~ A Service of
’. b Leibniz-Informationszentrum

.j B I l I Wirtschaft
) o o o Leibniz Information Centre
Make Your PUbllCCltlonS VZSlble. h for Economics ' '

Williamson, Harry; Coates, Dermot; Daly, Kevin; FitzGerald, Keith; Gannon, Neil

Article

Occupational exposures, complementarity and the
potential consequences of A.L for the labour market:
Some evidence from Ireland

Journal for Labour Market Research

Provided in Cooperation with:
Institute for Employment Research (IAB)

Suggested Citation: Williamson, Harry; Coates, Dermot; Daly, Kevin; FitzGerald, Keith; Gannon, Neil
(2025) : Occupational exposures, complementarity and the potential consequences of A.I for the
labour market: Some evidence from Ireland, Journal for Labour Market Research, ISSN 2510-5027,
Springer, Heidelberg, Vol. 59, Iss. 1, pp. 1-12,

https://doi.org/10.1186/s12651-025-00418-w

This Version is available at:
https://hdl.handle.net/10419/336947

Standard-Nutzungsbedingungen: Terms of use:

Die Dokumente auf EconStor durfen zu eigenen wissenschaftlichen Documents in EconStor may be saved and copied for your personal
Zwecken und zum Privatgebrauch gespeichert und kopiert werden. and scholarly purposes.

Sie durfen die Dokumente nicht fiir 6ffentliche oder kommerzielle You are not to copy documents for public or commercial purposes, to
Zwecke vervielféltigen, 6ffentlich ausstellen, 6ffentlich zugénglich exhibit the documents publicly, to make them publicly available on the
machen, vertreiben oder anderweitig nutzen. internet, or to distribute or otherwise use the documents in public.
Sofern die Verfasser die Dokumente unter Open-Content-Lizenzen If the documents have been made available under an Open Content
(insbesondere CC-Lizenzen) zur Verfiigung gestellt haben sollten, Licence (especially Creative Commons Licences), you may exercise
gelten abweichend von diesen Nutzungsbedingungen die in der dort further usage rights as specified in the indicated licence.

genannten Lizenz gewahrten Nutzungsrechte.

-. https://creativecommons.org/licenses/by/4.0/
Mitglied der
WWW.ECOMSTOR.EU K@M 3
. J . Leibniz-Gemeinschaft


https://www.econstor.eu/
https://www.zbw.eu/
http://www.zbw.eu/
https://doi.org/10.1186/s12651-025-00418-w%0A
https://hdl.handle.net/10419/336947
https://creativecommons.org/licenses/by/4.0/
https://www.econstor.eu/
https://www.leibniz-gemeinschaft.de/

Williamson et al. Journal for Labour Market Research
https://doi.org/10.1186/512651-025-00418-w

(2025) 59:30

Journal for Labour Market
Research

Occupational exposures, complementarity

Check for
updates
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labour market: some evidence from Ireland

Harry Williamson', Dermot Coates?’, Kevin Daly', Keith FitzGerald? and Neil Gannon'

Abstract

JEL classification: J21, J24, 031.

The adoption of Al technology by industry could significantly disrupt our current understanding of “typical”
economic activity. As Al comes to pervade more sectors and occupations over time, it is likely that this technology
will give rise to challenges and risks but also opportunities and benefits. There is, however, a significant degree of
uncertainty regarding how future waves of technological change will impact the economy, including the labour
market. Recent research has found that 40% of employment globally is exposed to Al and that this rises to 60%

of employment in advanced economies. We analyse exposure and complementarity in tandem in order to better
understand the potential impact across occupation types in Ireland. We find that Ireland is relatively more exposed
to Al than is the case for other advanced economies. We also find find that female workers in Ireland are more
likely to work in highly exposed roles compared to males, that younger Irish workers are more exposed to Al than
are older workers, and that both exposure complementarity to Al increase in line with educational attainment.
Finally, we contend that the extent to which Al augments, or replaces, human labour in the medium to long-run
will depend on a variety of economic, social and policy factors, including levels of Al regulation.

Keywords Artificial intelligence, Technological change, Labour markets, Ireland

1 Introduction

The emergence of advanced digital systems, including
advanced robotics and artificial intelligence (AI) tech-
nology, is often characterised as the advent of a fourth
industrial revolution. Schwab (2016) has outlined three
previous industrial revolutions, roughly each one a hun-
dred years apart. Each of these had a transformative
impact on the production process, income levels and
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standards of living. The first industrial revolution (c.
1784) came with the use of steam power to mechanise
production. This preceded a second industrial revolution
(c. 1870) that saw electricity powering mass production,
while a third industrial revolution (c. 1969) was marked
by the use of electronics and information technology to
drive automation. Building on the groundwork laid dur-
ing the latter period, the fourth industrial revolution is
developing at an unprecedented pace. Within these dis-
tinct periods of innovation, development and change,
new industries, occupations and tasks have emerged
while others have diminished or disappeared entirely. For
example, advancements made in the extraction of petro-
leum during the late-1800s enabled the production of
kerosene and led to a decline in the whale oil industry.
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Kerosene, in turn, was supplanted by the use of electric-
ity to light homes and industry. Indeed, it has been esti-
mated that 60% of current jobs in the US did not exist in
the 1940’s (Autor et al. 2022).

The adoption of Al technology by industry could sig-
nificantly disrupt our current understanding of “typical”
economic activity. Al systems have the potential to bring
about extraordinary benefits for society but also to sow
disruption across many sectors of the economy, including
labour markets globally. Each previous industrial revolu-
tion had a transformative impact but also created win-
ners and losers in the labour market: eliminating some
jobs but generating and augmenting others. As Al comes
to pervade more sectors and occupations over time, it is
likely that this technology will give rise to challenges and
risks but also opportunities and benefits. Whilst prior
technological developments are generally considered
to have been a global net ‘good; we must always remind
ourselves that past performance is no guarantee of future
results. Indeed, the key difference here is the nature of
tasks that will be transformed. AI has the potential to
perform complex cognitive tasks, setting it apart from
previous general-purpose technologies which primarily
affected physical tasks at the time of their invention. Cer-
tain tasks within occupations will become susceptible to
automation, while others will benefit from Al assistance,
enhancing productivity and augmenting human capabili-
ties. The extent to which jobs are enhanced, rather than
replaced, will depend on how well the strengths of Al
and humans can complement each other within each job.
There will also be a role for public policy and regulation
in shaping the balance between technology, capital and
labour.

The paper assesses Ireland’s overall labour market
exposure (and complementarity) to Al, placing these
results in a comparative international context. Our pri-
mary aim is to consider the potential consequences of
Al for the labour market (and with a specific focus on
the Republic of Ireland). We do so by examining meth-
odological approaches developed by the IMF — amongst
others — and applying these to granular datasets for Ire-
land. Specifically, we use Irish Census data, and a cross-
walk from the ISCO occupational classificational system
to UK SOC (the classification system used in Ireland),
to map AI occupational exposure and complementarity
scores as calculated by the IMF to an Irish context.

We find that — amongst other themes — that Ireland is
relatively more exposed to Al than is the case for other
advanced economies. We also find evidence of hetero-
geneity in exposure across demographic groups: female
workers in Ireland, for example, are more likely to work
in highly exposed roles compared to males, while and
younger workers are typically more exposed to Al than
are older workers. In addition, the analysis indicates that
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exposure to Al increases in line with educational attain-
ment but that the same applies for complementarity.

In undertaking this work, the authors have sought
to contribute to the emergent discourse on how Al is
reshaping labour markets. From a policy perspective,
anticipating which occupations will be most exposed
to Al can help inform targeted investments in up-skill-
ing and re-skilling initiatives, as well as investments in
labour-augmenting technologies. However, it is impor-
tant to recognise that the process of Al adoption is still
at a relatively early stage, with these technologies still
developing at an exponential pace. At the time of writing,
there are many projections — and investments — that in
the future will likely come to be regarded as misplaced.
This limits the availability of real-world empirical data
and we recognise that further analyses will be necessary
as the technology develops. The remainder of this paper
is structured as follows: our methodological and theoreti-
cal approaches are summarised in the next Section. This
is followed by a discussion based on our results in Sect. 3,
including a set of cross-country comparisons. Section 4
concludes.

2 Methodological approach

The authors begin by drawing on the international liter-
ature. In so doing, we have endeavoured to ground our
approach in these methodologies and to use this to assess
the impact of AI on the Irish labour market. We build
upon methodologies developed by Felten et al. (2021)
and Pizzinelli et al. (2023) to create a complementarity-
adjusted AI occupational exposure (C-AIOE) index for
Ireland. The index is used to identify the occupations
in Ireland that are most exposed to Al, and to assess
the extent to which Al is a substitute or complement
for labour in those occupations. We do so by providing
an indicator of relative exposure and complementarity
across occupations in Ireland.

2.1 International literature

Research by the International Monetary Fund (Cazza-
niga et al. 2024) has found that 40% of employment
globally is exposed to A.L This rises to 60% of employ-
ment in advanced economies with approximately half of
these considered to be negatively affected. A survey of Al
experts by the Organisation of Economic Co-operation
and Development (Lane et al. 2023) concluded that cer-
tain skills required in high-skilled roles are susceptible to
automation due to recent advances in AL. What is evident
from both pieces of analysis is that while many jobs may
be exposed to Al relatively few are at risk of disappear-
ing completely. There is a high level of complementar-
ity between Al and human capabilities for many ‘highly
exposed’ roles. Indeed, the OECD states that being highly
exposed to AI may be beneficial for workers, provided
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they have the skills to use Al technologies effectively.
Other studies, such as the World Economic Forum’s
Future of Jobs Survey 2023, have found that the num-
ber of companies expecting Al to be a net creator of jobs
is far greater than those expecting Al to be a net dis-
placer. Focusing specifically on ChatGPT, Zarithonarvar
(2023) estimates that 32.8% of occupations could be fully
impacted by this technology, while 36.5% might experi-
ence partial impacts and 30.7% are likely to remain unaf-
fected. This is based on a text-mining approach, that is
used to analyse the ISCO and identify the occupations
most susceptible to disruption by ChatGPT.

There is, however, a significant degree of uncertainty
with regard to how future waves of technological change
will impact the economy and through which channels
these impacts will be transmitted. From a labour market
perspective, the current international literature typically
only provides an indication of impacts based on recent
understandings of Al applications and does not attempt
to predict how AI technologies will evolve in future, nor
the rate of adoption across the enterprise base. There are
those with a pessimistic viewpoint that suggest that Al
will have a detrimental effect on employment through
the substitution of capital for labour. By contrast, Al
optimists expect that there will be significant efficiency
gains associated with the use of Al that will result in the
creation of new job and task opportunities. For instance,
Frank et al. (2019) have found that Al will likely impact
on specific skills rather than on whole occupations, albeit
that there are barriers preventing deeper analysis of the
potential impacts of Al at present. There are also those
— for example, Felten et al. (2021, 2023) — that have pos-
ited an AI Occupational Exposure (AIOE) method which
suggests that that the most exposed industries will likely
be those “white-collar” industries requiring high levels of
education. Nonetheless, the extent to which Al augments
— or replaces — human labour then into the future will
depend on a variety of economic, social and policy fac-
tors (including levels of Al regulation). The future impact
of AI on the labour market is therefore uncertain and
will require ongoing analysis to understand its potential
effects.

This analysis was undertaken as an early contribution
to the public discourse in this field but there are, however,
some important caveats to this work. Firstly, the measure
of Al exposure used in this study — drawing on the work
of Felten et al. (2021) — focuses on ten specific Al applica-
tions?, all of which can be considered to be “narrow” Al
Given that Felten’s work was published in 2021, it does
not capture the latest advancements in Al technology,

! The 10 AI applications used in the analysis are: Abstract Video Games;
Real Time Video Games; Image Recognition; Visual Question Answering,
Image Generation; Reading Comprehension; Language Modelling; Trans-
lation; Speech Recognition; and Image Track Recognition.
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such as document summarisation or LLM-based search-
ing. At the time of writing, these are Al applications that
are now widely used through software such as ChatGPT,
Gemini, Copilot and others. The approach used here also
does not capture exposure to advanced robotics — which
will also have profound impacts on the labour mar-
ket — and/or how this might ultimately interact with Al
deployment. As with any new technology or innovation,
research on the impact of Al will always lag behind the
rapid pace of development in the field. Research by the
International Labour Organisation (ILO) suggests that
the inclusion of more recent developments, such as LLM-
based searching, would not significantly alter the results,
however. The ILO (Gmyrek et al., 2023) assess occupa-
tional exposure specifically to Generative AI (such as
GPT-4), finding that “knowledge workers” are the most
highly exposed group to increased Al adoption (broadly
in-line with existing research).

2.2 Constructing a measure of exposure and
complementarity

The AIOE (exposure index) measure is derived by break-
ing down occupations into their constituent tasks and
analysing the degree of overlap between these tasks and
various Al technologies. Using data on the relatedness
between given Al applications and a set of occupational
abilities, Felten et al. (2021) had previously constructed
a “relatedness” score (bound between 0 and 1) between
each occupational ability and each Al application®. An
occupational ability’s Al exposure (Aij) measures the
extent to which each ability is exposed to Al For exam-
ple, the occupational ability “oral comprehension” has a
relatedness score of 0.89 with the Al application “Trans-
lation’, and 0.37 with the Al application “Image Recogni-
tion”. These two scores are summed along with the eight
other AI applications to obtain an Ability Level Expo-
sure Score (Aij) (bound between 0 and 10). This is then
weighted by the prevalence (Ljk) and importance (Ijk)
of that ability within each occupation and scaled by the
weighted sum of all abilities used within an occupation
(the denominator) to create an AIOE score. For exam-
ple, the occupational ability “oral comprehension” has a
prevalence score of 4.88 and an importance score of 4.50
for the occupation “Chief Executive Officer” The maxi-
mum importance or prevalence score is 5. Abilities that
are essential to an occupation have high prevalence and
importance scores, while the opposite is true for abilities
that are used less often. This ensures that AIOE provides
a relative measure of Al exposure.

2 The Al applications were based on categories defined by the Electronic
Frontier Foundation’s (EFF) AI Progress Measurement project, while occu-
pational abilities were extracted from the Occupational Information Net-
work (O*NET) database developed by the United States Department of
Labour.
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An AIOE score, however, only assesses occupational
exposure and is agnostic as to whether an occupation is
likely to be substituted or complimented by Al To resolve
this issue, Pizzinelli et al. constructed a complementar-
ity measure, 0, to augment the AIOE score. This measure
adjusted specifically for two dynamics: job contexts and
job zones. The former refers to those factors that shape
the nature of work and the latter refers to factors such as
occupations characterised by similar levels of education,
on-the-job training, and professional experience required
to perform the work®. 0 is computed as the arithmetic
mean of the scores of the selected job zone/work context
components and divided by 100 to be bound between 0
and 1. 0, is the minimum value of 6 across all occupa-
tions*. This adjustment is to allow the complementarity
measure to have a relative interpretation. Once a given
occupation is assigned a measure of potential comple-
mentarity to Al, the baseline AIOE exposure level is
then adjusted. For the purposes of this paper, we utilise
this complementarity adjusted Al occupational exposure
(C-AIOE) index to identify the occupations in Ireland
that are most exposed to Al and to measure the extent
to which Al is a substitute (or complement) for labour in
those occupations.

This index provides a quantitative measure of the expo-
sure of different occupations to Al technologies. The
main advantage of this methodology compared to oth-
ers is that it controls for complementarity to better mea-
sure occupational exposure to Al Other studies focus on
occupations that could be automated, without adjust-
ing for complementarity (e.g., Briggs and Kodnani 2023;
Webb 2019), or focus on specific Al applications. The
World Economic Forum (2023), for example, assessed
potential occupational Al exposure and complementar-
ity to large language models only. The AIOE (exposure
index) measure, originally constructed by Felten et al.
(2021), is derived by breaking down occupations into
their constituent tasks and analysing the degree of over-
lap between these tasks and various Al technologies.

C — AIOE; = AIOE; (1 — (6; — 0,0in))  (2)

3 As with the AIOE measure, this complementarity measure was created
by using aspects of the O*NET repository, specifically work contexts and
job zones. O*NET defines work contexts as the “physical and social factors
that influence the nature of work” These include contexts such as “public
speaking” and “frequency of decision making” For the work context “pub-
lic speaking’, for example, the occupation ‘flight attendants’ have a score of
99/100, whereas ‘plumbers’ score 9/100.

4 This value is 0.31 and corresponds to the US SOC code Hand Cutters and
Trimmers.
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Analysing these two criteria in tandem (exposure and
complementarity) is critical to understanding the poten-
tial labour market shifts each occupation might encoun-
ter over time. Occupations heavily exposed to Al, where
tasks can be performed autonomously, may witness a
decline in demand for human labour, with implications
for labour income and income inequality. Conversely,
heavily-exposed occupations with a high degree of com-
plementarity to AI could see productivity enhancements,
leading to an increased demand for labour. Complemen-
tarity can only be leveraged, however, if workers develop
the skills required to take advantage of Al as a support-
ing technology. The median values for AIOE and 6° used
here are taken from Felten et al. (2021) and Pizzinelli et
al., respectively, to allow for cross-country comparisons®.
When interpreting the findings presented below, it is
important to bear in mind that the measures of expo-
sure and complementarity used in this study are both
relative measures. They describe which occupations are
more or less exposed/complementary than others. A high
C-AIOE score does not mean that an occupation, or tasks
within that occupation, will be replaced, but rather signi-
fies its comparatively higher exposure to Al than other
occupations.

It should be noted that this analysis provides a static
view of Al exposure and complementarity. The analysis
does not consider workers’ ability to re-locate across sec-
tors or to develop new skills to realise the benefits of Al,
even when their occupation has relatively low comple-
mentarity with Al applications. The analysis only pro-
vides an indication of relative exposure based on recent
understandings of Al applications’ and does not attempt
to predict how Al technologies will evolve in the future,
nor the rate of adoption across the enterprise base. The
extent to which Al augments or replaces human labour
will depend on a variety of economic, social and policy
factors, including levels of Al regulation.

> These are used here: the median values for AIOE and 6 across all US SOC-

2010 occupations are 6.002 and 0.576, respectively. The median values in
Ireland using UK-SOC-2010, by contrast, are 6.081 and 0.581 respectively.
Using these figures would result in 55% of occupations in Ireland being
‘highly-exposed; as opposed to 63% using the SOC-2010 measure as cal-
culated by the IMF.

6 Pizzinelli et al. later converted the US-based SOC occupations into
broader ISCO-08 occupations for their analysis. ISCO is the International
Standard Classification of Occupations. For the purposes of this paper, it
was possible to map ISCO-08 occupations to UK SOC codes, which is the
occupational classification system used in Ireland, using a crosswalk from
ISCO-08 to UK SOC-2010.

7 These exposure/complementarity levels are relative across occupations.
In a scenario where an equal number of people were employed in each
occupation, approximately 25% of employment would fall into each of the
respective exposure/complementarity categories.
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Complementarity

Low Exposure
High Complementarity

High Exposure
High Complementarity

Exposure

Low Exposure
Low Complementarity

High Exposure
Low Complementarity

Fig. 1 Conceptual Framework for Al Exposure and Complementarity

2.3 Our theoretical framework

Each occupation can be thought of as belonging to one
of four categories: (i) High Exposure, High Complemen-
tarity; (ii) High Exposure, Low Complementarity; (iii)
Low Exposure, High Complementarity; and (iv) Low
Exposure, Low Complementarity. These categories are
presented graphically in Fig. 1 below. Quadrants are seg-
mented using the median values of both AIOE and 0. In
other words, an occupation is considered to be ‘highly
exposed’ if its AIOE value is greater than the median
AIOE across all occupations. Similarly, if an occupation’s
complementarity value 0 is greater than the median 0
across all occupations, then it is considered to be ‘highly
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complementary’. As the median is the middle value in a
dataset when all values are arranged in order, it repre-
sents the point where half the values are higher and half
are lower. This means that, in this case, 25% of occupa-
tions fall into each quadrant, regardless of their absolute
AIOE or 0 scores. Results should be interpreted with this
in mind.

3 Results and discussion

3.1 Overall results

The results of our analyses indicate that 63% of employ-
ment in Ireland is relatively highly exposed to Al, with
30% of employment falling into the ‘at-risk’ category (or
high-exposure, low-complementarity). Approximately
37% of persons work in occupations that are considered
to have low exposure to Al To give some indication as to
the type of roles that fall into each category, four occu-
pations per quadrant are labelled in Fig. 2. The role of
‘Nurses and Midwives, for example, is highly exposed
to Al but also displays a high level of complementarity.
In comparison, ‘Telephone Salespersons’ are also highly
exposed to Al, but have relatively low levels of comple-
mentarity with the technology. For ‘Telephone Sales-
persons, the extent to which AI replaces human labour
will depend on a number of factors, including societal

®Occupation —Median AIOE and Theta
0.80
Dental practitioners —
‘ Construction project
Nurses and
075 Fire service officers 2 midwives mana?oefresszir;cri]:;ated
(watch manager and Y PY P
) €
0.70 below) oo @ (9 . .
® Chefs ® '. [} — Barristers and judges
L o
0.65 ¢ e | ° ., o
Sports players ) [ IS o0 8
2 \® e >0, o ...ePhI’(
= \ ® Py ) sychologists
£ 060 'Y “ brarians —9 °
£ L Y—
[ J
%‘Ei 0.55 PR %
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] 050 o .. . ’ Laboratory tWRn'C?i‘: Chartered and
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Whitresses /
) e Telephone
0.40 ° IT operations e salespersons
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035 Launderers, dry Sewmg machinists operators and
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5.00 5.20 5.40 5.60 5.80 6.00 6.20 6.40 6.60 6.80 7.00
AIOE

Fig.2 Al Exposure (AIOE) and Potential Complementarity (8) in an Irish Context. Source: Author's calculations Note: In the chart above, AIOE denotes the
exposure to Al at the individual occupation level. Complementarity (8) is derived from O*NET work context variables and a single skill-level indicator (job
zone). The diagram features reference lines that are based on the medians of AIOE and 6, which divide occupations into four quadrants. Each quadrant
represents a distinct combination of Al exposure and complementarity. Certain occupations are specifically highlighted for illustrative purposes. Occupa-

tions are classified using the US SOC 2010 system
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preferences and the value consumers place on human-
to-human interaction. For instance, AI may be adept at
handling routine telephone queries but non-standard
conversations are likely to require human intervention. In
other words, Al may struggle to build meaningful long-
term relationships with clients and these can be critical
for creating customer loyalty. This example underlines
the fact that there remains a great deal of uncertainty of
AT’s potential impact on various occupations, and results
should be interpreted with this in mind.

The bottom right quadrant can be viewed as reflect-
ing an ‘at risk’ area, where occupations are relatively
more exposed and substitutable to Al applications. The
closer an occupation is to the bottom right-hand corner,
the greater its relative risk to AL It is again important to
highlight that occupations falling into this category will
not necessarily be substituted (or transformed) by AL
Rather, our current understanding of Al applications
indicates that these are the occupations which would be
most at risk, relative to other occupations. There are 72
occupations in Ireland which fall into this category. These
occupations account for 30% of total employment in Ire-
land. When we consider the position of different occupa-
tions, Fig. 3 illustrates the share of employment in Ireland
within each exposure/complementarity category across
broad occupational groups.

. | ow Exposed Low Complementarity
mmmm High Exposed High Complementarity
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For instance, highly skilled occupations such as Man-
agers, Directors and Senior Officials, alongside Profes-
sional Occupations, are highly exposed to AL These,
however, are also likely to benefit from high levels of
complementarity. For those working in Professional
Occupations, two-thirds of same work in high-exposure,
high-complementarity roles. Persons in these occupa-
tions potentially have the most to gain from Al, provided
they are equipped with the skills to use Al as a support-
ing technology. On the other hand, Administrative and
Secretarial Occupations and Sales and Customer Service
Occupations are considered to be most ‘at risk’ from Al,
relative to other occupations. Almost all occupations
falling into these two broader occupational groups are
in the ‘at risk’ category. These workers may need to be
targeted for re-skilling and up-skilling interventions to
ensure smooth transitions to more viable occupations.
Other occupational groups, such as Elementary Occupa-
tions, Process Plant and Machine Operatives, and Skilled
Trades Occupations, are considered to be relatively low
risk in terms of their exposure to Al These groups may
have greater exposure to other digital technologies such
as robotics, however, which isn’t captured in this measure
of Al exposure.

Alternatively, we can examine these analyses through
the prism of those NACE sectors in which persons are
employed. The ‘Financial and Insurance’ and ‘Information

Low Exposed High Complementarity
mmm High Exposed Low Complementarity

e Occupational group's share of overall employment

100%

90%

80%

70%

60%

50%

40%

Share of Employment

30%

20%

10%

0%

Managers, Professional  Associate Administrative Skilled Trades Caring, Leisure Salesand  Process, Plant Elementary
Directors and Occupations Professional and Occupations  and Other Customer  and Machine Occupations
Senior and Technical Secretarial Service Service Operatives
Officials Occupations Occupations Occupations Occupations

Broad Occupational Group

Fig. 3 Al exposure and complementarity across broad occupational groups. Source: Author’s calculations
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and Communication’ sectors are most exposed to Al
with 97% and 94% of persons in these sectors working
in highly exposed occupations, respectively (Fig. 4). The
majority of these workers are in relatively low comple-
mentarity’ roles, potentially posing a risk to employment
as occupations within these sectors are relatively sub-
stitutable to AL. However, increased Al adoption within
these sectors will give rise to new firms and new jobs,
especially those involved in the designing and building
of AI systems. There will therefore not necessarily be
job losses in these sectors, but rather a redeployment of
labour from low complementarity to high complemen-
tarity roles. Ireland’s skills architecture will need to be
adaptable enough to ensure that education and training
provision is aligned with rapidly changing skills needs.

At the other end of the spectrum, the Agricultural, For-
estry and Fishing sector is least ‘at risk’ from increased
AT adoption, with the majority of persons working in this
sector being employed in low exposure roles. Worth not-
ing is the extremely high share of persons in high expo-
sure, high complementarity roles within the Education
sector. Al has the potential to enhance various teaching
and administrative processes within the education sector.
In particular, Al has the potential to automate marking
for certain types of tests (e.g. multiple choice) and pro-
vide real-time feedback on students’ work. In addition,

. L ow Exposed Low Complementarity
mmm High Exposed High Complementarity
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Al may also be able to assist with curriculum design and
creating new teaching materials, freeing up teachers to
focus on tasks that require human interaction and cre-
ativity. This sector therefore potentially has the most to
gain in terms of productivity improvements, provided
workers are equipped with the skills to use Al as a sup-
porting technology.

From a Gross Value Added (GVA) perspective, sectors
with the highest GVA — with the exception of manufac-
turing (although this will be highly exposed to robot-
ics) — appear to be the most exposed to Al applications.
In simple terms, GVA is the value that producers have
added to the goods and services they have bought. It is
a measure of the individual contributions of different
sectors to the economy. Sectors highly exposed to Al
could potentially benefit most from increased productiv-
ity, investment and competitiveness. This would serve to
boost GVA further but these sectors most likely to face
the greatest labour market disruptions. In the text that
follows, we consider how Al exposure and complemen-
tarity varies with workers’ demographic characteristics. It
is possible to build a picture of the type of workers that
are most vulnerable to Al, and those that are most likely
to benefit from AI adoption.

Low Exposed High Complementarity
mmmm High Exposed Low Complementarity
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Fig.4 Al exposure and complementarity across economic sectors.
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3.2 Gender and age

When looking at exposure and complementarity, the
relative employment shares differ significantly for males
and females. Females are far more likely to work in highly
exposed roles compared to males, with 76% of females
working in occupations in these categories (Fig. 5). This is
compared to 51% of males. Furthermore, approximately
38% of females are employed in roles which are consid-
ered to be most ‘at risk’ of Al disruption, far higher than
the share of males in this high-exposure, low-comple-
mentarity category (23%). For example, approximately
5.8% of females are employed as ‘Sales and Retail Assis-
tants, an occupation which is considered to be highly
exposed with low complementarity. In comparison, only
2.5% of males are employed in these roles.

It is also common for females to be employed as
‘Nurses and Midwives, with 5.6% of females in employ-
ment working in that role (compared to 0.5% of males).
This occupation is also considered to be highly exposed
to Al, albeit with high levels of complementarity. Males,
on the other hand, are more likely to be employed as
farmers (5% of men in employment are farmers, com-
pared to 0.5% of women). This is an occupation which
has low exposure to Al and is also highly complementary.
Males are also far more likely to work in construction
or transport-related roles which are also relatively less
exposed to AL

Younger workers (with the exception of those aged < 24
years) appear to be slightly more exposed to Al compared
to older workers, with greater shares working in both ‘at
risk’ and ‘high gain’ roles (Fig. 6). This is expected given

M Low Exposed Low Complementarity

M High Exposed High Complementarity
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the educational attainment levels of the various cohorts.
Older workers are much more likely to have left educa-
tion with no/few formal qualifications and consequently,
to be working in those Elementary or Skilled Trades roles
which have relatively low exposure to Al Despite their
lower exposure, older workers are less likely to engage in
lifelong learning and are typically less proficient at using
digital technologies. It will be important to ensure that
AT re-skilling/up-skilling interventions manage to reach
groups that have previously had little engagement with
the further education system.

3.3 Educational attainment and earnings

An individual’s educational attainment is a strong predic-
tor of their likely exposure and complementarity to Al
in their job. It is possible to assess the varying levels of
educational attainment levels with regard to Al exposure
and complementarity (Fig. 7). Exposure to Al increases as
educational attainment increases. Approximately 95% of
persons with a Doctorate work — or did work (for unem-
ployed persons) — in occupations that are highly exposed
to AL This compares to just 26% of persons in the low-
est educational attainment category (no formal educa-
tion/primary education/lower secondary education). It
is notable that exposure to AI not only increases with
educational attainment, but complementarity does too.
Persons with the lowest levels of educational attainment
are more likely to work in low complementarity jobs (49%
of persons in this category are in/were in high comple-
mentarity roles), compared to 80% of persons with a
Doctorate.

Low Exposed High Complementarity
H High Exposed Low Complementarity

Males

Fig. 5 Employment shares by gender by Al exposure and complementarity. Source: Author’s calculations
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Fig. 6 Al exposure and complementarity by age cohort. Source: Author’s calculations
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Fig. 7 Al exposure and complementarity by educational attainment. Source: Author’s calculations

Although many potential ‘winners’ from Al adoption
— say, those with high AI complementarity — are per-
sons with Higher Education Awards®, some of the most
vulnerable persons to increased Al adoption also have
high educational attainment levels. For example, 38% of
persons with an Honours (undergraduate or) Bachelor’s
degree fall into the ‘at-risk’ high exposure, low comple-
mentarity category. This is the highest proportion of

8 Specifically, awards at levels 6 and/or 7 (or higher) on Ireland’s National
Qualifications Framework (NQF) — levels 1 through 10.

persons falling into this category across all educational
attainment levels. The picture is therefore perhaps more
complex than first appears, with the biggest winners and
losers from increased Al adoption coming from highly
educated backgrounds.

Finally, the distribution of incomes is of relevance when
considering potential Al exposure (Fig. 8). This analysis
suggests that there is a positive correlation between Al
exposure and earnings. Approximately 44% of occupa-
tions in the first decile are ‘highly-exposed’ to Al, com-
pared to 97% in the 9th decile and 90% in the top decile.
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Fig. 8 Al exposure and complementarity by income decile. Source: Author’s calculations
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Fig.9 Employment shares by country by Al exposure and complementarity. Source: Cazzaniga et al. (2024); Pizzinelli et al. (2023); and author’s calculations

Potential AI complementarity also increases with earn-
ings, in a similar vein to educational attainment. This
suggests that higher earners stand to benefit most from
increased Al adoption, with potential implications for
income inequality. This is consistent with findings by the
IMF (Cazzaniga et al. 2024). Occupations in the ‘at risk’
high exposure, low complementarity category, are more
evenly distributed across the earnings distribution, how-
ever, with the highest share of occupations in this cate-
gory falling in the 6th income decile.

3.4 Cross-country comparisons

Research by the IMF (Cazzaniga et al. 2024) found that,
on average, 60% of employment in advanced economies
is highly exposed to Al Ireland’s labour market is, there-
fore, marginally more exposed to Al than the advanced
economy average, with 63% of persons in employment
working in highly exposed occupations. In their analysis,
Cazzaniga et al., focused on six countries at various levels
of economic development: the UK, US, Brazil, Colom-
bia, South Africa and India. Figure 9 presents a visual
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representation of the employment shares in each expo-
sure-complementarity category within each country. For
comparison, Ireland’s shares of employment have also
been included.

Out of this cohort, only the UK has greater labour mar-
ket exposure to Al than Ireland, with 67% of persons in
employment working in highly-exposed roles. In the US,
just under 60% of persons are employed in highly exposed
roles, in line with the average across all advanced econo-
mies (Cazzaniga et al. 2024). While Ireland may have a
higher-than-average share of persons in highly-exposed
roles, Ireland also has a high share of persons working in
high-complementarity roles. Approximately 53% of per-
sons in Ireland work in roles which are highly comple-
mentary to Al, compared to 52% in the UK, and 50% in
the US. In emerging market economies, such as India, the
share of persons working in highly exposed roles is much
lower, although a far lower proportion of persons work in
roles that are highly complementary to Al In five out of
the six countries in the IMF sample, women face a higher
exposure to Al than men albeit that none of these diver-
gences are as large as in Ireland.

This is likely due to a range of factors, with one poten-
tially being the high share of agricultural employment
(for men) in Ireland, resulting in men disproportion-
ately working in ‘low exposure’ roles compared to other
advanced economies. There appears to be a high degree
of polarisation in exposure to Al in the Irish labour mar-
ket. On the one hand, a considerable share of workers are
employed in high-exposure, low-complementarity roles,
and are therefore at higher risk of labour displacement.
On the other hand, there is a substantial share of work-
ers employed in high-exposure, high-complementary
occupations. According to the IMF, these are the workers
that are most likely to gain from increased Al adoption,
potentially experiencing productivity gains.

In part, this reflects the prevalence of certain types of
work in these economies but it may also be a function of
the global distribution of ‘compute’ resources. The term
compute here refers to applications requiring resources
for purposes such as computation and processing (i.e.
cloud computing or big data) and it is a core input to the
development and deployment of Al For instance, Cen-
tral Processing Units (CPUs), Accelerated Processing
Units (APUs) and Graphics Processing Units (GPUs) are
considered compute resources. Lehdonvirta et al. (2024)
consider the global deployment of those chips necessary
to underpin compute for Al development and deploy-
ment (i.e., to train Al models). They also consider the
geographic dispersal of public cloud compute’ (or ‘public

% These large providers are sometimes referred to as ‘hyperscalers’ and the
reference to ‘public’ does not imply any Government affiliation (but rather
that these services are available on demand and shared by many custom-
ers).
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cloud regions’), including market leaders such as AWS,
Microsoft Azure and Google Cloud.

This analysis found that a small number of countries
constitute ‘Compute North’ (or those countries which
host the technology necessary for Al development). The
rest of the globe is categorised as ‘Compute South’ (i.e.
technology for AI deployment rather than development)
and ‘Compute Desert’ (i.e., those countries which host
no public cloud AI compute at all). The vast majority of
countries across the globe have no public cloud regions.
Despite its small size, Ireland is one of only 39 countries
across the globe to host at least one public cloud region
and is one of only 17 countries — Compute North —
where the type(s) of high-end chips required to provide
compute for Al are located. Indeed, close to 20% of the
EU27’s GPU-enabled regions are based in Ireland (rising
to 25% for more advanced chip technology'?).

4 Concluding comments

The paper then assesses Ireland’s overall labour market
exposure to Al and places these results in a compara-
tive international context. We do so by means of build-
ing upon methodologies developed by Felten et al. (2021)
and Pizzinelli et al. (2023) in order to create a comple-
mentarity-adjusted Al occupational exposure (C-AIOE)
index for Ireland. This approach allows us to consider
both exposure and complementarity in parallel. This is
critical to understanding the potential labour market
shifts a given occupation might encounter over time. For
instance, those occupations heavily exposed to AI — and
where tasks can be performed autonomously — are likely
to see a decline in demand for human labour. By contrast,
heavily-exposed occupations with a high degree of com-
plementarity to AI could see productivity enhancements,
leading to an increased demand for labour. This paper
suggests that the impacts of Al on the labour market are
unlikely to be uniform. We find that 63% of employment
in Ireland is relatively highly exposed to AI, with 30% of
employment falling into the ‘at-risk’ category.

This finding suggest that Ireland is relatively more
exposed to Al than is the case for other advanced econo-
mies. We also find distinct differences in the likely impact
of Al adoption for workers across multiple dimensions.
For instance, we find that female workers in Ireland are
far more likely to work in highly exposed roles com-
pared to males and that younger Irish workers are more
exposed to Al than are older workers. We also find whilst
exposure to Al increases in line with educational attain-
ment, so too does complementarity. The extent to which
AT augments, or replaces, human labour in the medium

10 Ireland being home to two of the EU27’s 11 GPU-enabled regions as well
as two of the EU27’s eight A110-enabled regions (the latter being the Nvidia
A100 GPU developed in 2020).
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to long-run will depend on a variety of economic, social
and policy factors, including levels of AI regulation.
Furthermore, the capacity to leverage the potential ben-
efits afforded by Al requires that workers develop the
skills necessary to take advantage of Al as a supporting
technology.

This work suggests a number of possible avenues for
future research. For instance, there is value in re-visiting
how occupational classifications — complementarity and
exposure — would differ when based on Irish or European
median values (rather than US-derived data) and/or to
determine whether there are any job/role-specific differ-
ences that arise between countries. There is also value in
updating these findings to capture much more recent — at
the time of writing — technological advances (i.e., LLM);
the prospect for enhanced integration between Al, auto-
mation and robotics; and the role to be played by emer-
gent regulatory architecture.
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