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Abstract

The rapid evolution of technology is reshaping labour
markets by altering skill demands and job profiles. This
paper introduces a novel skill-based measure of occupational
technology intensity — the occupational technology skill
share (OTSS) — that distinguishes between manual, digital
and frontier technologies, including artificial intelligence
(AD). Using natural language processing, generative Al and
supervised machine learning, we develop an Al-powered skill
classification that enriches occupation-linked skill labels with
standardised GenAl-generated descriptions and structured
indicators of technological content, enabling transparent
classification by technology intensity. We compute OTSS for
all occupations in the German labour market. For the average
worker in 2023, manual technologies account for the largest
share of skill content (42 per cent), followed by digital (38
per cent) and frontier technologies (20 per cent). Frontier
technologies remain concentrated in specialised occupations,
while digital technologies are widespread. Linking these
measures to administrative data from 2012 to 2023 shows
a broad shift from manual and digital toward frontier
skills across occupations, and reveals a non-linear, U-shaped
relationship between changes in frontier skill intensity and
employment growth.
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1 | INTRODUCTION

The rapid advancement of technology is reshaping labour markets, demanding new skills and
transforming entire occupations. While digital technologies such as computers and industrial robots
have long been integrated into various occupations, frontier technologies — such as artificial
intelligence (AI) — are emerging as key drivers of recent change. Understanding how frontier skills
spread across jobs is crucial for ensuring businesses and workers can successfully adapt and for
designing effective workforce policies that target training and facilitate labour market transitions.
However, measuring the presence and spread of frontier technology skills in jobs remains challenging
due to their complexity and evolving nature.

To overcome this challenge, we propose a multi-step approach to rank occupations by technology
intensity, distinguishing between manual, digital and frontier skills. Using an occupation-level expert
database with rich information on occupational skills, we apply natural language processing (NLP)
and generative Al (GenAl), and train a machine-learning model that categorises job skills by
technology level. This allows us to calculate technology intensities of jobs — measured by the
occupational technology skill share (OTSS) — and to rank occupations according to their technological
advancement. Linking these measures to occupational employment data, we analyse the diffusion and
development of digital and frontier skills in the German labour market for the most recent period of
technological progress (2012-2023). The OTSS data supporting the findings of this study are publicly
available for use by researchers, policymakers and practitioners.'

In particular, we exploit the German BERUFENET expert database,” a rich data set containing
8,775 distinct job skills (skill titles) in either 2012 or 2023 that we can link to 4,647 unique occupations
using the occupation—skill matrix provided by the German Federal Employment Agency. The job
skills are updated regularly by experts and reflect the current state of typically required skills and
activities performed to conduct a specific occupation. For instance, as of 2023, the occupation ‘data
scientist’ contains 36 core and additional job skills such as ‘applied computer science’, ‘data lake’,
‘project management’, ‘programming’, ‘machine learning’ and ‘IT coordination’. Based on the list of
job skill titles, we follow a supervised machine-learning approach to train an algorithm to classify job
skills into three technology classes. We categorise skills into manual skills (e.g. social therapy, group
dancing, tile laying, metalwork), digital skills (e.g. customer relationship management, accounting
software, enterprise resource planning systems) and frontier skills (e.g. machine learning, augmented
reality, collaborative robots) while also differentiating between production and service work contexts.
Specifically, we employ a neural network classifier’ that draws on three sources of information:
standardised skill descriptions generated by the GenAl model, represented numerically; structured
indicators of technological content also generated by GenAl; and metadata from the BERUFENET
system (skill groups and areas). Our approach does not hand over the classification itself to the GenAl
tool, but rather uses GenAl to generate more context for each skill title for the training of the supervised
machine-learning model. We call this an Al-powered skill classification, as it is empowered by Al
but still makes the classification process transparent and reproducible. We provide evidence on the
value of our Al-powered approach by reporting a systematic comparison of alternative classification
strategies (e.g. rule-based text-mining and classifiers trained on embeddings of raw skill titles only),
suggesting that the additional semantic context generated by the large language model (LLM) is
important for identifying advanced technology skills that are not explicitly named in titles. As a further

' The OTSS data underlying this study — including occupation-level manual, digital and frontier technology skill shares for 2012 and 2023 — are
publicly available via GitHub: https://github.com/otss-data/otss.

2 The most current version of the database can be accessed online via https://berufenet.arbeitsagentur.de/. See Dengler, Matthes and Paulus (2014)
for a detailed documentation of the database.

3 A neural network is a machine-learning algorithm that learns non-linear relationships between input variables and target categories. We use a
multi-layer perceptron, one of the simplest network architectures.
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external validation, we compare our measures with individual-level survey data on technology at the
workplace.

Our results indicate strong predictive power of the classifier in assigning job skills to technology
classes and levels of technological intensity. Using the occupation—skill matrix, we aggregate
classified skills to the occupational level and compute employment-weighted averages, thereby
characterising the OTSS of the average worker in 2023 in the economy. From this perspective,
manual technologies account for the largest share of implemented skill content (42 per cent),
followed by digital technologies (38 per cent) and frontier technologies (20 per cent). Frontier
skills are particularly prevalent in technical, scientific and IT-related occupations, whereas digital
skills are broadly distributed across a wide range of occupational domains, including many service
occupations. This pattern highlights that while frontier technologies remain highly concentrated,
digital technologies constitute the dominant and most pervasive form of technological exposure in the
contemporary workforce.

In a next step, we link OTSS to administrative employment data to examine the most prevalent
frontier-OTSS occupations at the German labour market in 2023, and to document the evolution of
frontier OTSS among employed workers in Germany from 2012 to 2023. When accounting for the
employment size of occupations in the German labour market in 2023, the most common frontier-
OTSS occupations are predominantly concentrated in technical, engineering and IT-related domains.
By contrast, occupations with high digital OTSS span a wider range of occupational domains such as
office clerks, sales occupations, and occupations in business administration and financial services. One
distinct difference between the most common frontier-OTSS and digital-OTSS occupations is that, on
average, digital-OTSS occupations employ more individuals than the most common frontier-OTSS
occupations. Furthermore, we document shifts in the OTSS within occupations between 2012 and
2023. We document a widespread decline in the relative share of manual and digital OTSS within
occupations, facilitating a substantial rise in frontier OTSS across nearly all occupations. Lastly,
we relate employment growth to these changes in OTSS within occupations. Our analysis reveals
a U-shaped pattern: employment growth is highest in occupations with either low or high OTSS.
Overall, these findings highlight an ongoing shift in the German labour market toward advanced
technology skills.

We contribute primarily to two main literature strands. First, we contribute to the literature
measuring technology intensity in occupations relying on the task-based approach or exposure
indices. The task-based approach computes routine task intensity (RTI) of jobs based on occupational
descriptions such as O*NET for the United States (Autor and Dorn, 2013) or BERUFENET for
Germany (Dengler, Matthes and Paulus, 2014) to identify automation-prone jobs. Exposure indices
estimate forward-looking automation risks (Arntz, Gregory and Zierahn, 2017; Frey and Osborne,
2017; Grienberger, Matthes and Paulus, 2024). Several Al-specific indices predict the exposure to Al
advancements: Felten, Raj and Seamans (2018) quantify AI's impact by machine-learning capabilities,
Webb (2020) links Al robotics and software to job tasks, and Brynjolfsson, Mitchell and Rock (2018)
introduce the suitability for machine learning (SML) index, showing most jobs mix automation-prone
and complementary tasks. Other studies create indices linking Al research intensity to occupations
leveraging performance benchmarks from Al research (Tolan et al., 2021). Recent studies create an
index measuring exposure to large language models, such as ChatGPT (Engberg et al., 2024). While
these previous studies use occupational task data to construct forward-looking exposure measures, we
leverage granular and up-to-date skill content of jobs to calculate technology intensity within detailed
occupations, distinguishing between manual, digital and frontier skills. By focusing on observed
skill content rather than potential exposure, our approach provides a complementary and more direct
perspective on how advanced technologies are currently implemented in jobs. Moreover, our novel
methodology is flexible and can be applied in other countries with detailed occupational databases or
even in other contexts leveraging rich textual data such as job postings.
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Second, we contribute to a literature strand that focuses on how the demand for labour and skills
is changing in response to the expanding capacities of new technologies.* Task-based models show
that digitalisation substitutes routine tasks while complementing cognitive work (Autor, Levy and
Murnane, 2003), increasing demand for both low- and higher-skilled workers and contributing to job
polarisation (Autor, Levy and Murnane, 2003; Goos, Manning and Salomons, 2014). The impact of
automation varies: robots reduce employment and wages in exposed sectors (Acemoglu and Restrepo,
2020), but boost productivity without major job losses elsewhere (Graetz and Michaels, 2018) in the
United States and are even totally offset by employment gains in the service sector in Germany (Dauth
et al., 2021). Al increasingly augments high-skill jobs rather than replacing them (Felten, Raj and
Seamans, 2019), though Webb (2020) finds that AI disrupts cognitive occupations more than manual
ones. Job posting data confirm rising demand for Al and digital skills, reshaping demand for specific
skills rather than eliminating jobs (Acemoglu et al., 2022; Babina et al., 2024). Other studies show
that automation and Al primarily transform tasks within existing jobs (Spitz-Oener, 2006; Consoli
et al., 2023; Gathmann, Grimm and Winkler, 2024). While existing studies emphasise the potential
shift toward more complex and advanced skills driven by rapid technological change, they mostly rely
on task-based or forward-looking exposure measures. Our study provides direct, skill-based evidence
on the diffusion of frontier technologies across occupations in the German labour market. By linking
changes in occupational skill requirements to administrative employment data, we further document
how the expansion of frontier skills relates to employment changes across all jobs between 2012
and 2023.

The paper proceeds as follows. Section 2 introduces our concept of skills and describes our micro-
level data relating digital and frontier skills to granular occupations and administrative employment
records. Section 3 outlines our approach to identifying digital and frontier skills using a supervised
machine-learning approach. Section 4 explains how we construct the share of digital and frontier
skills for each occupation and compares our novel measure to survey data on technology usage at
the workplace. Section 5 documents the prevalence of digital and frontier skills in the German labour
market in 2023 and illustrates the evolution of these skills since 2012. Section 6 concludes.

2 | DATA AND CONCEPTS OF SKILLS AND TECHNOLOGY

In this section, we describe our conceptual framework for distinguishing skills by level of technology,
which provides the basis for our skill classification in Section 3. Furthermore, we describe the data
that we use to train our classifier in predicting the technology class of each skill in our data. The
primary analysis relies on cross-sectional data from 2023 as described below, while Section 5 extends
the analysis over time by incorporating analogous data from 2012 to examine the evolution of skill
requirements and employment patterns.

2.1 | Conceptual framework for skills by level of technology

One big disadvantage of existing data sets is that they do not allow for distinguishing jobs by their
level of technology use.’ Therefore, up to now, it has not been possible to assess the number of jobs
that require frontier technology skills such as those related to Al. To overcome this gap, we exploit the
richness of the expert online database BERUFENET, which provides a granular list of skills required

4 A related strand of the literature examines the relationship between the skill intensities and wages. Empirical studies have documented positive
wage premia for ICT skills (Krueger, 1993; Autor, Levy and Murnane, 2003; Falck, Heimisch-Roecker and Wiederhold, 2021) and digital skills
more broadly (Deming and Noray, 2020; Wiederhold and Langer, 2023). Evidence on the wage effects of Al-related skills is more limited but
emerging, with recent contributions including Acemoglu et al. (2022), Engberg et al. (2025) and Babina et al. (2024).

> An exception is surveys on actual technology use at the individual level, such as Arntz et al. (2025a). Because large-scale administrative or

household data lack such measures, most empirical studies rely on occupational exposure indices constructed from external sources (e.g. Felten,
Raj and Seamans, 2018, 2019; Webb, 2020) or on job-posting based indicators of Al adoption (e.g. Engberg et al., 2024).
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TABLE 1  Skill levels by technology intensity and examples.

Skill level

Service

Production

Frontier
Skills related to technologies
that perform work

processes autonomously

Digital
Skills related to technologies
where humans are indirectly

involved in work processes

Manual
Skills related to technologies
where humans conduct

work processes manually

(1) IT-integrated
Machine learning
Fraud detection

Chatbots

(3) IT-supported
Customer relationship management
Reservation systems

Enterprise resource planning

(5) Not IT-supported
Voice teaching
Group dancing

Social therapy

(2) Self-controlled
Collaborative robots
Digital twin technology

Autonomous driving systems

(4) Indirectly controlled
Computer numerical control
Fire alarm systems

Computer-aided design

(6) Manually controlled
Rust removal
Tile laying

Roof and facade metalwork

Note: Building on the framework introduced in Genz et al. (2021), we classify skills according to three technology levels: manual, digital and
frontier technologies. Numbers 1-6 label the six conceptual categories discussed in the text.

in jobs.® Building on the framework used by other studies for classifying work equipment (Genz et al.,
2021; Arntz et al., 2024, 2025a, 2025b), we categorise job skills into the three different groups shown
in Table 1, distinguishing between service and production contexts.’

At the most basic level, manual skills are those required to operate work processes without the
support of digital technology. These skills are typical of the First and Second Industrial Revolutions
(before the Digital Revolution).® In production settings, this includes the use of manually controlled
equipment (cell 6), such as rust removal, tile laying or handcrafted metalwork. In service settings,
manual skills correspond to work equipment that is not IT-supported (cell 5), such as voice teaching,
group activities or analogue communication tools. For simplicity, we refer to these as service
tools below.

The next category, digital skills, refers to those skills that enable workers to interact with and control
digital technologies that support or indirectly manage the work process. In service occupations, this
includes skills such as using customer relationship management software, operating enterprise
resource planning systems or using reservation software (cell 3). In production contexts, digital
skills include operating computer numerical control systems, fire alarm technologies or computer-
aided design tools (cell 4). These skills reflect the computerisation wave of the Third Industrial
Revolution (First Digital Revolution) that started in the 1970s and enabled IT-based automation of
specific subprocesses.

The highest level, frontier skills, refers to the Fourth Industrial Revolution (Second Digital
Revolution) since the late 2000s. In service occupations, frontier skills include advanced capabilities

% While O*NET contains broad skill descriptors, these rarely reference specific technologies. Although O*NET also includes a separate “Tools
and Technology’ component, these entries are not part of the skill taxonomy and remain less detailed than the occupation-specific skill text in
BERUFENET. This richer textual information is essential for our machine-learning classification of technology levels. Moreover, BERUFENET
corresponds directly to the German occupational structure used in our analysis.

7 By production, we mean job, task or work environment related to factories, blue-collar work, engineering, manufacturing, machinery, transport
or logistics. All other jobs are service-related, including office work environments and services such as administration, healthcare, education,
retail, hospitality, finance and information technology.

8 The First Industrial Revolution (starting around 1800) marks the transition from hand production to the widespread use of machines powered by
water and steam. The Second Industrial Revolution (starting in the late 19th century) saw the introduction of electricity-powered mass production
and assembly lines.
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such as applying machine-learning techniques, operating Al-powered chatbots or conducting fraud
detection (cell 1). In production settings, they involve working with self-controlled technologies such
as collaborative robots, digital twin systems or autonomous driving technologies (cell 2). These are
skills that allow workers to engage with technologies capable of autonomously performing complex
work processes.

Note that this taxonomy classifies all occupational skills into one of the three groups; the ‘manual’
category therefore also functions as a residual group that absorbs skills not involving digital or frontier
technologies, such as social, communicative or managerial skills, which are outside the scope of our
technology-oriented classification.

The purpose of this taxonomy is not to offer a comprehensive typology of all occupational skills,
but rather to distinguish skills that require digital or frontier technologies from those that do not. This
focus allows us to construct a meaningful measure of the technology intensity of occupations. At the
same time, the classification does not capture non-technological skill dimensions — such as social,
managerial or creative skills — which remain grouped in the residual manual category.

2.2 | Expert database on job skills

BERUFENET is a publicly accessible online platform provided by the German Federal Employment
Agency, offering comprehensive information on all recognised occupations in Germany.” Primarily
designed to support career guidance, it is widely used by vocational counselors and job placement
officers during job placement procedures of jobseekers as well as by the general public for
occupational orientation. For 2023, the database contains detailed descriptions of 4,647 unique
occupations (Einzelberuf, in German), corresponding to the eight-digit level of the German
Classification of Occupations (K1dB2010),'0 including information on, among others, occupational
job competencies — only the titles — describing the specific tasks, tools and technologies used in each
occupation. For simplicity, we refer to these competencies as ‘skills” or ‘skill titles’ throughout the
paper. Content is maintained and regularly updated by a dedicated expert team in response to update
requests stemming from the Federal Employment Agency’s advisory activities.''

For this paper, we focus on the job skills provided for each of the 4,647 unique occupations.
For 2012 and 2023, the database contains 9,031 unique valid skills that are assigned to the unique
occupations as core skills, additional skills or further skills.'” Core skills refer to essential skills that
are indispensable for performing the duties of a given job. Additional skills denote skills that may be
beneficial for carrying out the duties but are not strictly necessary for employment in the job. Note that
a skill may be a core skill in one job, while being an additional (or further) skill in another job. For
instance, the occupation ‘data scientist’ contains 22 core job skills such as ‘applied computer science’,
‘data lake’, ‘data warehouse’, ‘programming’ and ‘project management’ as well as 14 additional skills
including ‘business intelligence’, ‘IT coordination’ and ‘machine learning’ (see Table 2). When we
construct our technology measures, we stick to skills listed as core or additional in jobs, as further
skills mainly consist of extensive, internal reference lists (e.g. drawn from related occupations) and do
not reflect the central skill requirements of a job.

While we cannot weight skills by their relative importance, the extensive skill lists provided
in BERUFENET contain substantial variation. Occupations differ widely in the number and mix
of technology-related skills they include. For example, the occupation of data scientist contains

° The database can be accessed online via https:/berufenet.arbeitsagentur.de/.
10 For details on the structure of the German Classification of Occupations, see Matthes and Paulus (2013).

"' Due to its completeness and timeliness, BERUFENET has been used in prior research to derive occupational task profiles (Dengler, Matthes
and Paulus, 2014) and assess the substitutability of occupations in the context of digitalisation and automation (Grienberger, Matthes and Paulus,
2024). For a detailed description of the structured process by a dedicated team of experts specialising in education and vocational training to keep
the BERUFENET database up to date, see Dengler and Matthes (2018).

12 We ignore artist entries that capture specific works in the skill group ‘Media, Arts, Design’ (e.g. named operas), which are explicitly labelled
in the database and can therefore be easily dropped (see Table A.1 in the online Appendix).
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TABLE 2  Skills for the occupation ‘data scientist’.

Core

Additional

Applied computer science

Content recommendation systems
Continuous integration

Data analysis

Data architecture

Data lake

Data modelling

Data protection

Data transfer, data preparation

Data warehouse

Database administration, management and organization
E-commerce, e-business

Information and communication management

Internet, intranet technology

Business administration

Business informatics

Business intelligence

High-performance computing (HPC/parallel computers)
IT coordination

IT organization

Knowledge management systems

Machine learning

Market research

Modelling, simulation (IT)

Network administration, management, organization
System support, system administration, system management
Teaching (university)

User consulting, user support (IT)

Mathematics

Programming

Project management

Research, information procurement
Security systems (IT), data security
Software technology, software engineering
Statistics

System software (development, programming, analysis)

Note: The table shows the competencies for the occupation ‘data scientist’ (KIdB2010 eight-digit = 43104132) as of 2023. See https://web.
arbeitsagentur.de/berufenet/beruf/129987#taetigkeit_kompetenzen_kompetenzen for the list of skills required for a data scientist as of today.

36 skills, of which 26 can be later classified as frontier (see Section 3). Such differences in
composition provide informative variation for identifying technology-skill intensity even without
explicit importance weights.

In the BERUFENET database, skills are organised using the Digital Competence Code (DKZ), a
hierarchical classification system that assigns each skill to increasingly specific semantic categories.
A schematic illustration of this structure in the DKZ is provided in Figure A.l1 in the online
Appendix. For example, the skills ‘Zoom’ and ‘Microsoft Teams’ both belong to the skill field
(six-digit) ‘Office/Communication Software’. This skill field is part of the skill area (four-digit)
‘Software — Commercial Application’, which in turn falls under the broader skill group (two-
digit) ‘IT, Data Processing, Computers’. This multi-level structure provides a consistent semantic
context, ensuring that related digital tools and software applications are grouped together while
remaining distinguishable from other domains such as ‘financial accounting software’ or ‘technical
application software’.

We follow Dengler, Matthes and Paulus (2014) and drop skills assigned to the skill group
related to types of work (‘K 12 - Arbeits-, Einsatzformen’), workplace setting (‘K 16 -
Arbeitsorte’) and industries (‘K 17 - Branchen’). Examples of such skills include ‘supermarket’
(workplace) and ‘traineeship’ (work form). As these categories do not convey information about
the actual work activities, they are not relevant for our analysis and are therefore omitted. These
account for 256 skills that we drop, ending up with 8,775 skills in either 2012 or 2023 (see
Table A.1).


https://web.arbeitsagentur.de/berufenet/beruf/129987#taetigkeit_kompetenzen_kompetenzen
https://web.arbeitsagentur.de/berufenet/beruf/129987#taetigkeit_kompetenzen_kompetenzen
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Beyond its hierarchical DKZ structure, the BERUFENET database also provides frequently
associated search terms for each individual skill, offering additional semantic context that is not
captured by the classification alone. For example, the skill ‘Chatbots’ is linked to search terms such
as ‘Al agents’, ‘Chatbots’, ‘LLM — Large Language Model’ and ‘Generative AI’. These related terms
help users understand the broader conceptual environment of the skill and improve navigation within
the BERUFENET system by guiding them toward occupations and skill profiles connected to these
terms. The bottom layer of Figure A.1 illustrates how such search terms extend the hierarchical DKZ
representation for individual skills.

We use the skill groups (two-digit), skill areas (four-digit) and search terms to enhance the
interpretative accuracy in translation and description generation tasks using GenAl (next paragraph).
For instance, the skill ‘tango’ may refer to either a dance style or a control system for scientific
instrumentation. Supplementing the input with the search terms provided by the system, as well as skill
group and area, yields the additional contextual keywords ‘media’, ‘art’, ‘design’ and ‘dance’, which
help disambiguate the meaning, guiding the model toward the intended interpretation of ‘tango’ as a
dance style. The skill groups and areas are also used as input variables in the classification procedure
to capture general differences (Section 3).

Although the BERUFENET database offers extensive coverage of occupational skills, it provides
only short skill titles without standardised definitions. This makes it difficult to understand the
technological content of a skill based on the title alone. To address this, we use a large language
model to generate short, consistent descriptions for each skill, which we call LLM skill descriptions.
These LLM descriptions add the semantic detail needed to interpret skills correctly and also improve
the performance of our keyword-based indicators. Without this additional context, many digital or
frontier technologies — for example, cloud-based environments such as Microsoft Azure or specific
SAP modules — would not be identifiable from titles alone (see discussion in Section 3). The
LLM-generated descriptions therefore supply essential semantic information that BERUFENET does
not provide.

2.3 | Administrative data on occupations

We use the IAB Employment History (BeH, Beschaeftigtenhistorik V10.08.00-202312) to analyse
employment at the five-digit level of German Classification of Occupations (KldB2010). The BeH
is a comprehensive administrative dataset maintained by the German Federal Employment Agency,
covering employment spells from 1975 to 2023 for all individuals in jobs subject to social insurance
contributions. It is based on mandatory employer notifications submitted annually, as well as
employment registrations and deregistrations required for social security purposes. Consequently,
the dataset excludes civil servants, self-employed, military personnel and individuals in phased
retirement programs.

Occupations are coded using the five-digit KIdB2010, where the first four digits describe specific
tasks and required skills and the fifth digit indicates job complexity (e.g. helper or expert level).
In addition to occupational data, we utilise establishment-level information on the registered sector
of employment. Our sample consists of all individuals aged 16-65 in regular employment in 2023,
resulting in a total of 30,361,893 individuals.

When linking our detailed skill information from BERUFENET to the administrative employment
data, we are constrained to the five-digit KIdB2010 classification, which comprises 1,297 unique
occupations, as employment data at a more granular occupational level are not available.

3 | CLASSIFYING JOB SKILLS WITH MACHINE LEARNING

The aim of this paper is to rank occupations by their technology skill intensity using detailed job
skills from the BERUFENET database. To this end, we classify each job skill into one of the three
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1. BERUFENET data
8,775 skills linked to 4,647 occupations

2. Context generation with LLM/GPT-40
Translation (DE-EN), Al/digital tagging and description enrichment

3. Preparing input variables (feature engineering)
Word embeddings (numerical text representations),
keyword indicators, and LLM-based indicators

4. Training the classifier (supervised machine learning)
Neural network model (Multi-Layer Perceptron, MLP);
809 labelled skills; predicts manual, digital or frontier

5. Mapping to occupations and aggregation
Linking skills to jobs via year-specific occupation-skill matrix (2012 and 2023);
Computing OTSS for manual/digital /frontier skills per occupation (8-digit);
Aggregation from 8-digit to 5-digit

6. Validation & applications
Validation of OTSS with DiWaBe 2.0 survey data; link
to IAB employment data; trend analysis 2012-2023

FIGURE 1 Overview of the Al-powered skill classification pipeline and OTSS construction. Note: The
figure summarises the workflow from data collection and contextual enrichment to supervised machine-learning classification
of skills, construction of OTSS and validation for 2012 and 2023.

technology classes — manual, digital or frontier — defined in Table 1, and we differentiate by service
and production work contexts. We adopt a supervised learning approach by training a neural network
classifier to predict the technology class of each skill based on a set of input variables (called features in
machine learning) described below. Figure 1 provides an overview of the full workflow, summarising
how the data sources, contextual enrichment and machine-learning steps are connected in the skill
classification pipeline that produces the OTSS. The detailed workflow is presented in the following
discussion. We conduct these steps for both years 2012 and 2023.

3.1 | Generating additional context using large language models

While BERUFENET provides the official list of skills associated with each occupation (Step 1 in
Figure 1), it contains only short skill titles without standardised definitions. To make these skill titles
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usable for text-based machine-learning methods, we employ an LLM to enrich the raw BERUFENET
entries with additional, standardised context (Step 2) including a concise LLM description for
each skill and structured indicators of its technological content (digital, Al, Industry 4.0, frontier,
IT-integrated or self-controlled). These supplement keyword-based indicators and BERUFENET
metadata (skill group and area) in the set of input variables (features) used by the classifier.

Specifically, we use OpenAl’s large language model GPT-4o to iterate over the 8,775 skills. As
a first step, each skill is translated from German to English, providing the LLM with contextual
information (search terms, skill group and skill area). For each translated skill, the LLM is then
prompted to generate additional information along the following dimensions: (i) whether the skill is
directly related to digital technology; (ii) if digital, we ask for a concise description of the technology-
related skill, and if not, a general description of the skill is requested (LLM description); whether
the skill is related to (iii) frontier technology, (iv) technologies related to Industry 4.0, (v) Al or (vi)
self-controlled production technology or IT-integrated office and communication technology. A final
prompt (vii) asks for an assessment of whether the skill is related to production jobs or tasks. Prompts
are executed within a simulated chat session to preserve contextual coherence with the initial response
and are initiated with system roles targeted to the subsequent tasks, such as a translator or job expert.
We ask for a short explanation, as the accuracy of the model improves, when it has to think about
a justification. The full prompt together with the system roles and context prompts are detailed in
Table A.2.

Importantly, our final classification does not rely solely on the LLM’s classification into manual,
digital or frontier skill categories. Instead, it generates consistent and interpretable inputs that serve as
input features for the supervised learning model, which then learns how to predict the technology class
based on the input. In this way, the LLM enriches the raw BERUFENET titles by producing detailed
descriptions and answering targeted questions that translate each skill into structured indicators. This
workflow combines the strengths of the two data sources in a complementary manner. BERUFENET
provides the mapping of skills to occupations, which remains unchanged, while the LLM supplies
semantic detail and additional indicators. This enrichment enables the supervised model to distinguish
between skills that cannot be differentiated on the basis of titles alone.

3.2 | Preparing input variables

In Step 3, we construct the input variables for the classifier, starting with LLM descriptions. These
descriptions provide additional context beyond the short skill titles available in BERUFENET,
clarifying what each skill actually involves. For instance, relying only on the raw text of a skill
title might place all Microsoft products in the same group because of the shared word ‘Microsoft’.
However, Microsoft Windows and Microsoft Azure differ strongly with respect to technology —
whereas Windows is a digital technology, Azure is a cloud computing environment for Al and big-data
applications and is therefore classified as a frontier technology. By using the LLM descriptions, we
can distinguish such differences more accurately.

Before analysing the LLM descriptions, we apply standard text-preprocessing steps that prepare
the text for quantitative analysis. These include splitting the text into individual units (tokenisation),
removing very frequent function words that carry little meaning (stop-word removal) and reducing
different forms of a word to a common base form (lemmatisation or stemming). These procedures
ensure that the classifier captures the semantic content of the descriptions rather than linguistic
variation. We then convert the cleaned text into numerical representations that reflect semantic
similarity (word embeddings) using the Word2Vec model.'* Besides the text-based information, we
include a number of binary indicators that capture whether the LLM classified a skill as digital,

13 Word embeddings map words or short texts into a high-dimensional vector space in which semantically similar terms receive similar numerical
representations, enabling the classifier to capture semantic structure in the descriptions.
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frontier, Al-related, Industry 4.0-related, self-controlled versus IT-integrated and production-related
(see Section 2). By production, we mean any job, task or work environment related to factories,
blue-collar work, engineering, manufacturing, machinery, transport or logistics.

Keywords

We also add variables indicating the presence and number of specific keywords in the LLM-generated
skill descriptions that are associated with digital and frontier technologies. To do so, we construct
manually curated dictionaries comprising 64 digital-technology keywords (e.g. information system,
software, Windows, CNC, computer) and 238 frontier-technology keywords (e.g. 3D printing, Al,
machine learning, augmented reality, sensors, smart). These dictionaries were developed through an
iterative process: starting from our conceptual definitions of digital and frontier technologies (see
Table 1), we reviewed BERUFENET skill titles together with the enriched LLM descriptions and
collected terms that consistently appeared in connection with the corresponding technologies. We
refined the lists through repeated testing, removing overly broad or ambiguous terms and adding terms
where initial classifications suggested under-coverage. Based on the cleaned LLM descriptions, we
count the occurrences of these keywords per skill. The distribution of frontier-technology keyword
matches is summarised in Table A.3 in the online Appendix. From this, we derive binary indicators
for the presence of digital and frontier keywords, as well as count variables capturing the number of
matched terms in each category.

In addition to text-based features and LLM-generated indicators, we include categorical metadata
from BERUFENET. Specifically, we use dummy variables for the official BERUFENET skill areas
(and, where applicable, skill groups), which capture the occupational structure not contained in the
text descriptions.

Overall, this yields a comprehensive, data-driven set of input variables from which the model learns
the relative importance of each component for predicting a skill’s technology class. Table 3 provides
illustrative observations of how the LLM-generated indicators are transformed into the structured
information used by the classifier.

3.3 | Training the neural network classifier

In Step 4, we classify job skills into technology categories using a neural network model — technically,
a multi-layer perceptron (MLP) — implemented in Python’s scikit-learn library.'* This supervised
learning approach estimates patterns between the input variables X (describing each skill) and the
target variable y (its technology class). In our setting, the target variable distinguishes between three
categories: manually controlled (manual), indirectly controlled (digital) and self-controlled (frontier)
skills in production contexts, or equivalently, non-IT supported (manual), IT-supported (digital) and
IT-integrated (frontier) skills in service contexts.

Compared with a conventional logistic regression, the neural network can capture more complex,
non-linear relationships by including one or more intermediate (hidden) layers between the input and
output. The construction of the input variables X is described in Section 3.3.1.

3.3.1 | Training
To train the classifier, we manually label 809 out of 8,775 job skills according to the three technology

classes, distinguishing between service and production contexts (i.e. overall six groups). Labelling
is based on expert judgement supported by the LLM-generated descriptions and adheres to the

14 An MLP is a simple type of neural network that learns non-linear relationships between input variables and an outcome through an iterative
training process known as backpropagation.
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framework introduced in Section 2. While assigning skills to technology categories inevitably involves
some degree of judgement, we restrict the labelled training set to skills whose technological content
can be classified with relatively high confidence in order to ensure a high-quality GroundTruth
dataset, but make sure we include skills from all broader skill groups (see Table A.4 in the online
Appendix for the distribution of labelled skills across skill groups). To give a few illustrative examples
drawn from different occupations and skill groups, manual skills include ‘sealing (roof)’, ‘pipe
construction’ and ‘wood sorting’ in production, and ‘infants and toddlers care’, ‘art education’ and
‘social therapy’ in services. Digital skills include indirectly controlled production skills such as ‘fire
alarm technology’ and ‘CAD application Nemetschek Allplan’, as well as IT-supported service skills
such as ‘email program Pegasus Mail’ and ‘web content management system (CMS) Mambo/Joomla’.
Frontier skills relate to technologies that perform work processes autonomously, including self-
controlled production technologies such as ‘autonomous transport systems’, ‘LiDAR technologies’
and ‘driver assistance systems’, and IT-integrated service technologies such as ‘Microsoft Azure cloud
computing’, ‘computer science’ and ‘programmatic advertising’.

Using this labelled subset, we train the MLP classifier to predict the technology classes based on
the feature set. For model evaluation, we randomly split the labelled data into a training and a test set
of equal size, setting aside 50 per cent of the labelled skills (405 observations) as a held-out test set
that is not used during training.

3.3.2 | Evaluation

We evaluate model performance using the 405 manually labelled job skills in the test set by comparing
the model’s predictions with the true class labels. Table A.5 reports standard measures of prediction
quality commonly used in classification tasks: precision, recall and the combined F1-score. Precision
measures the share of skills predicted to belong to a given technology class that are correctly classified,
that is, for which the predicted class matches the true label. Recall measures the share of skills that
truly belong to a given technology class that are correctly identified by the model. The Fl-score
combines precision and recall into a single balanced measure that penalises imbalances between
the two and is high only when both precision and recall are high. Overall, the model performs
strongly: high precision values indicate that the model makes few incorrect positive predictions (false
positives), while high recall values show that it successfully identifies most relevant skills (i.e. the
model makes few false negatives). The macro-averaged F1-score is close to 0.8, indicating a strong
and well-balanced classification performance across technology classes.

To provide evidence on the value of the multi-step approach more generally, Table 4 compares
alternative classification strategies. Panel A benchmarks each method against the full set of human-
labelled skills, which serve as the ground truth in this exercise. We focus on the three-class scheme
pooling service and production skills within manual, digital and frontier. The results show that
applying text-mining directly to short skill titles performs substantially worse than applying the
same rules to LLM-generated descriptions, particularly for frontier technologies. This demonstrates
that the additional semantic context provided by the LLM is essential for identifying advanced
technologies that are not explicitly named in the raw titles. Moving beyond rule-based methods, an
Al-powered classifier trained on text embeddings of skill titles already performs markedly better.
However, the highest agreement with human labels is achieved by the full Al-powered classifier,
which combines text embeddings of LLM-generated skill descriptions with additional structured,
non-embedding features.

Feature importance analysis for the full Al-powered classifier (Figure A.2) assesses the contribution
of each input by measuring the decline in predictive performance under permutation. Features related
to the skill descriptions are aggregated to one block. The results show that textual embeddings
derived from the LLM-generated skill descriptions dominate the model’s predictions, accounting
for the largest drop in performance by far. All other features play a secondary role: among the
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TABLE 4  Performance of text-mining and Al-powered classifiers (three-class scheme).

Accuracy Cohen’s % Recall
Manual Digital Frontier
1) 2 3 @ ©)
Panel A. Rule-based text-mining
Text-mining (titles) 0.637 0.434 0.993 0.420 0.418
Text-mining 0.760 0.639 0.827 0.871 0.552

(LLM-generated descriptions)

Panel B. AI-powered classification (MLP)

Al-powered classifier 0.860 0.790 0.876 0.837 0.866
(title embeddings only)

Al-powered classifier 0.932 0.897 0.971 0.920 0.895

(descriptions + structured features)

Note: The table reports agreement between alternative classification strategies and human-labelled technology classes using a three-class scheme
(manual, digital and frontier). Accuracy denotes the share of correctly classified observations. Cohen’s ¥ measures agreement adjusted for chance.
Recall is reported separately for each technology class.

structured inputs, skill-area dummies contribute the most, followed by indicators related to production
and frontier technologies and the presence of corresponding keywords. Variables capturing digital
and Al-related content add modest predictive value, while Industry 4.0, IT-integrated and self-
controlled technology indicators exhibit near-zero or slightly negative importance, suggesting limited
incremental contribution once textual information is taken into account.

3.3.3 | Prediction

Using the trained classifier, we predict the technology class for each unique skill in the full dataset and
assign it to one of the three technology classes: frontier, digital or manual. Figure A.3 in the online
Appendix illustrates the distribution of these predicted classifications for the skills that appear as either
core or additional in any occupation in 2023.

Examples of skills identified as either frontier or digital are presented in Table A.6. In line with
existing classification approaches, skills directly associated with Al, such as ‘augmented reality’,
‘machine learning’ and ‘data lake’, are categorised as frontier skills. However, our classification also
captures frontier technologies more broadly, encompassing skills such as ‘maintenance and repair
robots’, ‘computer-assisted surgery’ and ‘networked production systems’. Representative digital skills
include ‘bookkeeping’, ‘CNC programming’ and ‘office management’.

4 | CONSTRUCTING THE OCCUPATIONAL TECHNOLOGY SKILL
SHARE

This section implements Step 5 of the skill-classification pipeline depicted in Figure 1 by linking
the skill-level technology classification developed in Section 3 to (eight-digit) occupations using the
year-specific occupation—skill matrices provided by the German Federal Employment Agency.'> This
allows us to quantify the technology intensity of jobs and show how digital and frontier technologies
are transforming job profiles. From the 8,775 classified skills, we focus only on skills that ever appear

15 The occupation—skill matrices used throughout this section correspond to the versions available as of 19 December 2023 and 12 December 2012.
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as core or additional skills in any occupation — in 2023 this amounts to 5,065 (see full skill selection
steps in online Appendix A.1 for 2012 and 2023). To validate the resulting occupational skill intensity
measures, we compare aggregated values in occupation groups (two-digit occupations) with survey
data on actual technology use at the workplace, confirming the reliability of our approach. The details
are discussed below.

4.1 | Occupational skill intensities

Formally, combining the skill-level technology classification with the occupation—skill matrix allows
us to compute, for each unique eight-digit occupation, the share of skills belonging to technology class
i in occupation j, which we refer to as the occupational technology skill share (OTSS):

Number of skills assigned to technology class i and occupation j
Total number of assigned skills in occupation j ’

Here, i = {manual, digital, frontier}; that is, the numerator counts the number of skills associated with
occupation j that are classified (based on the model predictions) as belonging to technology class i,
while the denominator captures the total number of skills linked to occupation j. For each occupation,
we calculate the proportion of required skills associated with each technology class relative to the total
number of assigned skills.

We return to the example of the data scientist for which Table 2 displays all skills. Based on our
classification, the resulting OTSS values are 72 per cent frontier skills, 28 per cent digital skills and no
manual skills, placing the occupation in the highest percentile of the frontier skill distribution. In total,
26 skills are classified as frontier skills (e.g. ‘high-performance-computing’, ‘data lake’ and ‘machine
learning’) and 10 skills are classified as digital skills (e.g. ‘project management’, ‘IT coordination” and
‘system management’). A key advantage of our skill classification is its broader coverage of cutting-
edge frontier technologies beyond Al alone. As a result, occupations without a primary Al or IT focus
can rank highly in terms of frontier skill intensity. One such example is advanced driver assistance
systems/autonomous driving engineer (KIdB2010 27184136), with a skill composition of 88 per cent
frontier skills and 12 per cent digital skills. Frontier skills of this occupation include, for instance,
‘data analysis’, ‘5G technology’ and ‘machine-to-machine communication’.

An example of an occupation with one of the highest shares of digital skills is the customer
information specialist (KIdB2010 71401147), whose skill profile comprises 8 per cent frontier skills,
92 per cent digital skills and no manual skills. Representative digital skills for this occupation include,
for instance, ‘customer data management’, ‘mail processing’ and ‘managing files, documents’.

4.2 | Occupational skill composition

To characterise the technological content of work in the economy, we construct employment-weighted
averages of our occupational skill shares described above. Because employment counts are not
observed at the eight-digit level, we combine the skill measures with employment information
available at the five-digit occupational level using a two-step procedure. First, we collapse skill shares
from the eight-digit to the five-digit occupational level by taking simple averages across all eight-digit
occupations belonging to a given five-digit occupation. This step implicitly assumes that employment
is evenly distributed across eight-digit suboccupations within each five-digit occupation. Second, we
aggregate these five-digit skill measures to the economy level using employment weights.

Figure 2 illustrates the resulting employment-weighted OTSS for the average worker in 2023. The
figure displays three stacked horizontal bars corresponding to overall technology type, production-
related technology skills and service-related technology skills. Within each bar, the segments represent
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Production 32%

Service 14%
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FIGURE 2  Average occupational OTSS in 2023 (employment-weighted). Note: The figure shows the
employment-weighted OTSS of an average worker in the economy. OTSS values are constructed at the eight-digit
occupational level and aggregated using employment data at the five-digit level. The bars report the distribution of manual,
digital and frontier skills overall as well as by technologies related to production and service. All bars are normalised to sum to
100 per cent. The analysis is based on the 5,065 distinct skills that appear as either core or additional skills in at least one
occupation existing in 2023. We also show the unweighted version of this figure that represents the skill composition of the
average occupation in the German economy in Figure A.4. [Colour figure can be viewed at wileyonlinelibrary.com]

manual skills, digital skills and frontier skills (from left to right). All bars are normalised to sum to 100
per cent. The figure is based on the universe of 5,065 distinct classified skills that appear as either core
or additional skills in occupations existing in 2023. Across all skills, 20 per cent of the skill content of
work is frontier-related, 38 per cent is digital and 42 per cent is manual. The distribution of technology
intensity differs markedly between production and service contexts. Production-related tasks exhibit
a substantially higher frontier OTSS (32 per cent) than services (14 per cent), indicating greater
reliance on highly advanced or self-controlled technologies. By contrast, service-related tasks are
dominated by digital skills (47 per cent) and display comparatively lower frontier OTSS, suggesting
that digitalisation in services is more often incremental rather than frontier-driven.

4.3 | Comparison to survey data on technology use at the workplace

As the final step of the empirical workflow illustrated in Figure 1 (Step 6), we validate our
occupational OTSSs against survey-based evidence on actual workplace technology use and apply
them in combination with administrative employment data. Our digital and frontier OTSSs constructed
from BERUFENET reflect expert assessments of which skills are required for each occupation.
To test whether these measures capture actual workplace technology use, we compare them with
individual-level survey data on workplace technology usage at the occupational level.

The DiWaBe 2.0 dataset comprises responses from approximately 9,800 employees in Germany,
who were interviewed by telephone about their use of non-computerised (manual), digital and
intelligently connected (frontier) technologies at their workplaces, following a technology framework
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FIGURE 3 Comparing OTSS and self-reported workplace technology usage. Note: Panel (a) plots our digital OTSS as
of 2023 against the self-reported digital technology usage shares at the workplace at the two-digit KIdB2010. Panel (b) our
frontier OTSS as of 2023 against the self-reported frontier technology usage shares at the workplace at the two-digit
Kl1dB2010. The size of the circles denotes the employment levels in each two-digit KIdB2010 occupation, which are also used
as weights in the linear fit regression. [Colour figure can be viewed at wileyonlinelibrary.com]

aligned with ours (explained in Table 1). Details of the survey data and the comparison between both
measures are provided in online Appendix A.5. Figure 3 displays the correlations between the two
data sources at the two-digit KIdB2010 level: the upper panel shows the relationship between survey-
based digital technology use and our digital skill intensity measure, while the lower panel presents the
corresponding correlation for frontier technologies.
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Despite differences in data sources and construction methodologies, both measures display
statistically significant correlations with the survey data. The frontier OTSS correlates positively with
the individual-level measure of frontier technology usage at the workplace (correlation coefficient
0.309, p-value < 0.10). In the lower panel of Figure 3, occupations in computer science and IT
technology lie in the upper-right part of the distribution, indicating agreement between both measures
for these highly frontier-intensive occupations. This positive correlation provides supportive evidence
that our measure of frontier skill requirements captures meaningful variation in the actual use of
frontier technologies in the workplace.

A substantially stronger relationship (correlation coefficient 0.786, p-value < 0.01) emerges when
comparing our digital OTSS to the individual-level survey measure. The upper panel of Figure 3
shows a strong alignment between digital OTSS and reported usage of digital work equipment across
occupations, with particularly high values observed in business management and organisation. This
strong correlation provides further evidence for the reliability and consistency of our classification.

Overall, the occupational-level correlations suggest that our measures of digital and frontier skill
intensity effectively capture the actual use of these technologies in the workplace. In the following
section, we move beyond their use as aggregation weights and employ administrative employment
data to analyse how digital and frontier skill intensities relate to employment levels and growth in the
German labour market.

S | FRONTIER JOBS IN THE GERMAN LABOUR MARKET

Building on the employment-weighted OTSS measure constructed above, this section uses granular
administrative employment data to map the distribution of frontier and digital skills across the German
labour market in 2023. We then compute the OTSS based on skill data from 2012 to trace the evolution
of occupational skill requirements over the past decade. Finally, we relate changes in digital and
frontier OTSS between 2012 and 2023 to employment dynamics in order to assess how employment
growth varies with shifts in occupational skill composition.

5.1 | Frontier occupations on the German labour market

This subsection focuses on frontier-intensive occupations and combines the frontier OTSS with
employment counts at the five-digit KIdB2010 level to identify which technologically advanced
occupations are also of substantial labour market relevance. Table 5 presents the most common
high-frontier-skill occupations (upper panel) and high-digital-skill occupations (lower panel), ranked
by employment.

The most common frontier occupations in Germany, based on employment size, are predominantly
concentrated in technical, engineering and IT-related domains. The two most prevalent frontier-
intensive occupations are technical research and development occupations with a frontier OTSS of
58 per cent and occupations in software development with a frontier OTSS of 64 per cent, followed
by electricians in construction and occupations in IT applications. Other prominent occupations
include ICT specialists as well as computer science occupations and IT system administrations.
These occupations employ between roughly 55,000 and over 218,000 individuals. Notably, these
occupations tend to involve both skilled and (highly) complex tasks, as indicated by the fifth digit
of their occupation code being either 2, 3 or 4, corresponding to skilled, complex or highly complex
work requirements.

The lower panel of Table 5 shows that the most common digital occupations in Germany
span a wider range of occupational domains and complexity levels, and tend to employ more
individuals on average than the most common frontier occupations. At the top are office clerks
and secretaries, with approximately 1.5 million employed individuals, followed by occupations in
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TABLE 5 Most common high-OTSS occupations by technology type (employment-weighted).

Kl1dB2010 Occupation title Number of OTSS (%)
five-digit employees

Manual Digital Frontier

Most common occupations with highest frontier technology skill share

27104 Technical R&D occupations (highly complex) 218,216 8 34 58
43414 Software developers (highly complex) 203,338 5 31 64
26212 Construction electricians (skilled) 177,929 12 35 53
43224 IT application consultants (highly complex) 114,505 9 33 58
26312 ICT specialists (skilled) 103,412 9 38 54
26252 Industrial electrical equipment technicians (skilled) 97,482 8 37 55
43102 Computer science occupations (skilled) 92,890 4 35 61
43343 IT system administrators (complex) 91,830 4 40 56
43103 Computer science occupations (complex) 64,271 3 25 72
43223 IT application consultants (complex) 54,648 7 37 55
Most common occupations with highest digital technology skill share

71402 Office clerks and secretaries (skilled) 1,487,732 11 82 7
71302 Business administration & management occupations (skilled) 771,916 14 80 6
72213 Accountants (complex) 230,517 24 69 8
71104 Managing directors & executive board members 216,197 16 65 19
71401 Office clerks and secretaries (un-/semi-skilled) 213,301 10 81 9
61122 Sales occupations, excl. ICT (skilled) 208,308 14 66 20
72302 Tax consultants (skilled) 110,901 24 76 0
61212 Wholesale & foreign trade management assistants (skilled) 103,368 14 74 12
61113 Purchasing specialists (complex) 103,115 7 70 22
71403 Office clerks and secretaries (complex) 100,246 13 79 8

Note: To identify the ten most common occupations among those with high frontier OTSS (upper panel) and digital OTSS (lower panel), we
restrict attention to the 100 occupations with the highest frontier or digital OTSS at the KIdB2010 five-digit level and rank them by employment
size in descending order. Official English titles shortened for better readability.

business administration (772,000 individuals) and occupations in accounting (230,000 individuals).
Other prominent occupations include managing directors and executive board members, followed by
further groups of office clerks and secretaries and sales occupations. Each of these most common
digital occupations engages more than 100,000 individuals, highlighting the significant scale of
digitally intensive roles in the German labour market. In contrast, the more limited presence of
frontier-intensive occupations may reflect the relatively slower diffusion of frontier technologies up
to 2023.

Figure 4 shows the employment-weighted average OTSS for manual, digital and frontier skills
(from left to right) across occupational groups (two-digit KIdB2010 occupations), ranked by the
frontier OTSS. The highest share of frontier skills is consistently found among information technology
and engineering occupations in Germany, in line with the more granular findings at the five-digit
K1dB2010 presented in Table 5. In particular, the occupational group with the highest frontier OTSS
consists of occupations in computer science, information and communication technology, with a
frontier skill share of 59 per cent.

This occupational group also relies strongly on digital skills, with 36 per cent, while manual skills
play only a minor role. This distribution underscores the centrality of digital skills in the IT domain,
while also suggesting that many applications remain rooted in established digital technologies rather
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Computer science, information and communication technology
Mechatronics, energy electronics, electrical engineering

Mathematics, biology, chemistry and physics

Technical research, development, construction, and production planning
Machine-building and automotive industry

Geology, geography and environmental protection

Advertising, marketing, commercial and editorial media design

Drivers and operators of vehicles and transport equipment

Medical and health care

Building services engineering and technical building services

Traffic and logistics (without vehicle driving)

Paper-making and processing, printing, and technical media design
Purchasing, sales and trading

Production and processing of raw materials, glass- and ceramic-making and processing
Metal-making and working, and metal construction

Construction scheduling, architecture and surveying

Plastic-making and processing, and wood-working and processing
Product design, artisan craftwork, fine arts, musical instruments

Safety, health protection, security and surveillance

Philology, literature, humanities, social sciences, economics

KIdB 2010 2-digits

Non-medical healthcare, body care, wellness, medical technicians
Financial services, accounting, tax consultancy
Agriculture, forestry, and farming
Performing arts and entertainment
Textile- and leather-making and processing
Sales in retail trade
Business management and organisation
Horticulture and floristry
Law and public administration
Interior construction
Food-production and processing
Teaching and training
Building construction above and below ground
Cleaning services
Education, social work, housekeeping, theology
Tourism, hotels and restaurants
0.0 0.2 0.4 0.6 0.8 1.0

Share (%)

= manual mm digital frontier

FIGURE 4 Ranking occupational groups by OTSS (K1dB2010, two-digit, employment-weighted). Note: The

figure reports employment-weighted average OTSS of manual, digital and frontier skills by occupational group at the two-digit
K1dB2010 level. Aggregation is based on five-digit KIdB2010 occupations, with weights given by their employment levels.
The employment numbers and the OTSS values by two-digit KIdB2010 level are also reported in Table A.7. [Colour figure can
be viewed at wileyonlinelibrary.com]

than involving cutting-edge technologies. Closely following are occupations in mechatronics, energy
electronics and electrical engineering, with 50 per cent of skills classified as frontier. These jobs are
also digitally intensive (36 per cent) and less manually intensive (14 per cent). Scientific occupations
in mathematics, biology, chemistry and physics also show a high frontier OTSS (41 per cent), though
they stand out with a comparatively high manual component (32 per cent). This combination likely
reflects the continued importance of hands-on experimental and laboratory work alongside digital and
computational tasks in scientific professions.

In contrast, several main occupational groups that are high in digital skill intensity rank
considerably lower in terms of frontier skills. This pattern is particularly evident in administrative,
commercial and service occupations, which often involve routine, desk-based tasks that do not
require frontier technologies. Two examples for such occupational groups are ‘business management
and organisation’ occupations and ‘financial services, accounting, and tax consultancy’ occupations.
These two occupational groups are also among the largest in the German labour market, employing
approximately 3.9 million and 1.3 million individuals, respectively (see Table A.7). At the opposite
end of the spectrum, several craft and personal service occupations exhibit a dominant share of manual
skills, with only minimal involvement of digital and frontier technologies. For example, cleaning
service occupations contain 85 per cent manual skills, placing them at the bottom of the ranking
when occupational groups are sorted by frontier skill intensity.
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5.2 | Evolution of OTSS from 2012 to 2023

To illustrate how occupational skill requirements have evolved over time, we construct changes in
technology skill intensities within each occupation from 2012 to 2023. For this purpose, we use the
skill data from 2012 and compute the OTSS following the same methodology described in Sections 3
and 4. Note that observed changes in OTSS at the five-digit level may not only reflect changes in skill
shares within occupations. Part of the shift may also arise from the emergence of new or redefined
occupations (on the eight-digit level) by 2023. As a result, changes in the distribution of skill intensities
over time capture both within-occupation change and compositional effects driven by occupational
entry and updating.

Figure 5 presents kernel density estimates of employment-weighted changes in OTSS across five-
digit KIdB2010 occupations between 2012 and 2023 for manual (grey long-dashed line), digital
(blue short-dashed line) and frontier technologies (green solid line). The distributions reveal a
pronounced shift within five-digit KIdB2010 occupations: manual OTSS is distributed clearly below
zero, indicating a widespread decline in the relative share of manual skills within occupations
(—4.8 pp on average); digital OTSS displays a modest leftward shift, suggesting a slight overall
decline in its relative importance (—1.9 pp on average); frontier OTSS, in turn, exhibits a more
positive distribution, pointing to a substantial rise in its relevance across most occupations (4+6.7 pp
on average). Among the 1,181 five-digit KIdB2010 occupations that existed in both years, the vast
majority shows increasing frontier shares (914 occupations), while only few remain unchanged (53)
or display declining frontier shares (214). These declines are concentrated mainly among IT-related
occupations, which already exhibited very high frontier OTSS in 2012. Overall, the evidence reflects a
structural transformation in occupational skill profiles, marked by declining reliance on manual skills
and a pronounced shift toward frontier skills, which is in line with ongoing technological advancement
and workplace innovation.

Additional evidence of these changes is provided in Figure A.7 in the online Appendix. It compares
the levels of occupational skill intensities in 2012 and 2023, and shows that the decline in manual
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FIGURE 6 Employment change against frontier OTSS (employment-weighted). Note: The figure plots the percentage
change in employment against the percentage point changes in our employment-weighted OTSS measure at the two-digit
K1dB2010. The size of the circles denotes the employment numbers in each two-digit KIdB2010 occupation in the initial year
2012. [Colour figure can be viewed at wileyonlinelibrary.com]

skills is concentrated among occupations with initially low to medium manual intensity, while highly
manual-intensive occupations see only a slight decline. By contrast, frontier skill intensities exhibit
a broad rightward shift across the entire distribution, indicating a widespread diffusion of frontier
technologies rather than changes limited to already frontier-intensive occupations.

5.3 | Changes in frontier skill intensity and employment growth

To better understand how evolving skill requirements affect labour market dynamics, we examine the
association between changes in OTSS and employment growth across occupations. A natural question
in this context is whether increases in frontier OTSS reflect technologies that augment labour demand
or substitute for it. Our approach does not impose any structural assumption on this: the classification
identifies which skills are related to frontier technologies, but it does not determine how these
technologies affect labour. We therefore interpret the relationship between changes in frontier OTSS
and employment growth as reduced-form evidence on how occupations adjust when technology-
related skills expand. A positive association would be consistent with augmenting effects, whereas
a negative association would point toward substitution. The quadratic specification we estimate allows
for both patterns to appear simultaneously, for example, if modest increases in frontier OTSS are
complementary but very large increases are associated with substitution pressures.

Figure 6 explores this relationship by plotting employment growth against changes in frontier
OTSS between 2012 and 2023 for each occupational group at the two-digit KIdB2010 level. The
figure reveals a polarisation pattern: employment growth tends to be strongest among occupations at
the extremes of the distribution, those with either very small or very large changes in frontier OTSS,
while occupations with moderate changes in frontier OTSS tend to exhibit weaker, sometimes stagnant
or even declining employment growth.

One example of an occupation group that experiences a large increase in frontier OTSS alongside
moderate employment growth is the group ‘drivers and operators of vehicles and transport equipment’.
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For these occupations, the frontier OTSS increased from 2 per cent in 2012 to 27 per cent in
2023. Examples include transport equipment operators (K1dB2010 52531100) and forestry machine
operators (K1ldB2010 52512104). These jobs have experienced an increase in frontier OTSS driven
by the introduction of advanced machinery, navigation and automation technologies: for instance,
frontier OTSS among transport equipment operators rose from 0 per cent to 31 per cent, while forestry
machine operators saw an increase from about 6 per cent to 26 per cent between 2012 and 2023.

The strongest employment growth, however, is observed in computer science and IT occupations,
which expanded from roughly 550,000 workers in 2012 to nearly one million in 2023. Despite this
strong employment growth, these occupations display a moderate decrease in frontier OTSS. This
decline does not reflect a decline in frontier technologies but rather a compositional effect driven by
additional skills required in the occupations. Examples include IT consultants (KIdB2010 43224101)
and network service technician (K1dB2010 43313100). In these two occupations, the number of
frontier skills remains stable or increases slightly, while the total number of skills expands strongly
due to the addition of digital skills. For instance, frontier skills for IT consultants increased from 15 to
16 skills between 2012 and 2023, yet total skills grew from 20 to 26 skills, leading to a decline in the
frontier OTSS from 74 per cent to 62 per cent. Also, new occupations have entered with a relatively
high digital skill shares, such a business continuity manager (KIdB2010 43384111) or digitalisation
management clerk (K1dB2010 43112131).

Overall, this section shows that combining our OTSS measures with employment data provides
a nuanced picture of how frontier and digital technologies evolve in the German labour market.
Frontier skills remain predominantly concentrated in technical and scientific occupations, while digital
skills are more broadly distributed across sectors. Over the past decade, the expansion of frontier
skill requirements has been accompanied by polarised employment growth: occupations with very
small changes and very large increases in frontier OTSS experienced the strongest employment gains,
whereas occupations with intermediate changes recorded weaker or even negative growth. This non-
linear relationship is also reflected in a simple regression framework relating employment growth to
changes in frontier OTSS using a linear and a quadratic term. Across the full sample as well as across
subgroups by age, gender and qualification, the point estimates display a negative coefficient on the
linear term and a positive coefficient on the squared term (see Table A.8), consistent with the U-shaped
pattern visible in Figure 6. In the full sample regression, neither the linear nor the quadratic term is
statistically significant at conventional levels. In contrast, the linear and squared terms are statistically
significant in several subgroup regressions, in particular for younger (aged 16-34) and older (aged
45+) workers, for men and women, for workers without vocational training and for workers with
a university degree. While purely descriptive, these results suggests that the observed polarisation
does not appear to be driven by a specific demographic or qualification group, but represents a more
general feature of occupational adjustment to frontier technologies. These trends highlight the ongoing
structural transformation of job profiles and the growing relevance of frontier technologies for future
workforce development.

6 | CONCLUSION

This study introduces a novel, skill-based approach to measuring technological change in the German
labour market, enabling a direct and granular assessment of how digital and frontier technologies
reshape occupational skill requirements and employment dynamics. Our research proposes a new
method to classify job skills into manual, digital and frontier technology skills using generative Al and
machine-learning techniques in combination with rich textual data from the German BERUFENET
database. We refer to this approach as an Al-powered skill classification: generative Al is used to
enrich and contextualise skill descriptions, while the classification itself is performed by a supervised
learning model, ensuring transparency, reproducibility and systematic validation against alternative
approaches. The classification allows us to construct new measures of occupational technology skill
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intensity (i.e. OTSS), which we link to administrative labour market data to capture the depth and
direction of occupational transformation in terms of digital and frontier skills between 2012 and 2023.

Aggregating these measures using employment weights provides a worker-centred perspective on
technology exposure. In 2023, manual OTSS accounts for the largest share of implemented skill
content in the German workforce (42 per cent), followed by digital OTSS (38 per cent) and frontier
OTSS (20 per cent). Frontier skills are predominantly concentrated in technical, engineering and
IT-related occupations, while digital skills are more broadly distributed across a wider range of
occupational domains, particularly administrative, commercial and managerial occupations. However,
over the past decade, frontier skills have increased substantially within almost all occupations,
suggesting a structural shift in occupational requirements in the German labour market. At the
same time, manual skill requirements have declined markedly, while digital skill requirements have
remained broadly stable or slightly decreased on average, potentially reflecting the diminishing
relevance of less-advanced digital skills in the face of rapid technological progress. The relationship
between shifts in skill demand and employment growth is characterised by a polarised pattern, where
employment growth is relatively stronger in occupations experiencing large increases in frontier
OTSS, as well as in occupations with comparatively limited changes in frontier OTSS. These patterns
should be interpreted as descriptive evidence on changing skill requirements rather than as direct
evidence on the employment or productivity effects of frontier technologies, which may differ across
stages of adoption and over time.

For researchers and policymakers, our paper offers a novel, fine-grained measure of technological
skill intensity to monitor and study shifts in occupational skill requirements across the labour market.
Our methodology is adaptable beyond the German context and can be readily applied in other countries
with detailed occupational databases — such as O*NET in the United States, or comparable European
resources — to monitor technological transformation in near real time. Beyond its application to
official occupational databases, the same classification approach can potentially be used to analyse the
skills demanded in job advertisements, providing a timely indicator of changing employer needs and
emerging technology trends. Because the enrichment is created through targeted prompts, the same
framework can be adapted to other research questions, for example to identify ‘green’ skills, without
altering the underlying occupational classification system. By linking expert-based skill assessments
and Al-powered classification, our methodology opens new avenues for studying skill mismatches,
tracing the diffusion of new technologies, and supporting targeted education and training policy in
an era of rapid technological transformation, while remaining flexible enough to be extended to
other domains.

Finally, while our approach does not take a stand on whether frontier technologies augment or
substitute labour, the empirical patterns provide reduced-form insights into how occupations adjust
when technology-related skills expand. The non-linear association between changes in frontier-skill
intensity and employment growth suggests heterogeneous adjustment paths, with some occupations
experiencing complementarities and others showing signs of substitution. Future work could combine
our measure with task-level or firm-level data to distinguish these mechanisms more structurally.
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