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Motivation

Al is diffusing fast
m 41% of Danish firms use Al — highest in the EU, double the average
m Previous waves of automation hit routine tasks

m Al may instead reshape cognitive, knowledge-intensive work

m For example, Al analysis of COVID lung images
m Rapid adoption since ChatGPT launch (Nov 2022)

This paper
m What happens to employment and wages at the firms that adopt?

m Linked firm-level Al adoption survey + admin employer-employee data
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Firm-level Survey: What is Al used for?
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Related literature

Measuring Al exposure / adoption
B Eloundou, Manning, Mishkin, and Rock, 2023, Felten, Raj, and Seamans, 2023, Webb, 2020

Empirical labour-market effects
m Time-series variation: Acemoglu, 2024, Massenkoff and McCrory, 2026

m Cross-sectional & micro variation: Brynjolfsson, Chandar, and Chen, 2025, Klein Teeselink and
Carey, 2026, Frank et al., 2026, Acemoglu, Autor, Hazell, and Restrepo, 2022, Humlum and
Vestergaard, 2025, Noy and Zhang, 2023, Brynjolfsson, Li, and Raymond, 2025

m Firm-level adoption: Yotzov et al., 2026, Nguyen and Hambur, 2023, Calvino, Costa, and Haerle,
2026, Aldasoro et al., 2026, Liu and Webber, 2026
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Data & sample

Three linked sources
m Statistics Denmark IT Usage Survey: firm-level Al adoption indicators
m 2023, 2024, 2025 waves

m BFL register: monthly firm-level employment, hires, separations, wages from
administrative records

m Firm-level data: Balance sheet and background information on firms
m Only available until 2024

Sample
m ~4,000 surveyed firms
m monthly panel of employment data 2018-2025: ~800,000 workers covered

m Comparison: 2023 adopters vs never-adopters
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Matched sample descriptives

Universe ~ Matched Sample

Panel A: Firm Characteristics

Number of employees 49.93 59.48
Log labor productivity 13.39 13.45
Investment rate 6.73 7.80
Firm age (years) 20.12 21.71
Export share 0.12 0.18
Exporter (indicator) 0.35 0.54
Number of firms 45,445 4,468
Panel B: Worker Characteristics

Age 41.32 39.65
Log hourly wage 5.44 5.48
Full-time (share) 0.82 0.82
Female (share) 0.50 0.36
Non-Danish origin (share) 0.13 0.16
Basic education (share) 0.14 0.18
Upper secondary education (share) 0.11 0.13
Short higher education (share) 0.26 0.18
Long higher education (share) 0.15 0.12
Number of workers 2,383,645 746,802

Universe: firms with >10 employees. Matched sample: survey firms linked to registers.
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Adoption aligns with Al-exposed occupations

Exposure to Firm-level Al adoption
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Theoretical Al Exposure (Felten, Raj, Seamans 2023)

m Adopters over-employ Al-exposed occupations
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Empirical Challenges

The challenge

m Al rolls out as an aggregate, time-varying shock: most firms hit at the same
moment = time-series alone conflates Al with macro developments

m Industries differ enormously in Al adoption (and likely in concurrent
shocks) . CEIEED

m Cross-industry comparison risks attributing industry-specific dynamics to Al

m Within an industry, adopters are still not random: larger, more productive, more
skill-intensive, possibly on different prior trajectoriesCIEEEED

Our combination
m Exploit within-industry variation: compare adopters to non-adopters within
industry and size cells
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Employment growth for both adopters and Non-Adopters.
But do adopters grow less?
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Specification

Descriptive event study on residualised outcome:

Yee = Gind(r) + Osize(r) T e+ > Br-Alp-1[t =7]+ep,
T#2023m1

)’;f#t: outcome residualised against firm x calendar-month FE and a firm-specific pre-2023
linear trend

Al¢: first-time 2023 adopter (binary) - status as per Jan. 2024
Sind(f) Osize(f), #¢: 0d industry, size, and time FE

Population-representative survey weights
Reference period: January 2023; SE clustered at firm

Outcomes: log full-time-equivalent employment, hourly wages, log quarterly
hires/separations
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Main result: employment falls ~8%, wages flat
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m Pre-2023 coefficients centred on zero = parallel trends after controls
m Adopters’ employment falls ~8% below pre-trend over two years; null on firm-average wage

m Wage null is partly a property of the design: cross-firm-within-industry comparison can't pick up
occupation-level wage reallocation in a competitive labour market

» Robustness: alternative weightings
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Where the decline falls: under-30s, highly educated,
Al-substitutable jobs

Coeffciont
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By age By education By Al substitutability

Concentrated on workers below age 30; on the highly educated; on highly augmentation exposed
occupations
Adjustment operates through reduced hiring, not separations

» Robustness: alternative weightings
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What is happening to industry-level employment?
From the micro effect to the aggregate: a shift-share exposure design

m Aggregate firm residualised and detrended employment to detrended industry
employment & ; = > .. wr &

m Industry Al exposure s;: measure each industry's baseline Al exposure s; as the
fraction of its January-2023 employment at future (2023) adopters.:

~_ employment at 2023 adopters in industry i

1

. . : (1)
total industry i employment 2023mi

m Regress detrended industry employment on s;x event-time with industry and
month fixed effects, weighted by industry employment, and standard errors
clustered at the industry level.:

&+ =+ i+ Z ’YTS,"].[t:T]—I—E,'7t
T#2023m1
~r: industry deviation from pre-trend per unit of exposure
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Industry-level aggregation: Al-exposed versus Non-exposed
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m Always-adopters drive industry results
m Positive employment development for never-adopters
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Aggregate young-worker outcomes
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m Full-population administrative paths from the BFL register, indexed to 2023m1= 100
m Consistent with the AKU picture: no clear aggregate divergence post-2023
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Conclusion

Main findings
m Al adopters’ employment falls ~8% over two years; firm-average wages flat

m Particularly among under-30s, the highly educated, and highly
augmentation-exposed jobs

m Operating through reduced hiring
m No visible aggregate effects

m Apparently diffusion slow enough relative to baseline churn that workers are simply
employed elsewhere

m Relative employment growth of non-Al industries

m No clear divergence in aggregate young-worker outcomes so far

Ongoing work

m Studying aggregate effects in a macroeconomic model
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Al

exposure differs across industries (2024)
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Within industries: larger, more productive, more
adopt

00 Share%%a% use Al

s 3 5 [ v = v = v = s B
S 2 2 H 5 5 3 5 =} H 5 o H 5 =3 = £
> 2 3 g ¢ 8 3 2 3 £ g =
JOR L 2 2 g
o S 0 o +
5 voa 4
g 0 ~ P . .
€ Size Age Productivity Profit ratio Debt ratio Exporter

m Size, productivity, and educational composition all predict adoption
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Robustness — main result by weighting scheme

Main result uses survey weights. The employment decline and wage null are robust
to:

m Survey weights — population-representative firm weights (baseline, main slide)
m Employment weights — firms weighted by FTE employment

m Synthetic-control (entropy-balanced) weights — non-adopters reweighted to match
adopters’ pre-2023 size, wage bill, hours, and average hourly wage (Hainmueller, 2012)

» Back to main result
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Weighting robustness: survey weights, baseline
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Population-representative survey weights — shown on the main result slide
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Weighting robustness: employment weights

2025

=15
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Employment Hourly wage
Firms weighted by FTE employment — larger firms carry more weight; same qualitative pattern
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Weighting robustness: synthetic-control (entropy-balanced)
weights

10
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m Non-adopters entropy-balanced to adopters’ pre-2023 size, wage bill, hours, and average hourly wage
(Hainmueller, 2012) — larger (~14%) but same qualitative pattern
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Robustness — where the decline falls, by weighting scheme

The age / education / occupation heterogeneity is robust to the weighting scheme:
m Survey weights — population-representative firm weights (shown on main heterogeneity
slide)
m Employment weights — firms weighted by FTE employment

m Synthetic-control (entropy-balanced) weights — non-adopters reweighted to match
adopters’ pre-2023 characteristics (Hainmueller, 2012)

» Back to heterogeneity
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Heterogeneity robustness: survey weights, baseline
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m Population-representative survey weights — shown on the main heterogeneity slide
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Heterogeneity robustness: synthetic-control (entropy-balanced)
weights
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m Non-adopters entropy-balanced to adopters’ pre-2023 characteristics (Hainmueller, 2012) — same
qualitative pattern
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Heterogeneity robustness: employment weights
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m Firms weighted by FTE employment — larger firms carry more weight;
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same qualitative pattern
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