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Abstract

This paper investigates the economic and societal impacts of Artificial Intelligence
(AI) in the public sector, focusing on its potential to enhance productivity and miti-
gate labour shortages. Employing detailed administrative data and novel occupational
exposure measures, we simulate future scenarios over a 20-year horizon, using Sweden
as an illustrative case. Our findings indicate that advances in Al development and up-
take could significantly alleviate projected labour shortages and enhance productivity.
However, outcomes vary substantially across sectors and organisational types, driven
by differing workforce compositions. Complementing the economic analysis, we identify
key challenges that hinder AI’s effective deployment, including technical limitations, or-
ganisational barriers, regulatory ambiguity, and ethical risks such as algorithmic bias
and lack of transparency. Drawing from an interdisciplinary conceptual framework, we
argue that Al’s integration in the public sector must address these socio-technical and
institutional factors comprehensively. To unlock AI’s full potential, substantial invest-
ments in technological infrastructure, human capital development, regulatory clarity,
and robust governance mechanisms are essential. Our study thus contributes both
novel economic evidence and an integrated societal perspective, informing strategies

for sustainable and equitable public-sector digitalisation.

Keywords: Artificial intelligence; Implementation of technology; Productivity; Labour de-

mand

JEL Codes: E24, J23, J24, N34, O33.

*We thank Linda Andersson, Patrick Eckemo, Lina Maria Ellegard, Nasim Farrokhnia, Anton Farn-
strom, Lars Hultkrantz, Charlotta Kronblad, Amy Loutfi, Patrik Nilsson, Fredric Skargren, Axel Merkel,
Lena Sellgren, and Annika Arhammar for helpful comments in this project, and Mark Hellsten and Staffan
Samuelsson for research assistance. We acknowledge financial support from The Expert Group on Public
Economics (ESO) (Fi 2007:03/2023/12) and Torsten Séderberg Foundations (grants E46/21, ET3/23).

fCorresponding author: Magnus Lodefalk, Associate Professor. Address: Department of Economics,
Orebro University, SE-70182 Orebro, Sweden, Telephone: +46 722 217340; Global Labor Organization,
Essen, Germany; Ratio Institute, Stockholm, Sweden. E-mail: magnus.lodefalk@oru.se.

tOrebro University and Ratio Institute, Sweden. E-mail: erik.engberg@oru. se.

$Orebro University, Sweden. E-mail: rolf.lidskog@oru. se.

1Orebro University, Sweden. E-mail: aili.tang@oru.se.




1. INTRODUCTION

The public sector in developed countries increasingly faces the challenge of reconciling an
increase in demand for its services with decreases in revenues and labour supply, partly due
to an ageing population (Crowe et al, 2022, Dougherty et al, 2022, Causa et al, 2025). The
public sector is crucial for social welfare and constitutes a substantial part of the economies,
providing critical welfare services, such as judiciary, defence, educational and healthcare
services. On average, the sector amounts to almost half of GDP and a fifth of total em-
ployment across OECD countries (OECD, 2023, Lupi et al., 2024). However, it is troubled
by challenges, such as, population ageing, climate change and geopolitical tensions, which
are associated with an increase in demand for health and defence services, strains on pub-
lic finances, and labour shortages. Without structural reforms that, for example increase
efficiency in the public sector, it will be difficult to sustain citizens’ expectations of welfare

services, both for financial and labour supply reasons.!

To address current and future challenges of the public sector, several actors are setting their
hope to Artificial Intelligence (Al) (EU, 2024, Draghi, 2024, Starmer, 2025, Sweden, 2023).
The expectations are that Al can be used to improve services, reduce administration, and
boost productivity in the public sector. In the last 10-15 years, there has been tremendous
progress in Al technologies, recently attracting the attention of the public with the intro-
duction of generative Al chatbots, such as Claude and ChatGPT. Many scholars view these
technologies as so-called general purpose technologies, which are associated with increased
productivity and economic growth (Bresnahan and Trajtenberg, 1995, Goldfarb et al., 2023,
Bresnahan, 2024, Eloundou et al., 2024). Others point out issues with Al, particularly in
the public sector, such as, a lack of explainability, hallucinations, bias, and issues of account-
ability, as well as identified risks with AI (Lidskog, 2020, White and Lidskog, 2021, Farrell
et al., 2023, Selander et al., 2023, Mitchell, 2024, Slattery et al., 2024).

!The public sector is already struggling to attract and keep workers with the necessary competence, and
this is expected to worsen in the next decades (Causa et al, 2025).



In this paper, we investigate whether these expectations and worries are warranted or not.
We start by introducing a simple conceptual framework that bridges economics with insights
from other disciplines. We then carry out detailed scenario analyses of the economic potential
for using Al in the public sector to raise productivity and reduce the risk for labour shortages,
over the next 20 years. Having simulated the economic outcomes, we analyse broader societal
challenges related to putting Al for public use, connecting these challenges to the conceptual

framework.

To rigorously perform the scenario analyses, we employ a novel set of measures of the occu-
pational exposure to Al technologies and apply it to universal and individual-level admin-
istrative data for Sweden. Sweden is advantageous as a case study because of its detailed
and comprehensive administrative data. In addition, the results can illustrate the poten-
tial for other countries. If Sweden, which already has an already efficient public sector and
relatively digitalised economy, can grow productivity and reduce labour shortages using Al,

2 Our scenarios incorporate detailed

other countries could possibly reap even larger gains.
labour demand forecasts and feature different trajectories in the development as well as use

of different AI technologies in the public sector.

We make two contributions to the literature. First, we provide novel evidence on the eco-
nomic impact of Al by investigating the public sector. Despite of the challenges to the
public sector and interest in using Al to enhance its efficiency, there are, to the best of our
knowledge, few, if any, studies on the efficiency potential of Al in the public sector. There is
a nascent and growing empirical literature on the economic impacts of AI® However, data
scarcity is an issue, which is why studies often have been carried out at the aggregate level
or for small samples of firms, while another set of studies focus on the potential to automate

work in specific occupations, employing so-called Al occupational exposure measures (e.g.,

2In Sweden, the public sector is only slightly larger than average in the OECD in terms of the expenditure
share of GDP, while it is the second largest in terms of share of total employment, consistent with an already
relatively efficient sector.

3Lane and Saint-Martin (2021) and OECD (2023) provide an overview.



Georgieff and Hyee, 2022, Fossen and Sorgner, 2022, Felten et al., 2019). Recently other types
of studies, e.g., performing experiments, or using job vacancy data, have emerged, indicat-
ing the productivity-enhancing effect of generative Al in specific tasks and the association

between Al-hiring and firm growth as well as firm structural transformation (Brynjolfsson

et al, 2023, Dell’Acqua, 2024, Acemoglu et al., 2022, Babina et al, 2024).

Second, we contribute to the literature on societal digital transformation by analysing both
opportunities and challenges with public Al use from an interdisciplinary framework that
integrates insights from economics, governance, ethics and socio-technical systems. This
ensures a more holistic view of Al in the process of digitalisation in society than is common

in the literature.

In the scenario-analyses, we find that without further use of Al in the public sector, which
is our baseline scenario, labour demand will increase by 15 percent in 20 years, and average
productivity growth will be a mere 0.2 percent per year. In contrast, in our main scenario, Al
advances and uptake will result in a 11 percentage point decrease in labour demand, while
the annual average productivity growth will more than tripple to 0.7 percent. However,
the outcomes differ substantially across and within sub-sectors of the public sector. For
example, some municipalities experience substantially higher productivity growth than other

municipalities, driven by differences in occupational workforce composition.

In our review of hinders and risks in the public sector, we find that public organisations face
multiple challenges associated with Al use. These include, e.g., skills shortages, complex
or unclear rules and regulation, data- and algorithm-related issues and limitations, costs,

insufficient leadership, and an absence of strategies for Al adoption.

To conclude, our study indicates that efficiency can be substantially improved and labour
shortages mitigated using Al. However, to realise this, while considering the particularities
of the public sector, would likely require substantial investments and careful attention to

known risks, known unknown risk, and implications, e.g., for unequal access to welfare



services.

The rest of the paper is organised as follows. In Section 2., we introduce our conceptual
framework. In Section 3., we present our empirical approach for the scenario analyses,
including data. In Section 4., we display and discuss our results from the simulations. In
Section 5., we review evidence on the main challenges with using Al in the public sector.
In Section 6., we make concluding remarks. (Additional results and technical details are

provided in the Online Appendix.)

2. CONCEPTUAL FRAMEWORK

Al is a socio-technical system—with expectations but also presence in existing infrastructure—
whose future uptake and impact in the public sector depends on the economic and sociopo-
litical factors, as well as tacit and codified rules. To frame our analysis, we therefore draw

on insights from several fields, including economics and sociology.

The economic perspective builds on the task-based model of labour markets, where techno-
logical change reallocates tasks between workers and technology (Acemoglu and Restrepo,
2019). Al-driven automation can displace labour by assuming routine tasks previously per-
formed by workers, thus potentially reducing overall labour demand even as productivity
rises—the displacement effect. Conversely, technological progress may also introduce new
tasks requiring human skills, generating new employment opportunities—the reinstatement
effect, although this effect may occur later in time than the displacement effect. In addi-
tion, Al may augment workers in the remaining tasks, raising productivity and increasing
labour demand (Bessen et al, 2022). The net impact of Al on employment and productivity,

therefore, emerges from these competing forces and their timing.

However, the public sector also operates within strict ethical and legal frameworks that
shape the application of Al as well as its consequences. Moreover, the broader sociopolitical

context, with its power structures, goals, and expectations, also strongly influences which



Al is developed and in which areas it is deemed central. Importantly, as risk research
has pointed out, is that the narrative surrounding a new technology (perceived risks and
benefits) strongly influences society’s investment in and implementation of it. Social science
research highlight the seemingly paradoxical danger of underestimating or overestimating the
capacity of Al (current and future) (Collins, 2018, Lobo and Del Ser, 2024). Underestimating
its capacity will lead to a loss of control, overestimating it — attributing more intelligence
to it than it actually possesses - will lead to poor decision-making. And both cases will
lead to unintended consequences and a suboptimal adaptation of society to Al (not having
a realistic expectations). This is emphasized in the Bletchley Declaration (2023), signed by
28 countries from all continents, including Brazil, China, the European Union, India, and
the United States, which states that AI presents enormous global opportunities but also
significant risks, and therefore requires international regulation. Creating and disseminating
knowledge about Al among users is therefore necessary but not sufficient for appropriately

assessing and deploying Al in the public sector.

Governance is key for Al to beneficially used, especially in the public sector (Acemoglu, 2021,
Acemoglu and Johnson, 2023). Since data is often biased and algorithms may cause harm,
such limits of Al-technology can maintain and reinforce stereotypes and make decisions that
lead to increased inequality. This, in turn, can create a loss of democratic legitimacy and
public distrust in authorities and institutions (Beckman et al, 2024, Obermeyer et al., 2019).
In response to these threats, the importance of transparency, accountability, and, ultimately,
public trust has been emphasized (Busuioc, 2021, Ross, 2024). These values are important
but not without challenges. Al is not only opaque to its users (and even more so to its
non-users), but also professionals involved in its development have incomplete knowledge
beforehand of how an Al-based system will work in practice. There is a risk that deploying
systems, trained on certain situations in more varied environments, can result in “long tail”
events and cascade failures. It is therefore important to create insight into the limits of

current knowledge (“known unknowns”) as well as preparedness for things can happened



that was impossible to know beforehand (“unknown unknowns”) (White and Lidskog, 2021).
Such insights, and more generally societal impacts as well as tradeoffs, need to be reflected
upon by Al-professionals in the development, deployment and assessment of Al in the public

sector, again raising the need for competence development.

Al has the potential to create innovation and increase productivity in the public sector.
Therefore, it is both critical that the risks identified above are prevented or appropriately
managed, and that regulatory ambiguity is avoided, which otherwise can impede beneficial
implementation of Al in the public sector. This can be achieved through an effective gover-
nance framework for AI that includes strategic leadership, adaptive oversight, scenario plan-
ning, inclusive stakeholder dialogues, and mechanisms to address the inherent uncertainties
of Al systems (White and Lidskog, 2021, Korinek, 2023). Thus, successful Al implementation
requires consideration of technological capabilities, necessary infrastructure, appropriate and

consistent regulation, institutional readiness, and societal values.

In summary, Al-driven digitalisation in the public sector is important, but depends on several
factors, of which technical aspects being just one of them. To enable and effectively design
Al investments in the public sector, it is essential to have knowledge regarding Al, as well
as economic dynamics, institutional conditions and the special characteristics of the public

sector, including its core values.

3. SCENARIO ANALYSIS APPROACH

To investigate the potential economic impact of public Al use, anchored in the conceptual
framework, we employ scenario analysis. Our focus on productivity and labour demand.*
This allows us to consider how different assumptions on Al advances and implementation in
the public sector would affect outcomes. The results are indications of impacts, not forecasts,

since everything else is unchanged. Thus, the results under different scenarios are useful for

4The approach draws on Baily et al. (2023) and has similarities with Acemoglu (2024), while being
substantially different, e.g., in specifically analysing the public sector and in the detailed input and output,
using universal administrative data and a novel Al exposure measure.



comparing alternative futures, all else being equal.’

The scenario analysis presumes that Al technologies that are available will be used and
thereby affect how public administration is carried out, and this transformation results in
impacts on labour productivity. We interpret such impacts as the result of the displacement
and the complementation effects of the conceptual framework. Improvements in labour
productivity will reduce labour demand at current levels of output in the public sector.
The Al-induced transformation necessitates complementary investments, e.g., in competence

development and technical infrastructure to improve the efficiency of the public sector.

We carry out this analysis in several steps.® First, we combine administrative data on
individuals in Sweden with a measure of their exposure to Al advances, based on their
detailed occupation. Here we only keep individuals employed in the public sector. The
administrative data include information on the occupation and employer organisation all
individuals (> 15 years), and is from the so-called Longitudinal Integrated Database for
Health Insurance and Labour Market Studies (LISA) (Ludvigsson et al., 2019)." The Al
measure is the Dynamic AI Occupational Exposure index (DAIOE) of Engberg et al (2024),
which is available both for AI overall and for different subdomains of Al, as well as for
generative Al (genAl), with the genAl measure building on the language modelling and
image generation subdomains. The DAIOE index matches advances in Al technologies with
granular data on skill requirements in detailed occupations from the U.S. sponsored O*NET

occupational database.

Second, our first (baseline) scenario is constructed. We update our database of public sector

employees according to forecasts of SCB (2023a) regarding future labour demand in different

50ther limitations are that the simulations do not consider: potential indirect impacts from connections
to other parts of the economy; potential minimum human labour occupational requirements in occupations;
quality improvements from Al and related impacts; and other factors, e.g., geopolitical or migration de-
velopments. More generally, national accounts imperfectly measure digital services contribution to welfare
(Brynjolfsson et al, 2025).

SFor an overview of the steps, see Figure Bl in the Online Appendix.

"LISA data is for year 2020, which are then updated, see next paragraph. Reassuringly, using data for
2020 rather than a more recent year hardly affects the occupational composition, see Figures D1-D5 in the
Online Appendix.



occupations and an assumed annual productivity growth of 0.2 percent.® Thus, in our
baseline, we take a 20 year perspective, meaning that our baseline is the public workforce
composition in 2044, taking ‘normal” productivity growth into account, without any further

implementation of Al, compared to today.

Third, for our other scenarios, we simulate the productivity and labour demand year-by-
year based on the Al exposure of the public workforce and assumptions about both further
advances and increased public uptake of Al technologies. The productivity impacts of Al are
fully implemented in the most exposed occupations, and in other occupations according to
their level of exposure. The impacts on the whole or parts of public sector are proportional
to the shares of employees with a certain exposure level (Hulten, 1978). The resulting
productivity and labour demand changes over the 20 year period is then compared with
those in the baseline, capturing the potential for progress and uptake of Al to make the
public sector more efficient and more able to mitigate labour shortages. These differences
are presented for: the 20 most common occupations in the public sector; sub-sectors of the

public sector, based on ownership (state, region, and municipality); and sub-sectors according

to the OECD Classification of the Functions of Government (COFOG).

Next, we turn to the details of our scenarios 2 — 4-the ones with further Al uptake and
progress.” Our second scenario is a conservative one. We assume that the recent advances
of AI research up to 2023, the most recent year of our DAIOE measure, gradually are
implemented in the public sector according to its detailed occupational exposure. However,
we assume no further Al research progress. In this scenario, productivity increases with 10
percent in the most exposed occupation, until year 2044. This is arguably a conservative
level of productivity increase, considering both experimental and quasi-experimental studies

on the impacts of generative Al (e.g., Brynjolfsson et al, 2023, Noy and Zhang, 2023).

In scenario three, which is our main (and “moderate”) scenario, we assume higher increases

8Measuring productivity growth in the public sector is challenging, easily underestimating actual growth.
We take this number from an estimation in the UK, based on an improved approach (ONS, 2023).
9For an overview of the scenarios, see Figure B26 in the Online Appendix.



in productivity levels than in scenario two, with a particularly high impact for occupations in
accordance with their exposure to generative Al. For genAl, we assume a 10 percent higher
productivity in 10 years time, for the most exposed occupation, while other AI applications
lead to a 5 percent higher productivity in their most exposed occupations. This means that
occupations that would be the most exposed both to generative and other types of Al would
see a 15 percent increase in productivity by 2034. In addition to these short-run impacts, we
assume a more general advance and uptake of Al over the total 20 year period. The third
scenario also features enhanced productivity growth. Al often is considered a general purpose
technology, and as such it can be expected to increase productivity growth, especially as it
has the potential to increase efficiency in research and development, spurring technological
and scientific progress. We let general annual productivity growth increase to 0.25 percent,

while adding maximum 0.10 percentage units in accordance with Al exposure.

Our final scenario (number four) is mostly similar to scenario three but features higher
increases in both productivity levels and growth—this is our “optimistic” scenario. The genAl
impacts until 2034 are here 15 percent and 10 percent for other Al, while 30 percent for Al
overall over the whole 20 year period, that is, till 2044. Here general annual productivity
growth increases to 0.30 percent, while adding maximum 0.15 percentage units in accordance
with Al exposure. A new feature in this scenario is that we pay attention to the potential
of joint advances in Al and robot technologies. While there has been expectations that by
now this would, e.g., have resulted in an increasing share of cars being fully self-driving, the
obstacles have to date been insurmountable but in specific environments or cities (Suchan
et al., 2021). However, intense research efforts and signs of progress would seem to suggest
that Al-infused robots would in the next few decades be able to assist or automate work that
is also requiring psychomotor and physical abilities. We therefore assume that this results
in maximum 25 percent increase in productivity in occupations in relation to their exposure

to robotics, using a novel robot exposure index.'’

10The measure (DAIOE ROE) is constructed from a survey in 2024 among engineering university students



4. ECONOMIC RESULTS

Employing our empirical approach, we present the main results from our scenario analysis,

with additional ones being available in the Online Appendix.

In the baseline scenario, we assume no further public Al uptake and advances in Al tech-
nologies. This means that productivity and labour demand will be determined by existing
low levels of productivity growth and forecasted changes in occupational labour demand.
The productivity results are presented in Figure 1, and the labour demand ones in Figure
2. We find that public productivity will have increased by 4 percent by 2044, while labour
demand will have increased by 16 percent. Labour demand increases are the highest in social
protection and health, with, e.g., the demand for auxiliary nurses having increased by 20

percent (Online Appendix Tables C1-C3.)
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Figure 1: Simulated productivity trends for the public
sector

Note: The figure shows how productivity is predicted to evolve for the public
sector as a whole, for the simulated scenarios, until the year 2044.

Moving on to scenario two, as Al gradually is adopted and slightly raises productivity,
labour demand diminishes somewhat compared to in the baseline, particularly in central

government. The labour demand increase is higher in some occupations that are more Al

on the abilities of robotics in 19 psychomotor and physical abilities of the U.S. government sponsored O*NET
database. Comfortingly, robustness analysis shows that the DAIOE ROE is strongly positively correlated
with the robot exposure index of (Webb, 2020), see Figure C16 in the Online Appendix.
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Figure 2: Simulated labour demand for the public sector

Note: The figure shows how productivity is predicted to evolve for the public
sector as a whole, for the simulated scenarios, until the year 2044. The
productivity gains are here assumed to lead to equivalent labour savings. For
example, if productivity doubles, then the demand for labour is halved.

exposed, such as, clerical occupations and civil engineers.

The third scenario is our main one. It features a second wave of technological progress in Al
overall, and particularly in genAl, that results in higher productivity levels, and higher an-
nual productivity growth. Compared to the baseline, productivity increases by 11 percentage
units, leading to an annual growth of 0.7 percent, compared with 0.2 in the baseline-more
than three times the baseline growth. The implication for labour demand is substantial.
Instead of an increase in labour demand of 15 percent, we see a 4 percent increase. In some
sectors, we even find a slight reduction labour demand, such as in central government. For
occupations with high exposure to genAl and other Al, such as policy administration profes-
sionals, productivity will have increased with more than 25 percent, between 2024 and 2044
(see Figure B5 in the Online Appendix). Though this may seem high, we regard this as rel-
atively modest, considering the rapid advances in technology in recent years, their potential
for both automation and augmentation, and widespread absorption of the technology, e.g., in
occupations such as software developers.!’ Nevertheless, a development as in scenario three

would be most helpful in mitigating expected labour shortages in the public sector.

1 The overall increase in productivity of 15 percent, instead of 4 percent in the baseline, is quite modest
compared with the ones for the overall economy in some other recent studies for the USA (Baily et al., 2023,

7).
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Finally, in the fourth scenario, Al advances and uptake in the public sector together with
progress in robotics set the scene for a productivity increase of 24 percentage units beyond
the baseline. As a result, labour demand in the public sector decreases by 6 percentage
units, and by 12 percentage unites in central government. The only functional area where
labour demand still increases, but only marginally, is social protection. Since technology
now is applicable also in occupations that are intense in psychomotor and physical abilities,
their productivity increases. For example, the common occupation of auxiliary nurse now
experiences an 11 percent increase in productivity, instead of 4 percent in the baseline. Still,
labour demand in that and many other common occupations will be relatively unchanged.
This is, however, a significant change compared to the large increases in demand in the

baseline scenario.

An advantage with our approach is that is allows us to study the impact across but also
within sectors, using data at the organisational level, such as government agencies, and
municipalities as well as their publicly owned enterprises. In Figure X, we display the results
per scenario and sub-sector according to ownership. In all three scenarios with advances in
AT and AT uptake, the productivity impacts are the largest at the state level, and smaller at

the regional and municipality levels.

However, also within sectors and scenarios, there are relatively large heterogeneity in impacts.
This suggests that Al advances benefit some organisations within a sector substantially more
than others. In the simulations, this is driven by differences in the occupational workforce
composition of organisations within a sector. For example, a higher share of employees in
occupations that require a university degree means a higher exposure to the abilities of Al.
Differences in occupational workforce composition could, e.g., stem from different missions,
priorities, or labour supply. This is indicated by the average annual productivity growth in
our main scenario being below 0.5 in the policy area of social protection and more than twice

that rate in general public services (see Fig C17 in the Online Appendix).

12
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Figure 3: Distributions of organisations’ productivity changes to
2044, by sub-sector

Note: The box plot shows how organisations’ productivity gains to 2044 are distributed,
by scenario and sub-sector. The five vertical lines in each box-and-whisker represent the
following percentiles: 0, 25, 50 (median), 75, 100. Outliers are marked with points.

Heterogeneity in impacts from Al advances could exacerbate existing differences within a
sector, for example, municipalities. Municipalities have vastly different abilities to cater for
the needs of their citizens, let alone, invest in Al, while their services are largely stipulated by
laws or regulations or may be expected by the citizens. In Sweden, over the last five decades,
such differences have already increased.'? This implies that with AI, organisations in the
municipal sector with more resources may be able to use those resources more efficiently,
facilitating welfare provision, while other organisations that already struggle may not be

able to exploit Al, lagging even further behind.

5. CHALLENGES WITH Al USE

The adoption of Al in the public sector faces several interconnected challenges that limit its
effective integration and use. Although Al offers potential productivity gains, as discussed

in the conceptual framework and indicated in the simulations, these outcomes are not guar-

12Between 1973 and 2023, the mean population size of a municipality increased by almost a third, the
smallest municipality had lost about a third of its population, and the largest one had almost doubled. In
2023, a quarter of municipalities have less than 10,000 inhabitants.
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anteed due to significant institutional barriers (Wirtz et al., 2019). Sweden serves as an

illustrative example, reflecting broader international experiences.

In Sweden, approximately 25 percent of central government authorities and an equal share of
municipalities report using AI, while more than 60 percent of regions use Al (SCB, 2023b).
Other surveys in Sweden indicate an increased use, in particular, in the form of pilot projects,
for example, in municipalities. Among central government authorities, the pattern would
seem to suggest that Al is primarily used in administrative support services rather than in
core welfare services to citizens. Using job postings by public organisations in the largest
online job postings site in Sweden, which is run by the Public Employment Agency, we find a
surge in the postings of jobs that require Al competencies, particularly in central government

authorities (see Figures B14-B15 in the Online Appendix.)

Noting the increased but still limited and mostly experimental use of Al in the public sector,
we turn to evidence on barriers to further Al adoption. These surveys provide a consistent
picture (e.g., SCB, 2023b, Akavia, 2024). In Figure 4 we display responses from professionals
in the public sector on why their organisations do not use Al more. As in other surveys,
two areas stand out. First, lack of knowledge and competence is a major hinder. It is not
only about employees themselves, but also about lack of managerial Al competence. Second,
issues regarding legality and security for using Al and data for Al use are important barriers.
A third area is related to the lack of Al solutions - thus, related to technical limitations with
AT that is available. Notably, these major obstacles are relatively similar across levels of

government (central government, regions, and municipalities).

In light of our conceptual framework, and these evidence, we would like to highlight four
key challenges that need to be addressed for the successful and effective use of Al in the
public sector: challenges related to technical limitations; accountability, ethical and legal
risks; organisational barriers in the form of limited financial capacities, competence, and

lack of strategic leadership; and regulatory ambiguities. The fourth challenge is also related

14
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Figure 4: Reasons why organisations in the public sector
are not using Al, 2024

Notes: Results from a member web panel carried out by Akavia, the union for
white collar professionals, in May 2024. Percentage of respondents who answered
affirmatively to the following question: “In your opinion, is one or more of the
following factors an obstacle for increased use of Al in the organisation where you
work? (Multiple options are possible).” Data for the figure is based on responses
from professionals in the public sector who answered all questions (N = 1,729).
Own processing of Akavia (2024).
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to the perceived issues surrounding legality and data security.

A fundamental issue relates to the inherent technical constraints of current Al systems. Al
excels primarily at tasks with well-defined, repetitive patterns (shallow machine learning)
but struggles in contexts that requires complex judgment, adaptive reasoning, and nuanced
decision-making—characteristics, which characterises much of public administration. Even if
AT, through deep machine learning, develops to achiev an intelligence different from one solely
based on computational power, there is a risk that overestimating its current capacity will
result in a backlash in form of decisions that may be rational from a rule-based perspective,
but unacceptable for people, who include more contextual factors in their deliberations
(Sejnowski, 2018). Al systems may also be derailed by details in the data, which may result
in erroneous and even fatal conclusions.!® To this can be added the tendency for generative
Al systems to confabulate, with potentially serious consequences, for example, if used by

medical doctors in clinical summary notes (Goodman et al., 2024).

Moreover, many Al systems lack transparency, complicating the accountability of automated
decision-making processes. Al professionals may also refrain from accepting full account-
ability, as noted by Orr and Davis (2020). The "black box" nature of algorithms makes it
challenging for public authorities to justify or even understand Al-driven decisions, poten-
tially undermining legal requirements for explainability, fairness, and a legal basis (Busuioc,
2021). Bias in Al systems further exacerbates ethical concerns, as unintentional discrimi-
nation arising from algorithmic decisions poses risks to equity and public trust (White and
Lidskog, 2021). Human oversight could, in principle, mitigate algorithmic bias, but can be

insufficient (Gaudeul et al., 2025).'

These technical limitations intersect with significant legal and ethical risks, particularly con-

cerning data privacy and protection. Al use and development frequently involves sensitive

13See case 2746 in OECD (2024), involving a fatal accident between an Al-assisted car and a pedestrian.

1See OECD (2024), May 5, 2020, involving an Al-fraud-detection system in the Netherlands being found
to violate human rights and privacy. Meanwhile, humans also have biases and appropriately used, Al systems
may assist in reducing them.
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personal data, data that might be recovered from AI models. This creates tensions be-
tween exploiting data for Al services improvement and adhering to stringent data protection
regulations such as GDPR (Veale et al., 2018). Public sector organisations must balance
the need for data-driven innovation against legal obligations and ethical considerations sur-
rounding individual privacy, fairness, and transparency.!> The regulatory landscape remains
fragmented and uncertain. This contributes to hesitancy among public entities to adopt
AT solutions that may expose them to compliance risks or public criticism, in absence of
leaders who still provide the mandate to experiment with and implement AI (White and
Lidskog, 2021, Statskontoret, 2024).1° Therefore, the benefits of using AI may be foregone,
for example, in administrative support services, where generative Al could be productively

used on data that are neither sensitive, nor related to individuals.

Organisational barriers also substantially impede Al integration. Many public agencies, in-
cluding their management, lack the necessary internal competencies, including foundational
knowledge about Al and specialized technical expertise (Mergel et al., 2019, Farrell et al.,
2023). A survey among professionals in 2024 suggested that lack of Al competence was
both the main reason for not using Al among the professionals and for their organisations
to not use AI more Akavia (2024).17 The absence of appropriate skills leads to misaligned
expectations, either through resistance or over-reliance on Al systems, resulting in subopti-
mal outcomes. Additionally, risk-averse cultures within public organisations, characterized
by hierarchical structures and stringent accountability norms, typically inhibit experimen-
tation and innovation. The rigidity of public administration processes, coupled with short-
term budgeting practices and limited incentives for efficiency gains, further constrains the
transformative potential of Al (Liebman and Mahoney, 2017, Mergel et al., 2019, Busuioc,
2021).

15Complicating this is the focus of existing rules and regulations on privacy and data protection, insti-
tutions which were enacted when data was not by far as important for innovation in the public sector as
today.

16Qurvey evidence point to legal uncertainty and data protection as key reasons for organisations not
using Al more, see Figure 4 here and Figure B27 in the Online Appendix.

17See Figure 4 here and Figure B28 in the Online Appendix.
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Institutional and structural challenges compound these issues. Public-sector entities oper-
ate under strict legal, administrative, and procedural frameworks, often not suited for rapid
technological adoption (Mergel et al., 2019). Procurement regulations, resource allocation
models, and fragmented governance structures are examples of potential barriers for co-
ordinated AI initiatives. Smaller or less-resourced municipalities and agencies often face
heightened challenges due to limited financial capacities, creating disparities in Al adoption

and exacerbating existing inequalities in public service provision (Wirtz et al., 2019).

Moreover, the quality and accessibility of data—crucial for effective Al applications—often
pose significant practical hurdles. Public datasets frequently remain siloed and poorly in-
tegrated, hindered by outdated IT infrastructures. Data-sharing practices are limited by
stringent privacy regulations and traditional institutional secrecy, constraining the ability
to leverage Al’s full potential (Veale et al., 2018). Efforts to enhance data interoperability
and invest in modern IT infrastructure are essential prerequisites for successful Al deploy-

ment.

Addressing these multifaceted challenges requires recognizing Al as a socio-technical system,
deeply embedded within organisational contexts and shaped by human, institutional, and
ethical factors (Wirtz et al., 2019). Achieving meaningful productivity improvements with Al
involves substantial investments not only in technology itself and its infrastructure in terms
of telecommunications, power, compute, algorithms and data. Investments are also needed
in skills development at all levels, regulatory clarity, organisational reform, and robust gov-
ernance frameworks (Busuioc, 2021). As in previous technological shifts, simply adopting
the technology without making the necessary investments and transforming how things are
done is not likely to future-proof the public sector (Wachter and Brynjolfsson, 2024, Bryn-
jolfsson and Hitt, 2000). Thus, realising AI’s potential in the public sector depends critically
on aligning technological capabilities with institutional readiness and societal values. This

requires strategic leadership for long-term engagement.
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6. CONCLUDING REMARKS

The public sector faces substantial challenges that can limit its ability to provide the services
that citizens expect. An ageing population and worsening skills shortages imply that fewer
people will be expected to care for an increasing number of individuals, while expectations
regarding both the quantity and quality of public services continue to rise. Additional
challenges include persistently low public-sector productivity, geopolitical instability, climate

change, and infrastructure in need of renewed investment.

While governments may consider Al deployment as a means to enhance efficiency and mit-
igate labour shortages, such deployment itself is associated with additional obstacles and

risks.

In this paper, we use detailed administrative data and surveys to analyse the potential,
barriers, and risks associated with Al for public use, employing Sweden as an illustrative
case. We observe that Al is relatively frequently used, but largely in pilot projects rather than
as fully integrated elements of public service administration and provision. We also simulate
scenarios with varying levels of AI development and productivity impacts. These simulations
indicate that without further Al development and deployment, labour demand in the public
sector will increase substantially. However, even with moderate assumptions regarding Al
development and adoption, annual productivity growth nearly triples and labour shortages

are significantly alleviated.

Nevertheless, these outcomes are not guaranteed, primarily due to significant institutional
barriers. We identify key challenges hindering Al’s effective deployment, including organ-
isational barriers such as insufficient strategic leadership and Al competence; regulatory

ambiguity; and ethical risks, particularly algorithmic bias and lack of transparency.

We argue that the successful integration of Al in the public sector requires comprehensive
attention to these socio-technical and institutional factors. Otherwise, Al might offer limited

benefits in productivity improvements and labour shortage mitigation, while simultaneously
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introducing negative consequences associated with its use.

To realise AI’s full potential, significant investments in technological infrastructure, human
capital development, regulatory clarity, and robust governance mechanisms are essential.
Our study thus provides novel economic evidence alongside an integrated societal perspective,

informing strategies for sustainable and equitable public-sector digitalisation.

20



REFERENCES

Acemoglu, D., and Restrepo, P. (2019). ‘Automation and New Tasks: How Technology

Displaces and Reinstates Labor.” Journal of Economic Perspectives, 33(2).
Acemoglu, D. (2021). ‘Harms of AI” NBER Working Paper No. 29247.

Acemoglu, D., Autor, D., Hazell, J. and Restrepo, P. (2022). ‘Artificial Intelligence and Jobs:

Evidence from Online Vacancies.” Journal of Labor Economics, 40(S1), S293-S340.

Acemoglu, D. and Johnson, S. (2023). Power and Progress: Our Thousand-Year Struggle

over Technology and Prosperity. Basic Books, London.
Acemoglu, D. (2024). ‘The Simple Macroeconomics of Al.” Economic Policy, 39(120).
Akavia. (2024). ‘Webbpanelundersokningar om bl.a. AL.” Akavia, working material.

Babina, T., Fedyk, A., He, A., and Hodson, J. (2024). ‘Artificial Intelligence, Firm Growth,

and Product Innovation.” Journal of Financial Economics, 151(103745).

Baily, M. N., Brynjolfsson, E. and Korinek, A. (2023). ‘Machines of mind: The case for an

Al-powered productivity boom.”, Brookings Institution, Article.

Beckman, L., Hultin Rosenberg, J. and Jebari, K. (2024). ‘Artificial intelligence and demo-

cratic legitimacy: The problem of publicity in public authority.” Al € Society, 39:975-984.

Bessen, J.E., Denk, E.; and Meng, C. (2022). ‘The Remainder Effect: How Automation
Complements Labor Quality’, Boston University School of Law Research Paper Series No.

22-3

Bletchley Declaration (2023). ‘The Bletchley Declaration by Countries Attending the Al

Safety Summit.” November 1-2, 2023.

Bresnahan, T.F., and Trajtenberg, M. (1995). ‘General Purpose Technologies: 'Engines of

Growth?” Journal of Econometrics, 65(1).

21



Bresnahan, T. (2024). ‘What innovation paths for Al to become a GPT?” Journal of Eco-

nomics €& Management Strategy, 33, 305-316.

Brynjolfsson, E., and Hitt, L.M. (2000). ‘Beyond Computation: Information Technology,
Organizational Transformation and Business Performance.” Journal of Economic Perspec-
tives, 14(4).

Brynjolfsson, E., Li, D., and Raymond, L. (2023). ‘Generative Al at Work.’,

arXiv.org/abs/2304.11771.

Brynjolfsson, E., Collis, A., Diewert, E.W., Eggers, F., and Fox, K.J. (2025). ‘GDP-B:
Accounting for the Value of New and Free Goods.” American Economic Journal: Macroe-

conomics, Early Online.

Busuioc, M. (2021). ‘Accountable artificial intelligence: Holding algorithms to account.’

Public Administration Review, 81(5).

Causa, O., Soldani, E., Nguyen, M., and Tanaka, T. (2025). ‘Labour shortages and labour
market inequalities: Evidence and policy implications.” OECD Economics Department

Working Papers, No. 1832, OECD Publishing, Paris.

Collins, H. (2018). Artifictional intelligence. Against humanity’s surrender to computers.

Cambridge: Polity Press.

Crowe, D., Haas, J., Millot, V., Rawdanowicz, L., and Turban, S. (2022). ‘Population ageing
and government revenue: Expected trends and policy considerations to boost revenue.’

OECD Economics Department Working Papers, No. 1737, OECD Publishing, Paris.

Dell’Acqua, F. (2024). ‘Falling Asleep at the Wheel: Human/AI Collaboration in a Field

Experiment on HR Recruiters.” Harvard Business School, Manuscript.

Dougherty, S., de Biase, P., and Lorenzoni, L. (2022). ‘Funding the Future: The Impact of

22



Population Ageing on Revenues across Levels of Government.” OECD Working Papers on

Fiscal Federalism, No. 39, OECD Publishing, Paris.
Draghi, M. (2024). ‘The future of European competitiveness.” Report, September 2024.

Eloundou, T., Manning, S., Mishkin, P. and Rock, D. (2024). ‘GPTs are GPTs: Labor market

impact potential of LLMs.” Science, 384, 1306-1308.

Engberg, E., Gorg, H., Lodefalk, M., Javed, F., Langkvist, M., Monteiro, N., Kyvik-Nordas,
H., Pulito, G., Schroeder, S., and Tang, A. (2024). ‘Al Unboxed and Jobs: A Novel

Measure and Firm-Level Evidence from Three Countries.’, Institute of Labor Economics

(IZA) Discussion Paper No. 16717.
EU (2024). ‘Adopt AI Study.” EU Commission, Final Report (Ares(2024)6260168).

Farrell, E., Giubilei, M., Griciene, A., Hartog, E., Hupont Torres, I., Kotsev, A., Lobo,
G., Martinez Rodriguez, E., Sandu, L., Schade, S., Strotmann, M., Tangi, L., Tolan, S.,
Torrecilla Salinas, C, and Ulrich, P. (2023). ‘Artificial Intelligence for the Public Sector.’

Publications Office of the European Union, Luxembourg, Report.

Felten, E., Raj, M., and Seamans, R. (2019). ‘The Occupational Impact of Artifi-
cial Intelligence: Labor, Skills, and Polarization.” NYU Stern School of Business.
http://dx.doi.org/10.2139/ssrn.3368605

Fossen, F. M., and Sorgner, A. (2022). ‘New Digital Technologies and Heterogeneous Wage
and Employment Dynamics in the United States: Evidence from Individual-Level Data’

Technological Forecasting and Social Change, 175.

Gaudeul, A., Arrigoni, O., Charisi, V., Escobar Planas, M., and Hupont Torres, 1. (2025).

‘The Impact of Human-AI Interaction on Discrimination.” EU, JRC139127.

Goldfarb, A., Taska, B., and Teodoridis, F. (2023). ‘Could machine learning be a general

23



purpose technology? A comparison of emerging technologies using data from online job

postings.” Research Policy, 52(1).

Goodman, K.E., Yi, P.H., and Morgan, D.J. (2024). ‘Al-Generated Clinical Summaries
Require More Than Accuracy.” JAMA, 331(8).

Georgieff, A., and Hyee, R. (2022). ‘Artificial intelligence and Employment: New Cross-

Country Evidence.” Frontiers in Artificial Intelligence, 5(2022).

Hulten, C.R. (1978). ‘Growth Accounting with Intermediate Inputs.” The Review of Eco-

nomic Studies, 45(3).
Korinek, A. (2023). ‘Scenario Planning for An A(G)I Future.” IMF, F& D, December.

Lane, M., and Saint-Martin, A. (2021). ‘The impact of Artificial Intelligence on the labour

market.” OECD Social, Employment and Migration Working Papers No 256.

Lidskog, R. (2020). ‘Samhillet utmanat? Artificiell intelligens och sociologisk kunskap.’

Sociologisk forskning, 57(2).

Liebman, J.B., and Mahoney, N. (2017). ‘Do Expiring Budgets Lead to Wasteful Year-End

Spending? Evidence from Federal Procurement.” American Economic Review, 107(11).

Lobo, J.L., and Del Ser, J. (2024). ‘Can transformative Al shape a new age for our civiliza-

tion?: Navigating between speculation and reality.” arXiv preprint, arXiv:2412.08273.

Ludvigsson, J.F., Svedberg, P., Olén, O., Bruze, G., and Neovius, M. (2019). ‘The longitu-
dinal integrated database for health insurance and labour market studies (LISA) and its

use in medical research.” Furopean Journal of Epidemiology, 34(4).

Lupi, A., Nolan-Flecha, N., and Thomassen, N.H. (2024). ‘Size and composition of public
employment: data sources, methods and gaps: Towards improved internationally compa-

rable data on public employment.” OECD Working Papers on Public Governance, No. 76,
OECD Publishing, Paris.

24



Mergel, 1., Edelmann, N., and Haug, N. (2019). ‘Defining digital transformation: Results

from expert interviews.” Government Information Quarterly, 36(4).

Mitchell, M. (2024). “‘AI now beats humans at basic tasks” Really?’ Al: A guide for thinking

humans, Blog article, 2 May, 2024.

Noy, S., and Zhang, W. (2023). ‘Experimental evidence on the productivity effects of gener-

ative artificial intelligence.’, Science, 381(6654).

Obermeyer, Z., Powers, B., Vogeli, C., and Mullainathan, S. (2019). ‘Dissecting racial bias

in an algorithm used to manage the health of populations.” Science, 366(6464).
OECD (2023). ‘Government at a Glannce 2023.” OECD Publishing, Paris.

ONS (2023). ‘Public service productivity, UK: 1997 to 2022.” Office for National Statistics,

Report.
OECD (2024). ‘OECD AI Incidents Monitor.” OECD Database, accessed 2024-10-03.

Orr, W., and Davis, J.L. (2020). ‘Attributions of Ethical Responsibility by Artificial Intelli-

gence Practitioners.” Information, Communication & Society, 23(5).

Ross, A. (2024). ‘Al and the expert; a blueprint for the ethical use of opaque Al Al &
Society 39:925-936.

SCB (2023a). ‘Trender och prognoser 2023 Befolkning, Utbildning, Arbetsmarknad: Med

sikte pa ar 2040.”, Report.
SCB (2023b). ‘Al-anvéndning i foretag och offentlig sektor.”; Report.
Sejnowski, T.J. (2018). The deep learning revolution. Cambridge, MA: MIT Press.

Selander, L., Jarvenpaa, S., and Kronblad, C. (2023). ‘Awakening to algorithmic trans-
gressions: Non-users discovery of algorithmic decision making.” Academy of Management

Proceedings, 23(1).

25



Slattery, P., Saeri, A. K., Grundy, E. A. C., Graham, J., Noetel, M., Uuk, R., Dao, J., Pour,
S., Casper, S., och Thompson, N. (2024). ‘A systematic evidence review and common

frame of reference for the risks from artificial intelligence.” arXiv: 2408.12622, Manuscript.

Starmer, K. (2025). ‘Britain doesn’t need to walk a US or EU path on AL’ Financial Times,

Op-ed, January 13.

Statskontoret (2024). ‘Myndigheterna och Al: En studie om mdjligheter och risker med att

anvianda Al i statsforvaltningen.” Statskontoret, Om offentlig sektor, Report.

Suchan, J., Bhatt, M., and Varadarajan, S. (2021). ‘Commonsense visual sensemaking for
autonomous driving — On generalised neurosymbolic online abduction integrating vision

and semantics.” Artificial Intelligence, 299.

Sweden (2023). ‘Forstiarkt Al-forméaga i Sverige.” Swedish Government, Kommittédirektiv,
Dir 2023:164.

Veale, M., Binns, R., and Edwards, L. (2018). ‘Algorithms that remember: Model inver-
sion attacks and data protection law.” Philosophical Transactions of the Royal Society A:

Mathematical, Physical and Engineering Sciences, 376(2133).

Wachter, R. M. and Brynjolfsson, E. (2024). ‘Will Generative Artificial Intelligence Deliver
on Its Promise in Health Care?” JAMA, 331(1), 65-69.

Webb, A. (2019). ‘The bib nine. How the tech titans & their thinking machines could warp

humanity.” New York: PublicAffairs.
Webb, M. (2020) ‘The impact of artificial intelligence on the labor market’, manuscript.

White, J.M., and Lidskog, R. (2021). ‘Ignorance and the regulation of artificial intelligence.’
Journal of Risk Research, 25(4).

Wirtz, B. W., Weyerer, J. C., and Geyer, C. (2019). ‘Artificial intelligence and the pub-

26



lic sector—Applications and challenges.” International Journal of Public Administration,

42(7).

27



	Title page new.pdf
	WORKING PAPER 6/2025 (ECONOMICS)
	Artificial Intelligence for Public Use

	AI_for_Public_Use_April_3_2025.pdf
	Introduction
	Conceptual Framework
	Scenario Analysis Approach
	Economic Results
	Challenges with AI Use
	Concluding Remarks


