skilled workers. This finding is more in line with the 
upskilling hypothesis than with the polarizing one. The 
authors’ analysis focuses on dividing workers into three 
major groups based on their education.

3.2 � Hypotheses
We develop our research hypothesis from the theoreti-
cal framework and empirical evidence. As the literature 
is inconclusive regarding the effect of ICT on the propor-
tion of workers with different levels of education, we for-
mulate two opposing hypotheses.

First, if the SBTC hypothesis holds for Switzerland, 
ICT can be expected to have an upskilling effect across 
education levels. We thus hypothesize as follows:

H1a  ICT has an upskilling effect, i.e., the effect of ICT 
on the demand for workers follows an increasing linear 
pattern, from untrained toward tertiary-level educated 
workers.

Second, if the job polarization hypothesis holds for 
Switzerland, a U-shape effect can be expected across 
the education levels. We thus formulate the following 
hypothesis:

H1b  ICT has a polarizing effect, i.e., the effect of ICT 
on the demand for workers follows a U-shape across the 
education levels.

4 � Empirical strategy
This section discusses the empirical strategy we use to 
assess the effect of ICT on the demand for workers. We 
begin by discussing how we operationalize ICT. We then 
present the pseudo-panel approach, which allows us to 
include firm fixed effects in a system of repeated cross 
sections. In this step, we provide detailed information on 
how we construct the cells and the necessary conditions, 
allowing us to obtain consistent estimates from repeated 
cross sections. We then briefly discuss the advantages 
that a generalized method of moments (GMM) can pro-
vide in solving potential problems of reverse causality 
inherent the fixed effects estimations.

4.1 � Operationalizing ICT
Firms can engage in many types of ICT investments. 
According to Kaiser (2003), ICT could refer, among other 
things, to expenditure in physical ICT capital (hardware, 
telecommunications equipment), expenditure for ICT 
workers, and expenditure for ICT services bought exter-
nally (e.g., programming services). This considerable 
expenditure might reflect diverse technologies. Never-
theless, the economic theory of supermodularity devel-
oped by Milgrom & Roberts (1990; 1995), suggests that 
firms’ ICT investment strategies are often combined, so 
that complementarities between firms’ ICT investment 
strategies exist.

In this paper, we approximate ICT by considering only 
the labor component. Hence, we neglect the capital com-
ponent of ICT. There are three reasons for approximating 
ICT based on ICT workers only. First, labor expenditure 
constitutes a significant portion of firms’ outlay for ICT 
(Tambe & Hitt, 2012). Second, the literature has largely 
shown the complementary relation between ICT work-
ers and ICT usage (Caroli & Van Reenen, 2001; Hemp-
ell, 2003; Arvanitis & Loukis, 2009; Hagsten & Sabadash, 
2017). Third, it is much easier to measure the number of 
ICT workers than to measure the stock of ICT capital. 
Furthermore, as highlighted by Taştan & Göne (2020), 
there may be fewer concerns about ICT employment 
measurement errors than ICT capital measurement 
errors.

4.2 � Pseudo‑panel approach
To assess the effect of ICT on the demand for workers, 
we use a quantitative regression analysis. We estimate 
equations that relate the percentage of non-ICT work-
ers with a particular educational level to the percentage 
of ICT workers in a firm. To avoid the mechanical effect 
that an increase in ICT workers has on workers’ educa-
tional composition within a firm, we exclude ICT work-
ers from the dependent variable. By so doing, we avoid 
being misled by a potential situation in which ICT work-
ers are highly represented among a specific education 
group (e.g., among academic-educated workers), result-
ing in the employment effect being driven by education 
rather than ICT. As we do not account for the effect of 
ICT on ICT workers, our empirical strategy provides a 
lower bound of the effect of ICT on labor demand.3

Observing firms’ percentages of ICT workers and their 
workforce composition over time allows us to apply firm 
fixed effects, thereby preventing possible bias due to 
time-invariant unobserved firm-specific heterogeneity. 

3  Estimations including ICT workers in the percentage of workers with a par-
ticular education level provide qualitatively similar results.
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As the data used in this study consist of independ-
ent, repeated cross sections, the inclusion of firm fixed 
effects is not feasible. However, the pseudo-panel meth-
ods, which consider stable groups of firms with similar 
characteristics (e.g., geographical location, industry, firm 
size), rather than single firms over time, constitute a valid 
alternative (Deaton, 1985). In the pseudo-panel method, 
firm variables are replaced by their intra-group means. 
The necessary condition is that cells (i.e., groups of firms) 
are fixed over time. If this condition holds, firm fixed 
effects can be replaced by cell fixed effects, and the model 
can be estimated as a standard panel fixed effect.

To illustrate the pseudo-panel method, we start by 
presenting a standard panel fixed effect. Assume that we 
have genuine panel data that allow us to follow firms over 
time. We can estimate the effect of ICT on the percent-
age of employees with a particular education level in a 
firm as follows:

where ylit is the percentage of employees with education 
level l in firm i at time t, who are not classified as ICT 
workers. ICTit is the percentage of ICT occupations in 
firm i at time t, and Xti is a vector of control variables. 
γrt is a dummy for combinations of region and year, cap-
turing time-region-specific trends. ǫit is the error term, 
which is clustered at the firm level. In genuine panel data, 
αi is a fixed unknown parameter.

For repeated cross sections, Deaton (1985) suggests the 
use of cells for obtaining a consistent estimate of β with 
repeated cross sections. Cells c are groups of firms shar-
ing certain common characteristics. Firms belong to one 
cell, which remains fixed for all periods. If cells are based 
on a large number of individual observations, we can 
assume that cell averages over time are fixed ( ̄αct = αc ), so 
that a natural estimator of β yields a fixed effect estima-
tor (sometimes called “within estimator”) on the pseudo-
panel. Aggregating observations at the cell level, we can 
thus rewrite the equation as follows:

where ylct is the percentage of employees with education 
level l in cell c at time t, ICTct ct is the percentage of ICT-
intensive occupations in cell c at time t, and X̄i is a vec-
tor of control variables averaged across cell c in time t. γrt 
still captures time-region-specific trends. ūct is the error 
term, which now is clustered at the cell level.

The pseudo-panel approach has the additional benefit 
that the use of cell means averages out the measurement 
errors of individual firms (Antman & McKenzie, 2007). 
We construct cells c, grouping together firms with char-
acteristics considered similar. According to Guillerm 

(1)ylit = αi + β1ICTit + β2Xit + γrt+ ∈it

(2)
ȳlct = αc + β1ICTct + β2X̄ct + γrt + ūct c = 1, . . .C ; t = 1, . . . ,T

(2017), a good selection criterion must (a) be based on 
firm-level characteristics that do not change over time, 
(b) generate enough cells to reduce measurement errors, 
and (c) not generate not too many cells, to prevent loss of 
the necessary within-cell variability.

We construct pseudo-panel cells by grouping the firm-
level observations by year, regions (106), firm size (three), 
and industry defined at the two-digit level (55 classes 
derived from NOGA 2002 classification for 1996–2010 
and 41 classes derived from NOGA 2008 classification 
for 2012–2018). We thus potentially create 17,490 cells 
per year for 1996–2010 and 13,038 cells per year for 
2012–2018.

Not all combinations of industry * region * firm size 
exist in the data, resulting in 48,386 cells over the period 
1996–2018 with an average of about 61 firms per cell. 
We thus obtain an unbalanced quasi-panel comprising 
observations of each cell c at different times. We calculate 
the percentages of workers with education level l and the 
average of all explanatory variables for each cell.

As pointed out by Verbeek & Nijman (1992), cell aver-
ages should be based on approximately 100 observations 
to minimize possible sampling error. Because the way we 
construct the cells generates an average slightly below 
this threshold, we test alternative possibilities for group-
ing firms. We lower the level of detail in each of the three 
parameters we use to construct the cells. By considering 
only two firm sizes instead of three, we generate 45,807 
cells with an average of approximately 65 firms per cell. 
By considering 16 supra-regional labor markets instead 
of 106 local labor market regions, we generate 14,181 
cells with an average of approximately 234 firms per 
cell. Finally, by considering 18 branches of the economy 
instead of the 55 (41) industries defined at the two-digit 
level for the period 1996–2010 (2012–2018), we generate 
26,367 cells with an average of approximately 160 firms 
per cell. All three variations in how we construct the cells 
lead to qualitatively similar results4.

4.3 � GMM approach
While the fixed effects estimation of Equation 2 accounts 
for possible time-invariant cell-specific effects, it does 
not control for potential reversed causality. In this case, 
reverse causality would occur if changes in the educa-
tional composition of the workforce would lead to higher 
demand for ICT workers. Furthermore, unobservable 
factors affecting workforce composition and ICT adop-
tion could make the demand for labor endogenous. 
This potential problem has been documented by studies 
showing that workforce composition is a crucial factor in 

4  See Tables 15, 16, and 17 in the Appendix.
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determining ICT adoption and usage (see, e.g., Bresna-
han et al., 2002; Arvanitis, 2005; Falk & Biagi, 2017). To 
deal with potential problems of reverse causality in our 
fixed effects estimations, we use the system GMM esti-
mator developed by Arellano & Bond (1991), which 
instruments variables by the corresponding lagged values 
and differences.

5 � Data and description of variables
To estimate the effect of ICT on the demand for work-
ers, we use the Swiss Earnings Structure Survey (SESS), 
a firm survey conducted by the Swiss Federal Statistical 
Office (SFSO) every 2 years since 1994. The SESS covers 
between 16.6% (1996) and 50% (2010) of total employ-
ment in Switzerland, thus constituting the largest repre-
sentative firm survey in the country. Participation in the 
survey is mandatory.

The SESS is a repeated cross section of workers in Swit-
zerland, reflecting the employment situation in October 
of the corresponding year. Every wave is a new strati-
fied random sample of private and public firms with at 
least three full-time workers. Stratification covers firm 
size, two-digit industry affiliation, and geographic loca-
tion. The sampling occurs at both the firm and employee 
levels. The SFSO selects firms from the Swiss Business 
and Enterprise Register. Firms then select the employ-
ees for whom they provide the information. Firms with 
fewer than 20 workers have to report information on all 
employees. Firms with between 20 and 50 workers can, if 
they wish, report information on every second employee. 
Firms with more than 50 workers can, if they wish, report 
information on every third employee. In the last two 
cases, firms are expected to select workers at random.

The SESS collects detailed information about work-
ers’ and firms’ characteristics. We restrict the sample by 
including only individuals aged between 18 and 65 who 
work in the private sector, with full educational informa-
tion. We focus on 1996–2018, as these waves contain all 
the information necessary for our empirical strategy. We 
study only private sector firms, because SESS coverage of 
the public sector is not complete for our time period.

At the firm level, we construct a measure of total 
employment based on the number of full-time equiva-
lent (FTE) workers in the firm. We also use the number 
of FTEs to create a firm-size classification. We classify 
firms as small if they employ less than 50 FTE workers, 
medium if they employ between 50 and 249 FTE work-
ers, and large if they employ more than 250 FTE workers. 
Industry affiliation is defined according to the NOGA 
2002 classification (55 classes in total) for the waves 
before 2010 and the NOGA 2008 classification (41 classes 
in total) for the waves after 2012. The SESS reports firms’ 
locations according to spatial mobility (MS) regions, 

which the SFSO defines as homogeneous micro-regions 
representing local labor markets (Schuler et  al., 2005). 
MS-regions are thus appropriate for our analysis of the 
labor market effect of ICT on the demand for VET-edu-
cated workers.

At the worker level, the two key variables in our anal-
ysis are ICT and education. For education, we calculate 
for each firm the percentage of workers according to 
the highest level of education achieved. We create six 
educational groups. “Untrained” workers have no post-
compulsory education or no officially recognized firm-
internal vocational training.5 “VET” workers have an 
upper secondary VET education (either dual-VET or full-
time VET school). “High school” workers have an upper 
secondary academic education. This group is relatively 
small, as only a few workers enter the labor force with an 
academic upper secondary diploma as their highest level 
of education (i.e., most continue to tertiary academic 
education). “PET” workers have a tertiary vocational 
degree from a Professional Education and Training Col-
lege or have passed a Federal or Advanced Federal Exam. 
“UAS” workers have a tertiary vocational degree from a 
University of Applied Sciences. “Academic” workers have 
a tertiary academic degree from an academic university.

Figure  1 presents the evolution of workers’ education 
as a percentage of total employment. This graph shows 
that the percentage of VET workers is the largest in the 
workforce and has remained almost constant at around 
50% from 1996 to 2018. In contrast, the percentage of 
Untrained workers declined over time. Nevertheless, in 
2018 the group of Untrained workers was still the sec-
ond largest, at roughly 20% of the workforce. While the 
remaining four groups are relatively small, each repre-
senting 10% or less of the workforce, all four show a sta-
ble or positive trend over time. Both PET and University 
workers almost doubled their percentage, from around 
5% in 1996 to around 10% in 2018. UAS workers remain 
relatively constant throughout the period at around 5% of 
the workforce.6 High school workers, although showing a 
significant increase over time, remain the smallest group.

To capture the extent of ICT in a firm, we use two 
proxies to cover the two periods, one based on ICT occu-
pations and the other on ICT tasks. This is because a shift 
in the information collected in the SSES, which occurred 

5  To this group we add, for 1996–2010, all workers classified as “others.” This 
classification was not continued in the waves starting in 2012.
6  The small increase noticeable between 2016 and 2018 can partly be 
explained by a change in procedure by the SFSO, which as of 2018 retro-
spectively considers certificates from “Höheren Technischen Lehranstalten” 
(HTL) and “Höheren Wirtschafts- und Verwaltungsschulen” (HWV) as 
UAS-level degrees and no longer as PETs. Estimates that exclude the 2018 
wave, and thus allow these degrees to always be ordered in the PET cate-
gory, provide qualitatively similar results.
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between the 2010 and 2012 waves, precludes having a 
single ICT measure for all samples. The first measure of 
ICT, which applies to the period 2012–2018, is based on 
ILO (2012), which defines ICT occupations based on the 
ISCO-08 classifications. As Table  1 reports, ILO (2012) 
defines ICT workers as those working in ISCO-08 occu-
pations “Information and Communication Technology 
Professionals” and “Information and Communication 
Technicians.” As the SESS only covers ISCO in the waves 
after 2012, we use this proxy only for the second period.

As the SESS does not contain ISCO classifications 
before 2012, we use a different proxy for ICT for 1996–
2010, based on a combination of tasks and requirement 
levels. Indeed, according to Cangemi et  al. (2015), the 
main SESS criteria for classifying workers in the ISCO 
occupations after 2012 are the tasks and the require-
ment levels necessary for fulfilling a job. As tasks and the 
requirement levels are the antecedents of the occupation 
variable, we use them to construct a proxy for occupa-
tions in the 1996–2010 waves.

This proxy for ICT is based on two variables: tasks and 
requirement levels. The first variable captures the tasks 
carried out by workers, grouped by fields such as “set-
ting up, operating, and maintaining machines.” While 
these tasks resemble the “Generalized Work Activity” in 
the US O*NET Program, tasks in SESS are less detailed, 
differentiating only 24 activities as opposed to O*NET’s 
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Fig. 1  Educational composition over time

Table 1  ICT occupations according to ISCO-08 classification

Source: ILO (2012)

Code Title

 25 Information and Communication Technology Professionals

 251 Software and Applications Developers and Analysts

  2511 Systems Analysts

  2512 Software Developers

  2513 Web and Multimedia Developers

  2514 Applications Programmers

  2519 Software and Application Developers and Analysts Not 
Elsewhere Classified

 252 Database and Network Professionals

  2521 Database Designers and Administrators

  2522 Systems Administrators

  2523 Computer Network Professionals

  2529 Database and Network Professionals Not Elsewhere Classified

 35 Information and Communication Technicians

  351 Information and Communications Technology Operations and 
User Support Technicians

  3511 Information and Communications Technology Operations 
Technicians

  3512 Information and Communications Technology User Support 
Technicians

  3513 Computer Network and Systems Technicians

  3514 Web Technicians

 352 Telecommunications and Broadcasting Technicians

  3521 Broadcasting and Audiovisual Technicians

  3522 Telecommunications Engineering Technicians
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41 (Tsacoumis & Willison 2010). In the SESS, each per-
son is assigned to one task, and for our measure we only 
consider those performing the “Analyzing, Program-
ming, Operation” task as ICT workers. The second vari-
able we use in constructing the proxy for 1996–2010 is 
the requirement level. This variable uses four categories 
to measure how demanding and difficult the work is. 
We restrict this variable by considering only workers at 
requirement level 4 (denoting a job involving the most 
demanding and difficult work) or level 3 (a job requir-
ing independent and qualified work).7 As for those with 
level 2 (denoting a job requiring professional and techni-
cal skills) or level 1 (a job involving simple and repetitive 
activities), we do not consider them ICT workers.

Figure 2 reports the evolution of our two ICT proxies. 
It shows that the percentage of ICT workers, according 
to the task-based definition, measures from around 1% 
in 1996 to 2% in 2010. The percentage of ICT workers, 
according to the occupations-based measure, increases 
from around 2% in 2012 to 2.5% in 2018. Although 
theoretically these two variables are not completely 

comparable—the first describes ICT tasks, while the 
second refers to ICT occupations—this figure shows 
that our proxy for 1996–2010 is close to the percentage 
of ICT workers based on ICT occupations. Our proce-
dure is further supported by Braun-Dubler et al. (2016), 
who also use the activities classified as “Analyzing, Pro-
gramming, Operation”—based on the SESS dataset—to 
investigate the evolution of salaries in ICT occupations. 
For further worker-level information, we use age, gender, 
part-time, and tenure.8

We collapse the firm-level data of 11,575,341 workers 
and aggregate waves in a dataset of 243,123 and 128,011 
observations for 1996–2010 and 2012–2018, respectively. 
Table  2 reports the firm-level summary statistics of the 
main variables used for the empirical analysis for the 
entire period and both sub-periods.
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Fig. 2  Percentage of ICT workers according to the two proxies

7  According to the SESS codebook, in the waves from 2012, ISCO-08 occu-
pations 20–26 have requirement level 4, while ISCO-08 occupations 30–35 
have requirement level 3. According to the ILO (2012), ICT occupations cor-
respond to ISCO-08 classes 25 and 35. Thus, we restrict our definition of ICT 
workers to those having requirement levels 3 and 4.

8  SFSO imprecisely coded workers with less than one year of tenure with a 
missing value in the wave preceding 2004. Therefore, we cannot distinguish 
between workers with zero and missing values of tenure in 1996–2002. 
Excluding all observations with a missing value of tenure would reduce the 
sample size significantly, because the percentage of missing values in the ten-
ure variable lies between 5% and 10% in the waves from 1996 to 2002 but is 
less than 0.4% from 2004. To avoid losing a considerable percentage of work-
ers, we correct this variable by adopting a consistent (albeit imperfect) defini-
tion of tenure—by recoding all missing values to zero in all waves.
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6 � Estimation results
This section presents the results of our estimation pro-
cedure, identifying the effect of ICT on the proportion 
of workers grouped by their highest education level. 
We start by presenting the results for the pseudo-panel 
method. We then present the result for a generalized 
method of moments (GMM), which deals with poten-
tial problems of reverse causality of the fixed effects 
estimations.

6.1 � OLS with fixed effect
Table  3 reports the results for 1996–2018. Columns (1) 
to (6) use the percentage of the six educational groups 
in this paper as a dependent variable: Untrained, VET, 
High school, PET, UAS and University. All estimations 
include time*MS-region fixed effects and control for total 
employment in the firm, firm averages of tenure and age, 
and the percentage of part-time and female workers.9 The 
coefficients of interest are those in the first row of the 
table, which reports the effect of the percentage of ICT 
workers with a given education. It is noteworthy that the 
inclusion of time dummies allows us to account for the 
general trend of increasing percentage of workers with 
tertiary education that occurred during the considered 
period previously documented in Figure  1. The coef-
ficients for ICT thus capture the additional “upskilling” 
effect experienced by firms, which increased their ICT 
employment.

The coefficient for ICT in column (6) is positive and 
statistically significant. The coefficient of 0.0797 means 
that a one percentage-point increase in ICT workers 
results in an average 0.08 percentage-point increase in 
university workers. Considering that the average percent-
age of ICT workers is 2% and that the average percentage 
of University workers is approximately 5.4%, this finding 
implies that an increase in the percentage of ICT workers 
from 2% to 3% is associated with an increase in Univer-
sity workers from 5.4% to approximately 5.5%.

The coefficient in column (5) suggests that the effect of 
ICT is larger for UAS workers. A test of pairwise equal-
ity suggests that the coefficient for UAS is statistically 
different from that of University. The coefficient of ICT 
in column (4), which is also positive and statistically sig-
nificant, is smaller for PET workers than for University 
or UAS workers. The coefficient of ICT in column (3) is 
positive and statistically different from zero but smaller 
than the previous ones. This coefficient suggests a smaller 
effect of ICT growth on the percentage of workers with 

high school as the highest level of education. In contrast, 
the ICT coefficients in columns (2) and (1) indicate that 
for Untrained workers, and especially for VET workers, 
an increase in ICT reduces their employment.

The values for ICT suggest patterns more in line with 
the upskilling hypothesis (H1a) than the job polariza-
tion hypothesis (H1b). Indeed, we observe that ICT 
increases the demand for workers monotonically along 

Table 2  Firm-level summary statistics

N Mean SD Min Max

1996–2018

 Untrained 371134 0.20 0.29 0 1

 VET 371134 0.52 0.35 0 1

 High school 371134 0.03 0.11 0 1

 PET 371134 0.11 0.19 0 1

 UAS 371134 0.06 0.16 0 1

 University 371134 0.08 0.19 0 1

 ICT workers 371134 0.02 0.10 0 1

 Total employment 371134 31.19 267.09 1 38740

 Tenure 371134 6.94 4.93 0 68.5

 Age 371134 40.66 6.95 18 64.0

 Share of part-time workers 371134 0.38 0.35 0 1

 Female 371134 0.45 0.33 0 1

1996–2010

 Untrained 243123 0.21 0.29 0 1

 VET 243123 0.54 0.34 0 1

 High school 243123 0.02 0.09 0 1

 PET 243123 0.10 0.19 0 1

 UAS 243123 0.06 0.15 0 1

 University 243123 0.06 0.17 0 1

 ICT workers (task-based) 243123 0.02 0.10 0 1

 Total Employment 243123 28.44 219.49 1 38740

 Tenure 243123 7.07 4.93 0 49

 Age 243123 40.10 6.93 18 64

 Share of part-time workers 243123 0.36 0.34 0 1

 Female 243123 0.43 0.33 0 1

2012–2018

 Untrained 128011 0.18 0.28 0 1

 VET 128011 0.49 0.35 0 1

 High school 128011 0.05 0.13 0 1

 PET 128011 0.11 0.20 0 1

 UAS 128011 0.07 0.17 0 1

 University 128011 0.10 0.22 0 1

 ICT workers (occupation-
based)

128011 0.02 0.10 0 1

 Total employment 128011 36.41 339.53 1 37036

 Tenure 128011 6.68 4.90 0 68.5

 Age 128011 41.72 6.87 18 64

 Share of part-time workers 128011 0.42 0.35 0 1

 Female 128011 0.47 0.33 0 1

9  These control variables are averaged over the values of all firms in a given 
cell. By so doing, we consider workers’ average characteristics independently 
of the educational group. Robustness tests in which we include the educa-
tional groups’ averages provide qualitatively similar results.
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the education distribution. Specifically, we find support 
for our hypothesis that ICT decreases the demand for 
untrained workers while increasing the demand for PET, 
UAS, and University workers. The effect on the demand 
for middle-educated workers is more nuanced. On the 
one hand, ICT decreases the demand for upper second-
ary VET workers, although this decrease is less pro-
nounced than that for Untrained workers. On the other 
hand, ICT has a small but positive effect on the demand 
for high school workers.

In Sect. 3.2, when formulating our hypotheses, we did 
not differentiate our expectations for the intensity of the 
upskilling or polarizing effect across sectors and firm 
size. Nevertheless, we could expect some heterogene-
ity of the ICT effect across industries and firm sizes. For 
instance, Stockinger (2019) finds that ICT diffusion in 
Germany leads to negative overall employment effects in 
manufacturing but positive effects in the service indus-
tries. Hence, we could expect to find more evidence of 
upskilling or polarization in firms that operate in the ser-
vice sector rather than in manufacturing. Furthermore, 
the current debate on the role of ICT in the demand for 

skilled workers neglects possible heterogeneity across 
firm size. However, from a historical perspective, studies 
show that productivity gains derived from technologi-
cal change increase relative to the size of the firm (Katz 
& Margo, 2014). We thus expect ICT to have a greater 
effect on labor demand in large firms than in small ones, 
due to the higher degree of division of labor.

Table  4 reports the coefficients of ICT for the differ-
ent subsamples. In the first line, we report the ICT coef-
ficients for the full sample, which represents our baseline. 
In the subsequent rows, we report the ICT coefficients 
estimated on subsamples by sector and firm size. To 
facilitate the comparison across subsamples, we report 
the coefficient for ICT and the number of cells including 
firms with those characteristics. The full tables, which 
include the coefficients for all regressors, are shown in 
“Appendix A.1.”

We focus first on estimations by sector. By comparing 
the ICT coefficients with the one for the full sample, we 
observe that our measures of ICT suggest an upskilling 
effect for the manufacturing and service sectors, with 
the size of the effects larger in the former. Thus, our 

Table 3  Pseudo-panel FE estimation

The table shows OLS coefficients of fixed effects estimates of a firm pseudo-panel with cells defined based on MS-region, industry, and firm size. Standard errors in 
parentheses are clustered at the cell level. N reports the number of pseudo-panel cells that contain at least one firm. The main explanatory variable measures the 
cell percentage of ICT workers according to ICT tasks (1996-2010) or ICT occupations (2012-2018). Estimates further control for time*MS-region fixed effects and cell 
averages of total employment, tenure, age, part-time status, and gender. Each column shows the results for a different dependent variable measuring the percentage 
of workers with a particular education within the cell

*P < 0.10, ** P < 0.05, ***P < 0.01

(1) (2) (3) (4) (5) (6)
Untrained VET High school PET UAS University

ICT − 0.0983***
(0.0252)

− 0.188***
(0.0307)

0.0299**
(0.0126)

0.0569**
(0.0221)

0.120***
(0.0178)

0.0797***
(0.0254)

Firm total employment 0.0000123***
(0.00000231)

− 0.0000108***
(0.00000248)

− 0.000000321
(0.000000634)

− 0.000000135
(0.00000118)

− 0.000000740
(0.000000835)

− 0.000000298
(0.000000934)

Tenure − 0.00552***
(0.00129)

0.00758***
(0.00151)

− 0.0000482
(0.000441)

0.00172**
(0.000785)

− 0.000859
(0.00616)

− 0.00288***
(0.000682)

Tenure squared 0.0000956**
(0.0000449)

− 0.000167***
(0.0000511)

0.00000910
(0.0000147)

− 0.0000351
(0.0000269)

0.0000486***
(0.0000211)

0.0000485**
(0.0000216)

Age 0.00698**
(0.00285)

− 0.0292***
(0.00332)

− 0.00417***
(0.00108)

0.00648***
(0.00181)

0.00669***
(0.00136)

0.0132***
(0.00182)

Age squared − 0.0000340
(0.0000349)

0.000310***
(0.0000407)

0.0000353***
(0.0000128)

− 0.0000773***
(0.0000224)

− 0.0000820***
(0.0000170)

− 0.000152***
(0.0000231)

Part-time dummy 0.0378***
(0.0085)

− 0.0386***
(0.00880)

0.00848***
(0.00263)

− 0.0247***
(0.00437)

0.0204***
(0.00421)

− 0.00341
(0.00458)

Male 0.0119
(0.00947)

0.0455***
(0.0108)

0.00872***
(0.00304)

− 0.00734
(0.00523)

− 0.0435***
(0.00552)

− 0.0153***
(0.00546)

Time * MS-region FE ✓ ✓ ✓ ✓ ✓ ✓
N 48386 48386 48386 48386 48386 48386

Mean dependent variable 0.223 0.553 0.0250 0.0919 0.0537 0.0539
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estimations cannot support the expectation that the size 
of the upskilling or polarizing effect of ICT is greater in 
the service sector.

We turn now to the estimation by firm size reported in 
the lower part of Table 4. The results show that the effects 
of ICT on the demand for workers with different educa-
tion levels differ strongly across firm size. We observe 
generally larger effects in large firms than in medium or 
small ones. In small and medium firms, the patterns are 
consistent with the upskilling hypothesis, while in large 
firms the results are mixed. Hence, our expectation that 
the size of the upskilling or polarizing effect of ICT is 
greater in large firms than in small or medium ones is not 
confirmed.

6.2 � GMM estimation
Table 5 reports the results of the GMM for 1996–2018. 
The GMM estimates suggest a positive but statistically 
insignificant coefficient for ICT on the demand for Uni-
versity workers. In contrast, the coefficients for UAS and 
PET workers are positive and statistically different from 
zero. The coefficient for UAS is slightly lower than that 
for the fixed effect estimation in Table  3, while that for 
PET is higher. Similarly, the coefficient for High school 
workers is higher in the GMM estimates than in the 
fixed effect estimation. The effect of ICT on the demand 
for VET workers is negative and statistically significant, 
albeit smaller than in the fixed effect estimations. Finally, 

Table 4  Pseudo-panel FE estimations: subsamples

The table shows OLS coefficients of fixed effects estimates of a firm pseudo-panel with cells defined based on MS-region, industry, and firm size. Standard errors in 
parentheses are clustered at the cell level. N reports the number of pseudo-panel cells that contain at least one firm. The main explanatory variable measures the cell 
percentage of ICT workers according to ICT tasks (1996–2010) or ICT occupations (2012–2018). Estimates further control for time*MS-region fixed effects and cell 
averages of total employment, tenure, age, part-time status, and gender. Each column shows the results for a different dependent variable measuring the percentage 
of workers with a particular education within the cell

*P < 0.10, ** P < 0.05, ***P < 0.01

(1) (2) (3) (4) (5) (6)
Untrained VET High school PET UAS University

Full sample

 ICT − 0.0983***
(0.0252)

− 0.188***
(0.0307)

0.0299**
(0.0126)

0.0569**
(0.0221)

0.120***
(0.0178)

0.0797***
(0.0254)

 N 48386 48386 48386 48386 48386 48386

Subsamples by 
sector

Manufacturing sector

 ICT − 0.153**
(0.0683)

− 0.264***
(0.0543)

0.00239
(0.0175)

0.0821***
(0.0301)

0.203***
(0.0356)

0.129***
(0.0287)

 N 22473 22473 22473 22473 22473 22473

Service sector

 ICT − 0.0890***
(0.0251)

− 0.155***
(0.0344)

0.0386***
(0.0148)

0.0521*
(0.0267)

0.0914***
(0.0204)

0.0614**
(0.0310)

 N 26538 26538 26538 26538 26538 26538

Subsamples by firm size

Small-sized firms

 ICT − 0.0828***
(0.0296)

− 0.189***
(0.0369)

0.0247**
(0.0117)

0.0506*
(0.0273)

0.133***
(0.0227)

0.0637**
(0.0306)

 N 34173 34173 34173 34173 34173 34173

Medium-sized firms

 ICT − 0.137**
(0.0558)

− 0.103*
(0.0608)

0.00771
(0.0157)

0.0974**
(0.0394)

0.0442*
(0.0257)

0.0909*
(0.0516)

 N 10422 10422 10422 10422 10422 10422

Large firms

 ICT − 0.130
(0.0947)

− 0.283**
(0.111)

0.155
(0.103)

0.0426
(0.0390)

0.0898*
(0.0517)

0.126
(0.0921)

 N 3791 3791 3791 3791 3791 3791
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the size of the ICT coefficient for VET workers is very 
close to that in the fixed effect estimation. Overall, the 
GMM estimations confirm the upskilling pattern previ-
ously observed.

7 � Robustness check
This section deals with the issue of having two proxies 
for ICT occupations, one for 1996–2010 and the other 
for 2012–2018. Although Sect. 5 discusses the methodo-
logical concepts motivating the use of these variables and 
argues for the compatibility of these two measures, the 
question remains whether ICT’s effect on the demand 
for labor might depend on the way the ICT variable is 
defined. Therefore, as a robustness check, we separately 
present the results for 1996–2010 and 2012–2018.

7.1 � Fixed effect estimates for separate time periods
Tables  6 and 7 report the results based on the pseudo-
panel procedure for the periods 1996–2010 and 2012–
2018, respectively. As with the full sample, columns (1) to 
(6) use as dependent variables the percentages of the six 
educational groups that this paper uses.

The coefficient for ICT in column (6) for 1996–2010 is 
positive, statistically significant, and very close to those 
observed for the entire period. The coefficient for 2012–
2018 is positive but not statistically different from zero. 
The coefficients in columns (5) are positive and statisti-
cally significant for both periods. The effect is larger in 
1996–2010 than in 2012–2018. For both periods, the 
effect of ICT is thus larger for UAS workers than Uni-
versity ones. The coefficients for ICT in columns (4) are 
very similar and close to those for the entire period, even 
though the coefficient for 2012–2018 is not statistically 
significant.

The coefficients of ICT in column (3) in both samples 
are positive but not statistically different from zero. How-
ever, the size of the coefficients is similar to that observed 
in column (3) of Table 3. The ICT coefficients in columns 
(2) are negative and statistically significant for both sam-
ples, confirming ICT’s negative effect on the demand for 
VET workers observed for the entire sample. Finally, the 
ICT coefficients in columns (1) indicate a negative effect 
for Untrained workers, which is larger—and statistically 

Table 5  GMM estimations

The table shows the GMM estimates of a firm pseudo-panel with cells defined according to MS-region, industry, and firm size. Standard errors in parentheses are 
clustered at the cell level. N reports the number of pseudo-panel cells that contain at least one firm. The main explanatory variable measures the cell percentage of ICT 
workers according to ICT tasks (1996–2010) or according to ICT occupations (2012–2018). Estimates further control for time*MS-region fixed effects and cell averages 
of total employment, tenure, age, part-time status and gender. Each column shows the results for a different dependent variable measuring the percentage of workers 
with a particular education within the cell

*P < 0.10, ** P < 0.05, ***P < 0.01

(1) (2) (3) (4) (5) (6)
Untrained VET High school PET UAS University

ICT − 0.118**
(0.0464)

− 0.135**
(0.0613)

0.0476*
(0.0265)

0.0746**
(0.0368)

0.0836**
(0.0327)

0.0406
(0.0460)

Firm total employment 0.00000718*
(0.00000394)

− 0.0000101**
(0.00000456)

0.000000316
(0.000000949)

0.00000331
(0.00000305)

0.00000106
(0.00000162)

− 0.00000228
(0.00000280)

Tenure − 0.00465**
(0.00216)

0.00626**
(0.00249)

0.0000152
(0.000634)

0.00166
(0.00127)

− 0.000893
(0.00106)

− 0.00286***
(0.00104)

Tenure squared 0.0000412
(0.0000710)

− 0.000149*
(0.0000833)

0.0000114
(0.0000216)

− 0.00000692
(0.0000415)

0.0000403
(0.0000339)

0.0000772**
(0.0000323)

Age 0.00801*
(0.00486)

− 0.0213***
(0.00544)

− 0.00559***
(0.00184)

0.00330
(0.00279)

0.00394*
(0.00221)

0.0127***
(0.00262)

Age squared − 0.0000397
(0.0000595)

0.000234***
(0.0000666)

0.0000504**
(0.0000219)

− 0.0000467
(0.0000339)

− 0.0000500*
(0.0000281)

− 0.000158***
(0.0000330)

Part-time dummy 0.0622***
(0.0140)

− 0.0504***
(0.0151)

0.0123***
(0.00426)

− 0.0300***
(0.00764)

0.00659
(0.00597)

0.00174
(0.00761)

Male 0.00905
(0.0169)

0.0968***
(0.0193)

− 0.00189
(0.00596)

− 0.00998
(0.0103)

− 0.0583***
(0.00897)

− 0.0316***
(0.00894)

Time * MS-region FE ✓ ✓ ✓ ✓ ✓ ✓
N 25838 25838 25838 25838 25838 25838

Mean dependent variable 0.213 0.552 0.0267 0.0966 0.0545 0.0570
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significant—for 1996–2010, but not statistically different 
from zero for 2012–2018.

The comparison of the values for ICT across the two 
periods suggests similar patterns for some education 
groups, but different effects for others. The effect on 
the demand for workers with UAS, PET, High school, or 
VET as the highest level of education is similar in both 
periods. In contrast, the effect of ICT on the demand for 
University or Untrained workers differs across the two 
periods. Nevertheless, the patterns for both periods are 
more in line with the upskilling hypothesis (H1a) than 
the job polarization hypothesis (H1b).

7.2 � GMM estimates for separate time periods
Tables 8 and 9 report the results of the GMM for 1996–
2010 and 2012–2016, respectively. Compared to the 
pseudo-panel FE estimates presented in Tables  6 and 7, 
the GMM additionally accounts for potential reverse cau-
sality by instrumenting variables by the corresponding 
lagged values and differences (Arellano & Bond, 1991).

The GMM estimates for 1996–2010 suggest a sig-
nificant positive coefficient for ICT on the demand for 
University and UAS workers. These coefficients are 
slightly higher than those for the fixed effect estima-
tion presented in Table 6. In contrast to the fixed effect 
estimation, the GMM coefficient of ICT for PET work-
ers is no longer statistically significant, while that for 
High school workers is statistically significant. Finally, 
the sizes of ICT coefficients for VET and Untrained 
workers are close to those in the fixed effect estimation. 
Overall, the GMM estimations confirm the upskilling 
pattern previously observed.

The GMM estimates for 2012–2018, reported in 
Table 9, present no significant effect of ICT on any edu-
cation group. Although the direction of the coefficients 
resembles the pattern observed in Table  7, we cannot 
provide evidence that ICT affects the percentage of 
workers with a given education in 2012–2018. Extend-
ing the time period would probably allow us to obtain 
more precise estimations.

Table 6  Pseudo-panel FE estimations: 1996–2010

The table shows OLS coefficients of fixed effects estimates of a firm pseudo-panel with cells defined based on MS-region, industry, and firm size. Standard errors in 
parentheses are clustered at the cell level. N reports the number of pseudo-panel cells that contain at least one firm. The main explanatory variable measures the cell 
percentage of ICT workers according to ICT tasks. Estimates further control for time* MS-region fixed effects and cell averages of total employment, tenure, age, part-
time status and gender. Each column shows the results for a different dependent variable measuring the percentage of workers with a particular education within the 
cell

*P < 0.10, ** P < 0.05, ***P < 0.01

(1) (2) (3) (4) (5) (6)
Untrained VET High school PET UAS University

ICT (tasks-based) − 0.189***
(0.0389)

− 0.0951*
(0.0526)

0.0371
(0.0270)

0.0591*
(0.0311)

0.116***
(0.0326)

0.0723**
(0.0300)

Firm total employment 0.0000157***
(0.00000592)

− 0.0000128**
(0.00000531)

− 0.00000210
(0.00000186)

0.000000508
(0.00000280)

9.01e−09
(0.000000942)

− 0.00000127
(0.00000116)

Tenure − 0.00498***
(0.00167)

0.00797***
(0.00190)

0.000187
(0.000412)

0.000358
(0.000966)

− 0.000872
(0.000744)

− 0.00266***
(0.000633)

Tenure squared 0.0000713
(0.0000594)

− 0.000149**
(0.0000666)

0.00000101
(0.0000135)

− 0.0000101
(0.0000319)

0.0000321
(0.0000237)

0.0000548**
(0.0000215)

Age 0.00761**
(0.00366)

− 0.0291***
(0.00417)

− 0.00141
(0.00118)

0.00994***
(0.00235)

0.00556***
(0.00158)

0.00741***
(0.00191)

Age squared − 0.0000292
(0.0000454)

0.000296***
(0.0000519)

0.00000712
(0.0000142)

− 0.000120***
(0.0000293)

− 0.0000687***
(0.0000196)

− 0.0000845***
(0.0000254)

Part-time dummy 0.0390***
(0.00942)

− 0.0174*
(0.0103)

0.00347
(0.00268)

− 0.0262***
(0.00512)

0.00293
(0.00433)

− 0.00181
(0.00388)

Male 0.0581***
(0.0124)

− 0.00676
(0.0136)

0.00498
(0.00345)

− 0.0262***
(0.00749)

− 0.0227***
(0.00590)

− 0.00743
(0.00521)

Time * MS-region FE ✓ ✓ ✓ ✓ ✓ ✓
N 30628 30628 30628 30628 30628 30628

Mean dependent variable 0.241 0.568 0.0174 0.0855 0.0480 0.0405
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Table 7  Pseudo-panel FE estimations: 2012–2018

The table shows OLS coefficients of fixed effects estimates of a firm pseudo-panel with cells defined based on MS-region, industry, and firm size. Standard errors in 
parentheses are clustered at the cell level. N reports the number of pseudo-panel cells that contain at least one firm. The main explanatory variable measures the cell 
percentage of ICT workers according to ICT occupations. Estimates further control for MS-region*time fixed effects and cell averages of total employment, tenure, 
age, part-time status, and gender. Each column shows the results for a different dependent variable measuring the percentage of workers with a particular education 
within the cell

*P < 0.10, ** P < 0.05, ***P < 0.01

(1) (2) (3) (4) (5) (6)
Untrained VET High school PET UAS University

ICT (occupations-based) − 0.0609
(0.0396)

− 0.103**
(0.0425)

0.0199
(0.0238)

0.0465
(0.0380)

0.0701*
(0.0359)

0.0274
(0.0297)

Firm total employment 0.00000624**
(0.00000268)

− 0.00000585*
(0.00000325)

0.000000172
(0.000000787)

− 0.000000116
(0.000000851)

− 0.000000618
(0.000000637)

0.000000170
(0.00000111)

Tenure − 0.00932***
(0.00201)

0.00803***
(0.00249)

− 0.00145
(0.000970)

0.00315**
(0.00144)

− 0.000277
(0.00108)

− 0.000132
(0.00138)

Tenure squared 0.000213***
(0.0000681)

− 0.000199**
(0.0000797)

0.0000499
(0.0000329)

− 0.0000353
(0.0000488)

0.0000118
(0.0000380)

− 0.0000407
(0.0000430)

Age 0.00596
(0.00463)

− 0.0244***
(0.00574)

− 0.00811***
(0.00230)

0.00744**
(0.00308)

0.00890***
(0.00258)

0.0102***
(0.00309)

Age squared − 0.0000254
(0.0000561)

0.000262***
(0.0000689)

0.0000790***
(0.0000267)

− 0.0000897**
(0.0000372)

− 0.000107***
(0.0000321)

− 0.000119***
(0.0000381)

Part-time dummy 0.0221
(0.0152)

− 0.0109
(0.0177)

0.00951
(0.00648)

− 0.0277***
(0.00938)

0.0207***
(0.00798)

− 0.0137
(0.00922)

Male 0.0327*
(0.0174)

0.0133
(0.0202)

0.00440
(0.00799)

− 0.0159
(0.0105)

− 0.0319***
(0.00970)

− 0.00252
(0.0110)

Time * MS-region FE ✓ ✓ ✓ ✓ ✓ ✓
N 17747 17747 17747 17747 17747 17747

Mean dependent variable 0.191 0.528 0.0380 0.103 0.0630 0.0768

Table 8  GMM estimations: 1996–2010

The table shows the GMM estimates of a firm pseudo-panel with cells defined according to MS-region, industry, and firm size. Standard errors in parentheses are 
clustered at the cell level. N reports the number of pseudo-panel cells that contain at least one firm. The main explanatory variable measures the cell percentage of 
ICT workers according to ICT tasks. Estimates further control for time*MS-region fixed effects and cell averages of total employment, tenure, age, part-time status, and 
gender. Each column shows the results for a different dependent variable measuring the percentage of workers with a particular education within the cell

*P < 0.10, ** P < 0.05, ***P < 0.01

(1) (2) (3) (4) (5) (6)
Untrained VET High school PET UAS University

ICT (tasks-based) − 0.275***
(0.0753)

− 0.0827
(0.0947)

0.0809**
(0.0409)

0.0295
(0.0601)

0.141***
(0.0452)

0.0918***
(0.0348)

Firm total employment 0.00000963**
(0.00000473)

− 0.00000696
(0.00000544)

− 0.00000187
(0.00000178)

0.00000321
(0.00000505)

− 0.00000201
(0.00000190)

− 0.00000342
(0.00000241)

Tenure − 0.000508
(0.00281)

0.00215
(0.00316)

− 0.000742
(0.000695)

0.000508
(0.00161)

− 0.000886
(0.00133)

− 0.000775
(0.000990)

Tenure squared − 0.0000950
(0.0000950)

− 0.00000906
(0.000109)

0.0000371*
(0.0000220)

0.00000966
(0.0000528)

0.0000514
(0.0000414)

0.0000153
(0.0000324)

Age 0.000754
(0.00639)

− 0.0136*
(0.00703)

0.000736
(0.00192)

0.00150
(0.00391)

0.00285
(0.00279)

0.00836***
(0.00293)

Age squared 0.0000550
(0.0000791)

0.000128
(0.0000874)

− 0.0000191
(0.0000233)

− 0.0000277
(0.0000484)

− 0.0000379
(0.0000373)

− 0.000106***
(0.0000392)

Part-time dummy 0.0589***
(0.0176)

− 0.0666***
(0.0182)

0.0179***
(0.00411)

− 0.0270***
(0.00829)

0.0141**
(0.00703)

0.00596
(0.00778)

Male 0.0881***
(0.0264)

0.0198
(0.0295)

− 0.00740
(0.00621)

− 0.0676***
(0.0162)

− 0.0176
(0.0128)

− 0.00966
(0.00902)

Time * MS-region FE ✓ ✓ ✓ ✓ ✓ ✓
N 16290 16290 16290 16290 16290 16290

Mean dependent variable 0.229 0.573 0.0190 0.0909 0.0465 0.0420
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8 � Conclusion
This paper explores hypotheses concerning skills-biased 
technical change and job polarization in Switzerland. 
Specifically, we estimate the effect of ICT on the demand 
for workers with VET and PET degrees. Whereas most 
studies on the impact of technological change on the 
labor market only compare tertiary-educated versus non-
tertiary-educated workers, we add to this literature by 
differentiating between six levels of worker education. 
In addition to untrained workers, high school graduates, 
and academic university-educated workers, our novel 
analysis also differentiates workers with an upper sec-
ondary VET education, a tertiary PET degree, and a UAS 
degree. The addition of these three groups is highly valu-
able for countries such as Austria, Denmark, Germany, 
and Switzerland—with their large vocationally educated 
workforce—and for countries in the process of adopting 
or considering adopting dual VET programs.

Our results suggest that ICT had an upskilling effect 
during 1996–2018, meaning that ICT decreased the 
demand for untrained workers and those with an upper 
secondary VET education, while it increased the demand 
for tertiary-educated workers, especially those with 
a UAS degree. The positive effect on the demand for 

workers with tertiary professional education means that 
there is still a need for people with VET as their initial 
education because these are the main providers of PET 
and UAS. Therefore, our results show that upper second-
ary VET as a stepping stone to a UAS education is vital 
for both the manufacturing and service sectors. The 
results suggest that VET is a valid and valuable alterna-
tive to a strictly academic education, because workers 
with a tertiary VET degree are highly competitive in the 
job market and adjust well to technological change.

This paper has several limitations that should be 
remedied in future research. First, our estimations are 
based on survey data, which might include measure-
ment errors. Future research using administrative data 
could avoid random and systematic measurement errors. 
Second, our measure of ICT—which considers the per-
centage of ICT workers within firms—reflects only a par-
ticular type of ICT intensity. Different ICT investments 
might affect a firm’s business practices and skill demand 
and might even interact (Kaiser, 2003). Unfortunately, 
the dataset used in the current analysis does not offer the 
possibility of testing other types of ICT. Future research 
should try to close this gap by testing different types of 
ICT.

Table 9  GMM estimations: 2012–2018

The table shows the GMM estimates of a firm pseudo-panel with cells defined according to MS-region, industry, and firm size. Standard errors in parentheses are 
clustered at the cell level. N reports the number of pseudo-panel cells that contain at least one firm. The main explanatory variable measures the cell percentage of ICT 
workers according to ICT occupations. Estimates further control for time*MS-region fixed effects and cell averages of total employment, tenure, age, part-time status, 
and gender. Each column shows the results for a different dependent variable measuring the percentage of workers with a particular education within the cell

*P < 0.10, ** P < 0.05, ***P < 0.01

(1) (2) (3) (4) (5) (6)
Untrained VET High school PET UAS University

ICT (occupation-based) 0.00800
(0.0889)

− 0.133
(0.111)

0.00972
(0.0469)

− 0.00685
(0.0716)

0.102
(0.0768)

0.0157
(0.0658)

Firm total employment 0.000000672
(0.00000426)

− 0.0000133**
(0.00000581)

0.000000792
(0.00000160)

0.00000518
(0.00000372)

0.00000678*
(0.00000382)

− 6.91e−08
(0.00000366)

Tenure − 0.0121***
(0.00398)

0.00913*
(0.00469)

− 0.000484
(0.00156)

0.00320
(0.00246)

0.000893
(0.00202)

− 0.00123
(0.00220)

Tenure squared 0.000275**
(0.000122)

− 0.000202
(0.000147)

− 0.0000312
(0.0000516)

− 0.0000174
(0.0000794)

− 0.0000658
(0.0000641)

0.0000550
(0.0000683)

Age 0.0134
(0.00852)

− 0.0242**
(0.00941)

− 0.0124***
(0.00347)

0.00640
(0.00483)

0.0126***
(0.00383)

0.00477
(0.00417)

Age squared − 0.0000941
(0.000103)

0.000264**
(0.000115)

0.000133***
(0.0000403)

− 0.0000786
(0.0000584)

− 0.000152***
(0.0000480)

− 0.0000772
(0.0000506)

Part− time dummy 0.0298
(0.0274)

− 0.0250
(0.0323)

0.0135
(0.0115)

− 0.0327*
(0.0168)

− 0.00166
(0.0147)

0.0219
(0.0148)

Male 0.0566*
(0.0295)

− 0.00200
(0.0349)

− 0.0138
(0.0129)

− 0.0221
(0.0197)

− 0.00933
(0.0149)

− 0.00899
(0.0177)

Time * MS-region FE ✓ ✓ ✓ ✓ ✓ ✓
N 6952 6952 6952 6952 6952 6952

Mean dependent variable 0.185 0.521 0.0391 0.110 0.0654 0.0793
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Most importantly, future research should apply the 
approach developed in this paper to other countries 
with formal VET programs, especially because the 
adaptability of VET-educated workers to technologi-
cal change has high priority in policy reforms aimed 
at aligning education with labor market needs. This 
close relationship between a VET education and labor 
market is particularly apparent in Switzerland, where 
VET and PET profiles are developed in close collabo-
ration with the Swiss economy. However, countries 
with different VET programs and specific labor market 
needs will probably differ in terms of polarization and 
upskilling.

Another limitation is that our empirical strategy 
does not account for policy changes. For instance, the 
opening toward cross-border workers during the 2000s 
could have affected the proportion of ICT workers and 

the proportion of workers with a specific education. 
The fact that results from estimations on different sub-
periods indicate a certain consistency over time pro-
vides some indirect evidence that policy changes might 
not have driven the results, though. Nevertheless, our 
results might still be biased by unobserved factors cor-
related with ICT adoption, such as other policy reforms 
that could have increased the demand for ICT workers 
and workers with tertiary education simultaneously. 
Such reforms would weaken the causal interpretation 
of our findings.

A Appendix
A.1 Main results by subsamples
See Tables 10, 11, 12, 13, 14, 15, 16, and 17.

Table 10  Pseudo-panel FE estimates for 1996–2018: small-sized firms

The table shows OLS coefficients of fixed effects estimates of a firm pseudo-panel with cells defined based on MS-region, industry, and firm size. Standard errors in 
parentheses are clustered at the cell level. N reports the number of pseudo-panel cells that contain at least one firm. The main explanatory variable measures the cell 
percentage of ICT workers according to ICT tasks (1996–2010) or ICT occupations (2012–2018). Estimates further control for time*MS-region fixed effects and cell 
averages of total employment, tenure, age, part-time status, and gender. Each column shows the results for a different dependent variable measuring the percentage 
of workers with a particular education within the cell

*P < 0.10, ** P < 0.05, ***P < 0.01

(1) (2) (3) (4) (5) (6)
Untrained VET High school PET UAS University

ICT − 0.0828***
(0.0296)

− 0.189***
(0.0369)

0.0247**
(0.0117)

0.0506*
(0.0273)

0.133***
(0.0227)

0.0637**
(0.0306)

Firm total employment 0.00189***
(0.000200)

− 0.00211***
(0.000226)

0.000110*
(0.0000645)

− 0.000443***
(0.000116)

0.000272***
(0.0000975)

0.000274**
(0.000111)

Tenure − 0.00531***
(0.00138)

0.00717***
(0.00164)

− 0.000124
(0.000481)

0.00189**
(0.000867)

− 0.000855
(0.000667)

− 0.00277***
(0.000735)

Tenure squared 0.0000838*
(0.0000484)

− 0.000145***
(0.0000555)

0.0000107
(0.0000161)

− 0.0000345
(0.0000296)

0.0000432*
(0.0000225)

0.0000414*
(0.0000229)

Age 0.00671**
(0.00294)

− 0.0232***
(0.00348)

− 0.00406***
(0.00114)

0.00596***
(0.00192)

0.00497***
(0.00143)

0.00957***
(0.00185)

Age squared − 0.0000305
(0.0000360)

0.000234***
(0.0000426)

0.0000350***
(0.0000135)

− 0.0000715***
(0.0000237)

− 0.0000606***
(0.0000178)

− 0.000106***
(0.0000236)

Part-time dummy 0.0279***
(0.00871)

− 0.0391***
(0.0101)

0.00984***
(0.00309)

− 0.0266***
(0.00519)

0.0218***
(0.00488)

0.00626
(0.00507)

Male 0.00481
(0.0102)

0.0522***
(0.0119)

0.00870**
(0.00338)

− 0.00491
(0.00594)

− 0.0407***
(0.00618)

− 0.0201***
(0.00578)

Time * MS-region FE ✓ ✓ ✓ ✓ ✓ ✓
N 34173 34173 34173 34173 34173 34173

Mean dependent variable 0.211 0.573 0.0260 0.0910 0.0503 0.0492
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Table 11  Pseudo-panel FE estimates for 1996–2018: medium-sized firms

The table shows OLS coefficients of fixed effects estimates of a firm pseudo-panel with cells defined based on MS-region, industry, and firm size. Standard errors in 
parentheses are clustered at the cell level. N reports the number of pseudo-panel cells that contain at least one firm. The main explanatory variable measures the cell 
percentage of ICT workers according to ICT tasks (1996–2010) or ICT occupations (2012–2018). Estimates further control for time*MS-region fixed effects and cell 
averages of total employment, tenure, age, part-time status, and gender. Each column shows the results for a different dependent variable measuring the percentage 
of workers with a particular education within the cell

*P < 0.10, ** P < 0.05, ***P < 0.01

(1) (2) (3) (4) (5) (6)
Untrained VET High school PET UAS University

ICT − 0.137**
(0.0558)

− 0.103*
(0.0608)

0.00771
(0.0157)

0.0974**
(0.0394)

0.0442*
(0.0257)

0.0909*
(0.0516)

Firm total employment 0.0000830
(0.0000592)

− 0.0000578
(0.0000610)

− 0.00000588
(0.0000175)

− 0.0000249
(0.0000289)

− 0.0000309
(0.0000273)

0.0000364
(0.0000361)

Tenure − 0.00464
(0.00382)

0.0161***
(0.00376)

− 0.000743
(0.00123)

0.000735
(0.00187)

− 0.00273*
(0.00161)

− 0.00873***
(0.00227)

Tenure squared 0.0000567
(0.000128)

− 0.000532***
(0.000128)

0.0000416
(0.0000404)

− 0.0000131
(0.0000621)

0.000155***
(0.0000591)

0.000292***
(0.0000818)

Age − 0.0129
(0.0112)

− 0.106***
(0.0114)

− 0.00542
(0.00419)

0.0222***
(0.00514)

0.0329***
(0.00441)

0.0688***
(0.00857)

Age squared 0.000212
(0.000137)

0.00128***
(0.000140)

0.0000436
(0.0000498)

− 0.000270***
(0.0000647)

− 0.000409***
(0.0000552)

− 0.000852***
(0.000104)

Part-time dummy 0.114***
(0.0199)

− 0.0974***
(0.0191)

0.00296
(0.00536)

− 0.0224***
(0.00831)

0.0267***
(0.00902)

− 0.0234**
(0.0108)

Male 0.0778***
(0.0277)

− 0.0129
(0.0274)

0.00857
(0.00633)

− 0.0263**
(0.0122)

− 0.0585***
(0.0117)

0.0113
(0.0160)

Time * MS-region FE ✓ ✓ ✓ ✓ ✓ ✓
N 10422 10422 10422 10422 10422 10422

Mean dependent variable 0.251 0.508 0.0217 0.0954 0.0617 0.0620

Table 12  Pseudo-panel FE estimates for 1996–2018: large firms

The table shows OLS coefficients of fixed effects estimates of a firm pseudo-panel with cells defined based on MS-region, industry, and firm size. Standard errors in 
parentheses are clustered at the cell level. N reports the number of pseudo-panel cells that contain at least one firm. The main explanatory variable measures the cell 
percentage of ICT workers according to ICT tasks (1996–2010) or ICT occupations (2012–2018). Estimates further control for time*MS-region fixed effects and cell 
averages of total employment, tenure, age, part-time status, and gender. Each column shows the results for a different dependent variable measuring the percentage 
of workers with a particular education within the cell

*P < 0.10, ** P < 0.05, ***P < 0.01

(1) (2) (3) (4) (5) (6)
Untrained VET High school PET UAS University

ICT − 0.130
(0.0947)

− 0.283**
(0.111)

0.155
(0.103)

0.0426
(0.0390)

0.0898*
(0.0517)

0.126
(0.0921)

Firm total employment 0.0000102***
(0.00000240)

− 0.00000821***
(0.00000239)

− 0.000000479
(0.000000606)

0.000000758
(0.00000152)

− 0.000000484
(0.000000807)

− 0.00000174
(0.00000108)

Tenure − 0.0183**
(0.00903)

0.0102
(0.00934)

0.00547*
(0.00326)

− 0.000162
(0.00302)

0.00259
(0.00396)

0.000265
(0.00440)

Tenure squared 0.000446
(0.000306)

− 0.000324
(0.000314)

− 0.0000986
(0.000119)

0.00000669
(0.000111)

− 0.000123
(0.000141)

0.0000920
(0.000149)

Age 0.0663**
(0.0298)

− 0.171***
(0.0397)

− 0.00532
(0.0151)

0.0143
(0.0137)

0.0137
(0.0120)

0.0821***
(0.0221)

Age squared − 0.000666*
(0.000383)

0.00207***
(0.000484)

0.0000142
(0.000188)

− 0.000176
(0.000174)

− 0.000139
(0.000156)

− 0.00110***
(0.000274)

Part-time dummy 0.165***
(0.0433)

− 0.145***
(0.0480)

0.00139
(0.0127)

− 0.00282
(0.0171)

− 0.00235
(0.0133)

− 0.0160
(0.0205)

Male 0.0928
(0.0712)

− 0.0762
(0.0833)

0.0583**
(0.0277)

0.00163
(0.0270)

− 0.0426*
(0.0245)

− 0.0340
(0.0492)

Time * MS-region FE ✓ ✓ ✓ ✓ ✓ ✓
N 3791 3791 3791 3791 3791 3791

Mean dependent variable 0.250 0.499 0.0247 0.0908 0.0624 0.0735
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Table 13  Pseudo-panel FE estimates for 1996–2018: manufacturing sector firms

The table shows OLS coefficients of fixed effects estimates of a firm pseudo-panel with cells defined based on MS-region, industry and firm size. Standard errors in 
parentheses are clustered at the cell level. N reports the number of pseudo-panel cells that contain at least one firm The main explanatory variable measures the cell 
percentage of ICT workers according to ICT tasks (1996–2010) or ICT occupations (2012–2018). Estimates further control for time*MS-region fixed effects and cell 
averages of total employment, tenure, age, part-time status, and gender Each column shows the results for a different dependent variable measuring the percentage 
of workers with a particular education within the cell

*P < 0.10, ** P < 0.05, ***P < 0.01

(1) (2) (3) (4) (5) (6)
Untrained VET High school PET UAS University

ICT − 0.153**
(0.0683)

− 0.264***
(0.0543)

0.00239
(0.0175)

0.0821***
(0.0301)

0.203***
(0.0356)

0.129***
(0.0287)

Firm total employment 0.0000332**
(0.0000135)

− 0.0000155
(0.0000160)

− 0.00000374
(0.00000361)

− 0.000000331
(0.00000769)

− 0.00000829
(0.00000664)

− 0.00000528
(0.00000504)

Tenure 0.00161
(0.00200)

0.00442**
(0.00215)

− 0.000640
(0.000626)

− 0.000349
(0.00113)

− 0.00132**
(0.000642)

− 0.00372***
(0.000740)

Tenure squared − 0.0000375
(0.0000654)

− 0.000107
(0.0000698)

0.0000223
(0.0000211)

0.0000200
(0.0000372)

0.0000265
(0.0000209)

0.0000758***
(0.0000215)

Age 0.0182***
(0.00455)

− 0.0395***
(0.00513)

− 0.00239
(0.00154)

0.00795***
(0.00287)

0.00619***
(0.00161)

0.00959***
(0.00207)

Age squared − 0.000180***
(0.0000553)

0.000429***
(0.0000623)

0.0000210
(0.0000183)

− 0.0000932***
(0.0000348)

− 0.0000677***
(0.0000200)

− 0.000109***
(0.0000258)

Part-time dummy − 0.0156
(0.0118)

0.0345***
(0.0128)

0.0000692
(0.00355)

− 0.00662
(0.00635)

− 0.00452
(0.00394)

− 0.00780
(0.00481)

Male 0.0595***
(0.0158)

− 0.0677***
(0.0160)

0.0128***
(0.00430)

− 0.0127*
(0.00748)

0.000388
(0.00476)

0.00774
(0.00534)

Time * MS-region FE ✓ ✓ ✓ ✓ ✓ ✓
N 22473 22473 22473 22473 22473 22473

Mean dependent variable 0.269 0.558 0.0168 0.0870 0.0389 0.0301

Table 14  Pseudo-panel FE estimates for 1996–2018: service sector firms

The table shows OLS coefficients of fixed effects estimates of a firm pseudo-panel with cells defined based on MS-region, industry, and firm size. Standard errors in 
parentheses are clustered at the cell level. N reports the number of pseudo-panel cells that contain at least one firm. The main explanatory variable measures the cell 
percentage of ICT workers according to ICT tasks (1996–2010) or ICT occupations (2012–2018). Estimates further control for time*MS-region fixed effects and cell 
averages of total employment, tenure, age, part-time status, and gender Each column shows the results for a different dependent variable measuring the percentage 
of workers with a particular education within the cell

*P < 0.10, ** P < 0.05, ***P < 0.01

(1) (2) (3) (4) (5) (6)
Untrained VET High school PET UAS University

ICT − 0.0890***
(0.0251)

− 0.155***
(0.0344)

0.0386***
(0.0148)

0.0521*
(0.0267)

0.0914***
(0.0204)

0.0614**
(0.0310)

Firm total employment 0.0000112***
(0.00000211)

− 0.0000107***
(0.00000283)

− 0.000000124
(0.000000629)

− 1.50e−08
(0.00000126)

− 0.000000531
(0.000000796)

0.000000202
(0.00000105)

Tenure − 0.00966***
(0.00163)

0.00847***
(0.00209)

0.000586
(0.000623)

0.00308***
(0.00112)

− 0.000943
(0.00105)

− 0.00153
(0.00113)

Tenure squared 0.000165***
(0.0000581)

− 0.000143*
(0.0000756)

− 0.0000193
(0.0000212)

− 0.0000667
(0.0000406)

0.0000841**
(0.0000405)

− 0.0000200
(0.0000400)

Age − 0.00461
(0.00366)

− 0.0189***
(0.00439)

− 0.00623***
(0.00151)

0.00672***
(0.00239)

0.00664***
(0.00209)

0.0164***
(0.00277)

Age squared 0.000109**
(0.0000448)

0.000196***
(0.0000540)

0.0000554***
(0.0000180)

− 0.0000811***
(0.0000302)

− 0.0000881***
(0.0000262)

− 0.000191***
(0.0000352)

Part-time dummy 0.0713***
(0.0106)

− 0.0723***
(0.0122)

0.0129***
(0.00384)

− 0.0370***
(0.00622)

0.0348***
(0.00638)

− 0.00962
(0.00721)

Male 0.000297
(0.0115)

0.108***
(0.0145)

0.00663
(0.00445)

− 0.00496
(0.00753)

− 0.0753***
(0.00821)

− 0.0348***
(0.00827)

Time * Region FE ✓ ✓ ✓ ✓ ✓ ✓
N 26538 26538 26538 26538 26538 26538

Mean dependent variable 0.182 0.549 0.0319 0.0969 0.0662 0.0743
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Table 15  Pseudo-panel FE estimation. Cells based on two firm sizes instead of three sizes

The table shows OLS coefficients of fixed effects estimates of a firm pseudo-panel with cells defined based on MS-region, industry, and firm size. Standard errors in 
parentheses are clustered at the cell level. N reports the number of pseudo-panel cells that contain at least one firm. The main explanatory variable measures the cell 
percentage of ICT workers according to ICT tasks (1996–2010) or ICT occupations (2012–2018). Estimates further control for time*MS-region fixed effects and cell 
averages of total employment, tenure, age, part-time status, and gender. Each column shows the results for a different dependent variable measuring the percentage 
of workers with a particular education within the cell

*P < 0.10, ** P < 0.05, ***P < 0.01

(1) (2) (3) (4) (5) (6)

Untrained VET High school PET UAS University

ICT − 0.0907***
(0.0261)

− 0.192***
(0.0319)

0.0287***
(0.0109)

0.0536**
(0.0234)

0.120***
(0.0187)

0.0801***
(0.0266)

Firm total employment 0.0000133***
(0.00000269)

− 0.0000115***
(0.00000240)

0.000000177
(0.000000473)

− 0.000000878
(0.000000991)

− 0.000000823
(0.000000861)

− 0.000000284
(0.00000132)

Tenure − 0.00542***
(0.00131)

0.00738***
(0.00153)

− 0.0000765
(0.000450)

0.00178**
(0.000797)

− 0.000871
(0.000626)

− 0.00278***
(0.000690)

Tenure squared 0.0000909**
(0.0000456)

− 0.000158***
(0.0000520)

0.0000105
(0.0000152)

− 0.0000357
(0.0000273)

0.0000492**
(0.0000214)

0.0000435**
(0.0000219)

Age 0.00686**
(0.00287)

− 0.0283***
(0.00335)

− 0.00413***
(0.00109)

0.00638***
(0.00183)

0.00639***
(0.00137)

0.0128***
(0.00182)

Age squared − 0.0000324
(0.0000352)

0.000298***
(0.0000410)

0.0000352***
(0.0000129)

− 0.0000760***
(0.0000226)

− 0.0000782***
(0.0000172)

− 0.000147***
(0.0000232)

Part-time dummy 0.0351***
(0.00800)

− 0.0366***
(0.00890)

0.00825***
(0.00268)

− 0.0248***
(0.00445)

0.0206***
(0.00431)

− 0.00258
(0.00468)

Male 0.0100
(0.00959)

0.0459***
(0.0109)

0.00857***
(0.00309)

− 0.00683
(0.00533)

− 0.0428***
(0.00564)

− 0.0149***
(0.00553)

Time * MS-region FE ✓ ✓ ✓ ✓ ✓ ✓
N 45807 45807 45807 45807 45807 45807

Mean dependent variable 0.222 0.556 0.0250 0.0915 0.0529 0.0527

Table 16  Pseudo-panel FE estimation.  Cells based on 16 supra-regional labor market instead of 106 local labor market regions 
(MS-regions)

Cells based on 16 supra-regional labor market instead of 106 local labor market regions (MS-regions)

The table shows OLS coefficients of fixed effects estimates of a firm pseudo-panel with cells defined based on supra-regional labor market, industry, and firm size. 
Standard errors in parentheses are clustered at the cell level. N reports the number of pseudo-panel cells that contain at least one firm. The main explanatory variable 
measures the cell percentage of ICT workers according to ICT tasks (1996–2010) or ICT occupations (2012–2018). Estimates further control for time*supra-region fixed 
effects and cell averages of total employment, tenure, age, part-time status, and gender. Each column shows the results for a different dependent variable measuring 
the percentage of workers with a particular education within the cell

*P < 0.10, ** P < 0.05, ***P < 0.01

(1) (2) (3) (4) (5) (6)

Untrained VET High school PET UAS University

ICT − 0.119***
(0.0425)

− 0.221***
(0.0557)

0.0391*
(0.0209)

0.0871***
(0.0333)

0.172***
(0.0317)

0.0417
(0.0369)

Firm total employment 0.00000529*
(0.00000306)

− 0.00000628**
(0.00000286)

− 0.000000337
(0.000000700)

0.000000239
(0.00000102)

− 6.06e−08
(0.000000711)

0.00000115
(0.00000104)

Tenure − 0.00843***
(0.00303)

0.00880***
(0.00315)

0.000500
(0.00114)

0.00448***
(0.00154)

− 0.00105
(0.00122)

− 0.00429***
(0.00154)

Tenure squared 0.000152
(0.000111)

− 0.000180
(0.000114)

0.0000113
(0.0000409)

− 0.000137***
(0.0000522)

0.0000523
(0.0000426)

0.000102**
(0.0000501)

Age 0.0102
(0.00778)

− 0.0616***
(0.00846)

− 0.00358
(0.00290)

0.00311
(0.00480)

0.0128***
(0.00358)

0.0391***
(0.00601)

Age squared − 0.0000507
(0.0000986)

0.000716***
(0.000106)

0.0000119
(0.0000345)

− 0.0000326
(0.0000609)

− 0.000160***
(0.0000430)

− 0.000484***
(0.0000769)

Part-time dummy 0.0894***
(0.0169)

− 0.106***
(0.0167)

0.0221***
(0.00597)

− 0.0189**
(0.00748)

0.0258***
(0.00772)

− 0.0123
(0.00963)

Male 0.0216
(0.0207)

0.0228
(0.0205)

0.0114
(0.00718)

− 0.00451
(0.00929)

− 0.0436***
(0.00912)

− 0.00763
(0.0118)

Time * Supra-region FE ✓ ✓ ✓ ✓ ✓ ✓
N 14181 14181 14181 14181 14181 14181

Mean dependent variable 0.246 0.507 0.0306 0.0901 0.0573 0.0682
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