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Updated education curricula and accelerated 

technology diffusion in the workplace: Micro-evidence 

on the race between education and technology* 

BY TOBIAS SCHULTHEISS† AND USCHI BACKES-GELLNER† 

 
February 2021 

 
 

In the race between education and technology, the updating of 
education curricula with technologies from the research frontier may 
bring these technologies into the workplace faster. To provide micro-
evidence on the technology diffusion effect of curriculum updates, we 
use two types of text as data: vocational education curricula and firms’ 
job advertisements. To control for the natural spread of new 
technologies, we draw on long-term patent and publication data. In 
particular, we examine whether introducing computer-numerical-
controlled machinery, computer-aided design or desktop publishing 
software into vocational education curricula led to an accelerated 
diffusion of these technologies into jobs, as measured by the mention 
of these technologies in job advertisements. Exploiting the staggered 
introduction of new technologies in different occupations as 
instrument, our results show a direct link between the updating of 
curricula and a substantial increase in technology use in the 
workplace, especially in smaller firms that are far from the technology 
frontier. (JEL: O33, I25, J23) 

 
 

 
Education and technology are in a constant race (Goldin & Katz, 2008), with the 

outcome determining how quickly new technologies spread across the economy. Lindert 

(2008) summarizes this race as follows: Historically, “technology has been the steady tortoise, 

while education has raced like the erratic hare. At times it ran ahead, at times it fell asleep, and 
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now it races to catch up.” While technological progress moves steadily, the catching up of the 

education system to new technologies often takes the form of discontinuities and jumps. By 

these jumps, often educational updates and reforms, education may help accelerate technology 

diffusion and bring new technologies into the workplace faster.  

From an economic perspective, enhancing technology diffusion is valuable because 

new technologies tend to flow too slowly from the frontier into the mainstream, even though 

faster diffusion is economically beneficial (Bloom, Schankerman, & van Reenen, 2013; Comin 

& Hobijn, 2010; Holmes, McGrattan, & Prescott, 2015; O’Mahony & Vecchi, 2009; Syverson, 

2011). While firms at the technology frontier (hereafter, “frontier firms”), such as national 

industry leaders, possess innovative knowledge on emerging technologies and develop 

methods to quickly integrate these technologies into jobs (Andrews, Criscuolo, & Gal, 2015), 

firms farther away from the technology frontier often do not have the capacity to track and 

apply new technologies as soon as they emerge (we call them “mainstream firms” to contrast 

them with “frontier firms”). National innovation policies therefore aim to facilitate the 

knowledge exchange between frontier and mainstream firms to speed up technology diffusion 

(Andrews et al., 2015; Geroski, 2000).  

However, the role of updating education curricula in bringing new technologies into 

mainstream firms—thus speeding up the diffusion of new technologies—has long been 

neglected and direct causal evidence remains scarce. Only recently have researchers begun 

studying (to some extent) the effects of educational content on education-, culture-, and 

innovation-related outcomes (Cantoni, Chen, Yang, Yuchtman, & Zhang, 2017; Fouka, 2020; 

Fuchs-Schündeln & Masella, 2016; Janssen & Mohrenweiser, 2018). However, no study has 

yet examined the direct causal effects of updating education curricula on the diffusion of 

particular, well-identifiable technologies from the technological frontier into the mainstream 
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workplace. In this paper, we provide micro-evidence on the effects of curriculum updates 

introducing three new technologies on the use of these technologies in the workplace. 

One reason for this lack of micro-evidence lies in the great challenge of empirically 

examining whether a direct link exists between the updating of education curricula and the 

speed at which new technology comes into use in mainstream workplaces. Gathering micro-

evidence that establishes this direct link between technological developments at the technology 

frontier, changes in education curricula and the use of new technologies in the workplace 

requires overcoming several challenges: First, issues of education data availability as to which 

technology skills are taught and whether students actually develop these skills; second, loose 

connections between the education system, labor markets and jobs; and third, too-small cohort 

sizes of affected students for effectively applying econometric methods. To overcome these 

empirical challenges and provide actual micro-evidence, this paper draws on sources of largely 

untapped text data on widely used curricula and examines a unique setting in which education, 

technology and jobs are tightly linked. 

This paper studies the setting of curriculum updating of Swiss dual vocational education 

and training (VET) programs.1 Dual VET programs (often referred to also as dual 

apprenticeship programs, “Berufsausbildung” or “berufliche Grundbildung”) are programs at 

the upper-secondary education level, cover the education of about two thirds of Swiss 

adolescents (starting at age 15-16), and provide them with three to four years of dual training, 

i.e., both in the workplace (about 80% of the training time) and in vocational schools (about 

20% of the training time).2 VET graduates represent not only a large share of the workforce 

but also hold almost all middle-skilled jobs in Switzerland, a highly innovative country and 

                                                
1 The Swiss VET segment consists of about 220 occupational VET programs (State Secretariat for Education, Research and Innovation 

(2019), each of which follows its own curriculum. Curricula are legally binding documents that determine the skills that apprentices have to 
learn at the occupational level. 

2 VET programs may also contain a third training element: inter-firm training courses, which last several weeks to a couple of months 
depending on the occupation. Firms within the same industry collectively design and organize these courses—often in inter-firm training 
centers—to train their apprentices in novel machinery and technology that are not (yet) available to all firms in the industry. 
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close to the technology frontier in many fields (Dutta & Wunsch-Vincent, 2020; Jamrisko & 

Lu, 2020).  

The curricula of these dual VET programs constitute particularly well-suited data 

sources and fitting examples for examining the link between curriculum updates and 

technology diffusion for four reasons: First, VET curricula are representative in that they 

determine the training for the approx. 220 occupations of the Swiss VET system and updating 

them translates into substantial changes in the skills of roughly two-thirds of the Swiss 

workforce (State Secretariat for Education, Research and Innovation, 2019).3 Second, VET 

curricula codify the education and training content of each VET occupation at the national 

level, contain extensive skill information and are legally binding for all training providers. 

Third, final examinations covering the entire curriculum content ensure that VET graduates 

have actually obtained the specified skills from the curricula (including the new technology 

skills) (Oswald-Egg & Renold, 2015). Fourth, curricula are regularly updated according to a 

legally mandated and well-defined process, which strongly involves innovative firms (Backes-

Gellner, 1996; Rupietta & Backes-Gellner, 2019). This structured process enables us to 

precisely determine when new technology skills became part of a certain curriculum. 

We focus on a set of well-identifiable, computer-related technologies, that is, computer-

numerical-controlled (CNC) machinery, computer-aided design (CAD), and desktop 

publishing (DP) software.4 We study when these technologies were introduced into VET 

curricula and how their use in the workplace changed with the curriculum updating. The three 

technologies emerged as global phenomena in the 1980s, largely driven by the research and 

development (R&D) efforts of frontier firms that increasingly developed practical business and 

                                                
3 Switzerland has the largest share of work-based education among the OECD countries (Hoeckel, Field, & Grubb, 2009). 
4 CNC machinery allows workers to control machining tools (e.g., drills, lathes, or mills) with a computer in order to process materials 

according to programmed instructions and, in many industries, replaced manually controlled machinery. CAD enables workers to draft and 
modify designs (e.g., for construction projects) with a computer program and replaced the previous drafting of designs by hand. DP software 
allows workers in publishing to create and modify page layouts with a computer program and replaced previously used manual layout and 
typesetting techniques. 
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production solutions for these new technologies. We refer to this process as the R&D-stage or 

“natural” diffusion of new technologies and measure it by traditional R&D proxies (i.e., 

granted patents). 

However, new technologies arrive in mainstream firms often with a long delay because 

these firms need to first find ways and means for understanding and then incorporating 

externally invented technological innovations into their own production processes. This 

requires substantial efforts, particularly by mainstream firms, which are too far away from the 

innovation frontier and too small to bear such efforts easily. We argue that, in this situation, a 

systematic curriculum update that introduces the skills for a new technology in a ready-made 

fashion for the workplace-training part of the VET program (with the help and knowledge from 

the R&D efforts of frontier firms)5 will speed up technology use in mainstream firms. Our 

research design aims to measure this increased technology use across firms and the resulting 

acceleration in the diffusion of CAD, CNC and DP technologies. 

To identify the causal effects of curriculum updates on the diffusion of new 

technologies and to solve potential threats to identification (e.g., upward trends in technology 

use or anticipation effects), we apply an event study design. Our design uses the underlying 

R&D-stage diffusion of each of the three technologies as a baseline for its “natural” diffusion 

and exploits the quasi-random variation in the timing of technology introductions into a broad 

set of occupations that eventually use that technology. The exact timing of curriculum updates 

was driven by technology-unrelated regulatory and administrative factors in the Swiss 

curriculum updating process, such as occupational programs being generally scheduled for a 

revision of the full training materials within fixed timeframes (unrelated to particular 

technologies) or revised occupational programs being able to pass bureaucratic bottlenecks to 

                                                
5 For a detailed description of the updating process, see Backes-Gellner and Pfister (2019). 
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the enactment of curricula faster or slower depending on the general workload of the different 

regulatory bodies (again unrelated to particular technologies).  

Empirically assessing the diffusion effect of curriculum updates through our event 

study design requires information on three stages of technology diffusion into the workplace: 

(1) when and how quickly new technologies emerge at the R&D stage globally (i.e., outside 

and independently of Switzerland), (2) when the respective new technology skills are 

integrated into Swiss VET curricula, and (3) when the new technologies come into use in the 

workplaces of regular Swiss “production jobs” (i.e., jobs in the production of a firm’s goods or 

services as opposed to jobs in the firm’s R&D department).6  

First, to control for the global emergence of new technologies at the R&D stage, we use 

worldwide innovation data from Scopus: We examine when CAD, CNC and DP were first 

mentioned in patents and how many patents use the respective technology. To avoid issues of 

reverse causality between education and patents, we exclude Swiss patents, thereby obtaining 

a clean measure of global R&D-stage diffusion. Second, to capture curriculum updates 

introducing technology skills, we collect the timing of curriculum changes based on the 

occupational database “Datenbank Berufsentwicklung” and analyze changes in curriculum 

content by using the “raw” curriculum texts as data sources. With a quantitative text analysis, 

we determine when and in which occupations the new technologies (CNC, CAD, DP) were 

first introduced. Third, to quantify how quickly the new technologies came into use in 

production jobs, we follow recent empirical approaches that use “text as data” from job 

advertisements (hereafter, “job ads”) (Atalay, Phongthiengtham, Sotelo, & Tannenbaum, 2020; 

Deming & Noray, 2020; Hershbein & Kahn, 2018). We draw on the Swiss Job Market Monitor 

(SJMM), which contains a long time series of representative job ads from 1950 through 2019.7 

                                                
6 Including R&D jobs may confound our results because these jobs also represent an input for creating new technologies (as opposed to 

applying and using technologies in production). 
7 While from 1950-2000, the SJMM contained only newspaper job ads, since 2000 it has also included online job ads. Sacchi (2014) finds 

no evidence that omitting online job ads before 2001 limits the representativeness of the SJMM sample: During the transition period from 
newspaper to online job ads, most firms advertised open positions simultaneously in newspapers and online channels. 
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The SJMM enables us to track our technologies (CAD, CNC, DP) with the same data source 

over a period of about 30 years: from their inception in the early 1980s, over their accelerated 

adoption in the 1990s, to their widespread use in the 2000s. 

Our estimation results show that curriculum updates indeed substantially speed up 

technology use in production jobs. After a curriculum update introduced a new technology in 

a VET occupation, production jobs in the updated occupation are 18 percentage points more 

likely to use that new technology (in comparison to similar occupations with not yet updated 

curricula). The results also reveal that these effects already partly appear during the 

implementation phase of a new curriculum, that is, while the first apprentices undergo training 

with the new curriculum, before they even graduate and begin to work as regular workers.8 

More precisely, the diffusion effects first start to occur in the second year of training under the 

updated curriculum, likely because the apprentices gradually advance into more productive 

tasks in the second year (Moretti, Mayerl, Muehlemann, Schlögl, & Wolter, 2019) and these 

tasks foster the use or introduction of the new technology into the production processes of the 

training firm. These firms can then start to systematically acquire and better use the new 

technology. When the first apprentices graduate after four years and work fulltime in skilled 

jobs, diffusion accelerates even further. 

In particular, mainstream firms, i.e., those that are too small and often too far away 

from the technology frontier to actively invent and implement new technologies,9 show the 

strongest acceleration in technology use in response to curriculum updates. These firms rely 

heavily on external inputs for incorporating new technologies into training and production 

processes. Curriculum updates provide the necessary information inputs at affordable costs and 

                                                
8 As VET training in Switzerland is often called “apprenticeship training” (those enrolled are both students and apprentices at the same 

time), this paper will refer to the enrollees as “apprentices.” 
9 We define small and medium-sized enterprises (SMEs) without patent applications as “mainstream firms”—the group from which 

approximately 70% of the job ads in our sample come. To identify the firms with patent applications, we draw on Google Patents Public Data 
(provided by IFI CLAIMS Patent Services) for patent-applicant information and match the firm names in the job ads to the firm names in the 
patent applications. 
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allow these firms to implement new training and production regimes. Our subsample results 

show that mainstream firms are indeed the drivers of our main result: With a 21 percentage 

point increase in technology use, the diffusion effect is almost twice as strong for the 

mainstream firms as it is for the larger and more innovative firms (11 percentage points). 

This paper makes two major contributions to the literature. First, by showing the causal 

impact of curriculum updates on the diffusion of new technologies into mainstream firms, the 

paper contributes to the innovation literature that examines which innovation policies may help 

to speed up the diffusion of new technologies across all types of firms (Caiazza, 2016; Geroski, 

2000; Negro, Alkemade, & Hekkert, 2012). Our findings make a strong case for adding regular, 

future-oriented curriculum updating, drafted with the involvement of innovative firms, to the 

toolkit of innovation policy measures (Caiazza, 2016; Caiazza & Volpe, 2017; Negro et al., 

2012)(Caiazza, 2016; Caiazza & Volpe, 2017; Negro et al., 2012). 

Second, this paper contributes micro-evidence to the broader literature on the “race 

between education and technology” (Autor, Goldin, & Katz, 2020; Goldin & Katz, 2008) and, 

in particular, to the question of how changing labor supply conditions can facilitate the 

adoption of new technologies (Acemoglu, 1998; Beaudry & Green, 2003; Carneiro, Liu, & 

Salvanes, 2018; Dustmann & Glitz, 2015). This literature so far relies primarily on macro-level 

educational changes for studying the effects of skill-supply changes on technology diffusion, 

such as high-skilled migration or changes in broad educational categories such as university 

graduates (Beaudry, Doms, & Lewis, 2010; Lewis, 2011). However, these changes are only 

loosely linked to educational content and often change other relevant population parameters at 

the same time as the skill supply. This paper adds to the literature by being the first to provide 

micro-evidence on a direct link between the updating of education curricula with particular, 

well-identifiable technology skills and the increased use of these technologies in the workplace. 
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A broader implication of our findings is that traditional measurements of human capital 

investments, solely relying, for example, on the years of education or the number of graduates 

of certain types of education (such as college graduates), miss an important dimension of 

human capital investments: the up-to-dateness of educational content that is used within certain 

types of education. Accounting for this up-to-dateness as a facet of educational quality can 

greatly enhance our understanding of the impact of human capital investments. Moreover, it 

highlights the importance of educational reforms. 

The paper is organized as follows. Section II explains the empirical context and 

describes our text-data sources. Section III explains our event study design for identifying 

diffusion effects. Section IV gives the main results on diffusion effects. It also reports a number 

of additional sensitivity and robustness checks for ensuring the validity of our findings. Section 

V investigates whether mainstream firms, which rely more on external knowledge, are 

experiencing stronger diffusion effects than frontier firms and thus gain more technology-wise 

from curriculum updates. Section VI concludes. 

 

 

II. Institutional Setting and Data 
 

The updating of the Swiss VET curricula offers a unique setting for examining the link 

between education and technology. As the curriculum updating in all of the VET occupations 

follows systematic, frequent, and legally mandated updating processes (State Secretariat for 

Education, Research and Innovation, 2017), which involve the most innovative companies in 

the country (Backes-Gellner, 1996; Rupietta & Backes-Gellner, 2019), new technology skills 

often become part of vocational training long before they are naturally introduced to jobs in 

mainstream workplaces. Detailed occupational curricula (up to 35 pages per occupation) 
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specify these new technology skills and require final examinations to ensure that apprentices 

have actually obtained them. 

The VET curriculum development system constitutes a highly innovative ecosystem. 

One key feature of the curriculum updating process is its strong connection between employers 

and the education system (Bolli, Caves, Renold, & Buergi, 2018). In the updating process, 

industry associations, trade unions, professional associations, and government organizations 

collectively gather information on new trends in the industry and in the workplaces of the 

respective occupation and then update the existing apprenticeship training curriculum. (To 

illustrate the updating process, the Appendix provides case studies and anecdotal evidence 

from several industries, based on Backes-Gellner & Pfister, 2019.) The updating process is 

cyclical (i.e., it occurs in regular intervals), structured (i.e., the coordination of the actors 

follows internal procedures), and future oriented (i.e., the content update takes new 

technological or organizational developments and the most recent innovation trends for the 

respective workplaces into account).10 Industry associations and innovative firms deliver inputs 

for the new training content and updating of curricula. Moreover, they help to prepare new 

training material for the instructors. Government organizations have the legal and regulatory 

supervision of the process (such as enacting the new ordinances) and assist with the 

implementation of the new training requirements in VET schools and in final examinations. 

The exact timings of the enactment of new curricula are largely driven by technology-

unrelated regulatory and administrative factors of the curriculum updating process. These 

regulatory factors include the requirement to fully review curricula and evaluate their need for 

updates within fixed timeframes, which are set independently of any particular technology 

                                                
10 To ensure future-oriented curriculum updating, the process needs frontier firms to be highly involved during the gathering of input for 

the updates. These firms know where the industry in general and occupations in particular are heading concerning skills, knowledge, and 
business practices. Frontier firms are more likely to participate in the curriculum updating process and train apprentices, because they rely on 
their workforce having the most recent technology skills so that they can compete at the international level. 
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trend.11 Moreover, these unrelated factors also include delays by regulatory authorities, which 

represent a regulatory bottleneck to the enactment of a new curriculum and depending on their 

workload (unrelated to a particular technology trend) lead to a considerable faster or slower 

approval of an updated curriculum.  

After being updated and legally implemented, the new curricula become compulsory 

nationwide for all firms that train apprentices in the updated occupations.12 As roughly 70% of 

the Swiss youth complete apprenticeship programs, changes in the prescribed technology skills 

in the updated curricula translate into widespread changes in the skills of the young 

workforce.13 Curriculum updates may therefore constitute an important channel for inter-firm 

knowledge exchange and may help to build a well-trained workforce with updated technology 

skills for the labor market. The new curricula may then act as diffusion devices that bring new 

technologies from the frontier into the mainstream workplaces faster. 

Our paper examines whether new technologies become part of mainstream workplaces 

faster in the years following curriculum updates introducing the respective technology skills. 

To empirically capture this diffusion effect of updates, we require data on (A) when new 

technology skills were introduced into curricula, (B) when and how quickly the underlying 

new technologies emerged at the R&D stage, setting a baseline for technology diffusion, and 

(C) when new technologies came into increasing use in the workplace. 

 

 

 

                                                
11 The currently applying rules for the updating process (such as time intervals) are codified the Swiss Handbook for Occupational 

Development Processes (State Secretariat for Education, Research and Innovation, 2017). 
12 Of course, firms are always free to teach more skills in addition to the ones already prescribed by the curriculum. Therefore, frontier 

firms can experiment with new technologies and are not hindered by having to wait for curriculum updates before making investments into 
new technologies and the required skills. Consequently, VET curricula do not hinder frontier firms but rather enable mainstream firms to 
faster implement new technologies. Our empirical analysis accounts for this heterogeneity by separating frontier and mainstream firms. 

13 The new curricula also come with instructor (training) courses, which provide instructors methods for teaching the new skills, updated 
teaching materials, and interfirm training courses (organized at the industry or occupational level) in which apprentices receive specific hands-
on training in the new technologies. 
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A. Capturing Educational Interventions: Timing and Content of Curriculum Updates 

To determine when and for which occupations new technology skills became part of 

the curricula, we self-collected information on the timing of the curriculum updates and the 

content changes. We focus on our set of well-identifiable and computer-related technologies, 

that, is CAD, CNC and DP. For the timing of the updates, we use information from the Swiss 

Database for Occupational Development (“Datenbank Berufsentwicklung”), which documents 

the evolution of all of the approximately 220 Swiss VET occupations since 1931. Education in 

each VET occupation follows its own occupational curriculum: The database allows us to 

identify when an occupation received an update, was merged into another occupation, or 

changed names.14 Using this information, we follow the occupation and all its predecessor 

occupations over time and determine the years in which they were updated. In addition to the 

year of updating, we determine the year in which the first apprentices graduated under updated 

curricula and entered regular jobs. 

To capture the new content added by the updates, we analyze the actual texts before 

and after the updating. The skill descriptions of the curricula constitute official government 

documents (“Reglemente,” “Bildungsverordnungen,” and ”Bildungspläne”) that are published 

in the Bulletin of the Swiss Confederation (“Bundesanzeiger”) and thus are very well 

documented. We use the text as data and take a quantitative text analysis approach to produce 

a dataset that contains the changes in the curricula content, that is, whether and, if so, when 

one of our technologies was first introduced in an updated VET occupation. 

The curriculum texts contain information on the organizational structure (e.g., the 

length of the apprenticeship), the requirements for firms hiring apprentices (e.g., educational 

requirements for instructors), the learning objectives (e.g., the skills and techniques that an 

                                                
14 The occupations in our sample only merge with other occupations into new occupations (no splits). We track the occupations over their 

entire evolution, taking all predecessor and successor occupations into consideration. 
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apprentice must have and know at the end of the second year), and the teaching content (e.g., 

how many lessons on specific technical subjects are needed). We use keywords clearly 

identifying our technologies (e.g., “CAD” or “computer-aided design”) and search for their 

appearance in the curricula. We also take into account the historical names and German terms 

for our technologies (e.g., “computer-gestütztes Konstruieren”). When at least one such term 

newly appears in an updated curriculum text, we consider this curriculum to be updated with 

that technology. 

 

[Table 1] 

 

As each of the about 220 occupations follows its own occupational curriculum, the 

occupations represent the level of educational intervention. Table 1 shows all the occupations 

that are affected by our technologies: various draftsmen occupations (affected by CAD 

technologies), engineering and carpentry occupations (affected by CNC technologies), and 

design and media occupations (affected by DP technologies). Table 1 lists the year in which 

each of these occupations received an update introducing one of our technologies. The table 

clearly reveals the staggered introduction of the technologies in different occupations. 

However, to measure the acceleration in technology diffusion beyond its natural rate, we first 

need to establish a baseline for the natural diffusion of CAD, CNC and DP. We achieve this 

by drawing on the global R&D-stage diffusion of these technologies.  

 

B. Measuring the Technology Diffusion at the R&D Stage 
 

To measure when and how quickly a new technology emerged at the R&D stage, we 

draw on patent data from Scopus. In this approach, we follow previous studies that use 

innovation data (i.e., patents) to measure R&D activities (Griliches, 1998; Lybbert & Zolas, 
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2014). A growing number of patents indicates that innovative firms (based on their own R&D 

efforts) are developing new technologies and applying them in new production processes or 

products (Calel & Dechezleprêtre, 2016; Campbell, 1983; Fu, Li, Ondrich, & Popp, 2018; 

Guellec & van Pottelsberghe de Potterie, 2001). 

We focus on our set of well-identifiable technologies (CAD, CNC and DP), which 

constitute influential technologies used in all industrialized countries. These technologies 

emerged as global phenomena at the R&D stage and became naturally more widespread in 

their application in frontier firms, i.e., those with R&D departments and located at the 

technological frontier. We calculate the cumulative number of patents for each technology. The 

cumulative number of patents represents the stock of knowledge in a technology (produced by 

R&D and ready to be applied). The cumulative patents vary over time and between our 

technologies of interest (with the maximum number of patents in 2019 being for CAD, with 

77,730 cumulative patents, and the minimum being for DP, with 6,999 cumulative patents). 

To account for these level differences, we use patent indices with 2019 as the base year. 

This procedure ensures that the R&D-stage diffusion measures of our three different 

technologies are comparable, reflecting the knowledge stock at the R&D stage in each of our 

three technologies in a certain year. 

 

[Figure 1] 

 

Figure 1 shows the cumulative number of patents for our technologies, capturing when 

and how quickly the knowledge on the application of the new technologies diffused at the R&D 

stage. All of our technologies started to emerge in the mid-1980s, with DP showing the fastest 

rate of R&D-stage diffusion, which began in the 1990s, compared to CAD and CNC. The 

R&D-stage diffusion enables us to establish a baseline of how quickly these technologies 
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spread naturally at a global level. As next step for capturing the diffusion effects of curriculum 

updates, we need to capture how quickly these technologies spread into the production jobs of 

Swiss firms.  

 

C. Determining Technology Use in Production jobs 
 

To precisely measure technology use and its diffusion into production jobs (as opposed 

to R&D jobs), we use job-ad data. Job ads contain information on the equipment that workers 

use and the required skills for doing so (Deming & Noray, 2020; Hershbein & Kahn, 2018). 

Moreover, firms likely only mention technology if it is relevant to the job being advertised 

because including additional words in job ads incurs an extra cost. 

We draw on data from the SJMM, which is based on a representative sample of job ads 

for Switzerland from 1950-2019. The SJMM includes the full text for the sampled job ads in 

preprocessed forms, offering high-quality text data. As the SJMM team manually typed and 

coded the job ads for its own research purposes (Buchmann et al., 2017), the SJMM data 

contain rich information on the characteristics of each job vacancy and have no missing word 

elements. These characteristics include the required educational level and occupational 

training, the main task of the job position, the industry of the firm with the job vacancy and the 

firm’s size, the advertisement channel (newspaper, firm website, or job portal), and the 

workplace location. As we are interested in the arrival of new technologies in the mainstream, 

we focus on the jobs in the production of goods and services as opposed to the jobs in R&D, 

which are situated at the technology frontier.15 We use the “main task” classification to exclude 

the ads that are for jobs in R&D16 and concentrate on the remainder of the ads, i.e., the ads for 

production jobs. 

                                                
15 One potential concern is that, by including R&D jobs, we will also measure investments in developing new technologies instead of 

measuring actual technology diffusion. 
16 In the SJMM, job ads with R&D tasks are those which are classified under the main tasks of “analyzing, researching, and monitoring.” 
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For these job ads, we dig deeper into the job-ad texts. We use a classification that 

assigns each word of the job-ad text to one of eight categories, called “textzones” (based on 

Gnehm, 2018). Taken together, the textzones mimic the typical job ad structure, such as 

descriptions of both the firm and the vacant job position and the required hard and soft skills. 

After lemmatization (i.e., reducing words to their dictionary form) and removing stop words 

(e.g., “at,” “which,” and “and”), these textzones contain sets of keywords. To determine 

whether the job positions involve the use of one of our technologies, we search the textzones 

firm description (e.g., “our firm operates with the newest CNC machines”), job description 

(e.g., “you will have CAD systems at your disposal”), and hard skills (e.g., “knowledge of 

desktop publishing software required”) for keywords that clearly and unambiguously identify 

our technologies. For example, to identify CAD, we search the respective textzones of each 

job ad for the appearance of “CAD” (an abbreviation also used commonly in job ads in 

German) and “computer-aided design.” To ensure that we do not pick up merely changing 

vocabulary trends for the technology, we augment our search with the German historical 

equivalents of the English terms (e.g., “computer-gestütztes Konstruieren”) and the keywords 

for specific software (e.g., “ABViewer”). In our approach, we follow Atalay et al. (2018), who 

take a keyword approach to identify technologies in job ads and thereby technology use in the 

workplace. 

If the job ad contains at least one keyword representing our technologies, our outcome 

variable technology use takes the value 1 (i.e., this job ad mentions the technology); it takes 

the value 0 otherwise.17 

 

[Figure 2] 

                                                
17 One potential concern is that the use of different technologies overlaps within jobs, i.e., that a job ad refers to more than one technology. 

However, we find very little overlap (32 observations for CAD and CNC and 21 observations for CAD and DP out of 4,215 observations). 
Neither assigning them to a specific technology nor taking a pooled approach changes our results in a meaningful way. 
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To assess whether curriculum updates speed up (occupational) technology use beyond 

its natural diffusion, we link the job ads by their year and occupational requirements to the 

timing of the curriculum updates and to the level of R&D-stage diffusion. Combining the three 

data sources then enables us to empirically capture the diffusion effect of a particular 

curriculum update. Figure 2 illustrates (as an example) when and how quickly new 

technologies came into increasing use in two draftsman occupations, which are in architecture 

(“Hochbauzeichner”) and structure (“Tiefbauzeichner”). The graphs show that after the 

updates (in 1995 and 1996), the technology use for these occupations accelerated substantially 

and beyond the natural diffusion implied by patents (and research papers). After the updates, 

the diffusion curve becomes much steeper. To examine whether these patterns reflect a causal 

mechanism triggered by the updates and entail effect sizes that are economically relevant, we 

use an event study design. 

 
 

 
III. Event Study Design 

 
An event study design enables us to investigate potential threats to identification, to 

estimate diffusion effects and to track these effects over time. We use the following event study 

specification: 

!"#ℎ%&'&()*,,,-,.	 = 	1 + 	34&6_6899:;8&%-,. + < =>?@ABC",,.
>

DE

>FGH

+	I*,,,-,. + 	ɛ*,,,-,. 

where !"#ℎ%&'&()*,,,-,.	denotes a binary variable taking the value of 1 if an individual job ad 

8 from year t with occupation & mentions technology ℎ (i.e., CAD, CNC or DP) and 0 

otherwise. 4&6_6899:;8&%-,.	uses the cumulative number of patents to capture the general 

diffusion at the R&D stage of the respective technology ℎ in year t. With technology diffusion 
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often following an s-shaped pattern (Geroski, 2000; Jovanovic & Lach, 1989), we include 

polynomials for the second and third order of the cumulative number of patents. 

To alleviate concerns about reverse causality, such as the Swiss educational system or 

the curriculum content affecting the number of patents in each year, we exclude patents from 

Switzerland and the European Patent Office (EPO) from our R&D-stage diffusion measure. 

The exclusion ensures that we construct the R&D-stage diffusion from an independent and 

unaffected data source. R&D-stage diffusion reflects a worldwide trend, in which Switzerland, 

as a small economy (with a population of 8.6 million), does not play a significant role, and our 

study design investigates whether the educational intervention speeds up technology use by the 

affected occupations beyond this natural trend. 

 

  [Figure 3] 

 

Educational interventions (i.e., curriculum updates) take place at the occupational level. 

The treatment variables of interest are therefore a set of occupation-specific indicator variables 

?@ABC",,.
>  that take the value of 1 when the enactment of the occupational curriculum 

(introducing the new technology for occupation o) is K years away.18 Figure 3 illustrates how 

these event indicators, which cover a span of 20 years around the year of the update, account 

for the typical curriculum updating process: 

1. Pretreatment phase (six years): This phase encompasses the years in which the 

curriculum updating process has been launched but has not yet been completed. We 

                                                
18 To estimate the additional diffusion caused by curriculum updates, we model the natural diffusion trend of our technologies according 

to the R&D-stage diffusion (with patent data) and use that as comparison. By capturing this additional diffusion, our paper relates to the 
broader literature using event studies to examine abnormal changes, e.g., of company returns, in response to a certain event (Siming, 2017). 
An alternative event-study approach consists of inferring the natural diffusion trend solely by the technology use in not-yet treated occupations 
through technology-specific time fixed effects (for such an extended difference-in-differences framework, see Borusyak & Jaravel, 2017). 
Given the peculiarities of our data such as the asymmetric distribution of observations across occupations and the need for modeling 
technology-specific time trends, this alternative approach would likely lead to overfitting our model when combining both event-study 
indicators and technology-specific time trends. In our main analysis, we therefore rely on the R&D diffusion; as robustness check, we take 
also the second approach with time fixed effects, leading to similar results.  
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set this pretreatment phase at six years because once a curriculum update has been 

officially scheduled, the process of determining which technical developments 

should be considered (and require which new skills), drafting new training contents 

and legally enacting the new curriculum can take between four and six years 

(Backes-Gellner & Pfister, 2019). The coefficients {=>}	(for −6 ≤ 	K	 ≤ −1) 

correspond to the precurriculum periods: They enable us to investigate whether the 

firms exhibit any anticipation effects of the coming intervention and to detect 

whether an upward trend in technology use antecedes legal updating. Both are 

potential threats to our identification strategy. 

2. Curriculum implementation phase (four years): This is the phase when firms begin 

training the first apprentices under the legally enacted new curricula but before the 

first apprentices graduate. Apprentices with updated skills are therefore not yet 

available as regular workers in the labor market. As the occupations in our sample 

all involve a training length of four years, the implementation phase spans four 

years. During this phase, instructors’ courses (preparing the instructors for teaching 

the new skills) and the training of apprentices in the new technology skills (also via 

inter-firm training courses) may already start to diffuse knowledge about the new 

technologies. As their apprenticeship progresses, the apprentices are increasingly 

working on skilled tasks (a result found in many cost-benefit studies, e.g., in Moretti 

et al., 2019; Muehlemann & Wolter, 2014; Wolter, Schweri, & Mühlemann, 2006)  

and thus likely become better acquainted with the new technologies. The 

coefficients {=>}	(for 0 ≤ 	K	 ≤ 3) reflect these diffusion effects and reveal whether 

the new technologies come into the workplace through the previously mentioned 

channels. 
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3. Labor market phase (the year of updating plus 10 years): This is the phase when the 

first apprentices graduate from an updated VET program, i.e., when they are 

available as skilled workers on the labor market. The coefficients	{=>}	(for 4 ≤ 	K	 ≤

14) capture the diffusion effect from the increased supply of new technology skills 

in the labor market. 

For optimal coverage of the diffusion and updating processes, we start our observation 

period in 1980 (our technologies first begin to appear in job ads in the early 1980s, with the 

first mention being CNC technologies in 1981), and we end the observation period in 2019, 

which is the latest data available from the SJMM. 

I*,,,. denotes a set of control variables. In our baseline specification, we adjust for time-

varying influences on how firms write job ads (e.g., the trend towards more online job ads with 

longer text and thus a higher chance of mentioning technologies) by controlling for the number 

of words in the job ad (this approach is similar to Atalay, Phongthiengtham, Sotelo, & 

Tannenbaum, 2018). Moreover, we also control for the channel in which the job ad appeared 

(i.e., a newspaper, a firm website, or an online job board) because the channel may also affect 

how the job ad is written. 

To check whether our effects remain robust when adding further potential confounders, 

we control—in a second specification—for the advancement of basic research in each of our 

technologies (in addition to their R&D-stage diffusion). We include the cumulative number of 

research papers as an index, with 2019 as the base year.19 In a third specification, we also 

include additional controls for firm characteristics. We control for firm size, that is, whether 

the firms are small or medium-sized enterprises (SMEs) or larger firms,20 and for firm 

innovativeness, that is, whether the firms have filed patent applications in the past. 

                                                
19 Research papers represent the academic knowledge stock in a technology. To ensure comparability between the technologies, we use an 

index of the cumulative number of research papers with 2019 as the base year (analogous to our patents approach). 
20 The SJMM provides a firm-size classification for the firms with the vacant positions: Firms can be either small, medium, or large (more 

than 250 employees). 
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IV. Main Results: The Technology Diffusion Effects of Curriculum Updates 
 

A. Main Results on Technology Diffusion 

Our event study results show a direct link between updating curricula and a substantial 

increase in technology use in the workplace: Updates substantially shorten the time until new 

technologies arrive in production jobs. Figure 4 graphically summarizes the main results, with 

the x-axis denoting the year before or after an occupation received its curriculum update. The 

y-axis shows the estimated effect of the curriculum update (in percentage points) on technology 

use in the workplace, i.e., on the probability that a job ad mentions the use of the new 

technology in the advertised job. The reference year for our event study is the last year before 

the enactment of the new curriculum. As we control for the R&D-stage diffusion, the estimated 

effects capture any change in technology use beyond the naturally occurring technology 

diffusion (from increased R&D activities). One way of interpreting the effect is that a 

curriculum update increases the steepness of the technology diffusion curve, facilitating the 

diffusion of new technologies from the research frontier into production jobs. 

 

[Figure 4] 

 

In the pretreatment phase (i.e., before a curriculum update), we find no significant 

effects for our event study variables. A joint F-test also reveals no significant difference in the 

coefficients; that is, there is no indication of an unexplained upward trend in technology use in 

Swiss firms’ workplaces before the curriculum update. Before the updates, technology use on 

the job follows the naturally occurring trend implied by the worldwide R&D-stage diffusion. 

In the implementation phase, that is, with the implementation of a new curriculum, 

beginning with the second year of training under the updated curriculum, the update starts 

having an effect on technology use in mainstream workplaces in Switzerland. During the four 
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years of the curriculum implementation phase, we find a substantial increase in mentions of 

technology use in the job ads of the updated occupations. The increase is up to 16 percentage 

points beyond the natural diffusion implied by the R&D-stage diffusion and compared to not-

yet-updated occupations.21 

In the labor market phase, i.e., when the first apprentices under the new curriculum 

graduate and enter the regular labor market (internal or external), we find that the diffusion 

effect becomes even stronger. The curriculum updates accelerate the technology diffusion by 

up to 38 percentage points beyond the natural diffusion and compared to the not-yet-updated 

occupations. We attribute this diffusion effect to the increased skill supply, which allows firms 

to more easily complement the introduction of the new technologies with the needed skills on 

the worker side and thus to substantially reduce the costs of adopting the new technologies 

(Acemoglu, 1998; Beaudry et al., 2010; Carneiro et al., 2018; Lewis, 2011). 

This diffusion advantage of the occupations with early curriculum updates appears to 

last about 10 years, after which it begins to slowly taper off. This result is line with the common 

finding from the diffusion literature that technology adoption takes the form of waves, at the 

end of which knowledge and skills become common knowledge across firms and industries 

and, eventually, almost all firms adopt the new technology (Baptista, 1999; Fuentelsaz, Gomez, 

& Polo, 2003; Jovanovic & Lach, 1989; Meade & Islam, 2006; Schlichte, Junge, & Mammen, 

2019). Moreover, when widespread adoption is reached, firms have little incentive to mention 

technologies in job ads (as a way to screen for better-suited job applicants) because the common 

use of these technologies is assumed and the next generation of technological innovation may 

need to be pointed out in the job ads. 

 

                                                
21 As the SJMM represents the Swiss job market for regular workers, not for apprenticeships, the increase in technology use applies to 

regular jobs that target skilled workers with VET diplomas. Moreover, this increase occurs before the first apprentices graduate under the 
updated curriculum. The mentions of technologies thus do not come from an availability effect at the apprenticeship level (i.e., firms 
mentioning technology skills in the job ads to reflect the updated curriculum and the new skills of graduates) but from actual technology use 
in the regular workers’ jobs. 
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[Table 2] 

 

To better assess the economic importance of the effect size of the curriculum 

intervention across both the implementation and labor market phases, we estimate the average 

effect over the entire period after the respective update. Column (1) in Table 2 reports the 

results from our baseline specification, showing an average diffusion effect of about 18 

percentage points. When including controls for basic research (i.e., the number of research 

papers) for our second specification, the diffusion effect is only slightly lower (Column 2). 

Following our third specification by adding further controls for firm characteristics (firm size 

and innovativeness), Column (3) again shows an almost unchanged diffusion effect. The 

stepwise inclusion of potential confounders demonstrates that a strong diffusion effect arises 

even when we add many more potential confounders, and the effect does not depend on a 

specific covariate selection. 

 

B. Robustness and Sensitivity Tests 
 

This subsection describes the additional tests that we conducted to scrutinize the 

robustness and sensitivity of our main findings. We show that the diffusion effect arises 

independently of whether we examine each technology separately in its own subsample or all 

three technologies at once. Furthermore, we demonstrate that our findings are robust to using 

different functional forms for the estimation of the R&D-stage diffusion and to using different 

lengths of the observation period (i.e., shorter observation periods). The following subsection 

explains these robustness tests in more detail: 

First, one potential concern with examining multiple technologies at once and pooling 

them into one sample is that the average effect across all of the technologies could be driven 

by strong effects for only one of the technologies, absent effects for the other technologies and 
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limiting the internal and external validity of our results. To examine whether our findings of a 

strong diffusion effect hold not only for the pooled sample of the three technologies but also 

within each of our technologies, we conduct subsample regressions. Our results show strong 

and significant diffusion effects within all three technologies (see Table A1 in the Appendix): 

After a curriculum update, the use of CAD on the job rises by 38 percentage points, of CNC 

by 12 percentage points, and of DP by 33 percentage points. These findings demonstrate that 

our main results are not driven by just one single technology but—instead—represent a 

generalizable diffusion effect of curriculum updates.22 

Second, as R&D-stage diffusion acts as a vital input for the diffusion of new 

technologies into jobs, the choice of the underlying functional form of this relationship could 

also drive our results. To check whether our results do not depend on a particular functional 

form, we estimate our event study using different functional forms for the relationship between 

R&D-stage diffusion and technology use (linear, quadratic, and cubic). Our results show that 

changing the functional form does not change the diffusion effect patterns (Appendix Table 

A2). In addition, we also take a fully nonparametric approach (which corresponds to a 

generalized difference-in-differences estimation, with not yet treated occupations as a control 

group) in which diffusion varies freely over time and technology trends are captured by two-

year fixed effects.23 This approach yields roughly the same diffusion effects (Appendix Table 

A3) as the event study specification that captures the natural diffusion trend according to the 

R&D-stage diffusion. This finding demonstrates that either directly modeling the natural trend 

according to the R&D-stage diffusion or indirectly inferring it from occupations yet untreated 

                                                
22 The differences in effect size can be explained by the diversity of tasks in the occupational groups using the technologies. For example, 

mechanical engineering occupations are very diverse in their tasks and make up for almost two-thirds of our sample. Tasks with CNC 
machinery are one task type among many others. This task diversity likely dilutes the diffusion effect. In contrast, designer occupations 
compose a small group of occupations and are very narrow in their task profiles. Almost all of them use DP technologies for the majority of 
tasks after the update. 

23 Adding technology-specific yearly time trends to our model would mean adding 40 years of indicator variables for each of our three 
technologies (120 indicator variables in total). To avoid overfitting our model (given the sample size), we use two-year fixed effects and pool 
effects before and after the curriculum updates. As each technology follows its time trend, we use technology subsamples and report results 
separately for each technology. 
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at that point in time leads to the same results. With our results on different functional forms 

and from the fully nonparametric approach, we can rule out that specific modeling choices for 

the R&D-stage diffusion or the time trend drive our main results. 

Third, as our technologies began entering the majority of the curricula in the late 1990s 

and early 2000s, one potential concern is that these technologies may have become outdated in 

the late 2010s. To test how different sample-length definitions affect our results, we examine 

the results for alternative observation periods, which are 1980-2015 and 1980-2010. We find 

that changing the observation period from 1980-2019 to 1980-2015 or 1980-2010 does not 

change our diffusion effect patterns (i.e., spikes after the enactment of a curriculum and when 

graduates first enter regular jobs) (see Table A4). Moreover, our results even show slightly 

stronger diffusion effects for years long after the updating event. In sum, these robustness 

checks show that the diffusion effect patterns persist even when using shorter alternative 

observation periods. 

 

 

V. Further Analysis: Curriculum Updates as a Technology Boost for Mainstream 
Firms? 

 
Thus far, we have estimated the average diffusion effect across all firm types in our 

sample; however, the question arises of how firms’ distance to the technology frontier 

moderates the diffusion effect. Do firms farther away from the technology frontier and relying 

more on external knowledge (i.e., mainstream firms) also gain from curriculum updates, and 

how much do they gain in comparison to frontier firms? We answer this question by examining 

how the diffusion effect differs for jobs from mainstream firms in comparison to those from 

frontier firms. 
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To empirically examine this difference, we first need to identify the mainstream firms 

(and separate them from the frontier firms). According to our definition, mainstream firms 

differ from innovative firms (i.e., those with R&D efforts and patent applications) in that they 

are distant from the technology frontier and do not actively drive forward technological 

innovation or possess knowledge of the latest technological innovations. Moreover, 

mainstream firms are more likely to be found among small and medium-sized firms. These 

firms do not have the capacity to closely monitor technology trends and skill requirements, 

unlike large firms, which—even when not being innovation drivers—still have the funds, the 

specialized personnel and whole departments to monitor the trends and requirements (Antonelli 

& Scellato, 2015; Vaona & Pianta, 2008). We therefore define small and medium-sized 

enterprises (SMEs) without patent applications as mainstream firms, a subgroup that accounts 

for 70% of the job ads in our sample, and the rest of the firms (large or with patent applications) 

as frontier firms. 

To separate the mainstream firms from the frontier firms, we draw on Google Patents 

Public Data (provided by IFI CLAIMS Patent Services), which provides information on the 

patent applications of Swiss firms. To match the firm names from the patent applications to the 

job ads, we use the legal form of the job-advertising entity (e.g., “Inc” or “LLC”) to identify 

firm names within the job ads’ text and to then match them with our patent data. Our matching 

results yield percentages of firms with (and without) patenting activities that are very close to 

those found in representative Swiss innovation surveys.24 In addition, we use information from 

the SJMM on the size of the firms with the job vacancies. To identify the mainstream firms, 

we combine the patenting information with the firm-size information. 

                                                
24 In the entire SJMM sample (1950-2019), we matched approximately 11.8% of all of the job ads to firms with patent applications. Taking 
into account that larger firms and growing innovative firms post more job ads, we find these numbers to be very close to those in the KOF 
Innovation Survey, which finds that up to 7% of Swiss firms recently applied for a patent (Arvanitis, von Arx, Hollenstein, & Sydow, 2004; 
Spescha & Wörter, 2018). For a more accurate comparison, we also examined the percentages of patent applicants within the firm-size 
categories: for large firms, we matched 20.9% of job ads to patent applicants—a number also close to the 27% of large firms with recent 
patent applications in the KOF Innovation Surveys (Spescha & Wörter, 2018). 



 

27 
 

 

[Figure 5] 

 

Figure 5 shows the descriptive diffusion patterns for the mainstream firms and 

compares these to the descriptive diffusion patterns for the frontier firms. The mainstream firms 

exhibit diffusion patterns distinctly different from those found for the firms with better access 

to new technologies. The large firms with patents were the first to adopt the new technologies 

(these are likely also the firms that contributed innovative knowledge to the curriculum 

updating process), followed by the large firms without patents and the small firms with patents 

(which may often be startups). Compared to these frontier firms, the mainstream firms lagged 

behind in technology use in the 1980s and early 1990s. However, beginning with the period in 

which the majority of the curriculum updates fell (i.e., 1995-2007, in which more than 80% of 

the updates occurred), technology diffusion strongly accelerated in the mainstream firms. 

 

[Table 3] 

 

We account for this diffusion pattern heterogeneity by examining how the status of a 

mainstream firm moderates the diffusion effect of an update. Our results in Table 3 show that 

after an update, mainstream firms increase the use of new technologies more than frontier 

firms. For our baseline specification in Column 1, the diffusion effect is almost twice as large 

for the mainstream firms (21 percentage point increase) as it is for the frontier firms (11 

percentage point increase). This finding of a twice-as-large diffusion effect remains robust 

when we additionally control for basic research by the number of research papers in the second 

specification (Column 2). 
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In sum, our results show that mainstream firms react twice as strongly to curriculum 

updates and speed up technology use in the workplace more rapidly than frontier firms. Finding 

mainstream firms to be the most important drivers behind our key results makes a compelling 

case for the role of curriculum updates in helping firms and workers catch up to the technology 

frontier and thereby reducing inequalities between firms, regions, and ultimately, employees. 

 
 
 

VI. Conclusion 
 

In this paper, we presented micro-evidence on the “race between education and 

technology” by showing a direct link between the updating of education curricula with a 

particular technology and the increased use of that technology in the workplace. Focusing on 

CAD, CNC, and DP as three well-identifiable technologies and controlling for R&D-stage 

diffusion (which captures the natural diffusion of technologies into jobs), we find substantial 

diffusion effects of curriculum updates. Our results show that curriculum updates increase the 

speed at which new technologies diffuse into production jobs, especially into those of 

mainstream firms. After the implementation of an update and the integration of the new 

technology skills into the training of apprentices, firms are on average 18 percentage points 

more likely to use that technology (for regular production jobs), controlled for R&D-stage 

diffusion and compared to not-yet-updated occupations. 

Digging deeper into the diffusion effect patterns, our event study results show that the 

first diffusion effect already occurs during the implementation phase of a curriculum, that is, 

when the first apprentices undergo the updated training but have not even graduated. This effect 

likely occurs because apprenticeship training consists of a combination of training in the 

workplace, vocational schools and—more importantly—inter-firm training courses. These 

external training elements play an important role in the diffusion process, because they allow 

apprentices who may not have access to the new technologies in their own host companies to 
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actually gain hands-on experience in the new technologies externally, e.g., in inter-firm training 

centers. Further analyzing the diffusion patterns, we find that the diffusion effect is the 

strongest when the first apprentices graduate and are available as regular skilled workers on 

the (internal or external) labor market. 

Examining the diffusion patterns closer for the different types of firms, we find that 

mainstream firms (i.e., noninnovative SMEs) experience the strongest diffusion effects. These 

firms make the greatest strides in catching up to the technology frontier after an update: For 

these firms, the diffusion effect is almost twice as strong as it is for more innovative or larger 

firms. This strong effect for mainstream firms is consistent with findings from previous 

research in innovation economics and management science that points to the importance of 

using external knowledge sources as a diffusion mechanism (for the role of VET curricula in 

particular, see Rupietta & Backes-Gellner, 2019; for external knowledge in general, see 

Caiazza, 2016; Caiazza & Volpe, 2017; Geroski, 2000; Jovanovic & Lach, 1989; Negro et al., 

2012). However, the role of curriculum updates as a diffusion device that accelerates 

technology diffusion has not been directly analyzed or shown so far. 

The findings of this paper have two broadly generalizable implications. First, our 

micro-evidence makes a compelling case for extending the perspectives on human capital 

investments beyond educational levels or years of education. Our results demonstrate the 

importance of not only looking at quantitative dimensions but also at the quality and the up-to-

dateness of educational content. Taking these additional dimensions into account may enrich 

economic research with a more nuanced view of human capital investments. Especially in fast-

changing economies with disruptive technologies, the quality and up-to-dateness of 

educational content will further gain in importance, as critical factors for the labor market 

success of students and apprentices as well as for the innovativeness of the economy as a whole. 
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Second, and as a consequence of the above, our findings highlight the importance of 

studying and establishing mechanisms (such as legal frameworks, institutional structures or 

organizational procedures) that ensure the up-to-dateness of educational content. The VET 

system in Switzerland, with its built-in curriculum-updating mechanism and its strong 

involvement of firms from the technology frontier, represents an example that is worth drawing 

on when designing mechanisms for other countries or other areas of education. For example, 

in the digitalization era, an economy’s use of the latest digital technologies is crucial for staying 

competitive globally. Our findings from earlier cycles of digital transformation suggest that 

systematic educational updates may act also today as effective devices for speeding up the 

diffusion of digitalization into the workplace. The same built-in updating mechanisms might—

with the engagement of firms from the innovation frontier—help again to bring new digital 

technologies into jobs more quickly. By moving education ahead in the “race between 

education and technology,” built-in educational updating mechanisms (that ensure the 

participation of frontier firms) will likely help mainstream firms and their workers keep up 

with the latest digital technologies. 
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Tables and Figures:25 

 
Table 1—List of Curriculum Updates Introducing the New Technologies CAD, CNC, and DP 
Occupation Year of Update Year of First 

Graduates 
A. CAD introductions   
Draftsman, architecture (Hochbauzeichner) 1995 1999 
Draftsman, structure (Tiefbauzeichner) 1996 2000 
Draftsman, machinery (Maschinenzeichner) 1998 2002 
Geomatician (Geomatiker) 1998 2002 
Draftsman, metal constructions (Metallbauzeichner) 1999 2003 
Interior designer (Innenausbauzeichner) 1999 2003 
Draftsman, electrical systems (Elektrozeichner) 2000 2004 
Draftsman, spatial planning (Raumplanungszeichner) 2000 2004 
Draftsman, garden and landscapes (Landschaftszeichner) 2002 2006 
Micro Designer (Mikrozeichner) 2002 2006 
Building Services Planner (Gebäudetechnikplaner) 2010 2014 
   
B. CNC introductions   
Metal worker (Metallbauer) 1997 2001 
Polymechanic (Polymechaniker) 1998 2002 
Automation mechanic (Automatiker) 1998 2002 
Production mechanic (Decolleteur) 2001 2005 
Plant and equipment manufacturer (Anlagenbauer) 2002 2006 
Micromechanic (Mikromechaniker) 2002 2006 
Cabinet maker (Schreiner) 2014 2018 
Carpenter (Zimmermann) 2014 2018 
   
C. DP introductions   
Graphic designer (Grafiker) 2001 2005 
Polygraph (Polygraf) 2002 2006 
Mediamatician (Mediamatiker) 2003 2007 
Interactive Media Designer (Interactive Media Designer) 2003 2007 
Polydesigner (Polydesigner) 2010 2014 
Printing Technician (Drucktechnologe) 2018 2022 
Notes: CNC refers to computer-numerical controlled machinery, CAD to computer-aided design software and DP to 
desktop publishing software. Year of Update denotes the year in which the new curriculum went into effect. Year of 
First Graduates denotes the year when the first apprentices under the updated curriculum graduate. 

                                                
25 As recommended by the SJMM, for all our calculations we account for the complex survey design behind the data set. The SJMM 

employs a stratification of newspaper media depending on region and circulation, website media depending on sectors and size of the firm, 
and job portal media (exhaustive sampling) depending on job categories. Selected advertising media from these strata serve as primary 
sampling units (PSU). We take the specifics of the PSUs into account and weight observations according to the probability of choosing the 
advertisement medium in which the job ad was published and selecting this job ad within the medium (two-stage cluster sampling). We use a 
Taylor-linearized variance estimation, also taking the complex survey design into account for the calculation of standard errors. Alternative 
weighting and clustering approaches yield the same results. 
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Table 2—Effect of Curriculum Updates on Technology Diffusion 

Dependent variable     Technology Use 
                   (1)             (2) (3) 

Update  17.95*** 16.36*** 16.00*** 

  (2.42) (2.25) (2.29) 

Constant  3.51* -4.03* 0.37 

  (1.80) (2.10) (5.64) 

     

R&D-stage Diffusion  YES YES YES 

Channel  YES YES YES 

#AdWords  YES YES YES 

     

Additional Controls:     

Research Papers  NO YES YES 

Firm Size  NO NO YES 

Patent-Applicant Firm  NO NO YES 

     

Observations  4,215 4,215 4,215 

R-squared  0.102 0.146 0.147 
Notes: R&D-stage Diffusion refers to the index of cumulative patents (2019 as base year). Channel refers 
to the advertisement channel the job ad is posted in; AdWords corresponds the number of words in the job 
ad. Research Papers is an index of cumulative research papers (2019 as base year). Firm Size indicates 
whether the firm the vacancy is at a small and medium-sized firm, while Patent-Applicant Firm captures 
whether the firm has filed any patent applications. Authors’ calculations with data from the Swiss Job 
Market Monitor. Standard errors according to the complex survey design are reported in parentheses. 
Coefficients, standard errors, and sample means of the dependent vars are multiplied by 100 to represent 
percentage point changes.  
Significance levels: * p<0.10, ** p<0.05, *** p<0.01. 
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Table 3—Diffusion Effect for Mainstream Firms 

Dependent variable     Technology Use 
                   (1)             (2) 

Update  11.23** 10.22** 

  (4.90) (4.76) 

Update*Mainstream  9.35* 8.45* 

  (5.34) (4.91) 

Mainstream  -5.57 -7.13* 

  (3.84) (3.77) 

Constant  7.81 1.35 

  (5.55) (5.47) 

    

R&D-stage Diffusion  YES YES 

Channel  YES YES 

#AdWords  YES YES 

    

Additional Controls:    

Research Papers  NO YES 

    

Observations  4,215 4,215 

R-squared  0.105 0.149 
Notes: Mainstream indicates whether the firm with the job ad is a mainstream firm, 
i.e., a small or medium-sized firm without patent applications. R&D-stage 
Diffusion refers to the index of cumulative patents (2019 as base year). Channel 
refers to the advertisement channel the job ad is posted in; AdWords corresponds 
the number of words in the job ad. Research Papers is an index of cumulative 
research papers (2019 as base year). Firm size and patent-applicant status are 
excluded because they are already controlled for with the Mainstream indicator. 
Authors’ calculations with data from the Swiss Job Market Monitor. Standard 
errors according to the complex survey design are reported in parentheses. 
Coefficients, standard errors, and sample means of the dependent variables are 
multiplied by 100 to represent percentage point changes.  
Significance levels: * p<0.10, ** p<0.05, *** p<0.01. 
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Figure 1.  Technology Diffusion at the R&D Stage (as Measured by Patent Indices) 
(Notes: Cumulative number of patents refers to an index of the yearly cumulative sum of patents, with 2019 as base year. 
Authors’ calculations with data from Scopus.) 
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Figure 2.  Technology Diffusion into Jobs of Selected Draftsman Occupations (as Measured 
by Job Ads) 
(Notes: Average percentage of technology use for draftsmen in architecture and draftsmen in structures, in 5-year bins 
and as an index with 2019 as base year. CAD Diffusion: Patents refers to the index of cumulative patents in CAD 
in 5-year bins and 2019 as base year. CAD Research Papers is an index of cumulative research papers in CAD in 
5-year bins and 2019 as base year. Authors’ calculations with data from the SJMM.) 
  

Enactment: 
Draftsman, architecture (1995) 
Draftsman, structure (1996) 

Graduates enter labor market: 
Draftsman, architecture (1999) 
Draftsman, structure (2000) 
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Figure 3.  Time Structure of Curriculum Updates 
(Notes: The pretreatment phase is set to six years, because the drafting of a new curriculum update takes up to 
six years. The implementation phase is four years because all occupations in our sample involve four-year VET 
programs.) 
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Figure 4. The Effect of Curriculum Updates on Technology Use on the Workplace 
(Notes: Results from the linear probability regression, following our baseline specification, which controls for R&D 
diffusion, the number of words and the advertisement channel of the job ad. Technology use multiplied by 100 to 
represent percentage points. The year before the enactment of a new curriculum serves as the reference category 
for the event indicators and is therefore excluded. Standard errors based on the complex survey design by the 
SJMM.) 
  

1. Pretreatment Phase 

2. Curriculum 
Implementation 
Phase 3. Labor Market Phase 
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Figure 5.  Technology Diffusion by Firm Size and Innovation Status  
(Notes: Average percentage of technology use across CAD, CNC, and DP and pooled in 8-year bins. The blue 
area captures the timeframe 1995-2007, in which more than 80% of our curriculum updates fall. Technology use 
multiplied by 100 to represent percentage points.  Percentage of job ads refers to percentage of firm types in the 
sample of interest, i.e., job ads for draftsmen, mechanical engineer, and graph designer occupations. Authors’ 
calculations with data from the SJMM.) 
  

Majority of updates: 
1995 - 2007 
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Appendix (Tables and Figures): 

 

 
  

Table A1—Effect of Curriculum Updates on Use of CAD, CNC and DP 

Dependent Variable 
 

(1) 

CAD  

(2) 

CNC 

(3) 

DP 

Update  37.86*** 11.87*** 32.71*** 

  (7.38) (2.20) (11.01) 

Constant  4.14 3.06** 1.50 

  (2.98) (1.43) (3.34) 

     

R&D-stage Diffusion  YES YES YES 

Channel  YES YES YES 

#AdWords  YES YES YES 

     

Observations  804 3,223 188 

R-squared  0.306 0.045 0.196 
Notes: CAD, CNC, and DP refer to the use of the respective technology. R&D-stage Diffusion refers to the index 
of cumulative patents (2019 as base year). Channel refers to the advertisement channel the job ad is posted in; 
AdWords corresponds the number of words in the job ad. Research Papers is an index of cumulative research 
papers (2019 as base year). Authors’ calculations with data from the Swiss Job Market Monitor. Standard errors 
according to the complex survey design are reported in parentheses. Coefficients, standard errors, and sample 
means of the dep. var. are multiplied by 100 to represent percentage point changes.  
Significance levels: * p<0.10, ** p<0.05, *** p<0.01. 
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Table A2—Effect of Curriculum Updates: Different Functional Forms of R&D Diffusion 
Dependent Variable  Technology Use  
 (1) (2) (3) 
 Linear 

R&D-Diffusion 
Model 

Quadratic 
R&D-Diffusion 

Model 

Cubic 
R&D-Diffusion 

Model 
TUpdate - 7 or earlier -1.24 -4.73 -5.62 
 (4.98) (4.84) (4.62) 
TUpdate - 6 -1.82 -2.42 -2.45 
 (5.59) (5.34) (5.34) 
TUpdate - 5 6.10 5.96 6.07 
 (6.28) (6.08) (6.12) 
TUpdate - 4 2.51 2.25 2.39 
 (4.05) (3.91) (3.95) 
TUpdate - 3 -1.61 -1.34 -0.99 
 (5.32) (5.17) (5.18) 
TUpdate - 2 1.76 2.00 2.17 
 (5.38) (5.28) (5.28) 
TUpdate 0.78 0.79 0.73 
 (4.74) (4.65) (4.68) 
TUpdate + 1 16.24** 16.51** 16.36** 
 (6.81) (6.71) (6.71) 
TUpdate + 2 16.25** 15.39** 15.59** 
 (6.77) (6.61) (6.66) 
TUpdate + 3 9.08 8.14 8.36 
 (7.61) (7.57) (7.62) 
TUpdate + 4 23.56** 22.22** 22.69** 
 (9.67) (9.72) (9.82) 
TUpdate + 5 38.00*** 37.54*** 37.60*** 
 (11.46) (11.43) (11.33) 
TUpdate + 6 29.34** 28.87** 29.23** 
 (12.67) (12.34) (12.42) 
TUpdate + 7 26.74*** 26.35*** 27.02*** 
 (6.46) (6.31) (6.42) 
TUpdate + 8 28.05*** 27.92*** 28.73*** 
 (7.31) (7.05) (7.36) 
TUpdate + 9 12.41** 13.10** 13.66** 
 (6.30) (6.18) (6.25) 
TUpdate + 10 17.74** 18.80** 19.10** 
 (7.84) (7.71) (7.75) 
TUpdate + 11 5.73 6.81 7.00 
 (4.83) (4.73) (4.76) 
TUpdate + 12 18.94*** 20.36*** 20.34*** 
 (6.54) (6.51) (6.52) 
TUpdate + 13 6.77 8.22 8.35 
 (7.07) (6.93) (6.94) 
TUpdate + 14 12.63* 13.75* 13.61* 
 (7.22) (7.02) (7.01) 
TUpdate + 15 or later 18.68*** 17.80*** 17.66*** 
 (6.47) (6.41) (6.46) 
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R&D-stage Diffusion     
Patents -1.67 -31.76** -55.13* 
 (9.96) (15.62) (28.80) 
Patents2  26.88* 87.84 
  (15.76) (84.14) 
Patents3   -39.67 
   (58.73) 
    
Channel YES YES YES  
#AdWords YES YES YES  
    
Constant -0.48 16.83*** 17.61*** 
 (6.61) (6.30) (6.27) 
Observations 4,215 4,215 4,215 
R-squared 0.121 0.123 0.123 
Notes: TUpdate corresponds to the year in which the respective curriculum update was enacted. The reference category is the 
year before the update(TUpdate – 1) and therefore omitted. R&D-stage Diffusion refers to the index of cumulative patents 
(2019 as base year). Channel refers to the advertisement channel the job ad is posted in; AdWords corresponds the number 
of words in the job ad. Standard errors according to the complex survey design are reported in parentheses. Coefficients, 
standard errors, and sample means of the dep. var. are multiplied by 100 to represent percentage point changes. 
Significance levels: * p<0.10, ** p<0.05, *** p<0.01. 
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Table A3—Effect of Curriculum Updates: Non-Parametric Diffusion Trend   

Dependent Variable 
 

(1) 

CAD  

(2) 

CNC 

(3) 

DP 

 

Update  28.97*** 11.93*** 21.64**  

  (7.64) (1.89) (10.38)  

Constant  23.88** 0.39 15.97  

  (10.12) (3.64) (12.42)  

      

Two-Year Fixed Effects  YES YES YES  

Channel  YES YES YES  

#AdWords  YES YES YES  

      

Observations  804 3,223 188  

R-squared  0.333 0.057 0.310  
Notes:  CAD, CNC, and DP refer to the use of the respective technology. Two-Year Fixed Effects include 
indicator variables for each two years from 1980-2019.  Channel refers to the advertisement channel the job ad 
is posted in; AdWords corresponds the number of words in the job ad.  Authors’ calculations with data from the 
Swiss Job Market Monitor. Standard errors according to the complex survey design are reported in parentheses. 
Coefficients, standard errors, and sample means of the dep. var. are multiplied by 100 to represent percentage 
point changes.  
Significance levels: * p<0.10, ** p<0.05, *** p<0.01. 

 



 

47 
 

Table A4—Effect of Curriculum Updates: Different Observation Periods 
Dependent Variable  Technology Use  
 (1) (2) (3) 
 Sample: 1980 - 

2019 
Sample: 1980 - 2015 Sample: 1980 - 2010 

TUpdate - 7 or earlier -5.62 -4.63 -6.82 
 (4.62) (4.40) (6.13) 
TUpdate - 6 -2.45 -3.97 -6.82 
 (5.34) (5.24) (6.80) 
TUpdate - 5 6.07 4.47 -1.59 
 (6.12) (5.89) (7.59) 
TUpdate - 4 2.39 0.99 -0.31 
 (3.95) (3.74) (5.92) 
TUpdate - 3 -0.99 -0.76 1.36 
 (5.18) (5.10) (8.87) 
TUpdate - 2 2.17 3.44 9.15 
 (5.28) (5.19) (8.11) 
TUpdate 0.73 -0.57 2.16 
 (4.68) (4.67) (7.65) 
TUpdate + 1 16.36** 27.31*** 16.28** 
 (6.71) (8.94) (7.37) 
TUpdate + 2 15.59** 18.90** 7.67 
 (6.66) (7.83) (6.71) 
TUpdate + 3 8.36 14.71 8.78 
 (7.62) (9.07) (10.33) 
TUpdate + 4 22.69** 34.15*** 23.67* 
 (9.82) (11.05) (12.36) 
TUpdate + 5 37.60*** 18.47** 13.11 
 (11.33) (8.04) (8.71) 
TUpdate + 6 29.23** 9.73 6.08 
 (12.42) (6.23) (6.86) 
TUpdate + 7 27.02*** 22.03*** 16.85** 
 (6.42) (6.35) (6.96) 
TUpdate + 8 28.73*** 21.47*** 18.69** 
 (7.36) (6.61) (7.29) 
TUpdate + 9 13.66** 10.20* 11.19 
 (6.25) (5.90) (8.04) 
TUpdate + 10 19.10** 17.04** 13.03 
 (7.75) (7.40) (9.44) 
TUpdate + 11 7.00 3.73 0.04 
 (4.76) (4.73) (7.54) 
TUpdate + 12 20.34*** 16.80** -2.11 
 (6.52) (6.74) (14.78) 
TUpdate + 13 8.35 7.32 25.65 
 (6.94) (7.25) (22.13) 
TUpdate + 14 13.61* 12.82 66.92*** 
 (7.01) (8.04) (11.29) 
TUpdate + 15 or later 17.66*** 18.69***  
 (6.46) (6.28)  
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R&D-stage Diffusion     
Patents -55.13* -21.93 45.22 
 (28.80) (30.47) (48.90) 
Patents2 87.84 -33.28 -370.90* 
 (84.14) (116.01) (222.48) 
Patents3 -39.67 75.58 477.53** 
 (58.73) (103.67) (241.50) 
     
Channel YES YES YES  
#AdWords YES YES YES 
    
Constant 8.76 8.90 6.75 
 (6.11) (6.33) (6.98) 
Observations 4,215 3,350 2,188 
R-squared 0.123 0.129 0.139 
Notes: TUpdate corresponds to the year in which the respective curriculum update was enacted. The reference category is the 
year before the update(TUpdate – 1) and therefore omitted. In column (3), with the shortest observation period, we have no 
observations further away than 15 years after the update, the respective category (TUpdate + 15 or later) is therefore also 
omitted. R&D-stage Diffusion refers to the index of cumulative patents (2019 as base year). Channel refers to the 
advertisement channel the job ad is posted in; AdWords corresponds the number of words in the job ad. Authors’ calculations 
with data from the Swiss Job Market Monitor. Standard errors according to the complex survey design are reported in 
parentheses. Coefficients, standard errors, and sample means of the dep. var. are multiplied by 100 to represent percentage 
point changes.  
Significance levels: * p<0.10, ** p<0.05, *** p<0.01. 
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Appendix (Curriculum Updating Process: Illustrative Examples): 

Updating VET curricula—Cases from the mechanical engineering and dental industries  

In the following, we provide additional information on the curriculum updating 

processes in the Swiss VET system and explain how new technologies are systematically 

integrated into updates. We illustrate with case studies and anecdotal evidence from the 

mechanical engineering and dental industries (based on Backes-Gellner & Pfister, 2019), 

how—in practice—new technologies find their way into curricula and how strongly innovative 

firms are involved in the updating process. 

Both the mechanical engineering and the dental industry have been facing important 

new technologies in the last decades: In mechanical engineering, since the early 1990s, 

computer-controlled machine tools, automation, and programmable logic controllers began to 

be introduced and became important for the work of mechanical engineers (“mechanics”);26 in 

dentistry in the early 2010s, new digital workflow technologies gained momentum among 

dental technicians. As the updating of occupational curricula occurs regularly (as prescribed 

by law), in both industries these new technology trends were spotted at an early stage by the 

help of the most innovative firms. With evaluation and updating of curricula scheduled, the 

industry organizations conducted broad surveys among firms and gathered from their members, 

including the most innovative firms, information on new technologies, future occupational 

activities, and new skill requirements.  

Using these survey results, occupational expert groups, consisting largely of experts 

delegated from firms (often very innovative firms), developed new task profiles for the affected 

occupations of the industries. Through these expert groups, the knowledge of frontier firms 

came into the curriculum updating process. For example, for the mechanical engineering 

industry, frontier firms and their experts contributed in the 2009 update (in a very early stage) 

                                                
26 In Switzerland, the umbrella term for VET occupations involving mechanical engineering tasks is “mechanics.” 
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specific knowledge on the use of programmable logic controllers (which is an integrated hard- 

and software combination for production control) and on the methods for training the required 

skills. For the dental industry, as another example, experts from innovative laboratories that 

had already embraced the digital transformation, contributed in the 2018 update their digital 

expertise on digital scanning, rendering and 3D-printing (and a new type of digital workflow) 

to the new occupational profile.  

In both industries, firms discussed and, in a second step, together with the professional 

associations and legal authorities, agreed on the new occupational profiles. For the mechanical 

engineering industry, more knowledge of programmable logic controllers became part of the 

training curriculum for mechanics. In the dental industry, the training in digital workflows, 

new 3D-scanner and printing technology became part of the new curriculum for dental 

technicians. Moreover, inter-firm training courses were designed for teaching skills and 

providing hands-on experience for apprentices from companies that did not yet use the new 

technologies in their production process. After the update and legal implementation, the new 

curricula became mandatory for all firms training apprentices in the respective occupations. 

Thus, even apprentices in mainstream firms acquired the skills for frontier technologies, which 

allowed them to be ahead (in their skills) of their training companies’ technology. 

  The cases from the dental and mechanical engineering industries show how—in the 

updating process—frontier firms contribute their local frontier knowledge about which 

technologies they expect to be important and which skills they consider to be vital for 

apprentices in the upcoming years. Curriculum updates act as diffusion devices that make 

knowledge on new technologies, on the required skills, and on the methods of training them 

accessible to mainstream firms. The greater availability of both knowledge and skills to 

mainstream firms fosters the adoption of new technologies and brings these technologies into 

faster use on the job. 


