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Motivation

Automation hits subgroups differently, and the sign depends on the data: aggregated indices find more negative,
individual and experimental data more positive employment effects. Acemoglu & Restrepo (2020); Brynjolfsson, Li & Raymond (2025)

Dauth et al. (2021) vs. Ghodsi et al. (2025); Noy & Zhang (2023)

Wage and income inequality: mixed results, some regularities
• technology goes with a declining labour share

Karabarbounis & Neiman (2014); Minniti, Prettner & Venturini (2025); Prettner & Strulik (2020)

• robots: reducing the middle, skill premium ↑
Barth et al. (2026); Lankisch, Prettner & Prskawetz (2019); Bloom et al. (2025)

• AI: high-skill automation, skill premium ↓, more dispersion at the top
Webb (2020); Bloom et al. (2025); Jaccoud (2025)

• high-wage countries are more exposed
Gmyrek et al. (2023); Ribeiro & Prettner (2025)

Question: how much of this comes from the exposure measure itself?
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What is an exposure measure?

How much of the work in a unit u a technology can take over or complement, weighted
by the time spent on each task.

• u = occupation: tasks and weights of a job title, identical for all workers
• u = worker: tasks and weights of the actual job, varies within occupations

Technology
robots, software, AI

Direction
automation: takes over tasks
augmentation: new or faster tasks
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How exposure is measured in the literature

Approach Variant Examples Within occ.

Aggregated
cells

• expert assessments Frey & Osborne (2017); Brynjolfsson et al. (2018);
Felten et al. (2021)

none

• shift-share of deployed capital Acemoglu & Restrepo (2020); Dauth et al. (2021)
• deployed tools by occupation Handa et al. (2025)
• patent- and LLM-based scores Webb (2020); Eloundou et al. (2024); Oleš & Lábaj

(2026)

Microdata • ICT and tool-use surveys Nedelkoska & Quintini (2018); Ghodsi et al. (2025);
ESJS (this paper)

full

• administrative adoption data Genz et al. (2019)

Experiments • randomised access to a tool Noy & Zhang (2023); Brynjolfsson, Li & Raymond
(2025)

exogenous

Simulations • automation growth models Lankisch, Prettner & Prskawetz (2019); Prettner &
Strulik (2020)

n.a.

• calibrated simulations Acemoglu & Restrepo (2022); Bloom et al. (2025);
Ribeiro & Prettner (2025)
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The measurement-dependence hypothesis

Aggregated, externally assigned
• capture technological potential, not

what a worker does
• no within-occupation variation by

construction
• ignore the worker’s scope for adaptation

→ tend towards negative effects

Close to the individual job
• capture genuine adaptation and

re-skilling
• but also selection and self-assessment

→ tend towards zero or positive effects
(software and AI, not robots)

Research Questions
How does exposure to automation and augmentation relate to the wage distribution in Europe?
And does the answer depend on the exposure measure?
Internal test: same sample, same workers, same controls, same outcome; only the exposure measure varies.
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Two ways to measure exposure

Worker-level job-task indices (JT)
• Cedefop ESJS 2021: 24 EU countries,

37,849 employees
• unit: worker, tasks actually performed
• varies within occupations
• items: task requirements, tool use,

realised task change (last 12 months)
• polychoric PCA, task frequency as time

weight; first component = index rules

Patent-based indices (PB)
• Google Patents (31 million, 1960–2015),

ISCO-08 task descriptions
• unit: ISCO-3 occupation
• constant within occupations
• patent text similarity to ISCO task

descriptions (Oleš & Lábaj, 2026)

• PatentSBERTa: A Deep NLP based
Hybrid Model for Patent Distance and
Classification pairing patents

both: robots, software, AI × automation, augmentation
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What enters each JT index

Robots
Automation (RAut)

• works with robots, CNC, PLC
• repetitive, physical or hazardous

work
• dexterity in routine tasks
• task lost to new machinery

Augmentation (RAug)
• programs, sets up, repairs

machines
• 3D printing, specialised

equipment
• varied tasks; dexterity in

non-routine work
• new or faster tasks with

machinery

Software
Automation (SAut)

• runs rule-based tools: text,
spreadsheets, ERP

• basic arithmetic, document
reading

• task lost to new software

Augmentation (SAug)
• extends tools: macros, databases
• develops or maintains IT systems
• creates new methods and

products
• new or faster tasks with software

Artificial intelligence
Automation (AIAut) after Webb (2020)

• stable, learnable data pattern
• measurable, evaluable output
• bounded digital action space
• task lost to AI (AI users)

Augmentation (AIAug)
• uses AI and programming
• retrieves, interprets information,

generates ideas
• learning intensity
• new or faster tasks with AI

Same item, opposite sign: dexterity on an assembly line is substitutable, dexterity in robot-assisted surgery is complemented.
Task variability decides, not the occupation title.

Austrian Labor Economics Workshop 2026 · Katarina Valkova 7 / 28



Validation against patent-based exposure

Automation Augmentation

Job-task-based (JT) indices collapsed to weighted ISCO-3 means (n = 127) vs. patent-based (PB) indices of Oleš & Lábaj
(2026); both z-standardised at the cell level.
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Predictive validity: which measure anticipates changes in skill demand?

Skill type Job-task indices (JT) Patent-based indices (PB)

Digital ↑ RAug 5 · AIAug 5 · SAug 4 –
Analytical ↑ SAug 6m · AIAug 6m · AIAut 5m · RAug 4 ↑ robots aut. 6m · software aut. 5 · AI aut. 4
Social – ↑ robots aut. 5m
People mgmt ↑ RAug 4 –
Language ↓ SAut 6m –
Manual – ↓ software aut. 5 · AI aut. 5 · robots aut. 4 ·

AI aug. 4
Interpersonal ↓ SAug, AIAut, AIAug 5 (not in skill mix: shorter

ads)
↓ robots aut. 4m · AI aut. 4m

Augmentation net of automation: JT predicts rising digital
(+0.63 to +0.85 pp) and analytical (+0.45 to +0.80 pp)
requirements per SD; PB ≈ 0.

Core vs. periphery: JT stronger in CEE and the South
(AIAug → digital 1.62 vs. 0.72 pp); PB works mainly in the
core.

Change in the share of online job ads (Eurostat WIH) requiring each ESCO skill type, 2020–22 to 2023–25; 3,002 country × ISCO-3 cells, EU-27; country FE, pre-period share,
weights = pre-period ads, SE clustered at ISCO-3. Number = specifications (of 6) with p < 0.05 and the same sign; m = also holds for the skill mix (not driven by ad length).
↑ / ↓ relative to other occupations in the same country.
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Methods

• Unconditional quantile regressions (RIF) on the within-country distribution of log
hourly wages: quantiles, p90–p10, p90–p50, p50–p10, Gini (Firpo et al., 2009)

• automation and augmentation of a technology in one model; pre-determined controls; SE
clustered at ISCO-3

• between vs. within occupations: index split into country × ISCO-3 mean and deviation
(Mundlak, 1978)

• checks: distribution regression (DR) (Chernozhukov et al., 2013), static indices, monthly wage,
CAWI only, Oster δ (Oster, 2019), bootstrap SE, wage non-response, and asses the wage
non-response

24 EU countries; multiply imputed wages (N = 35,257), complete cases (N = 27,791).
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AI automation: the two measures point in opposite directions

−0.10 −0.05 0.00 0.05 0.10 0.15
Effect of +1 SD on p90-p10 of log hourly wage (within country), 95% CI

Robots: automation

Software: automation

AI: automation

Robots: augmentation

Software: augmentation

AI: augmentation

Effect of +1 SD of each index on p90-p10, multiply imputed wages. • Job-task • Patent-based.
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Main specification: p90-p10 and Gini

p90-p10 Gini

JT PB JT PB

Robots: automation −0.024∗∗ −0.061∗∗∗ −0.004 −0.011∗

Software: automation −0.051∗∗∗ −0.077∗∗∗ −0.019∗∗∗ −0.014∗∗

AI: automation 0.107∗∗∗ −0.084∗∗∗ 0.021∗∗∗ −0.016∗∗

Robots: augmentation 0.028∗∗ −0.003 0.010 0.000
Software: augmentation 0.085∗∗∗ 0.027∗∗ 0.022∗∗∗ 0.005
AI: augmentation −0.011 0.011 −0.000 −0.000

Coefficient per 1 SD, multiply imputed wages, RIF within country. Gini on wage levels. * p<0.10, ** p<0.05,
*** p<0.01.
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Where in the distribution
Robots: automation
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• AI automation, software
augmentation: JT effects
rise along the distribution,
PB effects fall or stay flat

• Robots and software
automation: PB effects
fall towards the top; JT
flat (robots) or falling
(software)

• Distribution regression:
same sign, about half the
RIF size for AI

Effect of +1 SD on log hourly wage at quantiles 5 to 95, complete cases.
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AI works within occupations, robots between them

−0.2 −0.1 0.0 0.1 0.2 0.3
Effect of +1 SD on p90-p10 (log points), 95% CI

Robots: automation

Software: automation

AI: automation

Robots: augmentation

Software: augmentation

AI: augmentation

JT index split into its country × ISCO-3 mean and the deviation from it, both in one RIF regression (Mundlak,
1978); complete cases. • between (JT) • within (JT) • PB.
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Regions

−0.15 −0.10 −0.05 0.00 0.05 0.10 0.15
Effect of +1 SD on p90-p10 (log points), 95% CI

Robots: automation (JT)

Robots: automation (PB)

AI: automation (JT)

AI: automation (PB)

Software: augmentation (JT)

Software: augmentation (PB)

Each index alone, slope by region, complete cases. • Core • CEE • South.
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Takeaways: exposure and wage inequality

• The measure decides the AI result. Worker-level AI automation exposure widens
p90-p10 (0.107), patent-based exposure narrows it (−0.084). Joint test of equal effects:
χ2(6) = 85, p < 0.001; opposite signs in 100% of bootstrap draws

• Not only aggregation. The AI gap of 0.21 splits into 0.09 from within-occupation
variation and 0.12 from what the indices measure: even averaged to the occupation, JT
and PB differ

• Where the measures agree: robot and software automation compress wage gaps under
both; software augmentation widens them (JT)

• AI works inside occupations. Among comparable workers in the same country × ISCO-3
cell, AI automation raises q90−q10 by 0.085; patent-based effects vanish once major
occupation groups are absorbed, so they reflect composition between occupations
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Takeaways: regions and education

• Core vs. periphery. The JT/PB divergence for AI holds in every region and is largest in
the South and CEE. Robot automation compresses wages only on the periphery

• Education. Tertiary-educated workers drive the country-level effect. Within education
groups, AI automation spreads wages most among the low-educated

Conclusion. Exposure to AI automation raises wage inequality, mostly between workers in the
same occupation. Occupation-level measures cannot see this and reverse the sign.
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Thank you for your attention

Katarína Vaľková

katarina.valkova@euba.sk

mailto:katarina.valkova@euba.sk
https://sites.google.com/view/katarina-valkova


References I
Acemoglu, D., Lelarge, C., and Restrepo, P. (2020). Competing with robots: Firm-level evidence from France. AEA Papers and Proceedings, 110:383–388.

Acemoglu, D. and Restrepo, P. (2020). Robots and jobs: Evidence from US labor markets. Journal of Political Economy, 128(6):2188–2244.

Acemoglu, D. and Restrepo, P. (2022). Tasks, automation, and the rise in US wage inequality. Econometrica, 90(5):1973–2016.

Albanesi, S., Dias da Silva, A., Jimeno, J. F., Lamo, A., and Wabitsch, A. (2025). New technologies and jobs in Europe. Economic Policy, 40(121):71–139.

Babina, T., Fedyk, A., He, A., and Hodson, J. (2024). Artificial intelligence, firm growth, and product innovation. Journal of Financial Economics, 151:103745.

Barth, E., Røed, M., Schøne, P., and Umblijs, J. (2026). Winners and losers when firms robotize: Wage effects across occupations and education. Scandinavian Journal of
Economics, 128(1):3–32.

Bekamiri, H., Hain, D. S., and Jurowetzki, R. (2021). PatentSBERTa: A deep NLP based hybrid model for patent distance and classification using augmented SBERT. arXiv
preprint 2103.11933, arXiv.

Bessen, J., Goos, M., Salomons, A., and van den Berge, W. (2025). What happens to workers at firms that automate? Review of Economics and Statistics, 107(1):125–141.

Bloom, D. E., Prettner, K., Saadaoui, J., and Veruete, M. (2025). Artificial intelligence and the skill premium. Finance Research Letters, 81:107401.

Brynjolfsson, E., Chandar, B., and Chen, R. (2025a). Canaries in the coal mine? Six facts about the recent employment effects of artificial intelligence. Working paper,
Stanford Digital Economy Lab.

Brynjolfsson, E., Li, D., and Raymond, L. (2025b). Generative AI at work. Quarterly Journal of Economics, 140(2):889–942.

Brynjolfsson, E., Mitchell, T., and Rock, D. (2018). What can machines learn, and what does it mean for occupations and the economy? AEA Papers and Proceedings,
108:43–47.

Chernozhukov, V., Fernández-Val, I., and Melly, B. (2013). Inference on counterfactual distributions. Econometrica, 81(6):2205–2268.

Chiacchio, F., Petropoulos, G., and Pichler, D. (2018). The impact of industrial robots on EU employment and wages: A local labour market approach. Working Paper
2018/02, Bruegel, Brussels.

Dauth, W., Findeisen, S., Suedekum, J., and Woessner, N. (2021). The adjustment of labor markets to robots. Journal of the European Economic Association,
19(6):3104–3153.

Doorley, K., Gromadzki, J., Lewandowski, P., Tuda, D., and Van Kerm, P. (2023). Automation and income inequality in Europe. IZA Discussion Paper 16499, IZA.

Austrian Labor Economics Workshop 2026 · Katarina Valkova 19 / 28



References II
Eloundou, T., Manning, S., Mishkin, P., and Rock, D. (2024). GPTs are GPTs: Labor market impact potential of LLMs. Science, 384(6702):1306–1308.

Felten, E., Raj, M., and Seamans, R. (2021). Occupational, industry, and geographic exposure to artificial intelligence: A novel dataset and its potential uses. Strategic
Management Journal, 42(12):2195–2217.

Firpo, S., Fortin, N. M., and Lemieux, T. (2009). Unconditional quantile regressions. Econometrica, 77(3):953–973.

Frey, C. B. and Osborne, M. A. (2017). The future of employment: How susceptible are jobs to computerisation? Technological Forecasting and Social Change, 114:254–280.

Genz, S., Gregory, T., Janser, M., Lehmer, F., and Matthes, B. (2021). How do workers adjust when firms adopt new technologies? IZA Discussion Paper 14626, IZA.

Genz, S., Janser, M., and Lehmer, F. (2019). The impact of investments in new digital technologies on wages: Worker-level evidence from Germany. Jahrbücher für
Nationalökonomie und Statistik, 239(3):483–521.

Genz, S. and Schnabel, C. (2021). Digging into the digital divide: Workers’ exposure to digitalization and its consequences for individual employment. IZA Discussion Paper
14649, IZA.

Ghodsi, M., Leitner, S. M., and Tverdostup, M. (2025). Migration vs. automation as an answer to labour shortages: Firm-level analysis for Austria. wiiw Working Paper 262,
The Vienna Institute for International Economic Studies (wiiw), Vienna.

Gmyrek, P., Berg, J., and Bescond, D. (2023). Generative AI and jobs: A global analysis of potential effects on job quantity and quality. ILO Working Paper 96, International
Labour Organization, Geneva.

Grossman, G. M. and Oberfield, E. (2022). The elusive explanation for the declining labor share. Annual Review of Economics, 14:93–124.

Handa, K., Tamkin, A., McCain, M., Huang, S., Durmus, E., Heck, S., Mueller, J., Hong, J., Ritchie, S., Belonax, T., Troy, K. K., Amodei, D., Kaplan, J., Clark, J., and Ganguli,
D. (2025). Which economic tasks are performed with AI? evidence from millions of Claude conversations. Anthropic economic index report, Anthropic. arXiv:2503.04761.

Humlum, A. and Vestergaard, E. (2025). Still waters, rapid currents: Early labor market transformation under generative AI. NBER Working Paper 33777, National Bureau of
Economic Research.

Jaccoud, F. (2025). Robots & AI exposure and wage inequality: A within occupation approach. Eurasian Business Review, 15(4):1035–1090.

Karabarbounis, L. and Neiman, B. (2014). The global decline of the labor share. Quarterly Journal of Economics, 129(1):61–103.

Lankisch, C., Prettner, K., and Prskawetz, A. (2019). How can robots affect wage inequality? Economic Modelling, 81:161–169.

Austrian Labor Economics Workshop 2026 · Katarina Valkova 20 / 28



References III

Michaels, G., Natraj, A., and Van Reenen, J. (2014). Has ICT polarized skill demand? evidence from eleven countries over twenty-five years. Review of Economics and
Statistics, 96(1):60–77.

Minniti, A., Prettner, K., and Venturini, F. (2025). AI innovation and the labor share in European regions. European Economic Review, 177:105043.

Mundlak, Y. (1978). On the pooling of time series and cross section data. Econometrica, 46(1):69–85.

Nedelkoska, L. and Quintini, G. (2018). Automation, skills use and training. OECD Social, Employment and Migration Working Papers 202, OECD Publishing, Paris.

Noy, S. and Zhang, W. (2023). Experimental evidence on the productivity effects of generative artificial intelligence. Science, 381(6654):187–192.

Oleš, T. and Lábaj, M. (2026). Impact of automation and augmentation technologies on employment in Europe. Working paper, Bratislava University of Economics and
Business.

Oster, E. (2019). Unobservable selection and coefficient stability: Theory and evidence. Journal of Business & Economic Statistics, 37(2):187–204.

Prettner, K. and Strulik, H. (2020). Innovation, automation, and inequality: Policy challenges in the race against the machine. Journal of Monetary Economics, 116:249–265.

Ribeiro, M. J. and Prettner, K. (2025). The skill premium across countries in the era of industrial robots and generative AI. Department of Economics Working Paper 381, WU
Vienna University of Economics and Business, Vienna.

Schulz, F., Valizade, D., Stuart, M., Soffia, M., and Skordis, J. (2026). Artificial intelligence technologies and employee pay in the United Kingdom: Evidence from matched
employer–employee data. British Journal of Industrial Relations, 64(1):116–129.

Stehrer, R. (2024). Neue Technologien und Löhne: Erste Analysen basierend auf österreichischen Mikrodaten. wiiw Research Report in German language 27, The Vienna
Institute for International Economic Studies (wiiw), Vienna.

Webb, M. (2020). The impact of artificial intelligence on the labor market. Working paper, Stanford University. SSRN 3482150.

Austrian Labor Economics Workshop 2026 · Katarina Valkova 21 / 28



Appendix: Patent similarity to occupations
a Three kinds of text, one encoder

LABOR INPUTS

what the worker does
(427 four-digit ISCO-08 occupations)

“a machine that automatically
performs this work, replacing
the human worker:”

Setting up and operating batteries
of automatic knitting machines. . . ,
threading yarn through guides. . .

automation queries

THE PATENT

US-4364002-A (1982)
Control of operation of loom

“A method and an apparatus for
controlling operation of a loom . . . ”

title + abstract, one of 31.3 million

LABOR OUTPUTS

what the job delivers (84,640
ISCO-08 microtitle × industry)

“a new product, device, or
technology produced or used
by a worker in:”

Manufacturing,
Loom operator

augmentation queriesPatentSBERTa — sentence encoder
self-attention

query vectors (768-d) query vectors (768-d)

patent vector (768-d)

b Score every patent–text pair; one global cut keeps the top 15% of all pairs, so matches per patent vary

automation

pooled over
all pairs

1/30
4/30
7/30

matches

global cut augmentation

2/30
4/30
8/30

c Every patent × every text: matches accumulate into the two exposures

all 427 ISCO-08 task texts all 84,640 microtitle × industry texts

···
one row =
one patent

similarity (darker = closer) match (top 15%)

column sums = matches per three-digit ISCO-08 occupation column sums = matches per ISCO-08 occupation × industry cell

AutX o = asinh(Σ matches) AugX o,i = asinh(Σ matches)

Each patent is centered on its own median (dotted 0); a single global cut (dashed) keeps the top 15% of all pooled pairs.
Below each curve are three real patents (rows of panel c, 30 sampled queries each) facing that same cut:

colored dots are their matches, and the counts differ from patent to patent.
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Appendix: item retention and index diagnostics
Retention rules

1. all items point in the theoretically expected
direction

2. strong correlation within the block, but no
collinearity

3. first eigenvalue dominates; PC1 explains > 30 %
of variance

4. internal consistency: Cronbach’s α > 0.60

5. face validity: RAut highest for welders, plant
operators, assemblers; SAut for clerical and
managerial work; AI indices peak in ICT

6. convergence with perceived displacement risk (r =
0.18–0.30) and future skill needs (0.22–0.31) (not
an input)

Diagnostics

Items PC1 % e1/e2 α

RAut 10 54.2 3.24 0.69
RAug 9 65.8 4.45 0.71
SAut 6 58.6 4.37 0.69
SAug 8 51.5 3.48 0.73
AIAut 14 38.6 3.68 0.73
AIAug 10 50.6 3.07 0.78

Polychoric PCA, country panel weights.

back
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Robustness: p90-p10

Main Static Equal Monthly CAWI Oster SE ratio
indices weights wage only δ bootstrap

AI: automation (JT) 0.112
∗∗∗

0.105
∗∗∗

0.106
∗∗∗

0.155
∗∗∗

0.114
∗∗∗

8.3 1.03
AI: automation (PB) −0.086

∗∗∗
– −0.090

∗∗∗
−0.113

∗∗∗
−0.096

∗∗∗
17.9 1.09

Software: automation (JT) −0.061
∗∗∗

−0.067
∗∗∗

−0.060
∗∗∗

−0.041
∗∗

−0.058
∗∗∗

−2.4 1.20
Software: automation (PB) −0.075

∗∗∗
– −0.077

∗∗∗
−0.082

∗∗
−0.088

∗∗∗
28.9 1.15

Software: augmentation (JT) 0.097
∗∗∗

0.108
∗∗∗

0.098
∗∗∗

0.099
∗∗∗

0.096
∗∗∗

−30.2 1.10
Robots: automation (JT) −0.024

∗
−0.024

∗∗
−0.017 −0.066

∗∗∗
−0.025

∗
1.1 1.01

Robots: automation (PB) −0.061
∗∗∗

– −0.070
∗∗∗

−0.101
∗∗∗

−0.070
∗∗∗

13.0 1.08

Complete cases. Static: indices without realised task-change items. Oster δ (Oster, 2019), Rmax = 1.3R2:
|δ| > 1 means unobservables would have to matter more than observables; negative: controls strengthen the
effect. SE ratio: bootstrap (ISCO-3 clusters) over analytic.
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Appendix: adding controls, worker-level job-task indices (JT)

(1) (2) (3) (4) (5) (6)

Robots: automation −0.046∗∗∗ −0.047∗∗∗ −0.020 −0.020 −0.017 −0.002
(0.015) (0.015) (0.013) (0.013) (0.013) (0.013)

Software: automation −0.029∗ −0.028∗ −0.061∗∗∗ −0.056∗∗∗ −0.054∗∗∗ −0.049∗∗∗

(0.015) (0.016) (0.014) (0.014) (0.014) (0.014)
AI: automation 0.123∗∗∗ 0.122∗∗∗ 0.103∗∗∗ 0.113∗∗∗ 0.113∗∗∗ 0.114∗∗∗

(0.020) (0.020) (0.018) (0.017) (0.015) (0.016)

Robots: augmentation 0.043∗∗∗ 0.042∗∗∗ 0.029∗∗∗ 0.029∗∗∗ 0.030∗∗∗ 0.021∗

(0.012) (0.012) (0.011) (0.011) (0.011) (0.011)
Software: augmentation 0.093∗∗∗ 0.097∗∗∗ 0.096∗∗∗ 0.097∗∗∗ 0.087∗∗∗ 0.082∗∗∗

(0.012) (0.012) (0.011) (0.011) (0.011) (0.011)
AI: augmentation −0.009 −0.003 −0.004 −0.007 −0.008 −0.012

(0.015) (0.015) (0.015) (0.015) (0.014) (0.015)

p90-p10, complete cases. Coefficient per 1 SD, SE in parentheses (clustered at ISCO-3). (1) country + survey mode; (2) + gender, age, age2; (3) + education; (4) + tenure, firm
size, contract type (main set); (5) + country × ISCO-1; (6) country × ISCO-3 absorbed. * p<0.10, ** p<0.05, *** p<0.01.
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Appendix: adding controls, patent-based indices (PB)

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

Robots: automation −0.067∗∗∗ −0.073∗∗∗ −0.060∗∗∗ −0.061∗∗∗ −0.026
(0.022) (0.021) (0.020) (0.020) (0.018)

Software: automation −0.079∗∗∗ −0.078∗∗∗ −0.077∗∗∗ −0.075∗∗∗ −0.027
(0.018) (0.018) (0.016) (0.016) (0.019)

AI: automation −0.092∗∗∗ −0.096∗∗∗ −0.085∗∗∗ −0.086∗∗∗ −0.038∗

(0.024) (0.023) (0.020) (0.020) (0.020)

Robots: augmentation 0.005 −0.008 0.000 0.001 −0.001
(0.020) (0.020) (0.019) (0.019) (0.014)

Software: augmentation 0.038∗∗ 0.030∗ 0.029∗∗ 0.029∗∗ 0.011
(0.016) (0.016) (0.014) (0.014) (0.014)

AI: augmentation 0.025 0.012 0.014 0.015 −0.003
(0.020) (0.020) (0.019) (0.019) (0.016)

p90-p10, complete cases. Columns as for JT. Patent-based indices are constant within ISCO-3, so column (6) is not identified. * p<0.10, ** p<0.05, *** p<0.01.
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Appendix: main specification, all measures

Mean q10 q50 q90 p90-p10 p90-p50 p50-p10 Gini

Robots: automation (JT) −0.053∗∗∗ −0.041∗∗∗ −0.051∗∗∗ −0.064∗∗∗ −0.024∗∗ −0.014∗ −0.010 −0.004
(0.006) (0.008) (0.005) (0.009) (0.012) (0.008) (0.008) (0.005)

Robots: automation (PB) −0.031∗∗ −0.010 −0.020 −0.070∗∗∗ −0.061∗∗∗ −0.051∗∗∗ −0.010 −0.011∗
(0.014) (0.014) (0.014) (0.020) (0.021) (0.016) (0.009) (0.007)

Software: automation (JT) 0.065∗∗∗ 0.078∗∗∗ 0.062∗∗∗ 0.026∗∗∗ −0.051∗∗∗ −0.035∗∗∗ −0.016∗ −0.019∗∗∗
(0.008) (0.011) (0.006) (0.009) (0.014) (0.009) (0.010) (0.005)

Software: automation (PB) 0.001 0.032∗∗ 0.001 −0.044∗∗ −0.077∗∗∗ −0.046∗∗∗ −0.031∗∗∗ −0.014∗∗
(0.017) (0.015) (0.014) (0.020) (0.015) (0.013) (0.008) (0.006)

AI: automation (JT) 0.083∗∗∗ 0.036∗∗∗ 0.079∗∗∗ 0.142∗∗∗ 0.107∗∗∗ 0.065∗∗∗ 0.042∗∗∗ 0.021∗∗∗
(0.007) (0.008) (0.007) (0.014) (0.017) (0.014) (0.009) (0.005)

AI: automation (PB) −0.027 0.005 −0.018 −0.078∗∗∗ −0.084∗∗∗ −0.061∗∗∗ −0.023∗∗ −0.016∗∗
(0.017) (0.014) (0.016) (0.022) (0.020) (0.014) (0.010) (0.007)

Robots: augmentation (JT) 0.047∗∗∗ 0.033∗∗∗ 0.051∗∗∗ 0.061∗∗∗ 0.028∗∗ 0.010 0.018∗∗ 0.010
(0.006) (0.008) (0.005) (0.009) (0.011) (0.009) (0.007) (0.007)

Robots: augmentation (PB) −0.000 0.007 −0.008 0.004 −0.003 0.011 −0.014∗ 0.000
(0.014) (0.014) (0.014) (0.018) (0.018) (0.013) (0.008) (0.005)

Software: augmentation (JT) 0.019∗∗ −0.009 0.023∗∗∗ 0.077∗∗∗ 0.085∗∗∗ 0.054∗∗∗ 0.032∗∗∗ 0.022∗∗∗
(0.008) (0.006) (0.006) (0.010) (0.011) (0.009) (0.006) (0.004)

Software: augmentation (PB) 0.003 −0.008 0.001 0.018 0.027∗∗ 0.017∗ 0.010 0.005
(0.013) (0.013) (0.012) (0.014) (0.013) (0.010) (0.008) (0.004)

AI: augmentation (JT) 0.000 0.004 0.005 −0.007 −0.011 −0.012 0.001 −0.000
(0.007) (0.008) (0.006) (0.012) (0.014) (0.011) (0.008) (0.004)

AI: augmentation (PB) 0.010 0.008 0.006 0.019 0.011 0.012 −0.001 −0.000
(0.014) (0.013) (0.014) (0.017) (0.017) (0.011) (0.010) (0.004)

Multiply imputed wages (M = 20), N = 35,257. Coefficient per 1 SD, SE in parentheses, clustered at ISCO-3. * p<0.10, ** p<0.05, *** p<0.01.
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Appendix: who does not report a wage

Logit coefficient SE p

Robots: automation (JT) −0.049 (0.033) 0.131
Software: automation (JT) −0.224

∗∗∗
(0.034) 0.000

AI: automation (JT) 0.169
∗∗∗

(0.038) 0.000
Robots: augmentation (JT) 0.135

∗∗∗
(0.033) 0.000

Software: augmentation (JT) −0.013 (0.045) 0.778
AI: augmentation (JT) 0.022 (0.035) 0.520

Robots: automation (PB) −0.010 (0.052) 0.852
Software: automation (PB) 0.048 (0.041) 0.243
AI: automation (PB) −0.025 (0.063) 0.691
Robots: augmentation (PB) 0.128

∗∗
(0.054) 0.018

Software: augmentation (PB) −0.061 (0.045) 0.170
AI: augmentation (PB) −0.110 (0.067) 0.102

Logit of a missing wage on all indices of one family, controls and country, common sample. Joint test: JT
χ2(6) = 87.9, p < 0.001; PB χ2(6) = 9.3, p = 0.16.
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