We have a new name — Stiftung Neue Verantwortung (SNV) is now inferface.

STUDY

Technical Tiers: A New
Classification Framework for
Global Al Workforce Analysis

Siddhi Pal, Catherine Schneider, Ruggero Marino Lazzaroni
April 29, 2025

Tech analysis and policy ideas for Europe

interface |




‘ Technical Tiers: A New Classification Framework for Global Al Workforce Analysis ‘ 2/33 ‘

Stiftung Neue Verantwortung
is now interface

Since 2014, our team has worked on building an independent think tank and pub-
lishing well-researched analysis for everyone who wants to understand or shape
technology policy in Germany. If we have learned something over the last ten years,
it is that the challenges posed by technology cannot be tackled by any country
alone, especially when it comes to Europe. This is why our experts have not only fo-
cused on Germany during the past years, but also started working across Europe to
provide expertise and policy ideas on Al, platform regulation, cyber security, gov-
ernment surveillance or semiconductor strategies.

For 2024 and beyond, we have set ourselves ambitious goals. We will further ex-
pand our research beyond Germany and develop SNV into a fully-fledged European
Think Tank. We will also be tapping into new research areas and offering policy in-
sights to a wider audience in Europe, recruiting new talent as well as building expert
communities and networks in the process. Still, one of the most visible steps for
this year is our new name that can be more easily pronounced by our growing inter-
national community.

Rest assured, our experts will still continue to engage with Germany’s policy de-
bates in a profound manner. Most importantly, we will remain independent, critical
and focused on producing cutting-edge policy research and proposals in the public
interest. With this new strategy, we just want to build a bigger house for a wider
community.

Please reach out to us with questions and ideas at this stage.
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Executive Summary

This study introduces a novel three-tiered classification system for global Al talent
that addresses significant methodological limitations in existing workforce analyses,
by distinguishing between different skill categories within the existing Al talent
pool. By distinguishing between non-technical roles (Category 0), technical software
development (Category 1), and advanced deep learning specialization (Category 2),
our framework enables precise examination of Al workforce dynamics at a pivotal

moment in global Al policy.

Through our analysis of a sample of 1.6 million individuals in the Al talent pool
across 31 countries, we've uncovered clear patterns in technical talent distribution
that significantly impact Europe's Al ambitions. Asian nations hold an advantage in
specialized Al expertise, with South Korea (27%), Israel (23%), and Japan (20%)
maintaining the highest proportions of Category 2 talent. Within Europe, Poland
and Germany stand out as leaders in specialized Al talent. This may be connected to
their initiatives to attract tech companies and investments in elite research

institutions, though further research is needed to confirm these relationships.

Our data also reveals a shifting landscape of global talent flows. Research shows that
countries employing points-based immigration systems attract 1.5 times more
high-skilled migrants than those using demand-led approaches. This finding takes
on new significance in light of recent geopolitical developments affecting scientific
research globally. As restrictive policies and funding cuts create uncertainty for
researchers in the United States, one of the big destinations for European Al talent,

the way nations position their regulatory environments, scientific freedoms, and
research infrastructure will increasingly determine their ability to attract and retain
specialized Al talent.

The gender analysis in our study illuminates another dimension of competitive
advantage. Contrary to the overall Al talent pool, EU countries lead in female
representation in highly technical roles (Category 2), occupying seven of the top ten
global rankings. Finland, Czechia, and Italy have the highest proportion of female
representation in Category 2 roles globally (39%, 31%, and 28%, respectively). This
gender diversity represents not merely a social achievement but a potential strategic
asset in Al innovation, particularly as global coalitions increasingly emphasize the
importance of diverse perspectives in Al development.

For European policymakers advancing ambitious initiatives like the €200 billion
InvestAl program and Al Factories across 17 Member States, our research suggests
that traditional conceptions of Al competitiveness focused solely on computational


https://www.interface-eu.org/publications/where-is-europes-ai-workforce-coming-from
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infrastructure or regulatory frameworks are insufficient. The composition, diversity,
and mobility patterns of technical Al talent, particularly in the specialized Category
2, may ultimately determine which regions lead in the next phase of Al
development.

As international talent flows respond to new pushes and pulls—from research

funding environments to political attitudes toward scientific inquiry - regions that

offer both technical resources and environments where researchers can pursue work
freely across disciplines may find themselves with unprecedented opportunities to
reshape the global Al landscape. Our findings indicate that Europe's distinct
approach to Al development, balancing innovation with social values, positions it
uniquely in this evolving talent marketplace.

This research contributes to a deeper understanding of global Al workforce
dynamics at a moment when talent flows are poised for significant realignment,
offering empirical foundations for more nuanced, evidence-informed policy
formulation in an increasingly complex global landscape.

Introduction

Al technologies are reshaping our world, yet surprisingly little is known about the
people creating these systems. While headlines trumpet the latest breakthroughs, we
lack fundamental insights into the global Al workforce defined by the OECD as
‘workers possessing the skills necessary to develop and maintain Al systems’ — who
they are, where they come from, and what drives their migration decisions. This
knowledge gap isn't merely academic; it's a critical blind spot for countries
competing in the global Al race.

While globalization has made it easier for goods and financial capital to move across
borders efficiently, the mobility of human capital, particularly highly-skilled talent,
has proven more resistant to this movement. This is made evident by the fact that
only about 3% of the world’s population resides outside their country of birth. As

Hein de Haas demonstrates in "How Migration Really Works," skilled migration
follows distinct patterns shaped by both structural forces and individual agency —
patterns that traditional policy frameworks often misunderstand.

Countries that successfully attract Al talent gain more than just technical workers;
they secure a foothold in what may be this century's most transformative industry.
Research reveals that nations employing points-based migration systems attract 1.5
times more high-skilled migrants than those using demand-led approaches. Yet the
competition involves more than just entry policies. The most successful destinations

combine streamlined immigration with robust integration supports, quality-of-life


https://www.ft.com/content/ebb2b7e7-5dea-47a2-8386-f12eda692c0f
https://policycommons.net/artifacts/4769156/oecd-social-employment-and-migration-working-papersthe-supply-demand-and-characteristics-of-the-ai-workforce-across-oecd-countries/5605041/
https://www.degruyter.com/document/doi/10.7208/9780226525662-004/pdf?licenseType=restricted
https://pubmed.ncbi.nlm.nih.gov/28290123/
https://pubmed.ncbi.nlm.nih.gov/28290123/
https://ec.europa.eu/eurostat/statistics-explained/index.php?title=Main_obstacles_for_foreign-born_people_to_enter_the_labour_market
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advantages, and environments where innovation thrives.

The challenge of understanding this workforce begins with definition and

measurement. Traditional occupational classifications used in labour force surveys

often lack the granularity necessary to capture the specialized skills required for Al

development. Al Talent is often clubbed under a broader ICT talent category or
remains under “high-skill” talent. This limitation has created a substantial gap in
official statistics, making it difficult to answer fundamental questions about who is
developing or directly utilizing Al in their professional roles, and to establish a
common thread across different countries’ data. A software engineer might spend
80% of her time developing machine learning systems, while her colleague with the

identical job title focuses exclusively on conventional programming.

Our paper addresses this gap by introducing a novel classification system for
Al-related jobs. We distinguish between the different roles and skills within the Al
talent pool to better understand Al talent ecosystems. Our classification system
categorizes Al workers into three distinct levels: Category O comprises individuals in
non-technical roles within the Al industry or those interested in Al but working in
unrelated fields; Category 1 includes technical professionals such as software
developers and data scientists who employ basic machine learning techniques but
not advanced methods; Category 2 consists of specialists who directly develop or
apply sophisticated deep learning techniques like neural networks, transformers,
computer vision, and generative models. The results of our data analysis allow us to

develop ideas on the following questions:

¢ Which countries are developing technical Al talent, and which are primarily importing
it?

¢ What percentage of different national Al workforces consists of highly specialized
technical talent?

¢ Which nations are approaching gender parity in their Al workforce, and how have they
achieved this?

The timing of this analysis is particularly urgent for Europe. As the EU launches an
ambitious €20 billion public-private Al initiative and projects 21% growth in

high-tech professions, the talent question looms large. Will Europe develop its own
Al specialists, attract them from abroad, or watch them emigrate to competing
innovation hubs? The answers will shape not just economic competitiveness but also
the ethical development of Al systems that reflect European values.

By mapping the current landscape of Al talent migration and identifying effective
talent attraction strategies, this paper aims to equip policymakers with the insights
needed to position their countries advantageously in the global competition for Al
expertise — a competition that will increasingly determine which nations lead in the

digital economy.


https://policycommons.net/artifacts/4769156/oecd-social-employment-and-migration-working-papersthe-supply-demand-and-characteristics-of-the-ai-workforce-across-oecd-countries/5605041/
https://ec.europa.eu/eurostat/cache/metadata/en/isoc_skslf_esms.htm
https://www.euractiv.com/section/tech/news/von-der-leyen-launches-worlds-largest-public-private-partnership-to-win-ai-race/
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0 Al Talent Classification Framework

From Al-Curious to Al Specialist: The Technical Talent Spectrum

Example Skills & Tools Example Roles

* Neural Networks, LLMs Tier 2 « Machine Learning Engineer

» TensorFlow, PyTorch « Deep Learning Researcher

Al Researchers & Engineers

Example Skills & Tools Example Roles
Tier1

« Basic ML Algorithms « Data Scientist

« SQL, Python, Pandas Software & Data Professionals « Software Developer

Example Skills & Tools - Example Roles
Tier 0

* Prompt engineering » Business Analyst
« Al tools as end-user Al Curious & Literate « Project Manager

Technical Al Proficiency

BASIC INTERMEDIATE ADVANCED

Methodology

Data Sources

This study utilizes comprehensive workforce data provided by Revelio Labs, a
workforce intelligence company that aggregates and structures publicly available
professional profiles, job postings, and related sources. The dataset from 2024
encompasses 659 million individuals in the global workforce. From this extensive
population, we identified approximately 1.6 million individuals who constitute the
global technical Al workforce based on our classification framework.

The Revelio dataset includes gender estimates derived from census data on
first-name gender distributions, enabling gender-based analyses of the Al talent
landscape. Our analytical approach employs both absolute figures by country and
per capita statistics, utilizing World Bank population data for national and


https://www.reveliolabs.com/
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metropolitan area comparisons.

Developing Technical Tiers in the Al Talent Pool

To systematically analyze the Al workforce, we developed a three-tiered
classification system that categorizes individuals based on their level of involvement
with Al technologies, technical expertise, and professional roles. Each category
represents a distinct level of technical engagement with Al development and

implementation.

Our previous data briefs on Al talent flows and distribution highlighted the
limitations of existing talent classification frameworks. Through feedback and
ongoing conversations with relevant stakeholders, including policymakers, industry
representatives, and academic partners, we recognized a pressing need for a more
nuanced understanding of the Al talent pool, particularly for policy development
purposes.

Traditional binary classifications of Al talent have become increasingly outdated as
the field has matured and diversified. These simplistic frameworks fail to capture the
spectrum of Al-related roles that have emerged, from specialized deep learning
researchers to applied data scientists and adjacent technical professionals who
interact with Al systems. This limitation becomes particularly problematic when
regions and nations attempt to assess their Al ecosystems, identify skills gaps, and
develop targeted workforce strategies.

Our refined classification system offers direct insights into regional Al development
trajectories and educational priorities. By distinguishing between regions where
talent concentrates in fundamental Al research (Category 2) versus Al
implementation and application (Category 1), policymakers can gain valuable
perspective for economic development planning, immigration policies, and
educational investments. This ecosystem understanding can also reveal
opportunities for targeted upskilling initiatives. When demand for Category 2 Al
professionals increases, organizations can efficiently upskill Category 1 professionals
to address labor market gaps quickly. Similarly, targeted programs can help women
transition from Categories O and 1 to Category 2, addressing gender disparities in

technical Al roles.

¢ Category O: Al Curious and Literate individuals - Individuals not covered by the other
two classes, such as those in non-technical roles or studying for degrees in unrelated
fields. This class includes individuals who have an interest in deep learning, data
science, and machine learning but do not currently work in a position or study in a field
that directly involves these areas.

¢ Category 1: Software & Data Professionals - Individuals working in technical roles or
studying for degrees involving software development or data science, who may employ
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basic machine learning techniques in their work, such as linear regression. This class
includes data scientists who do not work with advanced deep learning methods.

» Category 2: Al Researchers & Engineers - Individuals currently employed in roles that
directly involve developing, applying, or researching areas of Al deep learning
techniques, such as computer vision, generative models, or other advanced machine
learning applications. This class includes those who work with neural network
architectures like self-attention transformers, RNNs, CNNs, LSTMs, etc.

Classification

Educational
Background Examples

Category 0:

Non-Technical/
Unrelated Fields

o Degreesin
non-technical
fields (e.g.,
Business, Arts,
Humanities)

o Self-taught Al
enthusiasts

e MOOCs or
bootcamp
participants

Category 1:
Technical
Software
Development/Data
Science

« Computer
Science/Software
Engineering
degrees

« Data Science
degrees

» Statistics,
Mathematics, or
Physics degrees
« Information

Category 2:
Deep Learning
Expertise

« Advanced
degrees (MS/PhD)
in Machine
Learning, Al

« Computer
Science with ML
specialization
Research-focused
computational

Technical
Knowledge Examples

without formal Systems/IT d
technical degrees egrees
degrees
» Expert-level
« Proficient in understanding of
» Basic programming neural network

understanding of Al
concepts

o Familiarity with Al
terminology

e Limited or no
programming
experience

« May understand Al
applications
conceptually

languages
(Python, R, Java)
« Experience with
data analysis
libraries

« Knowledge of
basic ML
algorithms

« Understanding
of statistics and
data structures

architectures

* Deep knowledge
of ML frameworks
(TensorFlow,
PyTorch)

» Understanding of
research papers
and
state-of-the-art
methods

o Algorithm
optimization skills

Tools &
Technologies Examples

e Uses Al tools as
end-users

* May use no-code/
low-code platforms
o Familiar with
consumer Al
applications

» Basic data
visualization tools

* SQL and
database
management

e Data
visualization tools
(Tableau,
PowerBl)

« Basic ML
libraries
(scikit-learn)

« Data processing
tools (Pandas,
NumPy)

e Cloud services
(basic usage)

« Advanced ML
frameworks

* GPU/TPU
optimization

o Distributed
training
frameworks

o Custom model
architectures

* MLOps tools and
practices

* Research
libraries and
custom
implementations
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Job Roles Examples

o Business Analyst
 Project Manager

» Content Creator
focusing on Al topics
« Digital Marketing
Specialist

« UX/UI Designer

» Non-technical
researcher interested
in Al

» Software
Developer

o Data Analyst
« Basic-level Data
Scientist

* Business
Intelligence
Analyst

e Database
Administrator
o IT Systems
Analyst

* Machine
Learning Engineer
e Deep Learning
Researcher

* Al Research
Scientist

« Computer Vision
Engineer

o NLP Specialist

o ML Systems
Architect

Al Problem-Solving
Capabilities Examples

» Can identify use
cases for Al

» Understands Al
limitations
conceptually

* May contribute to
requirements
gathering

* Implements
basic predictive
models
(regression,
classification)

o Feature
engineering

* Model
evaluation and
basic

» Designs complex
neural
architectures

« Develops novel
algorithms

» Optimizes for
inference and
training
performance

« Handles complex

Projects Examples

» Can interpret basic optimization multi-modal data
* Data
results of Al systems . * Researches
preprocessing cutting-edae
» Statistical 9-edg
) methods
analysis
 Predictive
analytics o Computer vision
» Using Al tools to dashboards systems
enhance productivity e Customer e Large language

* Managing Al
implementation
projects

« Evaluating Al
products for business
use

» Creating content
about Al trends

segmentation

« Time series
forecasting
Recommendation
systems using
traditional ML

« Data pipelines
with basic ML
components

models

* Generative Al
» Reinforcement
learning
applications

o Multi-modal Al
systems

e Research
implementations

Approach

To address the challenges in distinguishing between our three Al talent categories,
we employed a Large Language Model (LLM) classification approach. This
methodology utilizes Natural Language Understanding capabilities to analyse
professional profiles, educational backgrounds, and technical skills, offering an

alternative to traditional rule-based classification systems.

We selected a stratified random sample of 1,000 profiles from each of 31 countries
for our classification process. Our geographic coverage included all OECD nations
plus India, limited to countries with more than 1,000 individuals in our initial Al
talent pool. This selection builds upon previous research, which identified
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significant patterns in global Al talent distribution, including:

1. Significant migration of European Al talent to the United States
2. India's emergence as a primary source of Al talent globally

3. A pronounced divide between Northern/Western Europe (with higher proportions of
international talent) and Southern/Eastern Europe

For a comprehensive background on previous Al talent research methodologies and
findings, we refer readers to Al's Missing Link: The Gender Gap in the Talent Pool.

We selected Llama 3.1 70B as our classification model based on three criteria:

1.  Alignment with our research transparency values through an open-source solution
2. Superior performance in preliminary benchmarking against proprietary alternatives

3. Enhanced data sovereignty, eliminating dependence on third-party APIs

Each individual profile was processed independently through the model using a
specialized classification prompt optimized for our three-tiered taxonomy.

We approached this task through the lens of scientific NLP classification
methodology. Our classification prompt was developed through systematic
optimization using DSpy, a framework developed by the Stanford NLP group that
enables rigorous, experimental approaches to prompt engineering. To validate our
optimized prompt, we established a gold-standard test dataset comprising 100
manually classified profiles. Our final prompt achieved 80% accuracy on this test set,
which falls well within the acceptable range for complex multi-class classification
tasks using LLMs. This level of accuracy is comparable to or exceeds benchmarks
established in similar classification studies, where accuracies for policy topic
classification using LLMs ranged from 58-83%. Additionally, even studies
implementing consensus mechanisms for similar complex classification tasks

achieved only moderately higher accuracies of around 92%. It's worth noting that
our classification task involves distinguishing between professional profiles that
contain overlapping skills and ambiguous descriptions, making them inherently
challenging to categorize even for human experts. Given these considerations, our
80% accuracy provides sufficient reliability for our large-scale classification task
while acknowledging the inherent limitations of automated classification for

nuanced professional categories.

Our classification methodology implements Chain-of-Thought (CoT) prompting, a

state-of-the-art technique well-established in recent LLM research. This approach
requires the model to articulate its reasoning process before providing a
classification decision, which has been demonstrated to improve output quality and
reliability. For each profile, the LLM provided:

1.


https://www.interface-eu.org/index.php/publications/ai-gender-gap
https://arxiv.org/abs/2310.08167
https://arxiv.org/pdf/2409.01466
https://arxiv.org/pdf/2409.01466
https://dl.acm.org/doi/10.5555/3600270.3602070
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A detailed rationale outlining the specific factors considered (skills, education, job
titles)

2. Afinal classification label (0, 1, or 2) corresponding to our predefined categories

This approach not only improved classification accuracy but also provided valuable
qualitative insights into the distinguishing characteristics of each talent category,
enhancing both the reliability and interpretability of our classification results. The
transparency of the reasoning chain further allows for systematic error analysis and

potential refinement of classification criteria in future research.

Limitations

Sample Sizes

While we were able to obtain consistent samples of 1,000 workers for each country
in our primary analysis, sample sizes varied significantly when classifying talent by
country of bachelor's degree origin. This inconsistency in educational origin samples

presents an important limitation to our study.

Countries with stronger data protection policies typically had fewer publicly
available profiles, potentially resulting in less representative findings for these
nations. Similarly, countries with smaller overall populations of technical workers
contributed fewer samples to our dataset. These sampling inconsistencies should be
considered when interpreting cross-country comparisons based on educational

origin.

For transparency and to assist readers in evaluating the reliability of
country-specific findings, a complete breakdown of sample sizes by country is

provided in our last paper.

Using Undergraduate Degrees as Origin Proxies

The country of an individual’s undergraduate degree serves as a proxy for their
origin, based on the assumption that most people pursue their early education in
their country of origin. This method is generally reliable, as seen in these OECD
data cases. Nonetheless, we acknowledge outliers like Australia and New Zealand,
where the share of international undergraduates peaks at 28%, which could be due
to English being their official language. Further evidence supports this hypothesis:
the UK (18%) and Austria (17%) have high percentages of international
undergraduates, contrasting with lower percentages in Southern European countries
like Ttaly (4%) and Spain (2%). A case that challenges this hypothesis is the United
States, where, despite the English language being the medium of education, only 4%


https://www.interface-eu.org/publications/ai-gender-gap#methodology
https://www.oecd-ilibrary.org/education/education-at-a-glance-2020_69096873-en
https://www.oecd-ilibrary.org/education/education-at-a-glance-2020_69096873-en
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of students at the undergraduate level are international students. For detailed
statistics, please refer to the OECD report "Education at a Glance 2020." Not all

countries of origin in our dataset are OECD countries. In our analysis, we verified a
low percentage of international students from the most relevant countries. In India,
for example, the percentage of international students at the undergraduate level is
less than 0.5%.

When interpreting our findings, we take into account the variances in international
student percentages across different countries. These variances can influence the
perceived origin of Al talent. For example, our analysis may reveal that a percentage
of Al professionals working in Ireland received their degrees in the UK. Given the
UK's high proportion of international students (18%), a fraction of this group might
actually originate from other countries. We believe that these effects do not

substantially alter the primary insights regarding key source countries for Al talent.

Gender Prediction Limitation

While the data does not feature ground truth gender information, Revelio Labs
estimates users' gender using census data information: each user's first name is
checked against national census registries to estimate the gender shares of people
with that name. This method can present issues with names that are not common:
for those, the gender assignment is essentially random; nonetheless, they are, by
distribution, a small minority of the population.

A significant limitation in our dataset is the binary representation of gender (male
and female), which fails to capture the diverse spectrum of gender identities present
in the workforce.

Given the scope and scale of our study, and the limitations of available global data
sources, this binary representation is unavoidable for achieving consistent analysis
across different regions and demographics. However, we recognize the importance
of more inclusive gender representations and advocate for future improvements in
data collection methods that can better capture the full spectrum of gender
identities in the workforce.

Self-Reporting

The Revelio Labs dataset partially addresses the lack of self-reporting by including
predicted skills. They also account for geographical differences in profile creation by
applying sampling weights to adjust for roles and locations underrepresented in the
sample (as described before). This approach helps approximate the true estimate of

the underlying population as closely as possible.


https://www.oecd-ilibrary.org/education/education-at-a-glance-2020_69096873-en
https://brill.com/display/book/9789463511612/BP000055.xml
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This limitation is further mitigated in this paper's context, as we are mainly
examining a more technologically advanced segment of the global workforce. These
individuals typically possess the digital literacy and necessary equipment to create
and maintain profiles on professional career websites. They often bear the benefits
of self-reporting their skills.

Skill Taxonomy Limitations

The current skill taxonomy used by Revelio may not encompass all the necessary
skills for specific Al domains, such as Al chip development. This gap means that
professionals with specialized skills in areas like hardware or Al chip design might
not be adequately recognized or included in the dataset. The absence of these
specialized skills in the taxonomy can skew the understanding of the full spectrum
of Al talent and hinder the comprehensive identification of expertise across all
Al-related fields.
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Findings

Chart 2 (a): Proportions of Al technical talent,
classifications by country of employment

South Korea
Israel
Japan
Poland
Germany
Czech Republic
Switzerland
Turkey
Austria
Hungary
Canada
Sweden
France
Italy
Spain
Finland
Belgium
United Kingdom
Denmark
Netherlands
Ireland
Norway
Portugal
Australia
Greece
New Zealand
United States
Mexico
India

0% 20%

Ho 1 2

51
61
57
64
61
63
64

@ Proportions of Al technical talent, classifications by country of employment

60

65
62

66

6

5

62

58

63
65
64

62

66

62

67

40%

64
66
65
63
65
68
64
69
60%

80% 100%

Source: Revelio Labs, 2024



Technical Tiers: A New Classification Framework for Global Al Workforce Analysis ‘ 16 /33 ‘

Chart 2 (b): Proportions of Al technical talent,
classifications by country of origin
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What you see:

The first chart displays the concentration of Al professionals across countries,
measured as the number of workers per 1,000 people in each Al category. Countries
are ranked based on their proportion of category-2 Al professionals, from highest to
lowest. This visualization helps compare how different nations are currently

employing Al talent across various specializations relative to their population size.



Technical Tiers: A New Classification Framework for Global Al Workforce Analysis ‘ 17 /33 ‘

The second chart presents the distribution of Al professionals based on their
country of origin, defined as where they completed their bachelor's degree.
Countries are again ranked by their proportion of category-2 Al professionals, from
highest to lowest. This visualization reveals which nations are producing Al talent in
different categories and allows for comparison between where Al professionals are

trained versus where they currently work.

What it means:

Of the countries examined by this paper, South Korea has the highest proportion of
Category 2 roles, making up 27% of'its Al labour force, followed by Israel and Japan,
at 23% and 20%, respectively. The highest EU ranking countries are Poland and
Germany, in fourth and fifth place respectively. This concentration of highly skilled
Al experts could be because of different strategic policies aimed at ensuring global
leadership positions in Al through the attraction of top talent.

Korea has key strategic government initiatives to bring a top-tier Al research hub to

Korea to ensure competitiveness in the field of Al, as well as expand digital capacity

domestically through investments in digital education to ensure a global leading

role.

Within Europe, Poland and Germany’s leading roles could be attributed to both
strong industrial economies, as well as strategic policies to attract companies and
talent. Poland, ranked fourth in Category 2 roles, which could be explained by the
implementation of its national strategy for Al, which focused on both Al company

growth and innovation, and investing in domestic capacity building. Poland is one of
the main destinations for Ukrainians fleeing the war, mainly women and children,

with refugee numbers stabilized at around one million and a 65% employment rate -

the highest among countries accepting significant Ukrainian refugees. Demand for
foreign talent continues to grow as Poland drafts a new digitization strategy and

invests in new institutions to foster collaboration with the European Al ecosystem.

Germany, ranked fifth, boasts a large concentration of elite institutions that are some

of the largest publishers of both fundamental and applied research in the global
ecosystem, creating a strong skills environment that may lead to its strong
positioning as both an origin and destination of top global technical talent.
Countries like Switzerland, with a strong focus on attracting foreign talent, rank
highly and remain competitive through deliberate efforts to attract key Al talent.

The EU’s Al workforce has a higher proportion of technical experts in Category 2
talent compared to leading Al nations like the US and UK. Many of the European
national Al strategies lay out goals to increase the attractiveness of domestic Al
industries, including through the building up of institutions and attracting top


https://www.msit.go.kr/eng/bbs/view.do?sCode=eng&mId=4&mPid=2&pageIndex=&bbsSeqNo=42&nttSeqNo=992&searchOpt=ALL&searchTxt=
https://www.msit.go.kr/eng/bbs/view.do?sCode=eng&mId=4&mPid=2&pageIndex=&bbsSeqNo=42&nttSeqNo=992&searchOpt=ALL&searchTxt=
https://www.msit.go.kr/eng/bbs/view.do?sCode=eng&mId=4&mPid=2&pageIndex=30&bbsSeqNo=42&nttSeqNo=725&searchOpt=ALL&searchTxt=
https://monitorpolski.gov.pl/MP/2021/23
https://ai-watch.ec.europa.eu/countries/poland/poland-ai-strategy-report_en
https://ai-watch.ec.europa.eu/countries/poland/poland-ai-strategy-report_en
https://eures.europa.eu/living-and-working/labour-market-information-europe/labour-market-information-poland_en
https://wbj.pl/government-presents-draft-of-polish-digitization-strategy-including-ai/post/143895
https://researchinpoland.org/news/poland-is-set-to-establish-its-first-artificial-intelligence-factory-at-the-agh-in-krakow/
https://www.oecd.org/en/publications/2024/06/oecd-artificial-intelligence-review-of-germany_c1c35ccf.html
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talent, and the EU maintains a competitive advantage of having more Al experts per
capita than the US or China.

Countries with more mature tech industries may have simultaneously diversified Al
workforces to include additional non-technical roles, like product management,
strategic operations, or sales, which do not directly contribute to the building of Al
systems. Additionally, tougher political climates led to higher scrutiny of many
international Al workers in the US may also be a limiting factor in its ability to
attract and retain top talent out of countries it views as geopolitically sensitive, like
China. Despite the EU’s technical advantage, a significant amount of its Al talent
from the Global South still faces high attrition rates in favour of the US. However,
many leaders in Europe see the current American political climate as an opportunity

for the region to attract disillusioned top talent from the US. Al engineers,
entrepreneurs, and researchers may see Europe as an attractive alternative location
with more freedom and commitment to human-centric development of technology,

reversing this migration trend in the coming years.


https://restofworld.org/2024/china-us-immigration-policy-ai-talent/
https://www.ft.com/content/b6a5c06d-fa9c-4254-adbc-92b69719d8ee
https://www.ft.com/content/7ec9304f-1c67-4a41-90f6-4496512c236b
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Chart 3(a): Proportions of international Al tech-
nical talent, classification by country of origin
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Chart 3 (b): Proportions of international Al tech-
nical talent, classification by country of destina-

tion
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The first chart displays the distribution of international Al technical talent based on
their countries of origin, showing the proportion of professionals in each Al

category per 1,000 people who have migrated from their home countries. Countries
are ranked from highest to lowest based on their proportion of category-2 talent
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production. For example, 32% of the Swiss talent outside Switzerland falls in
Category 2.

The second chart illustrates the same metrics but classified by destination countries,
revealing where international Al professionals are currently employed. For example,
27% of the non-Korean Al talent in South Korea falls in category 2.

This comparison helps visualize both which countries are producing Al talent that
moves abroad, and which countries are most successful at attracting international Al

professionals across different categories.

What it means:

The purpose of these graphs is to better understand the relationship between
domestic talent development and international recruitment, capturing nuances of
which countries' talent may originate from, but later be lost to other countries, and
which countries attract a lot of international talent. These charts highlight the
complexity hidden within Al workforces globally, as countries seek to balance the
flow of skilled labourers. Although typically considered global Al leaders, the US
and the UK have a lower proportion of Category 2 roles, even as a destination
country for top talent. More stringent immigration requirements may introduce
challenges in attracting foreign professionals, especially those with non-traditional
Al backgrounds. A 2024 Stack Overflow survey of 65,000 contributors found that
only 66% of developers have either a bachelor's or master's degree, with less than

half studying coding formally, and formal education requirements may result in

missing out on thousands of Al professionals.

The European Al industry demonstrates a dual focus on domestic talent
development and international recruitment. Countries like Poland, Switzerland, and
Germany represent both talent origin countries and destinations. Previous research
indicates that the high levels of Al talent in those countries may be due to factors
such as more liberal migration policies to facilitate the hiring of top talent, like

Germany's Blue CardEU or Poland’s new international worker protections.
Germany's emphasis on international talent is further evidenced by recent research
showing professionals with limited German language competency earn higher
median salaries (79.8k) than those with high fluency (67.3k). Recognizing the
enormous labour shortage of skilled workers, Germany introduced digitalisation and

modernisation of consular services to enable a more streamlined and easy digital

process to obtain a visa, preventing large bureaucratic obstacles from dissuading top

talent from applying to work in the country.

Other factors driving the Al lead in Central and Eastern Europe may include

extensive investment to expand infrastructure, strengthened VC environments, and



https://survey.stackoverflow.co/2024/developer-profile#1-educational-attainment
http://amsdottorato.unibo.it/9477/1/Macaluso%20M.,%20PhD%20Thesis.pdf
https://migrant-integration.ec.europa.eu/news/poland-significant-changes-employment-foreigners_en
https://sifted.eu/articles/berlin-tech-salaries-2025?utm_campaign=Sifted%20Daily%20Newsletter&utm_medium=email&_hsmi=358519414&utm_content=358519414&utm_source=hs_email
https://www.auswaertiges-amt.de/en/newsroom/news/2692292-2692292
https://www.auswaertiges-amt.de/en/newsroom/news/2692292-2692292
https://cepa.org/article/polish-tech-grand-ambitions-on-a-shaky-foundation/
https://www.reuters.com/markets/europe/germany-invest-12-bln-euros-by-2030-strengthen-startups-2024-09-17/
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strategic focus on the concentration of skilled technical workforce. Lower-ranking
destination countries are also aiming to attract top professionals: Italy laid out
ambitious plans to recruit international talent while boosting local capacity in Al.

Countries that utilize supply-side policies, like points-based systems (PBS), attract

nearly 1.5 times the number of high-skilled workers than countries utilizing other

immigration policies. Canada, Australia, and Japan developed more flexible
recruitment approaches, in part due to their lower rankings as talent origin
countries. These immigration systems garnered positive perceptions among

international professionals, improving the systems’ ability to attract global Al talent.

English-speaking nations maintain an advantage in international talent recruitment,
with lower linguistic barriers to entry for many Anglophone origin countries.
However, non-Anglophone countries adapted their immigration policies to balance
the playing field: Austria’s PBS rewards English proficiency, reflecting an increasing
international business focus.

By contrast, there are many countries that are large sources of international talent
that fall much lower in the ranks as destination countries. India does not have
extensive amounts of professionals in Category 2, coming in at the bottom of the
countries examined for this paper. However, it does relatively better as an origin
country for international Al expertise. Russia, Iran, and China may have lower
recruitment of international talent due to a highly qualified domestic talent pool.
China alone represents nearly half of the world’s Al experts. They may also struggle
to attract talent due to political instability and economically disadvantaged zones
like Russia, which is grappling with the impacts of sanctions imposed after the
invasion of Ukraine. Other reasons could be language barriers.


https://www.agid.gov.it/sites/agid/files/2024-07/Italian_strategy_for_artificial_intelligence_2024-2026.pdf
https://pubmed.ncbi.nlm.nih.gov/28290123/
https://www.canada.ca/en/immigration-refugees-citizenship/services/immigrate-canada/express-entry.html
https://immi.homeaffairs.gov.au/visas/working-in-australia/skillselect
https://kuiso.oc.kyoto-u.ac.jp/en/visa/for_highly_skilled/
https://pmc.ncbi.nlm.nih.gov/articles/PMC8978773/
https://www.migration.gv.at/en/types-of-immigration/permanent-immigration/austria-wide-shortage-occupations/
https://macropolo.org/interactive/digital-projects/the-global-ai-talent-tracker/
https://www.consilium.europa.eu/en/infographics/impact-sanctions-russian-economy/
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Chart 4: Source Distribution of Category 2 Al
Professionals: Domestic vs. Foreign
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What you see:

This visualization illustrates the composition of Category 2 Al jobs across countries,
comparing domestic and international talent. Each data point represents a country
positioned according to its proportion of non-migrant professionals (x-axis) versus
migrant professionals (y-axis). The plot reveals which nations rely more heavily on
homegrown talent versus those that attract significant international expertise in
Category 2 Al roles, highlighting global talent distribution patterns and potential
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correlations between domestic capacity and international attraction.

What it means:

Most countries examined in this paper have relatively close proportions of migrant
workers and domestic workers in Category 2 roles. This indicates that among the
countries examined in this paper, few have majority domestic Al talent pools, and
the proportions are not drastically different. Countries with a competitive edge in
Al, like the US, Ireland, and the UK, all have a slightly higher proportion of migrant
Al talent. Countries like Japan and the US, with higher proportions of migrant
labour, also offer higher wages, creating attractive conditions for highly skilled
international workers.

South Korea, Japan, and the US have competitive advantages for top Al talent and
have immigration policies and favourable financial incentives to attract and retain

Al professionals across different sectors.

Many European countries with higher proportions of foreign Al talent have more
favourable immigration policies or offer benefits to attract skilled workers. Czechia

recently loosened restrictions around foreign workers from top Al origin countries

like South Korea, Canada, Israel, and New Zealand to work without needing a
specific permit (Refer to Figure 1), while Finland relaxed immigration requirements

for skilled workers through a talent boosting program and offers programs inviting

international professionals to explore the country for potential business
opportunities. The Netherlands offers an “expat” tax deduction scheme to create

additional financial incentives for foreign talent, a trend also seen in Spain and
Portugal. These countries enjoy the benefits of attracting more foreign talent and
building more robust Al industries than EU countries that fail to implement
attractive policies.

Countries failing to enact policies that make them desirable destinations might
suffer from further Al talent shortages. Greece, which ranks the lowest of the EU
countries with a proportion of Category 2 both domestic and international talent,
may be causing its own brain drain due to a lack of a national Al strategy. It has some

of the highest numbers of hours worked per year in OECD countries, and

introduced a six-day workweek.



https://www.annualreviews.org/docserver/fulltext/economics/9/1/annurev-economics-063016-103705.pdf?expires=1738920612&id=id&accname=guest&checksum=4242AF38877764D307E3CE6FDDDF92B4
https://www.czechtradeoffices.com/kr/news/czech-republic-seeking-to-draw-skilled-workers-by-opening-labour-market-to-nine-non-eu-member-states
https://tem.fi/en/talent-boost-en
https://www.helsinkipartners.com/90-day-finn/
https://www.government.nl/topics/income-tax/news/2024/09/17/2025-tax-plan-more-balanced-income-distribution-and-healthy-public-finances
https://www.dw.com/en/eu-countries-offering-tax-relief-to-foreign-skilled-workers/a-69706130
https://www.dw.com/en/eu-countries-offering-tax-relief-to-foreign-skilled-workers/a-69706130
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Chart 5: Proportions of Males and Females clas-
sified as category 2
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What you see:

The chart shows the proportion of category 2 professionals for males and females,
divided by country. Compared with Charts 1 and 2, where we examine the
proportion of jobs classified from level O to 2, this chart focuses on the gender
breakdown of the most technical Al talent of different national workforces.
Countries are ranked from highest to lowest proportion of female workforce in

Category 2 roles.
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What it means:

Contrary to the overall proportions of highly technical Al professionals, the EU
leads in female representation in technical roles, occupying seven out of the top ten
rankings. Finland, Czechia, and Italy have the highest proportion of female
representation globally. This does not mean gender parity has been achieved; rather,
it echoes findings of previous interface reports, no EU country selected for this

study has been able to ensure parity in the representation of women in the Al talent
pool. Although women accounted for 32.8% of total graduates in STEM fields in the
EU in 2021, those percentages have not yet translated to higher rates of participation

in the labour market, especially in more senior positions.

Finland leads overall with the highest proportion of female Al talent in Category 2,
representing 39% of the total labour force. While this could be driven by a relatively
small sample size of Finnish Al labour market conditions, it could also reflect strong
gender equality policies like the Act on Equality between Women and Men, which

requires universities and employers to address gender gaps in things like salaries and
working conditions. The country also boasts a strong work-life balance, including a
historic flexible working schedule offered by a majority of companies since 2011.

Now, it is mandated by law that employees in Finland are offered flexible working

hours and locations for at least half of their working hours, and employees can also

bank their working hours by working longer at other periods, enabling professionals
to meet personal commitments without it coming at the expense of their
professional careers. This may be a contributing factor to the rates of gender parity
in Category 2 roles, but direct causality cannot be attributed.

Similarly, Czechia, with 31% of Category 2 talent held by women, has observed a
steady increase in women applying to study Al at a tertiary level in the country and
strategically monitors R&D for gender considerations. Czechia has strategically
aimed to increase the representation of women in research, including through

equalizing opportunities for women and men and acknowledging the barriers to

women building careers in the field, due to things like prejudice or the demands of

parenthood.

With a workforce of 28% women, Italy similarly boasts not only strong parental
leave policies and good work-life balance but also has the highest percentage of Al
papers published by at least one female author among OECD countries.

Our data indicates that destination countries for top Al talent tend to have lower
proportions of female representation in Category 2 roles. Both the US and Korea
only see women in 14% of technical roles, and Japan has the lowest proportion of
women in Category 2 roles at 11%. Despite efforts to introduce quotas at universities,


https://www.interface-eu.org/publications/ai-gender-gap#executive-summary
https://ec.europa.eu/eurostat/web/products-eurostat-news/w/ddn-20240308-2
https://www.interface-eu.org/publications/ai-gender-gap
https://www.weforum.org/publications/global-gender-gap-report-2024/digest/
https://www.marketplace.org/2019/08/14/finland-working-hours-act/
https://www.bbc.com/worklife/article/20190807-why-finland-leads-the-world-in-flexible-work
https://www.bbc.com/worklife/article/20190807-why-finland-leads-the-world-in-flexible-work
https://www.mdpi.com/2076-3417/12/3/1465
https://tacr.gov.cz/en/gender-equality-in-research-and-innovation/
https://tacr.gov.cz/en/gender-diversity-in-research-teams/
https://oecd.ai/en/wonk/closing-the-gender-gap
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stigmas around female STEM graduates allegedly being unable to find husbands or
start families persist. Further compounding these stercotypes are systemic barriers

to studying, that keep women out of STEM careers. Contrast that with top Al talent
origin countries, where India has 22 % women in Category 2 roles. This number
reflects a growth that has been part of a deliberate set of policies to increase female
participation in the Indian labour force and invest heavily in Al education. While
there is relatively high participation from females in highly technical roles in India,
Indian females are very underrepresented in Al roles outside India. This could hint
at disincentives for females leaving their home country to pursue professional
opportunities.


https://www.weforum.org/stories/2023/07/japan-encouraging-women-into-stem/
https://edintegrity.biomedcentral.com/articles/10.1007/s40979-018-0039-4
https://dge.gov.in/dge/sites/default/files/2023-05/Female_Labour_Utilization_in_India_April_2023_final__1_-pages-1-2-merged__1_.pdf
https://dge.gov.in/dge/sites/default/files/2023-05/Female_Labour_Utilization_in_India_April_2023_final__1_-pages-1-2-merged__1_.pdf
https://web-assets.bcg.com/fe/61/6962e74b44328f148c8a9ac1002d/ai-maturity-matrix-nov-2024.pdf

Technical Tiers: A New Classification Framework for Global Al Workforce Analysis

Chart 6: Male-Female proportions of Senior Ex-

ecutive Al talent
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What you see:
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The chart shows the proportion of each gender in senior executive Al roles, ordered
from the highest to lowest proportion of female workforce in senior executive Al
roles. The female share is in blue. We have defined the seniority based on Revelio

Lab’s existing seniority metric.
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What it means:

The graph illustrates ‘the leaky pipeline, a phenomenon in which women are
progressively missing from more senior roles in STEM fields. Previous interface
research similarly found a diminishing representation at higher seniority levels in
the Al industry, and this data indicates that the disparity has not been sufficiently

addressed in any of the countries examined by this paper.

Similar to the previous figure, Finland leads the overall proportion of women in
senior executive roles at 41%, followed by Lithuania (33%) and Iceland (26%). Italy,
which ranked third in proportion of female workers in Category 2 roles, drops to
seventh place with only 16% of senior roles occupied by women. Many countries
examined in this paper have less than a fifth of senior executive roles held by
women. This disparity is probably driven first by cultural norms and gender
stereotypes, starting first with education, weakening girls’ participation in STEM
subjects, and later by gender discrimination and unconscious biases in hiring
practices, promotion pathways, and even funding opportunities, which can hamper
a woman’s career progressions. Additionally, women face challenges like the gender
pay gap and slower progression to senior roles, as they may leave to take career
breaks or reduce their working hours, creating additional obstacles to career
advancement.

If the EU seeks to meet its commitments to increase female participation in Al by
"the means of promotion of equitable access and participation in the digital sphere
and the empowerment of individuals to identify, mitigate, prevent and eradicate
gender biases, stereotypes, discriminations, and violence,” it must continuously
monitor the proportions of gender in its Al workforce. Our data indicates significant
gender imbalances at every level of seniority and skillset within the EU. European
policymakers have recognized this, calling for ‘diversity of the development teams,
including gender balance, in the Al Act, but recognizing the urgency of this work
has not yet led to ensuring meaningful and consistent representation of

marginalized groups like women.

Conclusion

The application of our three-tiered classification system to global Al talent has
yielded several new insights with significant implications for research, policy, and
practice. By disaggregating the Al workforce into non-technical talent (Category 0),
technical implementation specialists (Category 1), and deep learning experts
(Category 2), we have uncovered patterns in talent distribution that challenge


https://www.interface-eu.org/publications/ai-gender-gap
https://www.interface-eu.org/publications/ai-gender-gap
https://www.diplomatie.gouv.fr/en/french-foreign-policy/digital-diplomacy/news/article/the-global-partnership-for-action-on-gender-based-online-harassment-and-abuse
https://artificialintelligenceact.eu/recital/165/
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conventional narratives about global Al competitiveness.

A central finding of this research is the complex relationship between national
innovation systems and specialized talent development. While the proportion of
Category 2 talent broadly correlates with nations' overall Al investments, notable
exceptions emerge. Poland's strong performance despite more modest overall Al
spending suggests that targeted educational policies can yield disproportionate
returns in developing specialized expertise. Conversely, countries with substantial
general Al investment but lower proportions of Category 2 talent may be

encountering structural barriers that warrant further investigation.

The analysis of international talent flows reveals an unexpected directionality in
migration patterns. Origin countries with the highest proportions of Category 2
talent among their diaspora (Switzerland 32%, Korea 27%, Russia 25%) demonstrate
that expertise development and retention are distinct challenges requiring different
policy approaches. Most countries examined in our study show equal or higher
proportions of Category 2 talent among migrant workers compared to domestic
talent. This consistent pattern suggests a global marketplace that rewards specialized

expertise with enhanced mobility.

Our examination of gender representation contributes empirical evidence to
ongoing discussions about diversity in Al development. The finding that female
representation in Category 2 roles averages only 22% globally confirms persistent
gender disparities, but the significant variations between countries, from Finland's
39% to Japan's 11%, indicate that these disparities are not inevitable but are shaped
by specific policy environments and workplace cultures. The stark drop-off'in
female representation at senior executive levels across all countries points to a

universal challenge requiring targeted interventions.

Methodologically, this study demonstrates the value of developing more nuanced
classification systems for analysing technical workforces. Standard occupational
classifications and binary distinctions between "Al" and "non-Al" workers have

proven insufficient for capturing the heterogeneity within the field.

As nations increasingly recognize talent as a critical dimension of Al leadership, the
framework and findings presented in this study offer a more sophisticated
foundation for policy development. Effective strategies must address not only the
aggregate size of the Al workforce but its composition across the three tiers we have
identified, with particular attention to the movement between categories through
targeted interventions. The nations that effectively navigate these complex talent
dynamics, balancing domestic expertise cultivation with strategic international
recruitment and addressing systemic diversity challenges, will not only strengthen
their digital sovereignty but ultimately shape the responsible, human-centric Al
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ecosystem that defines Europe's distinct path in the global Al landscape.
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