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SUMMARY

Recent technological advancements, particularly in automation and arti�cial intelli-

gence (AI), have ignited widespread debate. These innovations inspire optimism for

their potential to boost productivity and drive economic growth. At the same time,

they provoke concern due to their capacity to automate tasks, potentially displacing

workers and exacerbating inequality. Despite the signi�cant public interest in un-

derstanding the impact of automation, concrete evidence remains limited. On the

one hand, automation could substitute workers, negatively affecting employment

and wages. On the other hand, automation could complement workers, leading to

positive outcomes by increasing worker productivity and �rm competitiveness. Fur-

thermore, skilled workers, particularly those with expertise in emerging technologies,

play a pivotal role in driving the adoption and diffusion of these innovations. As a

result, such workers may bene�t as �rms compete for their expertise through higher

wages. The topic of labor market implications of automation is further complicated

by recent advancements in digital technologies, such as AI. Unlike earlier waves of

technological change—such as robotics, which predominantly automated routine,

low-skilled tasks—modern digital technologies can perform complex, non-routine

tasks. This capability marks a signi�cant departure from traditional notions of au-

tomation and its impact on the workforce. Nuanced understanding of these evolving

dynamics is critical as AI and automation continues to gain traction and rede�ne the

nature of work.

This thesis consists of three independent chapters on the effects of automation

on wages, skill demand, and employment. Each of these papers contribute to the

wider literature on the effects of advanced technologies on labor market dynamics.

The �rst chapter delves into the earnings effects associated with AI skills, a grow-

ing area of interest given these skills' centrality to �rms' adoption and implementation

of AI technologies. Additionally, I investigate what the observed effects reveal about

the current demand for and scarcity of workers with these skills, as well as the under-

lying reasons for �rm behavior in this context. As with previous cases of emerging

technologies, AI is attractive to �rms for its potential to increase productivity. To
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adopt AI and fully realize its bene�ts, �rms require workers equipped with the skills

to develop and implement this technology. Given their pivotal role in AI adoption,

such workers are expected to experience higher earnings as �rms compete to attract

and retain this valuable talent. This study is further motivated by reports indicat-

ing that a shortage of workers with AI skills is a signi�cant barrier to AI adoption.

Consequently, the cost of hiring these workers and �rm behavior in this area have

critical implications for the broader uptake and dissemination of AI technologies. To

address these questions, I employ a novel approach that combines skill requirements

extracted from job vacancy data with register data on the individuals hired to �ll the

vacancies, consisting of earnings and demographic information. This methodology

allows me not only to identify which workers are hired into AI-related positions but

also to leverage detailed background information on these workers. This enables the

control of potential confounding factors and improves the robustness of the analysis.

The �ndings reveal that workers with AI skills have higher earnings, although this is

largely due to AI use being concentrated among high paying �rms. When categorizing

workers with AI skills into two groups, less complex AI users and more advanced AI

developers, I �nd that the latter group experiences signi�cantly higher earnings. This

is unsurprising, as the expertise of AI developers is more directly tied to the adoption

and tailoring of AI within �rms. Furthermore, as AI developers have careers dedicated

to machine learning, reskilling existing workers is a less viable option for acquiring

this expertise. Interestingly, I �nd no evidence of �rms engaging in wage competition

to attract workers with AI skills. A plausible explanation is that the current productiv-

ity gains from AI technologies may not yet justify the high cost of hiring these workers.

However, the observed earnings premium does appear to be linked to demand for

AI skills, suggesting that future increases in AI productivity could result in a more

pronounced earnings premium for these roles.

In the second chapter, we explore how automation impacts workers by examining

changes in the demand for their skills. The adoption of automation technologies alters

the tasks performed by employees within �rms. These changes necessitate different

skill sets, which raises concerns about the potential impacts on workers. This chapter

investigates the changing demand for skills, and how occupations are reshaped as a

result. By doing so, we provide a nuanced understanding of how automation reshapes

work. We identify two primary channels through which shifts in skill demand may

manifest. The �rst, which has received some attention in prior literature, involves

�rms acquiring skills by altering the composition of the occupations hired. The

second, less-explored channel, concerns changes in skill demand within existing

occupations. In this paper, we analyze both channels to examine the implications of

these changes. To explore this question, we utilize data on skill requirements derived
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from Danish job vacancy postings, combined with automation events identi�ed

through lumpy investments in machinery. We observe that, following automation

investments, �rms predominantly adjust skill demand by transforming occupations

rather than reallocating the composition of occupations within the �rm. Additionally,

task replacement driven by automation contributes to workforce polarization. High-

skilled occupations become more complex, leading to higher wages for these roles.

In contrast, low-skilled occupations experience a simpli�cation, with a reduced need

for a range of job-speci�c skills.

In the �nal chapter, we investigate how workforce exposure to AI technologies

affect �rms' employment and hiring. By investigating the effects of AI exposure on

the small, open and highly servici�ed Swedish economy, we aim to answer whether

new technologies may have heterogeneous impacts on employment. We leverage

Swedish job vacancy data to identify whether workers are hired to develop or utilize

AI technologies—referred to here as AI workers. Additionally, we combine Swedish

register data with an index of occupational AI exposure to construct a weighted aver-

age re�ecting the exposure of �rms' workforces. Lastly, we incorporate survey data on

AI use among Swedish �rms, which provides self-reported information on internally

and externally sourced AI solutions. Our �ndings indicate that, contrary to previous

studies, exposure to AI tends to have a positive effect on employment in Sweden. To

understand this unexpected result, we investigate its underlying causes. First, we

consider the role of �rm size, noting that Swedish �rms are generally smaller than

their U.S. counterparts. Smaller �rms, we �nd, are more likely to rely on external

AI services, while larger �rms tend to develop AI solutions internally. This distinc-

tion may explain the relatively lower number of dedicated AI workers employed by

AI-exposed �rms in Sweden. Surprisingly given the positive effect of AI on labor

demand, we observe that AI does not directly increase labor productivity. Instead,

the positive employment effects of AI appear to stem from other bene�ts, such as

improvement and development of products and services, rather than from directly

affecting employees' work tasks.

Together, these chapters provide a comprehensive analysis of how emerging

technologies impact workers. They contribute to the literature by offering novel

evidence on the interplay of wages, skill demand, and employment in the context

of automation and AI. This thesis not only deepens our understanding of these

dynamics but also offers valuable insights for policymakers seeking to navigate the

challenges and opportunities presented by technological advancements. Speci�cally,

Chapter 1 starts with a narrow scope, offering insight into the workers driving the

adoption of new technologies, which in turn has implications for the wider labor

market. Chapter 2 presents evidence on how workers are affected by changes in skill
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demand driven by automation. Finally, Chapter 3 addresses the wider question of

how exposure to AI technologies impacts employment and hiring.



BRIEF SUMMARY

Technological advancements have sparked widespread debate about their dual im-

plications: fostering productivity and economic growth while raising concerns about

worker displacement. Emerging technologies like arti�cial intelligence (AI) introduce

new complexities, capable of performing both routine and non-routine tasks, thus

necessitating deeper examination of their effects on labor markets. This thesis con-

tributes to the literature with three independent chapters addressing the impacts of

automation on wages, skill demand, and employment.

The �rst chapter examines earnings effects for workers with AI skills, motivated by

these workers serving as gate keepers to the uptake of AI technologies. Workers hired

into positions requiring AI skills experience higher earnings, primarily because AI

usage is concentrated in high-paying �rms. Advanced AI developers, whose expertise

directly supports AI adoption, command a greater earnings premium compared

to less complex AI users. However, there is no evidence of �rms engaging in wage

competition for workers with AI skills, likely re�ecting the cost of these workers

outweighing the current productivity bene�ts of the technology.

The second chapter explores how automation transforms skill demand, �nding

that it manifests through changes within occupations rather than shifts in workforce

composition. Automation investments drive polarization: high-skilled roles become

more complex and better compensated, while low-skilled roles become simpli�ed,

with a reduced demand for job-speci�c skills.

The �nal chapter investigates the effects of AI exposure on employment in Sweden,

�nding positive impacts on hiring and overall employment. Swedish �rms—especially

smaller ones—tend to rely on external AI services rather than internal development,

leading to different employment dynamics. Interestingly, AI's positive employment

effects do not stem from increased labor productivity. Alternative explanations of

increased hiring may be AI's capability to improve products and services.
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BRIEF SUMMARY IN DANISH

Teknologiske fremskridt har udløst en omfattende debat om disses dobbelte kon-

sekvenser: det fremmer produktivitet og økonomisk vækst samtidig med, at det

skaber bekymring om forskydning af arbejdstagere. Nye teknologier som kunstig

intelligens (AI) introducerer nye kompleksiteter, der er i stand til at udføre både ruti-

nemæssige og ikke-rutinemæssige opgaver, og således nødvendiggør det en dybere

undersøgelse af dets virkning på arbejdsmarkedet. Denne afhandling bidrager til

litteraturen med tre uafhængige kapitler, der omhandler effekten af automatisering

på lønninger, efterspørgsel på kvali�kationer og beskæftigelse.

Første kapitel undersøger indtjeningseffekter for arbejdere med AI-færdigheder

foranlediget af, at disse arbejdere fungerer som gatekeepere ifm. anvendelsen af

AI-teknologier. Arbejdere ansat i stillinger, der kræver AI-færdigheder, oplever højere

indtjening, primært fordi brugen af AI er koncentreret i højtbetalende virksomheder.

Avancerede AI-udviklere, hvis ekspertise direkte understøtter AI-tilegnelse, opnår

større indtjening sammenlignet med mindre komplekse AI-brugere. Der er dog ingen

beviser for, at virksomheder konkurrerer lønmæssigt om arbejdere med evner inden

for kunstig intelligens, hvilket sandsynligvis afspejler, at omkostningerne ved disse

arbejdere opvejer de nuværende produktivitetsfordele ved teknologien.

Andet kapitel undersøger, hvordan automatisering ændrer efterspørgslen efter

færdigheder og �nder, at det viser sig ved ændringer inden for selve erhvervet frem for

skift i arbejdsstyrkens sammensætning. Automatisering skaber polarisering: højtkval-

i�ceret arbejde bliver mere komplekst og bedre lønnet, mens lavtkvali�ceret arbejde

bliver forenklet og oplever mindre efterspørgsel på jobspeci�kke færdigheder.

Sidste kapitel undersøger AI-eksponeringens ind�ydelse på beskæftigelsen i

Sverige og �nder positiv effekt på ansættelse og den samlede beskæftigelse. Svenske

�rmaer – især de mindre – har tendens til at forlade sig på eksterne AI-tjenester frem

for intern udvikling, hvilket fører til forskellige beskæftigelsesdynamikker. Interessant

nok stammer AI's positive beskæftigelseseffekt ikke fra øget arbejdsproduktivitet. En

alternativ forklaring på øget ansættelse kan være AI's evne til at forbedre produkter

og tjenester.

xiii





C H A P T E R1
RETURNS TO AI SKILLS

Mark Hellsten

Aarhus University

Abstract

This paper assesses whether workers who develop and apply arti�cial intelligence (AI) experience an

earnings premium. I link skill requirements speci�ed in job vacancies to the individuals ultimately hired

to �ll those positions using a combination of Swedish job vacancy and matched employer-employee

register data. By identifying positions that explicitly necessitate AI skills, this paper seeks to determine if an

earnings premium is associated with these skills, while controlling for other individual attributes. Findings

suggest that workers hired into positions requiring AI skills have signi�cantly higher earnings than peers

in similar occupations, primarily driven by the high wages of AI-using �rms. However, transitioning into

roles requiring AI skills does not result in additional earnings increases in comparison to past earnings,

indicating that �rms do not use high wages to attract these workers in particular.

1



2 CHAPTER 1. RETURNS TO AI SKILLS

1.1 Introduction

The current advancements in Arti�cial Intelligence (AI) technology are anticipated to

have transformative effects on the labor market. The skills �rms need their employees

to possess in order to adopt AI are reportedly scarce (OECD, 2023; SCB, 2023a). This

scarcity of a crucial skill, combined with the productivity increases associated with AI,

should manifest in higher earnings for the individuals possessing the skill (Acemoglu

and Autor, 2011; Acemoglu and Restrepo, 2019). In this paper, I investigate whether

�rms offer a premium to attract and retain workers with scarce and highly demanded

AI skills.1 The existence and size of such a premium has implications both for the

workers involved as well as for the broader adoption of AI, which will be affected by

the (wage) costs of investing in this new technology (Foster and Rosenzweig, 2010).

In a method of direct matching of skill requirements in job vacancies to individ-

uals hired to �ll the vacancies, I employ job vacancy data from Sweden, along with

register data on the entire Swedish population. This is one of the �rst papers employ-

ing this approach, which allows for several key contributions that are not possible

when relying solely on one of these data sources. First, job vacancy skills at the indi-

vidual level allows me to directly identify which positions require AI skills, enabling

within-occupation comparison of positions with and without AI skill requirements.

Furthermore, the methodology allows for an investigation into the driving factors of

the earnings premium by analyzing the employment history of hired individuals. 2

I then determine if AI skills are associated with having higher earnings. I identify

a return to AI skills of 5% in earnings, in comparison to individuals hired into similar

occupations.

Next, by looking at the wage growth between the current and previous job, I assess

whether individuals actually bene�t from transitioning to positions where AI skills

are required. I �nd that, despite their higher level of earnings, the individuals hired to

�ll the positions requiring AI skills do not actually see an additional earnings increase

upon entering these jobs. This implies that the higher earnings of these workers

carried over from past employment. This result is important, as it suggests that �rms

do not engage in competition for these workers via attractive wages.

Subsequently, I explore the mechanisms behind the results. I �nd that AI using

1In the context of this paper, AI skills encompass the specialized abilities required for the development
and application of Arti�cial Intelligence. Speci�cally, skills exclusive to the development and application
of AI are considered, such as the ability to comprehend and create an image recognition algorithm. Skills
used for other tasks, like general programming, are not included in this de�nition. I refer to workers with
these skills as AI hires and AI workers.

2Additional advantages include the possibility to control for characteristics of the hired individuals,
mitigating potential biases in the earnings stemming from candidate expectations not explicitly stated
in the job vacancies, as well as the actual recorded earnings �ltering out job vacancies that were not
successfully �lled due to setting the listed wage too low.
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�rms pay their workers an average of 11% higher wages, while controlling for industry

and occupations hired by the �rms. This indicates that the earnings premium stems

from �rm wages, rather than �rms paying a premium speci�cally for workers with

these skills.

Next, I investigate the reported scarcity of AI skills using the success of vacancy

postings requiring AI skills as the outcome variable. I �nd no evidence in support of

this scarcity, which may be an important clue in trying to explain the observed lack

of wage competition.

Finally, I assess whether the lack of wage competition may stem from AI technolo-

gies not yet being at a level where the productivity gains outweigh the cost of hiring

expensive workers. I analyze the premium before and after a period of increased

demand for AI skills which started in 2017. The �ndings suggest that the AI earnings

premium is positively related to the demand for AI skills.

My paper can be linked to the task-based framework for the effects of automation

on employment and earnings in relation to tasks and skills (Acemoglu and Autor, 2011;

Acemoglu and Restrepo, 2018, 2019). These papers propose a theoretical framework

wherein technological advancements render certain low-skilled work tasks obsolete

while simultaneously creating new tasks. The recent emergence and subsequent

surge in the demand for AI skills 3, suggests that AI skills are utilized to complete work

tasks created by new technologies. This underscores the rationale behind anticipating

an earnings premium, as new tasks are more complex and necessitate higher skill

levels for their completion.

This paper builds on the literature on skills and technologies. Seminal work by

Krueger (1993) and Autor, Katz, and Krueger (1998), �nds that computerization is

related to wage increases for workers with computer skills, and the upskilling of

workers. More recently, Alekseeva, Azar, Giné, Samila, and Taska (2021) use US job

vacancy data to investigate the demand for, and wage premium of AI skills, revealing

an associated wage premium of 5% compared to vacancies posted within the same

�rm and occupation. (11% without occupation �xed effects).

My study is also related to the wider literature on effects of AI adoption. Contribu-

tions by Webb (2020); Felten, Raj, and Seamans (2018); Brynjolfsson, Mitchell, and

Rock (2018) document the connection and exposure to AI of occupations. Acemoglu,

Autor, Hazell, and Restrepo (2022); Engberg, Hellsten, Javed, Lodefalk, Sabolová,

Schroeder, and Tang (2024) �nds that AI exposure has a positive effect on hiring of AI

workers, and a negative (positive) relationship to hiring in the US (Sweden). Similarly,

Bon�glioli, Crinò, Gancia, and Papadakis (2024) �nd that AI adoption only leads to

positive labor market outcomes for high paid workers and STEM occupations. For

3As seen in Figure 1.A.1 in the Appendix
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the broader �rm implications, Babina, Fedyk, He, and Hodson (2024) �nd that AI

investments is associated with �rm growth and market concentration.

In terms of methodology, the most closely related paper to this is Jensen (2023),

who matches job vacancy skills to register data in order to uncover gender-based

differences in skill wage premiums. Whereas the matching of job vacancy data to

register data has been done before at the �rm-level, 4 Jensen (2023) is, as far as I am

aware, the only other paper conducting matching between skills from job vacancies

and hires at the individual level. As the focus of my study is a rather uncommon

skill, as well as substantial differences in the data, I develop the matching approach

independently instead of directly replicating the method of Jensen (2023). However,

some inspiration is drawn from his paper, particularly in forming the econometric

approach, given the similar nature of the �nal data.

The paper is outlined as follows: In Section 1.2 I discuss the data sources and

sample limitations, along with the de�nition of AI skills, the methodology of matching

job vacancies to individuals, and some characteristics of AI hires. After this, I outline

the econometric model in Section 1.3. Section 1.4 presents the baseline earnings

premium regression results, which I investigate the mechanisms behind in Section

1.5. I conclude with Section 1.6.

1.2 Data

The main methodology of this paper consists of identifying vacancies requiring

AI skills and matching them with register data on the individuals hired to �ll the

vacancies. This section details the extraction of skills from job advertisements, the

sample and characteristics of the register data, and the matching process.

1.2.1 AI skills and job vacancies

In the context of this paper, AI skills refer to the skills needed speci�cally to develop

or use AI.

In order to access skills required for positions, I utilize online job vacancy data

sourced from the Swedish Public Employment Service, a predominant platform for

job postings in Sweden. This is among the largest (if not the largest) job vacancy

platforms in Sweden, hosting an average of one million job vacancies annually, when

including single advertisements seeking to �ll multiple vacancies. To contextualize

this number, the Swedish labor force comprised approximately 5.5 million individuals

in 2021 (SCB, 2021). The extensive use of this platform is partly attributed to a past

4E.g. Bagger, Fontaine, Galenianos, and Trapeznikova (2022)
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regulatory requirement for �rms to post vacancies via the Swedish Public Employ-

ment Service. Although this regulation was phased out in 2007, the platform did not

experience a signi�cant decline in the number of job postings thereafter (Cronert,

2019). From this data, I extract skill content mentioned in the texts of the vacancies,

including AI skills.

To identify job vacancies that necessitate AI skills, I employ a comprehensive list

of AI skills compiled from three distinct sources (Alekseeva, Gine, Samila, and Taska,

2020; Baruffaldi, van Beuzekom, Dernis, Harhoff, Rao, Rosenfeld, and Squicciarini,

2020; Deming and Noray, 2020). 5,6 These sources provide a wide array of skills ranging

from general concepts like 'machine-learning' to more specialized platforms such

as 'tensor�ow' (an open-source machine learning library), and speci�c machine

learning applications like 'action recognition' (which involves using machine learning

to identify human movements and actions).

To ensure that only parts of job vacancy texts describing skill requirements are

used in the classi�cation, I use a Keras deep learning Tensor�ow model via the JobAd

Enrichments API provided by the Swedish public employment of�ce. The embedding

layer is trained on roughly six million job vacancy texts with the purpose of being able

to identify words that, within the context of the text, describe skills requirements. This

avoids misclassi�cations where AI related words are interpreted as skill requirements

when mentioned in unrelated sections of the vacancy, e.g. the company description.

From this, I have a list of skills for each job vacancy. I then use text matching against

the list of AI keywords to create an indicator variable representing whether a job

vacancy requires AI skills.

1.2.2 Register data and sample

My study also incorporates register data that encompasses the entire population

of individuals and �rms in Sweden. The register data provides earnings of hired

individuals. 7 Moreover, this data serves as the primary source for individual and

�rm-level control variables. Additionally, the panel structure of the data, covering the

years 1990-2021, enables the tracking of individuals over time. This allows me to �nd

out more about who workers with AI skills are, as well as using their previous job for

comparison.

5However, I exclude the skill 'Python' from Deming and Noray (2020), despite its prevalence. Python is
a versatile programming language with broad applications beyond AI, and therefore, its inclusion would
not accurately represent a pure AI skill.

6The AI keywords and time period investigated in this paper predates major breakthroughs in gen-
erative AI. Hence, pro�ciency in using tools powered by AI are not considered AI skills as de�ned in this
paper.

7Hires de�ned as individuals not employed in the same �rm in the year prior, excluding switches due
to �rm ownership changes.
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The sample of matched data spans from 2014 to 2020. As the data is being matched

to job vacancies, I only include new external hires. Thus, incumbent workers as well

as internal hires are not considered. Some sample restrictions are imposed with two

primary objectives: First, I make restrictions chosen to give the AI workers a repre-

sentative control group, while also balancing the sample. This includes limiting the

sample to persons in the ages 19 to 65, �rms with minimum �ve employees, and to

hires in industries that had at least one AI hire in the full time period. Second, as the

primary outcome variable is earnings, I do what is possible to exclude individuals who

do not have a representative value of full-time annual earnings. This involves exclud-

ing workers who were not employed in the hiring �rm for at least one full calendar

year after their employment. As there is no way to identify part-time workers, these

workers would also have unrepresentative earnings, and so they are not desirable to

include in the analysis. In an attempt to �lter out the part-time workers, I exclude

workers who were employed in more than one job simultaneously. 8 Finally, as the

skills of an individual are less likely to affect earnings in public sector, I only consider

hires in private sector. A full list of the sample restrictions, along with motivations,

can be found Section 1.A.3 in the Appendix.

1.2.3 Matching of register data and job vacancy data

The job vacancies serve to provide skill requirements to the actual hires in the reg-

ister data. The primary objective of this approach is to establish a linkage between

individual job vacancies and corresponding hires, to the greatest extent feasible.

The process of matching vacancies with hires is conducted through the utilization

of four key identi�ers: the �rm, occupation, location, and the time period of both the

job vacancy and the hire. This matching process presents some complexities, leading

to two main challenges:

First, while the date of the job vacancy publication is known, the precise timing of

the subsequent hiring (if it occurs) remains undetermined. Secondly, a singular �rm

may advertise multiple matching vacancies in a given time period, thereby generating

numerous potential matches for a single hire. The subsequent sections detail the

methodology employed in the matching process. This methodology is crafted with

emphasis on alleviating the aforementioned issues.

In order to match job vacancies to hiring, I need to obtain the start date of new

hires. In the case of later years (2019 onwards), this process is straightforward as

monthly data on hiring is available. However, for the remaining sample consisting of

8Several of the other sample restrictions has the secondary purpose of reducing the number of
part-time workers. Remaining doubts about the impact of these workers are addressed with robustness
checks.
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yearly data, I approximate the hiring date. Details on this hiring date approximation

can be found in Section 1.A.4 in the Appendix.

As job advertisements typically do not explicitly mention the intended starting

date of the position, the remaining piece in the time frame puzzle pertains to de-

termining the duration before the hiring month within which to consider posted

vacancies. To establish a reasonable time frame for associating vacancies with hiring,

a regression is conducted at the �rm-location-occupation-month level. In this analy-

sis, the dependent variable is the occurrence of a hire, and the explanatory variables

comprise indicators for relevant job vacancies being posted in each month leading up

to the hire. The graph in Figure 1.1 displays the result of the regression. In line with a

similar exercise on Danish data by Bagger et al. (2022), my results indicate that hiring

is most strongly associated with vacancy postings within the �ve months preceding

the hiring month. Consequently, for the purpose of matching hires to vacancies, I

consider vacancies posted up to �ve months prior to the hiring month.

Figure 1.1: Hiring period regression

Notes:This �gure displays the coef�cients of a regression where an observations represents a cell consists of one �rm,
occupation, location and month. The dependent variable is a dummy variable indicating whether there was a hire in
the cell, and the explanatory variables displayed on the x-axis are dummies representing vacancy posting in the same
cell for each of the 13 months leading up to the hire (with zero being the month of hiring.). The regression controls for
month �xed effects.

The process of matching vacancies to hires is executed through four distinct

criteria: the vacancy and the hire must be associated with the same �rm, located in

the same geographical area (municipality), fall under the same occupation (3 and

4-digit ISCO), and occur within a �ve-month window preceding the hire.

Given the focus on a relatively rare skill, a rigorous approach is adopted to ensure

the precision of the vacancy-to-hire matching. This involves an iterative '�lling the

vacancies' process. Initially, if a single hire is connected to a single vacancy, that
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pairing is con�rmed, and both the individual and the vacancy are excluded from

the process. The process then continues, revealing more one-to-one matches as a

result of the previous round of matches having been allocated and removed from the

process. This iteration is repeated until no additional matches are feasible. 9

Following this, I add an additional matching process, where I allow a hire to be

matched to multiple vacancies. In these instances, the hire is assigned an average

value of the skill content of the associated job vacancies. This third step, while lower

in quality, is necessitated by the fact that larger volumes of hiring and vacancy posting

will lead to lower number of clean matches, meaning that the matching process does

not work as well for large �rms. The hiring of large �rms is important to consider, as

workers with AI skills are concentrated in these �rms.

However, there are ways to mitigate the lower quality of the one-to-many match-

ing. The average value of the indicator variables corresponding to skill categories

created in the last matching step can be interpreted as the probability that a speci�c

skill was required for a hire. Utilizing this approach allows for the establishment of a

threshold probability for determining whether a hire possesses a certain skill. For all

skills, including AI skills, the cutoff is set at a minimum probability of 0.5. This implies

that hires are classi�ed as having AI skills if they either perfectly match a vacancy

requiring AI skills or if they are associated with a mix of vacancies, where at least half

of these vacancies necessitate AI skills.

The number of matched hires and vacancies are displayed in Table 1.1. About 6%

of hired workers were successfully tied to a job vacancy. While this may seem like a

somewhat low number, only 17% of hired workers in Sweden report having been hired

via a job vacancy (SCB, nd). Furthermore, the use of job vacancies is less common in

private sector, where methods of direct recruitment without a reported deadline is

preferred (SCB, 2023b). Vacancies with AI skill requirements were successfully tied to

hires in 28% of cases.

It is possible to use the perfectly matched sample for robustness checks. This is

warranted by some disparities in skill content and occupational distribution between

the full sample and perfectly matched sample. 10 There is an over representation of

high-skill occupations in the full sample. This pattern can likely also be attributed to

such occupations typically being situated in larger �rms, from which fewer workers

are perfectly matched to vacancies due to the higher likelihood of these �rms posting

9This process is run using 4-digit ISCO occupations. Subsequently, the matching criteria are relaxed
to a broader occupational classi�cation, shifting from 4-digit ISCO to the more aggregated level of 3-digit
ISCO. This modi�cation acknowledges that there may be slight deviations between the formal occupational
code of a vacancy and the �nal employment contract. This second step is done in iterations in the same
way as the �rst, stopping when there are no more additions, and as many clean matches as possible have
been established.

10See comparison in Figure 1.A.2 in the Appendix
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Table 1.1: Hire-vacancy matching numbers

Sample with AI skills Full sample

Hires - 1,379,591
Vacancies 28,232 2,628,961
Matched vacancy-hires 6,778 88,440
Hires with AI skill probability ¸ 50% 2,045 -
Perfect matches 1,061 40,156

Notes: This table shows the number of vacancies, hires, as well as matched hire-vacancies. Sample restrictions are im-
posed.

multiple similar vacancies within the same time period.

1.2.4 Workers with AI skills

The matched data consists of hires, of whom some are attributed AI skills. Table

1.2 presents some basic characteristics of the AI hires. 11 It is revealed that roughly

70% of AI hires are male, and they tend to have higher education than the average

hire. Related to the question of returns to AI skills, the earnings of AI hires also stand

out immediately. When not accounting for control variables, it is observed that AI

workers typically have higher earnings compared to their non-AI counterparts, with

the mean being about 35% higher. Furthermore, AI professionals tend to be younger

on average, although they are not predominantly found in the youngest age groups.

This can likely be attributed to their higher levels of education, which would require

additional years of study before joining the workforce.

Table 1.2: Mean AI worker characteristics

AI hires Other hires

Earnings, t Å 1 572.062 422.688
Age 34.452 34.722
Experience 10.703 10.877
Share tertiary education 0.800 0.565
Share female 0.316 0.435

Notes: This table shows the mean of the characteristics of AI workers (AI probability
¸ 50%), and other workers matched to job vacancies. Earnings is annual earnings in
thousands of SEK.

This higher education and earnings align with the predominant occupations of

AI workers, primarily concentrated in various forms of software development, as

detailed in Table 1.2. Most notably, AI workers are highly concentrated within the

11Full descriptives of the different samples used can be found in Table 1.A.1 in the Appendix.
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occupation group of ICT architects 12, although they are found in most occupations

where tasks include data analysis or programming.

Figure 1.2: AI occupations

Notes:This �gure displays the most common occupations of hires with AI skills. Occupations reported as 3-digit ISCO.

Given this occupational distribution, the most prevalent skills among AI workers,

as depicted in Figure 1.3, are consistent with expectations. Technical skills such as

database and specialized software skills are some of the most common skills of these

workers, re�ecting the demands of their roles in software development and related

domains. In addition to technical expertise, the most crucial soft skills for AI workers

include creativity and cognitive skills.

The industry distribution of AI hires 13 shows that AI hires are over-represented

in the information and communication sector, as well as the �nance and insurance

sector. Other than that, AI hires are mostly distributed similarly to the rest of the

workforce.

In examining the attributes of �rms engaging in the recruitment of individuals

possessing AI skills, Table 1.3 reveals that these �rms are substantially larger than

the average �rm, evident both in terms of their recruitment activities and overall

employee count. The dataset identi�es 4,547 distinct �rms that have advertised at

least one job vacancy related to AI. Within this cohort, 834 �rms have successfully

hired at least one candidate whose recruitment is, at least partially, associated with

an AI job posting. Owing to sample restrictions, there are 379 distinct AI hiring �rms

in the �nal sample.

12While a large share of AI hires are ICT architects, there is still within-occupation variation; only 9% of
all hired ICT architects are AI hires.

13See Figure 1.A.4 in the Appendix
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Figure 1.3: AI hire skills

Notes:This �gure displays the skill content of perfectly matched vacancies, split by hires with and without AI skills.
Sample limited to occupations with at least one AI hire.

Table 1.3: AI �rm descriptives

AI �rms All �rms

No. Firms 379 9,125
Avg. No. AI hires 5.257 -
Avg. No. All hires 91.041 9.692
Avg. No. Employees 802.653 136.201

Notes: This table shows descriptive statistics at the �rm level of the full
sample of �rms (with at least one matched hire), and AI �rms (Firms with
at least one matched AI hire in the period).

1.2.5 Job vacancy data limitations

Job vacancies are a commonly used source of revealed information on demand for

workers. However, this data also has some limitations. What follows is a discussion of

these, and how they relate to the topic and methodology of this paper.

The Swedish job vacancy data exhibits a bias toward larger �rms. Among all �rms

with at least one recorded job switch in 2020, 13% of those above the median size

posted at least one vacancy, compared to 26% among �rms below the median size. 14

As shown in Table 1.3, vacancies requiring AI skills are predominantly posted by larger

�rms. Therefore, this bias is unlikely to pose a signi�cant concern for this study.

Furthermore, high-skill occupations are overrepresented among job vacancies. In

2020, advanced occupations (NACE categories 1 and 2) accounted for 27% of hires in

Sweden but comprised 43% of job vacancies. Since the majority of vacancies requiring

14Firms with ¸ 5 employees.
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AI skills fall within these occupational categories, this bias can be considered a

desirable feature in the context of this study.

The representativeness of job vacancy data depends on additional factors that

in�uence vacancy posting behavior. One of the most prominent is labor scarcity

across different occupations. In occupations with high excess demand, �rms may

experience higher rates of failed hires and may even post vacancies continuously in

the hope of eventually �nding a match. This behavior may affect the results of studies

that use job vacancies as a proxy for hiring. However, since this study links workers to

actual hires using register data, vacancy postings that do not result in hires have a

more limited impact on the analysis.

1.3 Econometric approach

The basis for the empirical analysis is the data of new hires matched to skill content

of vacancies. The choice of only including individual-years at the time of the hire

is motivated by the fact that job switching in itself tend to lead to high earnings

increases, which means I want the control group of individuals hired to �ll positions

requiring AI skills to be other new hires. While this is panel data, as individuals can

appear multiple times, the fact that they have to switch jobs within �rms in the

sample, and successfully be matched to job vacancies multiple times within the

2014-2020 time period in order to do so, most individuals only appear once. Because

of this, the data can, in practice, be thought of more like a pooled cross section. The

baseline regression uses the model in Equation 1.1.

ln (ear ning s i f ,t Å1) Æ¯ 0 Å ¯ 1AIski l l i f t Å ¯ x Xi t Å ¯ z Z f t Å ² i f t (1.1)

Where t is the year of hire of individual i in �rm f . ear ning s i f ,t Å1 is the annual

earnings of the individual in the year following the hire. t Å 1 is used to get a repre-

sentative full year of earnings in the new job. Xi t is a vector of individual control

variables, and Z f t is a vector of �rm control variables, both taken from the year of the

hiring. AIski l l i f t is a dummy indicating whether the hired individual is matched to

a vacancy requiring AI skills.

I advice some caution in the interpretation of the AI skill dummy as strictly causal.

Workers with AI skills may systematically differ from other workers in ways that are

dif�cult to observe, such as high cognitive ability, motivation, or other personal traits.

I add rigorous control variables to address this issue. Controls for education and

occupation are especially important, as high ability workers are likely to select into

demanding occupations and educations. These variables signi�cantly reduce, but do

not eliminate unobservable differences as a possible source for bias.
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A key assumption for the results to be causal is that, once we control for observ-

able characteristics, workers with AI skills are randomly matched to their positions

in terms of their wage determining characteristics, i.e. a selection on observables

assumption (Heckman, Ichimura, Smith, and Todd, 1998). If this assumption holds,

the results could be seen as the causal effect of possessing AI skills.

This selection on observables is a strong assumption. It cannot be ruled out that

high ability plays a role in earnings outcomes. However, the extensive set of controls

employed makes it plausible that my methodology comes close to the ideal scenario.

Even if the assumption does not hold perfectly, the estimates provide valuable

insights. The observed earnings premium still captures the equilibrium market val-

uation of AI skills, even if it consists of both the value of the skill itself, and that of

intertwined characteristics of the worker. Thus, even if caution is warranted regarding

strictly causal claims, the analysis sheds valuable light on the question of how the

market values and rewards AI skills.

Unless otherwise stated, all regressions include control variables for gender, age,

work experience, experience squared, and education level. In addition, �xed effects

are integrated for year, location 15, age of youngest child, and the interaction of female

gender with the age of the youngest child.

There are some additional factors that should possibly be controlled for, but

through which an earnings effect of AI skills could be transmitted. In order to enable

an overview of how AI skills interact with earnings through these variables, I add

these individually in subsequent columns.

Occupation FE are added in the second column. Occupation is perhaps the most

crucial control variable, as AI hires tend to be concentrated in high-wage occupa-

tions. 16 The speci�cation introducing occupation is therefore the preferred one in

terms of estimating individual bene�ts of AI skills There is, however, a possibility that

an individual was hired into a speci�c occupation solely due to possessing AI skills.

Thus, there is some risk that part of an AI skill effect is captured in the addition of

occupation, and it should therefore be acknowledged that the true earnings premium

may lay somewhere between the speci�cations including and excluding occupation

FE.

AI skills may be more in demand in certain kinds of workplaces and �rms. Because

of this, I view some �rm characteristics as possible transmission mechanisms from

AI skills to earnings. These variables are workplace industry, �rm size, and �rm �xed

effects. In order to investigate how these variables affect the results, I add these

15FA-15 municipality groups.
16The concern that skills related to new technologies is hard to distinguish from the high wage occu-

pations that leverages them is not a new one, DiNardo and Pischke (1997) identi�es the same issue in
literature on returns to computer skills already in 1997.
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variables to separate columns.

Of the additional control variables, �rm wages are especially likely to play an

important role in any earnings premium results. Therefore, the inclusion and in-

terpretation of �rm �xed effects become important. A signi�cant result when not

including �rm �xed effects would be interpreted as there being an earnings premium

when compared to the average worker in the economy, speaking towards the indi-

vidual bene�ts of AI skills. The same results when including �rm FE, on the other

hand, should be interpreted as an earnings premium compared to the peers within

the same �rm, which speaks more towards whether �rms value the skill enough to

warrant higher pay for the individual employee, as well as whether sorting into high

paying �rm is an important mechanism. I make sure that there is enough variation in

the data for the inclusion of �rm FE by looking at the distribution of �rm number of

hires, it is revealed that while a large share of the �rms do have few hires, the majority

of individual observations are concentrated within larger �rms. 17 Singleton obser-

vations within �rms are rare, and this rarity is even more pronounced within �rms

engaged in AI hiring. This observation suggests that limited within-�rm variation in

the data should not be a crucial issue.

I cluster the standard errors by occupation*�rm*year, following the approach

of Jensen (2023), who in turn follow the advised clustering of Hersch (1998) and

Cameron and Miller (2015).

In certain regressions, my focus shifts from examining the level of an outcome

variable in the year following the hiring, to exploring the change in this variable

between the previous job, and the new job. For these speci�c models, I adjust all

time-varying control variables to their values at time t ¡ 1, i.e. the year or �rm prior

to the hire. This modi�cation is done in order to preserve potential sorting effects

that might be present, as to provide a clearer understanding of the actual impacts

experienced by individuals who transition between jobs.

The number of observations is signi�cantly lower in the regressions using earn-

ings growth as the outcome variable. This reduction in sample size can be attributed

to two factors. The �rst factor stems from the incorporation of occupation FE. As men-

tioned in the section detailing sample restrictions in Section, 1.A.3 in the Appendix,

the occupational classi�cation system I employ in this paper was implemented in

2014. Consequently, obtaining data for the control variable for the time period t ¡ 1 is

not possible for individuals hired in 2014, necessitating the exclusion of hires from

this year. The second factor comes from the need to exclude all individuals who were

not employed in the year preceding the hiring year ( t ¡ 1). This exclusion applied to

those who were unemployed during t ¡ 1, including individuals who were transition-

17See histogram in Figure 1.A.5 in the Appendix
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ing out of unemployment, as well as recent graduates entering the workforce.

Moreover, as my data comprises earnings data rather than hourly wages, there are

some disproportionately high growth numbers in�uenced by individuals changing

their connection to the labor market. Previous research dealing with similar chal-

lenges have implemented sample restrictions to con�ne the analysis to individuals

with an active connection to the labor market. For instance, Frederiksen, Halliday,

and Koch (2016) con�nes their sample to individuals aged 35-40, splitting the sample

by gender. Bartel and Borjas (1981) employs a sample of men not transitioning into

retirement or education for the same purpose. Although I could adopt such broad

limitations, I face a trade-off between the number of observations and accuracy,

particularly when combined with the previously mentioned restrictions.

As an alternative I impose sample restrictions speci�cally targeting individuals

with a limited connection to the labor force. Initially, recent graduates are excluded,

given their likelihood of going from a part-time student job to full-time. Subsequently,

similar restrictions are applied to t ¡ 1 as the ones applied to t in Section 1.2.2,

namely excluding workers with multiple jobs and individuals not employed for the

entire calendar year in the departing �rm. While there are still instances of workers

exhibiting unreasonable growth rates, the disparities in distributions between the

alternative sample restrictions are not substantial. 18

Consequently, all these restrictions lead to a reduction in the number of observa-

tions when using growth from the previous job as the outcome variable, particularly

due to the large numbers of recent graduates, and hires not employed for a full

calendar year in their previous job.

1.4 Baseline results

Table 1.4 presents the �ndings of the baseline AI skill earnings premium regression.

The AI skill dummy variable has a positive and statistically signi�cant coef�cient

across the �rst four columns. The �rst column indicates an earnings premium of

22%19 , which then, as expected, falls signi�cantly with the inclusion of occupation

FE, leaving a 5% premium. The further addition of industry FE in the third column

results in an additional decrease in the coef�cient size, although only by one per-

centage point. This suggests that a portion of the observed earnings premium can be

attributed to employment within industries that typically offer higher wages. On the

other hand, the introduction of �rm size as a control in the fourth column does not

18See histograms of earnings growth of the different samples in Figure 1.A.3 in the Appendix.
19Earnings premium calculated as ( e

ˆ¯ 1 ¡ 1)¤ 100 in regressions using ln (ear ning si f ,t Å1) as outcome
variable.
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change the AI skill coef�cient at all.

Table 1.4: AI earnings premium

(1) (2) (3) (4) (5)

AI skill 0.199*** 0.048*** 0.038*** 0.038*** 0.005
(0.016) (0.014) (0.013) (0.013) (0.013)

Obs. 76,848 76,848 76,848 76,848 76,848
Adj. R2 0.246 0.400 0.411 0.412 0.446

Control variables:
Basic individual variables X X X X X
Firm size X

Fixed effects:
Occupation X X X X
Workplace industry X X X
Firm X

Notes: This table displays estimates of a regression with the natural logarithm of earnings as the outcome variable,
with the explanatory variable being an AI skill dummy (1 = AI probability ¸ 50%). The sample is restricted to hires
with at least one skill requirement, and private sector industries (excluding employment agencies, NACE 78) with
at least one AI hire. All regressions use the most restrictive sample. Basic individual variables is a set of individ-
ual level control variables in the form of year, gender, experience, experience squared, age, education, location, age
of youngest child, and female * age of youngest child. Workplace industry as fourth-level NACE. Occupation at 4-
digit ISCO. Standard errors in parantheses are clustered at occupation*�rm*year level. *p<0.1; **p<0.05; ***p<0.01.

In column �ve, �rm �xed effects are introduced, resulting in the effect of the

AI skill dummy variable turning insigni�cant. The interpretation of this is that the

earnings premium observed in previous columns is primarily related to individuals

with AI skills are being hired by high-paying �rms. I revisit the implications of this

result in section 1.5.1.

As AI skills vary in complexity, from simpler data analysis methods to advanced

development of new AI algorithms, one should expect the earnings premium to vary

between categories of workers with AI skills. To test this, I split the AI workers into less

complex users, and more complex developers. The result of this, covered in Section

1.A.7.1 of the Appendix, reveal that AI developers experience a higher premium of

8%, robust against �rm FE.

1.4.1 Robustness checks

Robustness checks can be found in Section 1.A.5 in the Appendix. The chosen match-

ing method of using a 50% cutoff for AI skills is scrutinized in Section 1.A.5.1, wherein

I �nd that the results hold when using the perfectly matched sample, as well as any

other cutoff value. Subsequently, in Section 1.A.5.2, I evaluate the potential impact

of not controlling for part-time employment, �nding similar coef�cients. In section



1.4. BASELINE RESULTS 17

1.A.5.3, I attempt to disentangle the earnings premium associated with AI skills from

the closely intertwined data and software skills. While the effect of AI skills mostly

persists when including data and software skills, the effect is not signi�cantly dif-

ferent from these skills. In section 1.A.5.4, I employ the methodology of the closely

related paper by Alekseeva et al. (2021) as closely as possible. This check veri�es that

the differing methodology is not the reason for the lower premium found in my study.

Lastly, in Section 1.A.5.5, I make sure that the choice of always using the sample from

the most restrictive speci�cation of the regressions leads to similar results as using

the unrestricted sample.

1.4.2 Earnings growth

The preceding sections have highlighted an association between having AI skills

and higher earnings, attributing this to the propensity of high-wage �rms to recruit

workers with AI skills. However, it remains to be answered whether individuals with AI

skills experience an earnings increase attributable to possessing these skills, or if they

inherently command higher earnings compared to their peers. This distinction is

pivotal not only for understanding whether individuals are rewarded and incentivized

to transition to �rms explicitly seeking their AI skills but also for determining whether

�rms consider this skill signi�cant enough to warrant higher earnings in order to

attract and retain workers possessing this rare skill.

To investigate the earnings growth, I modify the base regression from Table

1.4. The outcome variable was adjusted to approximate earnings growth between

the last year of the previous job and the second year of the new job, expressed as

ln (ear ning s i f ,t Å1) ¡ ln (ear ning s i f 0,t ¡ 1). As outlined in Section 1.3, time-varying

controls are shifted to t ¡ 1, allowing the AI skill variable to retain the effect of match-

ing into higher paying occupations, industries, and �rms, thereby indicating whether

the individuals gained anything beyond what is expected from changing jobs. The

regression uses the same speci�cations as the baseline regression.

The �ndings derived from the regression analysis are shown in Table 1.5. Results

do not suggest any association between earnings growth and AI skills. 20

20In alternative speci�cations for estimating the growth associated with entering a job requiring AI
skills, I add controls for previous earnings to the baseline speci�cation in Table 1.4. In these speci�cations,
I �nd a positive and signi�cant earnings growth premium. This conclusion should therefore be seen as the
most strict interpretation of the results.
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Table 1.5: AI earnings growth premium

(1) (2) (3) (4) (5)

AI skill -0.010 0.016 0.024 0.023 0.015
(0.026) (0.026) (0.025) (0.025) (0.024)

Obs. 17,401 17,401 17,401 17,379 17,401
Adj. R2 0.131 0.146 0.156 0.156 0.176

Control variables:
Basic individual variables X X X X X
Firm size X

Fixed effects:
Occupation X X X X
Workplace industry X X X
Firm X

Notes: This table displays estimates of a regression with the growth of earnings between the current and last job
(approximated by ln (ear ning si f ,t Å1) ¡ ln (ear ning si f ,t ¡ 1)) as the outcome variable, with the explanatory vari-
able being an AI skill dummy (1 = AI probability ¸ 50%). The sample is restricted to hires with at least one
skill requirement, and private sector industries (excluding employment agencies, NACE 78) with at least one
AI hire. All regressions use the most restrictive sample. Basic individual variables is a set of individual level
control variables in the form of year, gender, experience, experience squared, age, education, location, age of
youngest child, and female * age of youngest child. Workplace industry as fourth-level NACE. Occupation at 4-
digit ISCO. Standard errors in parantheses are clustered at occupation*�rm*year level. *p<0.1; **p<0.05; ***p<0.01.

1.5 Exploring mechanisms

This section explores the mechanisms driving the results observed in Section 1.4.

I �rst investigate whether workers entering high paying �rms plays a role in the

observed earnings premium. I also explore the causes of the lack of wage growth

associated with AI skills via looking at the scarcity of AI skills, as well as the connection

between the earnings premium and the level of demand for AI skills.

The baseline result in Section 1.4 showed that while there is an earnings pre-

mium, it turns non-signi�cant when adding �rm FE. The interpretation of this is that

compared to peers within the same occupations, AI hires do experience an earnings

premium, whereas compared to peers within the same occupations within the same

�rms, they do not. From this follows that the earnings premium should primarily

stem from �rms hiring AI workers paying all their employees higher wages.

The second result that warrants further investigation is the lack of differential

wage growth when entering jobs requiring AI skills. This result is surprising, as AI

skills are reported to be scarce and highly demanded. Being a barrier to the adoption

of productivity increasing technologies, one would expect �rms to use higher wages

to poach workers with AI skills from their current employers. This lack of observed

wage competition could have multiple explanations. First, it could be the case that
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despite reports of high scarcity, the supply of workers with AI skills actually meets

the demand. This could, in turn, be a result of a number of factors. One possibility

is that is that the productivity gains from using AI within a �rm are not yet great

enough to warrant the extra expenditure, and so �rms may opt out of engaging in

wage competition for these workers. This opens up the question of what will happen

when AI technologies advance further. This, in turn, depends on how strong the

connection between the AI earnings premium is to the demand for AI skills. With a

strong connection, further advancements in AI technologies should then increase

demand for AI skills. This should, all else being equal, increase the earnings premium.

The combination of a positive signi�cant earnings premium with a lack of wage

growth for individuals entering these positions also requires some consideration. The

positive earnings premium in terms of level in the new job, combined with the lack of

earnings growth associated with entering jobs requiring AI skills implies implies that

these individuals already earned more than their peers in their previous employment.

This opens up the question of whether individuals who are hired for these positions

in most cases already utilized AI skills in their previous jobs, or whether these workers

tend to be high ability individuals, who are moving between high paying jobs. 21

1.5.1 Getting hired at a high wage �rm

The observation that the earnings premium in the baseline regression disappears

when controlling for �rm �xed effects suggests that �rms may not generally offer

higher wages solely for employing an individual with AI skills. Rather, the AI skill

premium might stem from an increased likelihood of securing employment in higher-

paying �rms. The nonsigni�cant �rm FE regression results does not by itself prove

this to be the case. One could imagine that the lack of signi�cance when adding �rm

�xed effects simply stems from lack of variation in the data. This warrants further

investigating to be able to make a �rmer statement of whether the earnings premium

can be explained by hires having sorted into high paying �rms.

To explore this matching aspect of the earnings premium, I introduce a proxy for

�rm wage strategy in the form of AKM estimated �rm �xed effects. In a regression

using all employees (not just the new hires), I add person and �rm-period �xed

effects22. This approach is designed to isolate the �rm-level wage strategy component

within the �rm-period �xed effects, with person �xed effects already controlling for

occupation and traits in�uencing earnings. The resulting estimated �rm-period �xed

21To shed light on this, I investigate the earnings premium of AI skills for recent graduates, as these
workers typically would not have exploited the skills in previous jobs. However, the results of this, outlined
in Section 1.A.7.2 of the Appendix do not reveal any conclusive evidence.

22Full details of the AKM regression outlined in Section 1.A.6 in the Appendix
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effects, P(Ã̂ f t ), serves as an outcome variable in a �rm-level regression, with the

objective to ascertain whether the �rms using AI tend to pay their employees higher

wager.

The main explanatory variable in this regression is a dummy indicating whether

the �rm hired any AI workers in the period 2014-2020. The regression includes con-

trols for �rm size, industry, and occupational composition, all taken from 2014.

Table 1.6: Wages of AI using �rms

(1) (2) (3) (4)

AI hiring (1 = min. 1 hire) 0.615*** 0.563*** 0.168*** 0.107***
(0.072) (0.082) (0.027) (0.023)

Obs. 9,683 9,683 9,683 9,683
Adj. R2 0.040 0.047 0.580 0.649

Fixed effects:
Firm size X X X
Industry X X
Occupation X
Notes: This table displays estimates of a regression at the �rm level with the estimated AKM �rm wage as the outcome
variable ( Ã̂ f t ), with the explanatory variable being a dummy representing at least one AI hire in the period 2014-2020(1
= AI probability ¸ 50%). All control variables taken from year 2014. Sample is limited to �rms present in the main regres-
sion in Table 1.4. All regressions use the most restrictive sample. Industry as fourth-level NACE. Occupation denotes
occupational composition controls represented by variables for �rm employment share of each 4-digit ISCO. Standard
errors in parantheses are clustered at industry level. *p<0.1; **p<0.05; ***p<0.01.

Table 1.6 presents the outcomes of the �rm wage regression. The results display

that AI hiring �rms tend to pay their workers more. The result is robust against �rm

differences in size, industry, as well the occupations hired in the �rm. In the strictest

speci�cation of column (4), �rms hiring AI are associated with 11% higher wages. I

interpret these results as supporting the hypothesis of higher paying �rms tending to

be the ones to hire workers with AI skills.

1.5.2 Scarcity of AI skills

While the primary focus of this study is not centered on the demand and scarcity of AI

skills in Sweden, this topic is intertwined to skill returns, as the valuation of AI skills

should be related to its scarceness. If AI skills are scarce, �rms may �nd themselves

compelled to offer a wage premium to attract such talent. The existence of a signi�-

cant earnings premium would imply a pronounced excess demand for AI workers,

while also suggesting that �rms perceive AI as a catalyst for substantial productivity

increases, justifying the higher cost. Conversely, the absence of a discernible earnings

premium could be indicative of two possible scenarios. Firstly, it may suggest that AI
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skills have become suf�ciently widespread, removing the need for �rms to engage

in competitive behaviour to obtain workers with these skills. Alternatively, it might

imply that the perceived productivity gains attributable to AI do not merit additional

wage expenditures. In this section I investigate what can be gathered about the state

of demand and scarcity of AI skills in Sweden during the sample period.

Starting in 2016, the demand for AI skills has experienced a sharp increase in

Sweden, as illustrated in Figure 1.A.1 in the Appendix. This surge is mirrored in the

United States, as found by Alekseeva et al. (2021). However, the heightened demand

alone does not necessarily indicate an excess demand for AI skills.

The scarcity of AI skills is, however, found to be explicitly stated by Swedish

�rms in a survey by SCB (2023a), where a lack of quali�ed employees emerges as

one of the primary obstacles to the adoption of AI. This barrier holds true for both

�rms currently using AI and those encountering dif�culties in its adoption. Further

supporting this notion, the study reveals that the least frequently cited barrier to AI

adoption is the absence of perceived need within the �rm.

Figure 1.4: Skill effects on successful hiring

Notes:This �gure displays the coef�cients of a regression at the vacancy level, where the outcome variable is a dummy
variable indicating whether the vacancy led to a hire (Obs. 1,823,090) as well as, in cases of success, how many months
passed until the hire (Obs. 526,555). The explanatory variables are AI skills, data skills, and the Deming and Kahn (2018)
skill categories. The regression controls for year and �rm �xed effects, speci�cation 3 and 7 of Table 1.A.2 in the Appendix.

I investigate the scarcity of AI skills myself by examining how the success of

a recruiting process is related to the skilld required in the vacancy. This analysis

aims to bridge the gap between the observed demand for AI skills and their actual

scarcity. The underlying hypothesis is that dif�culties in hiring could signify a genuine

shortage of these skills. To investigate this, I run regressions at the vacancy level with

the success rate of job vacancies and recruitment duration as dependent variables,

while considering different skills, along with year and �rm �xed effects, as explanatory
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variables. I de�ne success as whether there was a hire matching the posted vacancy

in the 5 months following the hire, and the recruitment time is the number of months

elapsed between the vacancy posting and the start date of the �rst matching hire,

limited to the sample of successful hires.

The �ndings of this analysis are presented in Figure 1.4. The regressions seem to

uncover relations between skills and hiring dif�culties well, given negative correlation

between the likelihood of successful recruitment and the length of the recruitment

process of most skills. However, contrary to expectations, including AI skills in a job

vacancy does not appear to be signi�cantly related to either the probability of suc-

cessful hiring or the recruitment duration. Additional speci�cations reported in Table

1.A.2 in the Appendix also do not reveal any connection between recruitment success

and AI skills. The same pattern persists when excluding the other skill categories to

prevent multicollinearity. 23

While this outcome aligns well with the lack of wage growth found in Section 1.4.2,

it seems at odds with the �ndings of SCB (2023a), which highlighted the scarcity of AI

skills, especially as even �rms that managed to adopt AI report having had dif�culties

in their recruitment processes. It is also unlikely that the rapid increase in demand for

AI skills are being met by the supply of workers with these skills. I revisit this question

in Section 1.5.3 to investigate whether the observed result may be explained by a lack

of perceived bene�t, making �rms opt out of the recruitment process altogether.

1.5.3 Increasing demand for AI skills

As outlined in Section 1.5, one possible explanation for the lack of a signi�cant wage

competition could be that AI technologies are not yet yielding enough productivity

increases to justify engaging in competition for workers with AI skills. This cannot

be ruled out, especially considering the sample period ends before the recent ad-

vancements in generative AI starting in late 2022. However, there is another period of

signi�cant increase in demand for AI skills starting in 2017; see Figure 1.A.1 in the

Appendix. This demand increase can serve as a proxy for examining the relationship

between the earnings premium and spikes in demand for AI skills.

To investigate this, I set up a regression identical to the baseline regression, but

with the AI skill dummy variable divided to indicate whether an individual was hired

before or after 2017.

The results display similar but slightly larger coef�cients for the period after

the demand shock. Prior to the demand shock, there is no evidence of an earnings

premium for AI skills when controlling for occupation FE. As anticipated, the results

23see Table 1.A.3 in the Appendix.
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Table 1.7: AI earnings premium, by period

(1) (2) (3) (4) (5)

AI pre-2017 0.132*** -0.003 -0.004 -0.003 -0.027
(0.020) (0.020) (0.023) (0.023) (0.027)

AI post-2017 0.231*** 0.073*** 0.057*** 0.056*** 0.016
(0.021) (0.018) (0.016) (0.016) (0.016)

Obs. 76,848 76,848 76,848 76,848 76,848
Adj. R2 0.246 0.400 0.411 0.412 0.446

Control variables:
Basic individual variables X X X X X
Firm size X

Fixed effects:
Occupation X X X X
Workplace industry X X X
Firm X

Notes: This table displays estimates of a regression with the natural logarithm of earnings as the outcome variable, with the
explanatory variable being an AI skill dummy (1 = AI probability ¸ 50%). The AI skill dummy is split into hiring before and
after 2017. The sample is restricted to hires with at least one skill requirement, and private sector industries (excluding em-
ployment agencies, NACE 78) with at least one AI hire. All regressions use the most restrictive sample. Basic individual vari-
ables is a set of individual level control variables in the form of year, gender, experience, experience squared, age, educa-
tion, location, age of youngest child, and female * age of youngest child. Workplace industry as fourth-level NACE. Occupa-
tion at 4-digit ISCO. Standard errors in parantheses are clustered at occupation*�rm*year level. *p<0.1; **p<0.05; ***p<0.01.

suggest that the demand shock for AI skills appears to drive the observed earnings

premium. This implies that the three-fold increase in demand for AI skills is related

to the earnings premium increasing from zero to 5%.

1.6 Conclusion

Recent reports highlight a shortage of skilled workers as a key barrier to the adoption

of AI technologies. I investigate whether this reported scarcity manifests in remu-

nerations associated with being hired into a job requiring AI skills, as well as the

drivers of this earnings premium. To investigate this, I use a method of attributing

skill requirements from job vacancies to the individuals hired to �ll the positions.

The results reveal that individuals employed in jobs requiring AI skills have an

average earnings premium of 5%, a �gure notably lower than previously documented

in a study of wage premiums in the US labor market (Alekseeva et al., 2021). This is

unsurprising, given that the Swedish labor market is characterized by comparatively

rigid wages as a result of collective bargaining.

However, when comparing individuals with AI skills against their peers within

the same �rm, no additional compensation is discerned for possessing such skills.
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This suggests that another possible driver of the earnings premium is high wage

�rms employing individuals with AI skills. A look at wage strategies of AI �rms reveal

evidence in favour of this conclusion.

Despite the higher earnings experienced by workers with AI skills, it is revealed

that these individuals do not experience any additional earnings increases upon

entering positions requiring AI skills. Instead, the higher earnings seems to have

carried over from past employment. This possibly indicates that most individuals

with AI skills already utilized these skills in their previous employment, and that

they now move between high-wage �rms. This result also suggests that there is no

signi�cant wage competition among �rms for workers with these skills, as �rms do

not seem to be willing to pay a premium in order to attract workers from their current

employers. Consequently, this lack of wage competition could suggest that the high

cost of workers with AI skills is, over the sample period, not a barrier to AI adoption

in the Swedish economy.

However, the reasons behind this lack of wage competition remain unclear. Po-

tential explanations range from suf�cient supply of AI-skilled workers to �rms opting

for alternative methods of AI adoption such as outsourcing tasks or reskilling existing

employees. It is also plausible that some �rms simply do not perceive the bene�ts of

AI adoption as outweighing the costs of hiring specialized AI workers, thereby opting

out from starting the recruitment process altogether.

This wider question of AI adoption would bene�t from additional research outside

the scope of my paper. On the supply side, additional research into how and when

individuals acquire AI skills could provide further context about the in�ow and supply

of workers with AI skills. On the demand side, exploring the motivations behind �rms'

decisions whether to adopt AI or not could help determine whether the absence of

competition for workers with AI skills stems from alternative adoption strategies or

from a lack of perceived bene�ts. This leaves the door open for some interesting

future research topics. Moreover, considering the recent advancements in generative

AI, and the evidence suggesting that the demand for AI skills is a driver of the AI

earnings premium, it would be intriguing to revisit this question in the future, as

more data from this period becomes available.



1.7. REFERENCES 25

1.7 References

Acemoglu, D., Autor, D., 2011. Skills, tasks and technologies: Implications for employ-

ment and earnings. Vol. 4 of Handbook of Labor Economics. Elsevier, 1043–1171.

Acemoglu, D., Autor, D., Hazell, J., Restrepo, P., 2022. Arti�cial intelligence and jobs:

Evidence from online vacancies. Journal of Labor Economics 40 (S1), S293–S340.

Acemoglu, D., Restrepo, P., January 2018. Arti�cial intelligence, automation and work.

Working Paper 24196, National Bureau of Economic Research.

Acemoglu, D., Restrepo, P., May 2019. Automation and new tasks: How technology

displaces and reinstates labor. Journal of Economic Perspectives 33 (2), 3–30.

Alekseeva, L., Azar, J., Giné, M., Samila, S., Taska, B., 2021. The demand for ai skills in

the labor market. Labour Economics 71, 102002.

Alekseeva, L., Gine, M., Samila, S., Taska, B., 2020. Ai adoption and �rm performance:

Management versus it.

URL https://ssrn.com/abstract=3677237

Autor, D. H., Katz, L. F., Krueger, A. B., 11 1998. Computing inequality: Have computers

changed the labor market?*. The Quarterly Journal of Economics 113 (4), 1169–

1213.

Babina, T., Fedyk, A., He, A., Hodson, J., 2024. Arti�cial intelligence, �rm growth, and

product innovation. Journal of Financial Economics 151, 103745.

Bagger, J., Fontaine, F., Galenianos, M., Trapeznikova, I., 2022. Vacancies, employment

outcomes and �rm growth: Evidence from denmark. Labour Economics 75, 102103.

Bartel, A. P., Borjas, G. J., March 1981. Wage Growth and Job Turnover: An Empir-

ical Analysis. In: Studies in Labor Markets. NBER Chapters. National Bureau of

Economic Research, Inc, 65–90.

Baruffaldi, S., van Beuzekom, B., Dernis, H., Harhoff, D., Rao, N., Rosenfeld, D., Squic-

ciarini, M., 2020. Identifying and measuring developments in arti�cial intelligence.

Working Paper 2020/05, OECD Publishing.

Bon�glioli, A., Crinò, R., Gancia, G., Papadakis, I., 11 2024. Arti�cial intelligence and

jobs: evidence from us commuting zones*. Economic Policy, eiae059.

Brynjolfsson, E., Mitchell, T., Rock, D., May 2018. What can machines learn, and what

does it mean for occupations and the economy? AEA Papers and Proceedings 108,

43–47.



26 CHAPTER 1. RETURNS TO AI SKILLS

Cameron, A., Miller, D., 03 2015. A practitioner's guide to cluster-robust inference.

Journal of Human Resources 50, 317–372.

Caprile, M., Dente, G., Palmén, R., Sanz, P., 2015. Encouraging STEM studies – Labour

market situation and comparison of practices targeted at young people in different

Member States. Publications Of�ce.

Card, D., Cardoso, A. R., Heining, J., Kline, P., 2018. Firms and labor market inequality:

Evidence and some theory. Journal of Labor Economics 36 (S1), S13 – S70.

Cronert, A., Oct. 2019. Is regulatory compliance by employers possible without en-

forcement? Evidence from the Swedish labor market. Working Paper Series 2019:23,

IFAU - Institute for Evaluation of Labour Market and Education Policy.

Deming, D. J., Kahn, L. B., 2018. Skill requirements across �rms and labor markets:

Evidence from job postings for professionals. Journal of Labor Economics 36 (S1),

337–369.

Deming, D. J., Noray, K., 06 2020. Earnings Dynamics, Changing Job Skills, and STEM

Careers*. The Quarterly Journal of Economics 135 (4), 1965–2005.

DiNardo, J. E., Pischke, J.-S., 1997. The returns to computer use revisited: Have pencils

changed the wage structure too? The Quarterly Journal of Economics 112 (1), 291–

303.

Engberg, E., Hellsten, M., Javed, F., Lodefalk, M., Sabolová, R., Schroeder, S., Tang, A.,

2024. Arti�cial intelligence, hiring and employment: Job postings evidence from

sweden. Working Paper 380, The Ratio Institute.

Felten, E. W., Raj, M., Seamans, R., May 2018. A method to link advances in arti�cial

intelligence to occupational abilities. AEA Papers and Proceedings 108, 54–57.

Foster, A. D., Rosenzweig, M. R., 2010. Microeconomics of technology adoption.

Annual Review of Economics 2 (Volume 2, 2010), 395–424.

Frederiksen, A., Halliday, T., Koch, A. K., 2016. Within- and cross-�rm mobility and

earnings growth. ILR Review 69 (2), 320–353.

Heckman, J., Ichimura, H., Smith, J., Todd, P., 1998. Characterizing selection bias

using experimental data. Econometrica 66 (5), 1017–1098.

Hersch, J., 1998. Compensating differentials for gender-speci�c job injury risks. The

American Economic Review 88 (3), 598–607.



1.7. REFERENCES 27

Jensen, M. F., 2023. Gender differences in returns to skills evidence from job vacancy

data and matched employer-employee data. Working paper.

URL https://fjaellegaard.com/files/gender _differences.pdf

Krueger, A. B., 1993. How computers have changed the wage structure: Evidence from

microdata, 1984-1989. The Quarterly Journal of Economics 108 (1), 33–60.

OECD, 2023. OECD Employment Outlook 2023.

URL https://www.oecd-ilibrary.org/content/publication/08785bba-en

SCB, 2021. Arbetskraftsundersökningarna.

URL https://www.scb.se/publikation/45095

SCB, 2023a. Ai-användning i företag och offentlig sektor.

URL https://www.scb.se/publikation/51280

SCB, 2023b. Arbetskraftsundersökningarna.

URL https://www.scb.se/publikation/51637

SCB, nd. Arbetskraftsundersökningarna.

URL https://www.scb.se/hitta-statistik/statistik-efter-amne/arbetsmarkna

d/arbetskraftsundersokningar/arbetskraftsundersokningarna-aku/

Uddannelses- og Forskningsministeriet, nd. Videregående stem-uddannelser. https:

//datavarehus.ufm.dk/rapporter/stem , accessed: 2024-01-30.

Webb, M., 2020. The impact of arti�cial intelligence on the labor market. Unpublished

manuscript.

URL https://ssrn.com/abstract=3482150



28 CHAPTER 1. RETURNS TO AI SKILLS

1.A Appendices

1.A.1 Tables

Table 1.A.1: Descriptive statistics, hire-vacancy sample

Obs. Mean Median Std. Freq., = 1

Full matched sample:
Mean AI skill 88,440 0.027 0 0.133
AI skill = 1 88,440 0.014 0 0.117 1,226
AI skill > 0 88,440 0.077 0 0.266 6,778
AI skill >= 0.5 88,440 0.023 0 0.150 2,045
Number of matched vacancies 88,440 7.527 2 23.657
Earnings, t Å 1 88,440 422.688 384.300 233.332
Log(Earnings, t Å 1) 88,440 5.914 5.951 0.555
Gender (1 = Female) 88,440 0.435 0 0.496
Age 88,440 34.722 32 10.731
Years of experience 88,440 10.877 9 8.435
Number of employees 88,440 3,187.284 892 5,067.495
Year 88,440 2,017.645 2,018 1.835

Perfectly matched sample:
AI skill = 1 40,156 0.026 0 0.160 1,061
Earnings, t Å 1 40,156 410.723 < mean 211.761
Gender (1 = Female) 40,156 0.445 0 0.497
Age 40,156 35.121 33 10.753
Years of experience 40,156 11.533 10 8.467
Number of employees 40,156 2,571.999 593 4,463.691
Year 40,156 2,017.348 2,017 1.891

Growth sample:
AI skill >= 0.5 28,968 0.022 0 0.148 649
Earnings, t Å 1 28,968 454.793 < mean 224.322
Earnings, t ¡ 1 28,968 370.746 357.300 240.747
Earnings growth 28,925 0.302 < mean 0.680
Gender (1 = Female) 28,968 0.434 0 0.496
Age 28,968 39.180 38 10.351
Years of experience 28,968 15.863 17 7.354
Number of employees 28,968 2,921.103 < mean 4,884.430
Year 28,968 2,017.160 2,017 1.691

Notes: This table shows descriptive statistics of key variables in the matched hire-vacancy sample. The full sam-
ple is restricted in accordance with this baseline regression, and the growth sample with the earnings growth
regression. Earnings is annual earnings in thousands of SEK. An observation equals to one hired individual.
t is the year of hire. Medians consisting of micro-data replaced by size of median in comparison to mean.
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Table 1.A.2: Skill effects on successful hiring, full table

Recruitment success Recruitment time
(1) (2) (3) (4) (5) (6) (7) (8)

AI 0.007 0.001 0.005 0.002 -0.059 -0.021 -0.007 -0.030
(0.034) (0.033) (0.015) (0.006) (0.200) (0.189) (0.118) (0.068)

Specialized software 0.024 0.021 0.041** 0.001 -0.083 -0.060 -0.259** -0.059
(0.029) (0.029) (0.016) (0.006) (0.124) (0.121) (0.131) (0.084)

Data -0.052* -0.051* -0.021* -0.009** 0.364* 0.366* 0.181** -0.025
(0.030) (0.030) (0.012) (0.004) (0.203) (0.200) (0.088) (0.032)

Obs. 1,842,282 1,842,282 1,823,090 1,823,087 530,833 530,833 526,555 526,542
Adj. R2 0.061 0.063 0.460 0.582 0.023 0.028 0.167 0.264

Fixed effects:
Year X X X X X X
Occupation X X
Firm X X X X

Notes:This table displays estimates of a regression with the outcome variable being the success of posted vacancies
measured both in whether the posting led to a hire, and the duration of the recruitment process, with the explanatory
variable being the skill content of the vacancy, including an AI skill dummy (1 = AI probability ¸ 50%), data skills,
software skills, as well at the Deming and Kahn (2018) (not reported). The sample is restricted to hires with at least one
skill requirement, and private sector industries (excluding employment agencies, NACE 78) with at least one AI hire.
Occupation at 4-digit ISCO. Standard errors in parantheses are clustered at occupation level. *p<0.1; **p<0.05; ***p<0.01.

Table 1.A.3: Skill effects on successful hiring, AI skills only

Recruitment success Recruitment time
(1) (2) (3) (4) (5) (6) (7) (8)

AI 0.012 0.003 0.011 0.001 -0.007 0.031 -0.029 -0.034
(0.042) (0.040) (0.019) (0.006) (0.255) (0.242) (0.120) (0.066)

Obs. 1,842,282 1,842,282 1,823,090 1,823,087 530,833 530,833 526,555 526,542
Adj. R2 0.000 0.004 0.451 0.582 -0.000 0.004 0.161 0.264

Fixed effects:
Year X X X X X X
Occupation X X
Firm X X X X

Notes:This table displays estimates of a regression with the outcome variable being the success of posted vacancies
measured both in whether the posting led to a hire, and the duration of the recruitment process, with the explanatory
variable being whether the vacancy required AI skills (1 = AI probability ¸ 50%). The sample is restricted to hires with at
least one skill requirement, and private sector industries (excluding employment agencies, NACE 78) with at least one
AI hire. Occupation at 4-digit ISCO. Standard errors in parantheses are clustered at occupation level. *p<0.1; **p<0.05;
***p<0.01.
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1.A.2 Figures

Figure 1.A.1: AI timeline

Notes:This �gure displays hired AI workers as a share of total matched hires, and AI vacancies as a share of total number
of vacancies from workplaces with at least one matched hire.
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Figure 1.A.2: Sample comparison

Notes:This �gure is a comparison of differences between the posted vacancies, the vacancies that are in some way
matched to a hire, and the sample of perfect vacancy-hire matches. The panel on the left displays occupations, at �rst
level ISCO, and the panel on the right displays skills
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Figure 1.A.3: Earnings growth distributions

Notes:This �gure displays the distribution of earninings growth at different sample restrictions. The full sample applies
the basic sample restrictions outlined in section 1.2.2. The full time restriction additionally exluces workers who were
not employed for the full calendar year t-1, workers with multiple jobs, and persons who graduated in t or t-1. Gender &
age restriction further excludes females and persons outside the age bracket 30-45. Growths of < -100% possible due to
log approximation.

Figure 1.A.4: AI industries

Notes:This �gure displays AI hires by industry, as a share of all AI hires, compared to all hires. Industries at the �rst level
NACE. Industries with less than one percent of all AI workers excluded.
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Figure 1.A.5: Firm number of hires

Notes:This �gure displays histograms of the number of hires at the �rm level, split into all �rms, and �rms with at least
one AI hire. Observations with 5 or less �rms are redacted.
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1.A.3 Sample restrictions

The time period of the matched sample is 2014-2020. The lower bound of this time

frame is determined by a change in occupational classi�cation, which would disrupt

the matching of hires and vacancies. Data is available up until 2021, which is used to

provide the earnings of individuals in 2020, hence the upper limit of the sample.

I make some sample restrictions relating to characteristics of the hires and �rms.

The objective of these limitations are to �lter out workers with a non-representative

value of annual earnings, and to make the sample more balanced, and the control

group more relevant. The impact of the sample restrictions can be found in Table

1.A.4.

Table 1.A.4: Sample restriction observations

Step Number of remaining observations

Matched data 2014-2020 449,391
Minimum one skill 393,852
Ages 19-65 390,256
At least �ve �rm employees 389,412
Private sector only 128,448
Exclude employment agencies 120,510

Notes: This table displays the observations lost at each stage of imposing sample restrictions. Restricting the
sample to individuals who stayed in the �rm for at least one year is inherent to the matching process, and is
therefore not reported.

For individuals, I make the following restrictions: In order to get a representative

annual earnings value, I exclude individual who did not stay in the hiring �rm for

at least one calendar year after the hire. Next, I exclude hires that are matched to

vacancies with no speci�ed skill requirements, as these are likely to be vacancies of

low quality. I further exclude individuals under the age of 19 and above the age of

65. This decision is grounded in the rarity of full-time work among these age groups,

coupled with the limited occurrences of AI-related hires inside these brackets.

I also make the following restrictions at the �rm level: To not let any differing

connection between control variables and outcome variables of irrelevant industries

affect the estimation of control variables, I exclude individuals hired to �rms in

industries with no AI hires throughout the speci�ed time period. In order not different

hiring and compensation patterns of small �rms and startups affect the estimates, I

also exclude �rms with fewer than �ve employees in the year of hiring. As AI hires are

concentrated in larger �rms, this does not have a large impact on the number of AI

hires in the sample. I also exclude all public sector organizations, de�ned as entities

with municipal or state ownership. This exclusion is motivated by the likelihood of

a different nature of AI use in the public sector, as well as wages being more �xed.
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In fact, some of the public sector occupations where AI skills are most prevalent

in Sweden are university occupations such as professors, research assistants, and

PhD students (All universities in Sweden are public.), yet these are unlikely to exhibit

a earnings premium at all due to �xed wage scales. Finally, I exclude the industry

categorized as 'employment activities' (NACE code 78.). This decision is driven by

two key considerations: Firstly, it is a common practice in Sweden for companies to

outsource their hiring processes to labor hire �rms. These �rms engage in both the

recruitment and subsequent leasing of employees, as well as playing a facilitative role

in the hiring process itself. Consequently, the data is biased towards these �rms. This

is because some vacancies connected to these �rms may, in reality, represent hiring

activities of other companies. Secondly, labour hire �rms often employ temporary

workers, meaning the prevalence of part-time work is very high within these �rms.

1.A.4 Hiring date approximation

This section covers the approximation of the hiring date of employees in the years

prior to 2019, where only yearly data is available.

Given that it is most common to start a new job at the �rst day of a month, it

suf�ces to identify the correct month of the hire. I approximate the hiring date by

calculating the earnings received by an individual in the starting year as a proportion

of their earnings in the second year with the �rm. Following this, I then calculate the

number of days that represents their share of a full year's earnings, which subtracted

from the full year provides an approximated starting date. The rationale underlying

this approach is that if an individual earned half their typical annual earnings in

the �rst year, it is reasonable to infer that they initiated their employment roughly

halfway through that year.

The graph in Figure 1.A.6 provides an overview of the distribution of estimated

hiring dates, along with the resulting approximated month, compared to the ac-

tual distribution derived from the later monthly data. A well-functioning estimation

methodology is expected to exhibit seasonality, particularly towards the commence-

ment of each month, given that such days are commonly preferred as the starting

date. While the graph demonstrates discernible seasonality, it appears to deviate

slightly from the start of the month in the earlier months. This shifted seasonality

can likely be attributed to the approximation not accounting for factors such as wage

growth, reduced vacation time in the �rst year, trial employment periods, among oth-

ers. Nevertheless, despite these limitations, this methodology serves as a suf�ciently

robust approach for approximating the starting month.
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Figure 1.A.6: Hiring date approximation

Notes: This �gure displays the approximated hiring dates. The top graph is the date approximated by the share of
earnings. The second panel turns the approximated date into hiring month, which is used for the �nal matching to job
vacancies. The last panel displays the monthly distribution as recorded in the monthly data available from 2019

1.A.5 Robustness checks

1.A.5.1 AI sample selection

As outlined in section 1.2.3 the main analysis utilizes a criterion wherein at least 50%

of the matched vacancies must possess AI skills for a hire to be classi�ed as having

AI skills. In order to make sure the sample does not affect the results, Table 1.A.5

presents the regression outcomes when restricting the sample exclusively to perfectly

matched hires (i.e., one vacancy per hire). The resulting coef�cients are generally

similar to the main results, albeit slightly smaller in magnitude. Additionally, the

signi�cance levels across the board are somewhat lower.

Recognizing that the chosen cutoff value is somewhat arbitrary, a sensitivity



1.A. APPENDICES 37

Table 1.A.5: AI earnings premium, perfectly matched sample

(1) (2) (3) (4) (5)

AI skill 0.170*** 0.037** 0.028 0.027 0.003
(0.019) (0.019) (0.018) (0.018) (0.022)

Obs. 33,431 33,431 33,431 33,431 33,431
Adj. R2 0.264 0.436 0.448 0.449 0.487

Control variables:
Basic individual variables X X X X X
Firm size X

Fixed effects:
Occupation X X X X
Workplace industry X X X
Firm X
Notes:This table displays estimates of a regression with the natural logarithm of earnings as the outcome variable, with
the explanatory variable being an AI skill dummy. The sample is restricted to hires with at least one skill requirement, and
private sector industries (excluding employment agencies, NACE 78) with at least one AI hire. The sample is restricted to
individuals who are only matched to a single job vacancy. All regressions use the most restrictive sample. Basic individual
variables is a set of individual level control variables in the form of year, gender, experience, experience squared, age,
education, location, age of youngest child, and female * age of youngest child. AKM estimated �rm wage represents
a control variable based on estimated AKM �rm wage �xed effects ( Ã̂ f t ). Workplace industry as fourth-level NACE.
Occupation at 4-digit ISCO. Standard errors in parantheses are clustered at occupation*�rm*year level. *p<0.1; **p<0.05;
***p<0.01.

analysis is conducted by iterating through the main regression in speci�cation 4 of

Table 1.4 with varying cutoff values. The coef�cients, displayed in Figure 1.A.7, reveal

that the coef�cient remains largely consistent and signi�cant, irrespective of the

chosen cutoff value.

1.A.5.2 Omitted part-time work

An limitation arises from the exclusive use of earnings data, without the availability of

hourly wage information. This constraint introduces the possibility that the observed

results may be in�uenced by the prevalence of part-time work. As part-time work is a

(mostly) voluntary choice, it would be inappropriate to let this in�uence the results,

as it could lead to bias.

To mitigate this limitation, several steps are taken to minimize the impact of part-

time work on the results. First, as outlined in section 1.2, some sample restrictions

are made in order to exclude the majority of part-time workers, I.e. excluding public

sector and labour hire �rms, as well as individuals with multiple income sources.

Moreover, the inclusion of control variables gender, age, education, and age of

youngest child and the female and age of youngest child interaction is aimed at

further address this omitted variable concern. However, despite these efforts, the
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Figure 1.A.7: AI earnings regression, different cutoffs

Notes:This �gure displays the estimated effect of AI skill on earnings using different AI probabilities (I.e. mean value of
skill of the matched vacancies of the hire.). Based on speci�cation 4 from the baseline regression. Vertical line indicates
the AI probility chosen for the main results.

Figure 1.A.8: Skewness of earnings residuals

Notes:This �gure displays the distributions of the residuals of a regression based on speci�cation 2 from the main
earnings premium result, with the sample limited to occupations with at least �ve AI hires. The dark histogram represents
the residuals of AI hires, and the light gray histogram displays the residuals of all hires in the sample.

potential in�uence of part-time work remains a possible �aw in the model.

To assess whether I fail to control for part-time work, I examine the skewness of

the residuals in a regression based on column (2) of the main regression in Table 1.4.

The choice of speci�cation two is motivated by the inclusion of occupation �xed ef-

fects, which is also included in subsequent speci�cations. As following speci�cations

control for more factors, they are less likely to fail to control for part-time work. The

skewness of the residuals could reveal part-time workers, by leaving a left-skewed

distribution. This is because the median worker typically works full-time, while a

spectrum of part-time work arrangements may contribute to a long left-tail, pulling

down the mean earnings.

The observed residuals indeed exhibit a left-skewed distribution, as illustrated in
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Figure 1.A.8. However, the signi�cance of this issue hinges on whether AI hires tend

to work part-time less than other workers. To address this concern, I compare hires

with AI skills to other hires in the same occupations. The analysis reveals that there is

a slight difference in skewness, with AI hires demonstrating less left-skewed residuals.

This suggests that workers with AI skills are indeed less prone to working part-time

than their peers.

Table 1.A.6: AI earnings premium, excluding bottom earners

(1) (2) (3) (4) (5)

AI skill 0.197*** 0.051*** 0.040*** 0.040*** 0.012
(0.015) (0.013) (0.012) (0.012) (0.012)

Obs. 76,297 76,297 76,297 76,297 76,297
Adj. R2 0.269 0.440 0.452 0.453 0.484

Control variables:
Basic individual variables X X X X X
Firm size X

Fixed effects:
Occupation X X X X
Workplace industry X X X
Firm X
Notes:This table displays estimates of a regression with the natural logarithm of earnings as the outcome variable, with
the explanatory variable being an AI skill dummy (1 = AI probability ¸ 50%). The sample is restricted to hires with at least
one skill requirement, and private sector industries (excluding employment agencies, NACE 78) with at least one AI hire.
Sample excludes hires with earnings under two standard deviations below the mean of the occupation. All regressions
use the most restrictive sample. Basic individual variables is a set of individual level control variables in the form of year,
gender, experience, experience squared, age, education, location, age of youngest child, and female * age of youngest
child. Workplace industry as fourth-level NACE. Occupation at 4-digit ISCO. Standard errors in parantheses are clustered
at occupation*�rm*year level. *p<0.1; **p<0.05; ***p<0.01.

To thoroughly con�rm that part-time work does not introduce biases into the

results, two robustness checks were conducted. First, workers earning below two

standard deviations from the mean earnings within their occupation were excluded,

as shown in Table 1.A.6. This approach aims to eliminate the lower end of the earnings

spectrum, which is more likely to include part-time workers or those with unusually

low earnings for other reasons. Second, the sample was limited to male workers in

Table 1.A.7. This decision is based on the general trend that men are less likely to

work part-time compared to women. Excluding the bottom earners did not change

the results, whereas the male-only regression left the coef�cients positive, although

reduced in magnitude, and no longer signi�cant.
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Table 1.A.7: AI earnings premium, males only

(1) (2) (3) (4) (5)

AI skill 0.169*** 0.036** 0.023 0.023 -0.009
(0.017) (0.015) (0.014) (0.014) (0.014)

Obs. 41,956 41,956 41,956 41,956 41,956
Adj. R2 0.243 0.417 0.433 0.434 0.481

Control variables:
Basic individual variables X X X X X
Firm size X

Fixed effects:
Occupation X X X X
Workplace industry X X X
Firm X
Notes:This table displays estimates of a regression with the natural logarithm of earnings as the outcome variable, with
the explanatory variable being an AI skill dummy (1 = AI probability ¸ 50%). The sample is restricted to hires with at
least one skill requirement, and private sector industries (excluding employment agencies, NACE 78) with at least one AI
hire. Sample restricted to male hires. All regressions use the most restrictive sample. Basic individual variables is a set of
individual level control variables in the form of year, gender, experience, experience squared, age, education, location,
age of youngest child, and female * age of youngest child. Workplace industry as fourth-level NACE. Occupation at 4-digit
ISCO. Standard errors in parantheses are clustered at occupation*�rm*year level. *p<0.1; **p<0.05; ***p<0.01.

1.A.5.3 AI skills or just data and software skills?

AI skills are at the intersection between data and software skills (OECD, 2023). This in-

tersection is substantiated by the high correlation observed in Figure 1.A.9, indicating

strong associations between AI, data, and software skills. Because of this, it becomes

a challenge to separate the AI earnings premium from that of other correlated skills,

especially when all three exhibit moderately high correlations with earnings.

Table 1.A.8 addresses this challenge by separating the effects of AI skills from data

and software skills in the same speci�cations as column (4) and (5) of the baseline

regression. The results reveal that AI skills still exhibit a positive effect on earnings

when controlling for data and software skills, albeit with a slightly smaller and less

signi�cant coef�cient. Data and software skills also show positive, but smaller coef�-

cients, aligning with expectations. However, the difference between the coef�cients

are not great enough to provide evidence on the effects being different as indicated

by the non-signi�cant F-tests.

Examining the interactions in columns (3) - (6), the combination of AI skills and

software skills yields a negative, albeit non-signi�cant effect. The data interaction

seem to affect the results more greatly. The effect of AI skill coef�cient disappears,

whereas part of its previous magnitude of 4% is shifted over to the interaction with

data skills. This observation suggests a potential disparity in the rewards garnered
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Figure 1.A.9: Skill correlation

Notes:The panel on the left displays skill frequences in the perfectly matched sample of hires. The panel on the right
displays spearman correlation between the Deming and Noray (2020) skill categories and AI skills, as well as with the
natural logarithm of earnings.

between AI utilized in the domain of data science and AI developed for broader

applications. While the coef�cient is not statistically signi�cant, this outcome is

unsurprising given the fewer number of observations featuring both data and AI

skills, compared to just AI skills.

An obvious concern with this model is distortions due to multicollinearity. A

Variance In�ation Factor (VIF) analysis was conducted on Column 1 in order to check

this24. The �ndings reveal VIF values of 1.1 for AI skills, 1.66 for software skills, and 1.2

for data skills. These results suggest that multicollinearity is not a substantial concern.

Nevertheless, the results of the regression is evidently sensitive to the inclusion or

exclusion of skills from the regression model.

Furthermore, it should be noted that the outcomes of this regression analysis

may be in�uenced by the potential oversight of skills that are presumed rather than

explicitly stated. This tendency is likely to be prevalent for software skills, as these

may be taken for granted in software occupations. It could also conceivably extend

to data skills, given the unlikelihood of a position requiring AI skills without either

software or data skills.

24Occupation level transitioned from 4-digit to 2-digit, and industry from the 4-digit to the 1-digit
(letter) to facilitate Stata execution.
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Table 1.A.8: AI skills, data and software

Interactions
(1) (2) (3) (4) (5) (6)

AI skill 0.029** 0.000 0.050*** 0.026 0.015 -0.002
(0.013) (0.013) (0.016) (0.017) (0.018) (0.019)

Software 0.015* 0.016** 0.018** 0.018**
(0.008) (0.007) (0.008) (0.008)

Software * AI skill -0.021 -0.037
(0.023) (0.024)

Data 0.021** 0.010 0.021** 0.012
(0.008) (0.008) (0.009) (0.008)

Data * AI skill 0.025 0.004

F-tests, H0:
AI skill = software 0.984 1.148
P-value 0.321 0.284

AI skill = Data 0.23 0.397
P-value 0.631 0.529

(0.025) (0.026)

Obs. 76,848 76,848 76,848 76,848 76,848 76,848
Adj. R2 0.412 0.446 0.412 0.446 0.412 0.446

Control variables:
Basic individual variables X X X X X X
Firm size X X X X X X

Fixed effects:
Occupation X X X X X X
Workplace industry X X X X X X
Firm X X X
Notes:This table displays estimates of a regression with the natural logarithm of earnings as the outcome variable, with
the explanatory variable being an AI skill dummy (1 = AI probability ¸ 50%). The sample is restricted to hires with at
least one skill requirement, and private sector industries (excluding employment agencies, NACE 78) with at least one AI
hire. The sample is restricted to individuals who are only matched to a single job vacancy. All regressions use the most
restrictive sample. Data combines the skill categories database and data analysis. Basic individual variables is a set of
individual level control variables in the form of year, gender, experience, experience squared, age, education, location,
age of youngest child, and female * age of youngest child. Workplace industry as fourth-level NACE. Occupation at 4-digit
ISCO. Standard errors in parantheses are clustered at occupation*�rm*year level. *p<0.1; **p<0.05; ***p<0.01.

1.A.5.4 Replicating previous literature

As this paper relates to initial work by Alekseeva et al. (2021), I want to know to what

extent the results I �nd are different due to the different setting (Sweden versus USA),

and how much is the differing methodology. In order to investigate this, Table 1.A.9

displays the results of replicating the wage premium regressions of Alekseeva et al.

(2021) as close as possible, i.e. using only �rm and vacancy based control variables.

The results are similar to the �ndings of Alekseeva et al. (2021) when only controlling

for �rm �xed effects, but similarly to the basic earnings regression in Table 1.4, the

combination of �rm and occupation �xed effects removes the effect of AI skills.
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Table 1.A.9: AI skill regression, without individual traits

No skills Software only All skills
(1) (2) (3) (4) (5) (6)

AI skill 0.056*** 0.004 0.044*** 0.002 0.043** 0.005
(0.018) (.) (0.015) (.) (0.018) (0.007)

Software 0.078*** 0.020 0.032* 0.021
(0.020) (.) (0.017) (0.013)

Obs. 84,032 84,009 84,032 84,009 84,032 84,009
Adj. R2 0.350 0.420 0.352 0.420 0.353 0.420

Skills X X

Fixed effects:
Year X X X X X X
Location X X X X X X
Occupation X X X
Firm X X X X X X
Notes:This table displays estimates of a regression following the preferred speci�cations of the earnings premia regressions
of Alekseeva et al. (2021) with the natural logarithm of earnings as the outcome variable, with the explanatory variable
being an AI skill dummy (1 = AI probability ¸ 50%). The sample is restricted to hires with at least one skill requirement,
and private sector industries (excluding employment agencies, NACE 78) with at least one AI hire. Location represented
by FA-15 municipal groups. Software is the Deming and Noray (2020) specialized software category. Skills denotes the use
of a group of control variables based on Deming and Noray (2020), formatted to resemble the Deming and Kahn (2018)
skill categories used by Alekseeva et al. (2021) as closely as possible. Categories general software and computer merged to
form the computer(general) skill category. Occupation at 4-digit ISCO. Workplace ndustry as third-level NACE. Standard
errors in parantheses clustered by location, occupation, and 3-digit workplace industry *p<0.1; **p<0.05; ***p<0.01.

1.A.5.5 Unrestricted sample

In the main results, I restrict the sample to that of the speci�cation with the least

observations, I.e. the �rm �xed effects speci�cation in order to make sure the sample

changes does not drive the differences in the results. The results of the unrestricted

sample can be found in Table 1.A.10. The results do not differ signi�cantly from the

baseline results.
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Table 1.A.10: AI earnings premium, unrestricted sample

(1) (2) (3) (4) (5)

AI skill 0.199*** 0.048*** 0.038*** 0.038*** 0.005
(0.015) (0.014) (0.013) (0.013) (0.013)

Obs. 81,156 81,130 81,122 81,122 76,848
Adj. R2 0.243 0.396 0.407 0.408 0.446

Control variables:
Basic individual variables X X X X X
Firm size X

Fixed effects:
Occupation X X X X
Workplace industry X X X
Firm X
Notes:This table displays estimates of a regression with the natural logarithm of earnings as the outcome variable, with the
explanatory variable being an AI skill dummy (1 = AI probability ¸ 50%). The sample is restricted to hires with at least one
skill requirement, and private sector industries (excluding employment agencies, NACE 78) with at least one AI hire. Basic
individual variables is a set of individual level control variables in the form of year, gender, experience, experience squared,
age, education, location, age of youngest child, and female * age of youngest child. Workplace industry as fourth-level
NACE. Occupation at 4-digit ISCO. Standard errors in parantheses are clustered at occupation*�rm*year level. *p<0.1;
**p<0.05; ***p<0.01.
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1.A.5.6 Unreasonable earnings growth rates

As mentioned in subsection 1.3, there are some extreme growth rates left in the

sample, despite the steps taken to mitigate this issue. A �nal safeguard against the

remaining unreasonable growth rates driving the results, I impose a earnings growth

cutoff. However, to avoid choosing an arbitrary cutoff value, I instead run a robustness

check involving an iterative process of increasing sample restrictions on the top and

bottom percentiles of earnings growth.

Figure 1.A.10: AI earnings growth regression, different sample restrictions

Notes:This �gure displays the estimated effect of AI skill on earnings growth, using speci�cation 2 from the earnings
growth regression, at increasing sample restrictions. The top and bottom percentiles(Before other sample restrictions)
are excluded from the sample according to the cutoff on the x-axis.

The graph in Figure 1.A.10, illustrates the coef�cient of Speci�cation 2 from

the earnings growth regression. There is a consistent null effect irrespective of the

proportion of excluded extreme values. There was some slight positive coef�cients

in the main growth regression, but this seems to be attributed to these outliers, as it

converges towards zero upon excluding the top �ve percentiles.
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1.A.6 AKM estimation

While the primary regressions in this study are limited to newly hired individuals,

data on all employees of all �rms spanning the years 1990 to 2020 encompassing

all employees are available. Consequently, an AKM regression is conducted on this

distinct sample, and the resulting estimates are used in a regression on the new-hire

sample. The model utilized is as follows:

ln (ear ning s i f t ) Æ¯ 0 Å Ã f t Å ®i t Å Ct Å ¯ 1Unempl i ,t ¡ 1 Å ¯ 2Mul t i i t Å ² i f t (1.2)

Here, Ã f t denotes �rm-period �xed effects, ®i t signi�es individual �xed effects,

and Ct represents year �xed effects. As the data pertains to annual earnings, partial

years of unemployment are not labelled, and would appear as lower earnings. To

mitigate this, the inclusion of Unempl i ,t ¡ 1 is employed as a binary variable indicating

unemployment status in November of the preceding year, and Mul t i i t serves as a

binary indicator denoting employment at multiple �rms within the given year.

The rationale behind incorporating Firm-period �xed effects stems from the

inquiry into whether individuals are prone to gravitate towards �rms offering higher

remuneration relative to a benchmark �rm, holding all else constant. Given the

potential for shifts in a �rm's wage policy over time, �rm-period effects are employed,

with each period spanning 7 years, the �nal one encapsulating the main regression

period of 2014-2020.

In pursuit of understanding wage dynamics for newly employed individuals, the

individuals in the matched hiring sample are excluded from the AKM regression

during the year of hiring and all subsequent years.

The outcomes of this regression are displayed in Table 1.A.11. The observed R2

value is low, at around 60%. Plausible explanations for this could encompass various

factors in�uencing earnings, which would not be captured in a pure wage variable,

such as transitions between jobs, part-time work, incentive-based compensation,

among others. In order to check the performance when including the most detailed

variables available, an alternate speci�cation (speci�cation 2) is introduced wherein

person and �rm �xed effects are substituted with person-�rm �xed effects. This

alteration results in an R2 of 72%, which is still relatively low.

As summarized by Card, Cardoso, Heining, and Kline (2018), the AKM model

relies some strong assumptions. In particular, the limited mobility bias causes a

downward bias on the correlation between estimated worker and �rm �xed effects

in �nite samples. This stems from variation in the model solely stemming from job

switchers. Whereas my AKM estimation runs on a large sample, I do indeed �nd a

negative correlation (-0.16) between worker and �rm FE.



1.A. APPENDICES 47

Table 1.A.11: AKM estimates output

(1) (2)

Multiple jobs -0.033*** -0.066***
(0.000) (0.000)

Unemployed last year -1.160*** -0.734***
(0.000) (0.000)

Obs. 150,104,173 137,871,289
Adj. R2 0.598 0.721

% share of �nal sample excluded:
Person 9.2
Firm 0.0

Notes: This table displays the estimates of the AKM regression. Speci�cation 1 includes �rm-period,
person, and year �xed effects, the second speci�cation replaces �rm-period and person with person-
�rm �xed effects. % share of �nal sample excluded indicates the percentages of the �nal sample used in
the main regressions that are excluded due to perfect colinearity.

Due to these caveats, I advise some caution when interpreting results based on

the AKM �ndings in this paper.

1.A.7 Heterogeneity analysis

1.A.7.1 AI developers or AI users?

To re�ect the variation in complexity of different AI skills, I categorize individuals

possessing AI skills into two distinct categories: developers and users. I make this dis-

tinction as I hypothesize that AI developers should experience a higher return to their

AI skills than AI users, based on two primary reasons: Firstly, AI developers are tasked

with the creation of AI algorithms, a role demanding a high level of knowledge of AI

and a substantial investment in skill acquisition. Conversely, AI users predominantly

employ AI as a tool within speci�c tasks. Consequently, it is less probable that �rms

would be inclined to offer substantial premiums to attract AI users, as the reskilling of

existing labor could feasibly accommodate this need. Furthermore, considering that

AI users primarily utilize AI for targeted problem-solving, their impact on overall �rm

productivity should be marginal. Thus, it follows that �rms primarily vie for AI devel-

opers, given their pivotal role in driving innovation and advancing the technological

capabilities of the organization.

In order to separate AI developers from users, I take inspiration from anecdotal

evidence that understanding of science, technology, engineering, and mathematics

(STEM) seems a requisite for AI development. Notably, job vacancies for AI devel-
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opers often emphasize quali�cations in computer science, mathematics, and even

physics. Accordingly, I characterize AI developers as individuals recruited for posi-

tions demanding AI skills within STEM occupations 25 or those possessing a STEM

education 26.

Table 1.A.12: AI earnings premium, STEM interaction

STEM education STEM occupation
(1) (2) (3) (4) (5) (6)

AI skill 0.044** 0.034 -0.002 0.044*** 0.032** -0.006
(0.022) (0.021) (0.020) (0.015) (0.014) (0.014)

STEM education 0.004 0.004 0.007
(0.006) (0.006) (0.006)

STEM education * AI skill 0.007 0.006 0.012
(0.022) (0.022) (0.021)

STEM occupation * AI skill 0.034 0.045 0.081**
(0.039) (0.036) (0.035)

Obs. 76,848 76,848 76,848 76,848 76,848 76,848
Adj. R2 0.400 0.412 0.446 0.400 0.412 0.446

Control variables:
Basic individual variables X X X X X X
Firm size X X

Fixed effects:
Occupation X X X X X X
Workplace industry X X X X
Firm X X

Notes: This table displays estimates regressions with the natural logarithm of earnings as the outcome variable,
with the explanatory variables being an AI skill dummy (1 = AI probability ¸ 50%), and two separate interac-
tions. The left-hand panel includes interactions with the hired person having a STEM education, and the right-
hand panel includes an interaction with STEM occupation. The sample is restricted to hires with at least one
skill requirement, and private sector industries (excluding employment agencies, NACE 78) with at least one
AI hire. All regressions use the most restrictive sample. Basic individual variables is a set of individual level
control variables in the form of year, gender, experience, experience squared, age, education, location, age of
youngest child, and female * age of youngest child. Workplace industry as fourth-level NACE. Occupation at 4-
digit ISCO. Standard errors in parantheses are clustered at occupation*�rm*year level. *p<0.1; **p<0.05; ***p<0.01.

I extend the baseline regression from Table 1.4 by interacting AI skills with STEM

education and STEM occupation, separately. Due to the regression speci�cations

already accounting for occupation, a separate STEM occupation variable is not in-

cluded, as it would be omitted from the regression. For conciseness, the regression

not controlling for occupation FE is omitted from the presentation, as the results are

less informative. Similarly, the regression adding workplace industry is excluded as it

25STEM occupations are based on the de�nition of Caprile, Dente, Palmén, and Sanz (2015), following
ISCO-08 occupation 21, including associated STEM occupations 31 and 35.

26STEM education using the de�nition of Uddannelses- og Forskningsministeriet (nd), using ISCED
2011 educational subjects 05, 06, and 07, in combination with having a university education.
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does not signi�cantly differ from the one introducing �rm size FE (columns 1 and 3

from the baseline regression).

The outcomes of the regressions are presented in Table 1.A.12. The combination of

AI skills and STEM education in columns (1) to (3) do not seem to have a connection

to earnings. In fact, STEM education alone does also not display a relation to earnings,

with any potential effects being mediated through occupation. Contrastingly, the

interaction between STEM occupations and AI skills in columns (4) to (6) is positive,

albeit not signi�cant. However, this interaction coef�cient increases in size and

signi�cance upon the inclusion of �rm �xed effects. Interestingly, the coef�cient

of AI skills alone still falls to zero. This is the only occasion in which I �nd that

individuals with AI skills experience higher earnings than their peers within the same

�rm. This �nding implies that while there is a competitive market for AI skills, it is

predominantly concentrated among the limited pool of AI developers. In contrast,

the skills necessary for AI utilization do not appear to be as highly valued or sought

after in the labor market.

1.A.7.2 Recent graduates

The �ndings thus far suggest that while individuals hired for positions requiring

AI skills tend to have higher earnings than others, they do not appear to bene�t

from entering these jobs. One interpretation of this is that these workers are highly

experienced, and thus likely already used AI skills in their previous job, leading to

no additional increase speci�cally tied to entering a new job requiring AI skills. This

raises the possibility that AI skills are developed gradually over time and may not

constitute an easily acquired ticket to higher earnings. To explore this hypothesis, I

investigate whether recent graduates derive any bene�ts from possessing AI skills

upon entering their �rst job after graduation, as this group of workers could not have

used AI skills in their previous job.

I run a regression where AI skills are interacted with a dummy variable for recent

graduates. As this analysis aims at capturing the effect on the �rst job post-graduation,

the `recent graduate' variable is de�ned as individuals who graduated in year t or

t ¡ 1.

The results, shown in Table 1.A.13, reveal negative but statistically non-signi�cant

coef�cient estimates associated with the AI skill-recent graduate interaction variable.

Taken at face-value. these �ndings hint that graduates with AI skills bene�t less from

AI skills than experienced workers, but there is not enough evidence to prove this is

the case. The interaction between experience and having AI skills also does also not

reveal any evidence in favor of this; See graph of experience and AI skills in Figure

1.A.11.
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Table 1.A.13: AI earnings premium, recent graduates

(1) (2) (3) (4) (5)

AI skill 0.201*** 0.054*** 0.046*** 0.047*** 0.015
(0.018) (0.015) (0.014) (0.014) (0.014)

Recent graduate -0.150*** -0.140*** -0.136*** -0.137*** -0.130***
(0.007) (0.006) (0.006) (0.006) (0.007)

Recent graduate * AI skill -0.016 -0.020 -0.028 -0.030 -0.041*
(0.027) (0.025) (0.024) (0.024) (0.023)

Obs. 76,848 76,848 76,848 76,848 76,848
Adj. R2 0.255 0.408 0.418 0.419 0.452

Control variables:
Basic individual variables X X X X X
Firm size X

Fixed effects:
Occupation X X X X
Workplace industry X X X
Firm X

Notes: This table displays estimates of a regression with the natural logarithm of earnings as the outcome variable,
with the explanatory variables being an AI skill dummy (1 = AI probability ¸ 50%), a recently graduated dummy (In-
dividual graduated in t or t ¡ 1.), and an interaction between AI-skill and recently graduated. The sample is restricted
to hires with at least one skill requirement, and private sector industries (excluding employment agencies, NACE 78)
with at least one AI hire. All regressions use the most restrictive sample. Basic individual variables is a set of indi-
vidual level control variables in the form of year, gender, experience, experience squared, age, education, location,
age of youngest child, and female * age of youngest child. Workplace industry as fourth-level NACE. Occupation at
4-digit ISCO. Standard errors in parantheses are clustered at occupation*�rm*year level. *p<0.1; **p<0.05; ***p<0.01.

Figure 1.A.11: Earnings and experience

Notes:This �gure displays the relationship between the natural logarithm of annual earnings, and experience, split by
hires with and without AI skills. The y axis is the mean residuals of a regression based on speci�cation 4 of the main
regression, excluding experience, and experience-squared.



C H A P T E R2
TECHNOLOGY ADOPTION AND SKILL DEMAND :

EVIDENCE FROM DENMARK

Mark Hellsten Giuseppe Pulito

Aarhus University Rockwool Foundation Berlin

Sarah Schroeder

Aarhus University

Abstract

This paper provides novel evidence on the impact of automation on multidimensional skill demand and

labor market outcomes, leveraging �rm-level data and a comprehensive dataset of job advertisements

from Denmark. We employ textual analysis to extract skill requirements and decompose changes in

skill demand into between-occupation and within-occupation components. The within component

is the largest, indicating that automation primarily rede�nes task content rather than fundamentally

altering occupational composition. Automation is associated with a higher demand for soft skills among

professionals and managers, whereas the demand for hard skills (acquired through formal education)

declines for production workers. We also associate automation with signi�cant increases in wages and

employment for managers and professionals and document greater training intensity among production

workers.
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2.1 Introduction

The rapid adoption of automation technologies has sparked widespread debate

about its impact on labor markets, particularly how it reshapes the demand for skills

and tasks. Automation is often heralded as a driver of productivity and economic

growth, yet concerns persist about its potential to exacerbate inequality and disrupt

traditional labor dynamics. As �rms integrate increasingly sophisticated technologies,

the tasks performed by workers evolve, altering the skill sets required for employment.

Understanding these changes is critical for anticipating the broader implications of

automation for workers, �rms, and policymakers. In this paper, we investigate how

automation relates to changing demand for worker skills in Danish manufacturing

�rms, and how this manifests.

Leveraging an extensive dataset of job advertisements from Denmark's largest

online job platform, we extract detailed, multidimensional skill information across 15

categories, building on frameworks established by Deming (2017), Deming and Noray

(2020) and Colombo, Mercorio, and Mezzanzanica (2019). Further, we exploit register

data to identify signi�cant automation events at the �rm level, using lump-sum net

investments in machinery and methods inspired by Bessen, Goos, Salomons, and

Van den Berge (2023) and Humlum (2022).

This approach enables two key contributions: First, recognizing workers' skills as

a varied portfolio, rather than a spectrum of complexity, we are able to incorporate

the multidimensional character of worker skills into our study. Second, previous

literature has investigated how �rms change their demand for skills via changing the

occupational composition of their workers. 1 A far less explored channel for �rms to

acquire new skills is the within-occupation component of skill change. This consists

of acquiring skills by transforming the skills demanded from an occupation, rather

than hiring different occupations.

This channel has traditionally been dif�cult to investigate, as it requires data

beyond the occupational information on employees. However, as our job vacancies

contain skill requirements tailored to the individual vacancies, we are able to explore

what role this important channel plays in the relation between automation and skill

demand.

To achieve this, we employ a decomposition of skill demand changes into two

components: shifts in occupational structure and within-occupation transformations.

Our approach builds on methodologies from Autor, Levy, and Murnane (2003) and

Spitz-Oener (2006) but extends the analysis by focusing on �rm-level dynamics and

identifying actual automation events. In so doing, we provide a detailed picture of

1E.g., Domini, Grazzi, Moschella, and Treibich (2021)
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how automation in�uences skill demand within speci�c organizational contexts.

Using the identi�ed automation events in a difference-in-difference approach, we

further identify the effects of automation on skill demand, wages, employment and

other labor market outcomes.

Our �ndings reveal that automation reshapes skill demand in nuanced ways. We

observe that automation is a driver of worker polarization by increasing demand for

soft skills, such as cognitive and social skills from workers in higher-skilled occupa-

tions. Meanwhile, demand for hard skills, such as computer and administration skills,

decreases in low skilled occupations, implying the displacement of routine intensive

tasks. Notably, in decomposing the skill change, we �nd that most changes occur

within occupations rather than through shifts across occupations, emphasizing the

adaptive nature of task content of workers. We also observe signi�cant wage growth

for higher-skilled workers in automating �rms, alongside modest increases in retrain-

ing efforts, particularly for production and elementary occupations. These results

underscore the complex interplay between technological change, skill demand, and

labor market outcomes.

Literature Review. Our study builds on three key strands of the literature, offering

novel contributions to each. First, it relates to research that examines how technolo-

gies alter the task and skill content of work. Foundational studies, such as Autor

et al. (2003) and Spitz-Oener (2006), document how computerization complements

non-routine cognitive tasks while displacing routine ones. Similarly, Grossman and

Rossi-Hansberg (2008) and Acemoglu and Autor (2011) extend this framework to show

how technological advancements, including automation, reshape labor markets by

reallocating tasks across skill levels. More recent contributions, such as Acemoglu

and Restrepo (2018, 2020), highlight how automation technologies can drive task

displacement while creating opportunities for reinstatement. Our paper builds on

this literature by identifying �rm-level automation events and investigating their

effects on multidimensional skill demand, extending the analysis of the task-based

framework to shed light on �rm-level dynamics.

Second, our study connects to work examining the broader labor market implica-

tions of technology adoption. Studies such as Goos, Manning, and Salomons (2014)

and Beaudry, Green, and Sand (2016) document job polarization, showing how au-

tomation leads to employment growth at the high- and low-skill ends while eroding

middle-skill roles. Research focusing on the adoption of speci�c technologies, such

as industrial robots, further illustrates these dynamics. Graetz and Michaels (2018)

and Humlum (2022) demonstrate that robot adoption increases productivity and

employment in certain sectors but exacerbates polarization. Recent contributions,

such as Hirvonen, Stenhammar, and Tuhkuri (2022), Bessen et al. (2023), de Souza
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and Li (2023), and Bon�glioli, Crinò, Fadinger, and Gancia (2024), highlight �rm-level

heterogeneity in the adoption of automation and its labor market consequences.

Our paper complements this work by revealing how automation drives skill demand

changes within and across occupations, using job vacancy data to capture these

transformations directly. This approach allows us to disentangle whether observed

shifts are driven by occupational reallocation or by the transformation of existing

roles.

Third, our research contributes to the emerging literature on skill dynamics using

job vacancy data. Studies such as Deming and Kahn (2018) and Blair and Deming

(2020) document the growing importance of hybrid skills—those combining cognitive,

social, and technical elements—in response to technological advancements. Similarly,

Colombo et al. (2019) and Clemens, Kahn, and Meer (2021) use job postings to identify

skill requirements and show how these demands evolve over time. Acemoglu, Autor,

Hazell, and Restrepo (2022) explore the role of arti�cial intelligence in shaping skill

demand, emphasizing the complementarity between AI adoption and high-order

skills. While these studies focus on trends in skill demand, our analysis explicitly

links these changes to �rm-level automation events, providing evidence on how

technological adoption reshapes the skill composition of labor markets.

The remainder of the paper is organized as follows. Section 2.2 describes the data

sources and outlines the construction of key variables. Section 2.3 provides descrip-

tive evidence on how �rms adjust their skill demand in response to technology adop-

tion, decomposing these changes into between-occupation and within-occupation

components for speci�c skill categories. Section 2.4 details the empirical strategy

used to identify the effects of automation. Section 2.5 presents the main �ndings,

focusing on the impact of automation on skill demand and other labor market out-

comes, including wages and employment dynamics. Section 2.6 discusses the policy

implications of the observed results. Finally, Section 2.7 concludes.

2.2 Data

This paper uses balance sheet data on machinery investments as a source for automa-

tion information, combined with skill requirements extracted from job vacancy texts,

covering the period 2008–2021. An important consideration when using machinery

investments as the source for automation is that this approach restricts the sample to

manufacturing �rms. Machinery investments include more kinds of equipment than

the more focused data on imports of speci�c products. 2 With this in mind, we �rst

2However, data on machinery investments has the big advantage of being linked to the �nal user
of the equipment, whereas import data does not capture machinery that is produced domestically or
imported via integrating �rms.
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limit the sample to non-�nancial sectors with non-zero investments into machinery.

Next, we exclude sectors where the use of machinery likely refers to infrastructure

such as heating and pump systems, as this should not be considered automation.

Finally, we make a strict decision to limit the sample to the manufacturing sector,

although we run robustness checks on the eight other non-excluded sectors where

it is less clear what kind of equipment machinery refers to. 3 We further restrict the

sample of �rms to those with at least three employees. 4

This section details the methodology for identifying automation events, describes

the �rms undergoing automation, and validates the approach. Additionally, it de-

scribes the procedure used to extract skill requirements from job vacancy texts.

2.2.1 Automation Events

Recent literature has exploited �rms' tendency to adopt automation technologies

via short periods of signi�cant investments. This approach involves exploiting these

investment spikes to identify which �rms undergo automation, as well as the timing

of when it occurs (Bessen et al., 2023; Domini et al., 2021). To tailor the approach of

Bessen et al. (2023) to our data, we exploit investments into machinery, using balance

sheet data from FIRE (regnskabsstatistiken).

To ensure that automation events represent signi�cant changes in a �rm, as well

as to only consider new investments, rather than replacement of existing machinery,

we de�ne investments as net investments per workers, I f t .5

Aut f t Æ

8
>>>><

>>>>:

1, if I f t È
P n

i Æ1,i 6Æt I f i

n¡ 1 ¤ 4

and I f t È Cuto f f

0, otherwise

(2.1)

To identify signi�cant spikes in I f t , we establish the criteria outlined in Equation

2.1. A �rm-period is designated as containing an automation event if I f t is four

times the mean of the �rm's I (excluding I f t ).6 This ensures the event represents

a substantially larger investment than typical for the �rm. Since some �rms have

no investments in most periods, the above criterion alone might classify any small

investment as an automation event in these �rms. To prevent this, we introduce

an additional cutoff: I f t must be greater than the top quartile of depreciation of

3See Table 2.A.1 in the Appendix for a complete outline of which sectors are included and excluded.
4A detailed description of sample restrictions can be found in Section 2.A.3 in the Appendix.
5Net investments per worker, I f t Æ

Investments f t ¡ Di sposal f t
0.5(L f t ÅL f t ¡ 1) , is de�ned as investments minus dis-

posal (at purchase price), normalized by number of workers, L.
6As four is an arbitrary number, we run robustness checks on alternative values.
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machinery capital per worker. 7 We exclude �rms with multiple automation events to

ensure that each �rm has only one clear treatment time.

In order to make the control group a more pure sample of �rms with no ongoing

automation, i.e. �rms with minimal investment activity, we set up an additional crite-

rion. Recognizing that some investments are necessary to maintain a constant level

of depreciating capital, we allow investments up to the median depreciation of ma-

chinery capital. 8 Firms with no automation events, but with investments exceeding

this cutoff are excluded from the sample.

2.2.2 Automating Firms and Validation

As seen in Table 2.1, slightly less than half of manufacturing �rms have an automation

event. This number is comparable to the 29% found by Bessen et al. (2023), which

is based on survey data on investments into automation. Papers relying on import

data for identifying automation spikes typically �nd lower shares of automating

�rms. 9 This is likely attributed to import data not capturing investments provided by

integrators and domestic producers. The share of �rms is also higher than typically

found by papers studying industrial robots. 10 This is unsurprising, given our wider

de�nition of automation, which includes all machinery.

There are notable differences between �rms with automation events, and other

manufacturing �rms. Most notably, �rms with automation events are larger than

other �rms. This is unsurprising, as larger �rms would be more likely to have sig-

ni�cant investments. It does, however, highlight the importance of controlling for

�rm size when analyzing the impact of automation. Investments into automation is

present in all manufacturing sectors, though with varying prevalence. 11

To shed light on the importance and size of the automation events, Figure 2.1

illustrates the machinery stock relative to automation events, displaying a signi�cant

shock to the stock in year t . On average, an automation event represents a near

doubling in the capital of machinery.

7Calculated as
¢ Stockf t

0.5(L f t ÅL f t ¡ 1
¡ I f t , roughly equal to 57,000 DKK. Positive values of depreciation are

excluded as they represent either measurement errors or asset appreciation, neither of which should be
considered as depreciation.

8Roughly equal to 21,000 DKK.
9For example, Domini et al. (2021) identify automation events in 5-7% of �rms.

10E.g. 1.5% of manufacturing �rms in France (Bon�glioli et al., 2024), 11.1% of manufacturing plants in
the U.S (Brynjolfsson, Buf�ngton, Goldschlag, Li, Miranda, and Seamans, 2023), 1.1-12.3% (depending on
the sample) of �rms in Hungary(Békés, Bon�glioli, Crinò, and Gancia, 2025).

11See Table 2.A.2 in the Appendix.
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Table 2.1: Descriptives Automating �rms vs Others

Automating �rms Other manufacturing �rms
No. Firms 707 1,049
No. Firm-year obs 7,900 10,262

Avg. Employment 83.9 42.3
Avg. Revenues 112,800 50,568
Avg. Hourly wage 215.4 204.4
Avg. Yearly wage 342,789 313,283

Avg. no. vacancies 20.5 13.3
Avg. no. skills per vacancy 3.0 2.9

Notes: This table displays descriptive statistics of manufacturing �rms, split by �rms with and without automation events.

Figure 2.1: Machinery capital per worker

Notes:This �gure displays the stock of machinery per worker relative to the time to the automation event of automating
�rms.

Investments into machinery is a somewhat broad de�nition of automation. To

validate that we are capturing investments into automating technologies, we exploit

data on �rm imports of manufacturing equipment to see what type of machinery

the investments represent. Using the de�nitions of Acemoglu and Restrepo (2021),

we split �rm imports into production products with autonomous functions, and

other production products. Looking at the equipment imported around the year of

automation events in Figures 2.2 and 2.3, it is clear that the imports are dominated

by equipment with autonomous functions. This is reassuring, as it indicates that our

balance sheet data is indeed capturing investments into automation.
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Figure 2.2: Production product imports

Notes: This �gure displays the mean value of imports of production products, as
de�ned by Acemoglu and Restrepo (2021). The sample is limited to �rms with au-
tomation events, with at least some imports into either of the two product categories.

Figure 2.3: Production product imports

Notes: This �gure displays the ten most imported production products in years t ¡ 1 to t1 relative to the year of the
automation. The sample is limited to �rms with automation events and �rm-years with some imports of production
products.

2.2.3 Skill Demand

We utilize job vacancy data to infer �rms' skill demands. The job vacancies originate

from Jobindex which is one of the largest platforms for job vacancies in Denmark. 12

From the job vacancy texts, we extract information on skills and occupations. 13 Skill

requirements are categorized using the groups de�ned by Deming and Noray (2020).

To provide a clearer view of how automation affects speci�c skills, we merge certain

12In the period 2008-2021, there where 0.16 vacancies posted for every individual hired.
13Details on the extraction of occupations from job vacancy texts are provided in the appendix, Table

2.A.4.
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skill categories. This grouping ensures that the theme of the categories is maintained

and that each category is relevant to the manufacturing sector. Where applicable, we

do this by merging skills into the broader categories de�ned by Deming and Kahn

(2018), combining those representing similar types of skills. From this grouping, we

end up with 15 categories of relevant skills, the details of which are displayed in Table

2.2.

Table 2.2: Skill categories

Skill Notes Aggregated category

Cognitive Soft skill
Social Soft skill
Noncognitive Soft skill
Admin support Combination of administrative support and writing Hard skill (Low complex)
Customer support Hard skill (Low complex)
Project management Hard skill (High complex)
Management Soft skill
Finance Hard skill (High complex)
Computer Combination of computer, general software, and business systems Hard skill (Low complex)
Specialized software Combination of Specialized software and AI

+ added corpus of programming skills
Hard skill (High complex)

Data Combination of database, data analysis, business analysis
+ added corpus of all skills mentioning data not elsewhere classi�ed

Hard skill (High complex)

Engineer Hard skill (High complex)
Products Hard skill (High complex)
Creativity Soft skill
Tech support Hard skill (Low complex)

Notes: This table displays the �nal skill categories, and how they were constructed, using combinations of highly correlated
Deming and Noray (2020) skill categories.

Due to the limited variability of vacancy data, we also include some results where

we further group skills into two broad categories, soft skills and hard skills. Soft skills

are general purpose skills, generally not acquired via education. The remaining skills

are labeled as hard skills, which is further split by complexity, where high complexity is

de�ned as hard skills generally acquired via tertiary education. The main contribution

of this grouping is to capture joint signi�cance of changes to similar skills.

Our process for classifying skills from job vacancy texts begins with extracting key

phrases that describe skill requirements. This initial step, provided by a consulting

company, ensures that only relevant elements of the texts are used for classi�cation.

Since the skill corpus by Deming and Noray (2020) is developed for english-language

job vacancies, adapting it for Danish texts is necessary. To achieve this adaptation

without relying exclusively on translations, which may not fully capture the exact

phrases used by Danish recruiters, we utilize a multilingual BERT model. This model

allows us to input Danish key phrases and determine their similarity to the skill

categories. Similarity is assessed for each category using the cosine similarity of the

�ve words with the highest cosine similarity to the phrase. Each phrase is assigned to

the category with the highest similarity score, provided it exceeds a lower bound cutoff
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to �lter out phrases that do not �t in any of the 15 categories. The most frequently

matched phrases in each skill category are manually reviewed.

Figure 2.4: Skill content of job vacanices of manufacturing �rms

Notes: This �gure displays the share of vacancies requiring each of the skill
categories in the period 2008-2021.

If a phrase is deemed appropriate, it is incorporated into the relevant skill corpus.

Some phrases may be erroneously matched, often due to their semantic proxim-

ity to a category but without representing actual skill requirements (e.g., the word

`colleagues' being similar to the social skills corpus). These phrases are added to a

separate exclusion corpus to prevent similar misclassi�cations in future iterations.

Through multiple iterations, the model re�nes a representative corpus of skill-related

phrases. This corpus is then used to classify job vacancies containing these phrases

as requiring the corresponding skills. This method is not applied to skill categories

representing software, as software names do not require translation or adaptation,

while also being handled poorly by the language model in question. The resulting

shares of skill requirements are displayed in �gure 2.4.

2.3 Decomposition of Skill Demand

We start by showing descriptive evidence of how �rms change their skill demand

in relation to automation adoption. We decompose the changes in speci�c skills

extracted from job vacancy postings into a between-occupation component, a within-
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occupation component and an interaction term. 14 We pool all the vacancies posted

by �rms in the initial period t0 and �nal period t1. The time periods consist of three-

year long pools before and after the year of the automation event, t . For �rms without

automation events, a randomly assigned year is used in place of t . As we are primarily

interested in changes at the intensive margin, we limit the sample to �rms with at

least one job vacancy posted in both periods. 15

We thus implement the following decomposition:

¢ Sj Æ
X

o
¢ woSj ot 0

| {z }
Between-Occupation Change

Å
X

o
¢ Sj o wot0

| {z }
Within-Occupation Change

Å
X

o
¢ Sj o ¢ wo

| {z }
Interaction

(2.2)

where Sj ot 0 is the share of skill j in occupation o16 in period t0, while wot0 is the

weight of occupation o in t0, i.e. the share of vacancies posted in the given occupation.

The �rst component can be interpreted as the change in skill demand due to a

change in the composition of occupations demanded by employers, while holding

skill requirement within each occupation �xed at the baseline period. This com-

ponent captures the importance of the adjustment in the demand for skills due to

the change in demand for occupations with differential baseline skill requirements,

assuming that the skills required to perform them remain as at baseline. The second

term represents the variation of skill demand that is due to the change in skill shares

within each occupation, keeping the occupational composition �xed at the baseline

period. This component is meant to capture the extent to which skill requirements

change over time for the same occupation. The last component measures the part

of the variation in total skill demand due to the interaction between changes in the

composition of occupations and changes in the skills demanded for a given occu-

pation. For example, a positive sign of the interaction term for the total variation in

skill j would suggest that, on average, changes in the skill share of j for occupation o

move in the same direction as changes in the demand for occupation o.

Figure 2.1 depicts the results of the decomposition in equation (2.2). There is a

stark difference between automating �rms and the rest of manufacturing �rms. The

�rst group of companies increases the demand for some skills like social, computer

skills, customer support, cognitive and noncognitive skills, while a similar increase is

not observed in non-automating �rms. The second interesting pattern from �gure

2.1 is that the largest part of the increase in demand for such skills is due to the

14This decomposition approach has been used in various previous literature, e.g., Battisti, Dustmann,
and Schönberg (2023), Petrova, Schubert, Taska, and Yildirim (2024).

15Further information on sample, timing, and occupational groups are described and motivated in
section 2.4.

16Occupation de�ned as 2-digit ISCO.
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