
   3 

      
  

 

The early impact of AI on firm-
level markups and productivity 

Preliminary draft  
 

By Sara Calligaris, Flavio Calvino, Andrea Cancellieri, Francesco Filippucci,  
Peter Gal, Luca Marcolin, Oliviero Pallanch, Ella Shachar 

 
 

The views expressed in this paper are solely those of the authors and should do not be interpreted as those of the 
Organisation for Economic Co-operation and Development (OECD) or its member countries. 

 

July 2026 

 
 

Abstract 

This paper studies the early effects of AI adoption on firm-level productivity and markups across 24 

countries by matching AI-related job postings from Lightcast with firm-level financial data from Orbis over 

the period 2018–2023. The analysis shows that AI adopters were already larger, more productive and 

characterised by higher markups before adopting AI. Once these pre-existing differences are controlled 

for in an event-study framework, AI is found to raise productivity significantly among adopters in highly 

exposed sectors, such as ICT, and among larger firms, with estimated gains of around 4.3% which tend to 

build up gradually over several years. Gains in other segments of the economy were found to be not 

significant. The results also suggest that AI increases markups for high-market-share firms and for firms 

that are AI frontrunners in their sector . Taking into account that not all firms adopt AI in the economy, the 

estimated magnitudes are consistent with 10-year productivity gains of around 0.9–2.4% in annual MFP in 

the ICT sector for the countries in the sample, in line with moderately optimistic projections for the 

aggregate economy. Overall, the results suggest that, while AI can generate sizeable productivity gains, 

these benefits are so far concentrated among specific firms and sectors, potentially widening productivity 

gaps and reinforcing competition concerns. 
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Artificial intelligence (AI) is widely regarded as a general-purpose technology with the potential to 

significantly transform economies (Agrawal, Gans and Goldfarb, 2019[1]; Filippucci et al., 2024[2]; Calvino, 

Haerle and Liu, 2025[3]). This paper empirically studies two questions with strong implications for AI’s 

expected economic benefits. First, to what extent will AI raise productivity and how will it affect productivity 

gaps between leading and lagging firms?  This is critical in the context of slowing productivity growth in 

many advanced and emerging economies over the past two decades, accompanied by an increasing 

productivity gap across firms (Andrews, Criscuolo and Gal, 2016[4]; Fernald, Inklaar and Ruzic, 2024[5]). 

Second, will AI strengthen competition, ensuring that consumers benefit from technological progress and 

firms face the right incentives to innovate, or will it weaken competition and reinforce the decades-long rise 

in markups and market concentration (Calligaris et al., 2024[6]; Bajgar et al., 2023[7]; De Loecker, Eeckhout 

and Unger, 2020[8]; Autor et al., 2020[9]), especially in digital sectors (Calligaris, Criscuolo and Marcolin, 

2024[10])? The answers to these two questions are closely intertwined: depending on the competitive 

environment and on cost pass-through, an efficiency gain may be passed on as lower prices, retained as 

a wider margin, or used to expand market share. 

Ex-ante, the impact of AI on competition across the economy is ambiguous (Athey and Morton, 2025[11]; 

Filippucci et al., 2024[2]; Calligaris et al., 2026[12]; OECD, 2025[13]). On the one hand, AI may reinforce 

incumbent advantages, as incumbents may be better positioned in terms of scale and resources to invest 

in AI.  On the other hand, AI may lower barriers to entry, facilitate firm growth, and allow smaller and 

younger firms to challenge incumbents by expanding their capabilities and reducing the cost of complex 

tasks (Calligaris et al., 2026[12]). AI’s effect on productivity, instead, is likely to be positive on average, 

although it may vary across firms and sectors and emerge with a lag (Brynjolfsson, Rock and Syverson, 

2021[18] ). AI adoption itself, the pre-condition for benefiting from AI, may be uneven as it depends on 

complementary assets such as ICT skills and infrastructure, and on organisational capabilities that are 

mostly present in large and relatively more productive firms (Calvino and Fontanelli, 2023[14]). 

Firm-level evidence on the impact of AI adoption on competition remains relatively scant and mixed. Cross-

country survey evidence finds no higher market power among AI adopters, though concentration is 

positively correlated with AI patenting (Calligaris et al., forthcoming[15]). US firm-level studies find markups 

rising with AI pricing and concentration rising with firms' initial AI investment (Babina et al., 2024[16]; Adams 

et al., 2026[17]). Regarding productivity, several studies have estimated firm-level productivity impacts, 

pointing to heterogeneous benefits. Instrumental-variables studies tend to find that AI adopters are more 

productive  (Czarnitzki, Fernández and Rammer, 2023[18]; Aldasoro et al., 2026[19]), while others document 

productivity effects that arise with a substantial lag (Brynjolfsson, Rock and Syverson, 2021[20]; McElheran 

et al., 2025[21]), and country-specific event studies find positive effects on employment and output (Aghion 

et al., 2025[22]; Pastor-Merino et al., 2026[23]; Ropele and Tagliabracci, 2026[24]). No event study, however, 

spans multiple countries, and few papers examine markups and productivity jointly. This paper addresses 

both gaps. 

This work contributes to the literature by providing new and broad-based firm-level evidence on the effects 

of AI adoption. It combines firm-level data with a causal empirical strategy to estimate the impact of AI use 

across 24 countries, providing the first event-study evidence that spans multiple countries and multiple 

outcomes. Moreover, this is one of the first papers studying the impact of AI on both firm-level productivity 

and markups, shedding light on whether early AI adoption improved firm performance, altered competitive 

conditions, or primarily benefited firms already well positioned to exploit new technologies. Accounting for 

these two outcomes in the same framework is important: depending on the competitive environment and 

1 Introduction 
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on cost pass-through, an efficiency gain may be passed on as lower prices, retained as a wider margin, or 

used to expand market share, a pattern consistent with the joint rise in firm-level productivity, markups and 

concentration documented over recent decades (Autor et al., 2020[9]; De Loecker, Eeckhout and Unger, 

2020[8]).  

The analysis combines job postings data from Lightcast to identify companies that seek AI related skills – 

a proxy measure for AI adoption – with firm-level financial data from Orbis to derive productivity and 

markups over 2018–2023 – a period that largely predates the recent boom in Generative AI. The 

identification relies on a staggered difference-in-differences design that compares firms adopting AI at 

different times over 2018-2023 and controls for firm-specific pre-existing differences between adopters and 

non-adopters.  

The results show, first, that AI adopters were already larger, more productive, and characterised by higher 

markups before adoption. Once these pre-existing differences are accounted for in an event-study 

framework, the estimates do not yield a significant effect of AI adoption, on average for on all firms in the 

sample. However, interesting heterogeneities emerge: AI adoption is found to raise productivity 

significantly (by 4.3%) in highly exposed sectors  – such as ICT – and among larger firms1. This magnitude 

is consistent with projections of aggregate productivity gains from AI for the ICT sector, which are based 

on task-level estimates of AI gains (Filippucci, Gal and Schief, 2024[25]). Productivity increases build 

gradually over time, in line with “J-curve” productivity dynamics following new technologies, given 

significant upfront adjustments and complementary investment needs. 

Our results also show that AI adoption leads to higher markups among firms with relatively larger initial 

market shares, and in firms that adopt AI in industries where AI adoption is initially rare, which we call “AI 

frontrunners”. Significant and positive markup effects are detected also in and professional services.  

Overall, the results are informative about the channels through which AI operates regarding productivity 

and mark-ups. Three margins stand out. Along the first, which depends from adoption of potential 

competitors in the same industry, markup gains concentrate among , i.e. those firms posting AI vacancies 

in industries with initially low adoption. In this case, higher markups are not accompanied by productivity 

gains, a pattern consistent with AI generating gains that are not passed-through to consumers and retained 

as first-mover rents. Second, related to firms scale and market position, productivity gains tend to rise with 

firm size while markup effects rise with market share. Hence , while larger firms are able to increase more 

efficiency thanks to AI, in the presence of large market shares firms tend to capture the gains and raise 

markups. The third margin is sector-specific: AI adoption has significant impact on firms in high-exposure 

sectors, such as ICT and Professional Services, consistently with the fact that AI may impact a larger share 

of tasks in these sectors. However, while AI raises productivity in ICT, suggesting the gains could be 

passed through to consumers there, it increases markups in professional services, suggestings AI-

generated gains could be retained by producers through higher prices.   

These patterns carry several implications. In downstream markets where firms adopt AI as an input, the 

cross-sectional average adopter premium appears to reflect selection rather than an advantage conferred 

by AI, which suggests that generalised competition concerns may be premature, while reinforcing the need 

of continued monitoring. Possible concerns may instead operate through firm scale and first-mover 

position, which underscores the need to keep AI-relevant inputs such as compute, data and skills 

contestable, and to enable broad-based, widespread adoption. Moreover, since we confirm that firms at 

the productivity frontier are more likely to adopt AI, and that AI adoption may have positive productivity 

effects in some instances, the rise of AI may widen the distance between leading adopters and firms that 

do not adopt, rather than levelling the playing field. A final note of caution is that our results should be seen 

as early, initial evidence on these issues: given the rapid pace of AI diffusion and the time its effects may 

 
1 Appendix Table A11Table A10 shows no evidence that post-adoption productivity effects are stronger in more AI-

developer-intensive industries, leaving open the possibility that the ICT gains realise among AI-user firms. 
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take to materialise, richer and more timely firm-level data will be needed to assess fully the effects of AI 

adoption on productivity and competition.2 

The paper is structured as follows. The next sub-section reviews the related literature. Section 2 describes 

the data construction process, focusing on the identification of AI-related vacancies from job posting, the 

estimation of firm-level markups, and the matching of job-posting information with Orbis firm-level data. 

Section 3 presents the definition of AI adoption and the empirical strategy used to identify its causal effects. 

Section 4 reports the main results on the impact of AI adoption on productivity and markups, together with 

heterogeneity analyses, robustness checks, and projected aggregate gains. Section 5 concludes 

discussing the interpretation and implications of the results. 

1.1. Related literature 

The paper is part of a growing literature discussing the impact of AI on productivity and markups at the 

microeconomic level. A first body of work suggests that AI adoption is linked with higher firm performance, 

though with pronounced heterogeneity, and increasingly emphasises the role of complementary 

capabilities. Recent evidence, sometimes focusing on AI innovators, tends to find a more positive 

association between AI and productivity (Damioli, Van Roy and Vertesy, 2021[26]; Czarnitzki, Fernández 

and Rammer, 2023[18]). This association remains evident in cross-country settings using harmonised firm 

surveys (Calvino and Fontanelli, 2023[14]), although productivity advantages of early AI adopters appear, 

at least to a certain extent, related to the selection of more competitive firms into AI use (Calvino, Costa 

and Haerle, 2026[27]).   

A stronger link is evident in recent work by Aldasoro et al. (2026[19]), who use matched EIBIS–ORBIS data 

and instrument EU firms' adoption with the adoption rates of comparable US peers, estimating that AI 

raises labour productivity by roughly 4%, driven by capital deepening rather than employment 

displacement, with gains concentrated in medium and large firms and conditional on complementary 

investment in software, data and skills.This identification rests on an exclusion restriction that is strong and 

not directly testable, namely that US peers' adoption affects an EU firm's outcomes only through its own 

adoption.  

Like this paper, other works follow the “event study” methodology and exploit staggered adoption settings 

within a single country, which is more robust to endogenous selection into AI adoption. For instance, 

Aghion et al. (2025[22]) find, on French firm-level data for 2017 to 2020, that employment and sales rise 

after adoption, while Ropele and Tagliabracci (2026[24]) find, on Italian survey and administrative data, that 

adoption raises labour productivity by 4.3%, and profitability as well, shifting employment toward higher-

skilled roles. Babina et al. (forthcoming) attribute the subsequent growth in sales and employment of AI 

 
2 It is also worth noting that this paper focuses on the more downstream layers of the AI production chain, as proxied 

by AI-related skill demand by firms, rather than the issues concerning the upper layers, such as the markets for 

hardware or for cloud computing (André et al., 2025[87]; OECD, 2025[88]). The competition implications discussed here 

therefore concern how AI adoption reshapes market structure and conduct among adopting firms, complementing 

rather than substituting for analyses of competition in upstream AI markets. This analysis also captures competition 

effects only through markups, which may not detect potential rises in anti-competitive conducts, entry barriers or 

switching costs that don’t impact markups. A second caveat is that, according to Shapiro and Yurukoglu (2026[43]), 

markups are best understood as a valuable "early warning system", as they can help detect changes in industry 

structure and performance and point to potential issues in competition. At the same time they come with a limitation,  

as they don’t allow to separate a decline in competition from competition in action, since technologies that lower 

marginal costs while raising fixed costs raise markups even where consumers ultimately benefit. This limitation is 

intrinsic to the measure, since in the production approach price and marginal cost are not separately identified (Miller, 

2025[42]). 
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investors to product innovation, concentrated in larger firms, and Pastor-Merino et al. (2026[23]) relate 

productivity to an adoption measure built by web-scraping firm websites and classifying them with large 

language models. These event studies offer credible within-country identification, but each rests on a single 

institutional setting. This paper addresses that gap, estimating the effect of AI adoption across 24 countries 

in a staggered difference-in-differences design, on an adoption measure built from Lightcast job postings, 

with a correction for selection into adoption. 

A critical aspect is the timing with which productivity returns materialise. The literature has in fact 

highlighted relevant “J-curve” dynamics in which realised gains lag adoption because they require 

complementary intangible investment and organisational change (Brynjolfsson, Rock and Syverson, 

2021[20]; McElheran et al., 2025[21]; Brynjolfsson, Li and Raymond, 2023[28]). Such J-curve dynamics are 

consistent with evidence suggesting that firms better positioned to integrate AI in their organisational 

processes – notably developers – are already realizing stronger productivity returns to AI adoption (Calvino 

and Fontanelli, 2026[29]). 

At the worker level, stronger productivity effects of AI are found, often based on experimental studies that 

focus on specific tasks and in the context of Generative AI. These studies find generally large and positive 

effects that are typically largest for less experienced or lower-performing workers (see Calvino, Reijerink 

and Samek (2025[30]) for a literature review). They range between 14 to 60% in various tasks, such as 

customer support (Brynjolfsson, Li and Raymond, 2023[28]), software development (Cui et al., 2026[31]) , 

professional writing (Noy and Zhang, 2023[32]), consulting tasks (Dell’Acqua, Kogut and Perkowski, 

2025[33]), and representative-sample labour-market experiments (Haslberger, Gingrich and Bhatia, 

2023[34]; Cui et al., 2026[31]).  

The aggregate implications of these micro effects remain contested. Acemoglu (2025[35]), embedding such 

estimates in a task-based framework, concludes via a version of Hulten's theorem that the macroeconomic 

effect is non-trivial but modest (no more than a 0.66% increase in total factor productivity over ten years) 

whereas more optimistic assessments anticipate substantially larger gains (Aghion and Bunel, 2024[36]; 

Filippucci, Gal and Schief, 2024[25]; Bontadini et al., 2026[37]). The differences across these studies arise 

due to their different readings of the available micro level experimental evidence (discussed above) 

regarding AI’s cost saving potential, as well as on sectoral exposure (Eloundou et al., 2024[38]), the pace 

of adoption (Bick, Blandin and Deming, 2026[39]) and the extent of reallocation. 

While a lively debate emerged about recent competition trends in OECD economies, the literature on the 

relationship between AI and competition, and markups in particular, is relatively scant.  Increasing evidence 

points to rising markups and concentration (Calligaris et al., 2024[6]; Bajgar et al., 2023[7]), accompanied 

by falling rates of firm entry and job reallocation (Calvino, Criscuolo and Verlhac, 2020[40]). One may 

possibly interpret these trends as symptoms of weakening competition, for instance due to excessive 

regulatory barriers (Covarrubias, Gutiérrez and Philippon, 2019[41]); another possibility is that they reflect 

competition-in-action (Miller, 2025[42]; Shapiro and Yurukoglu, 2026[43]). Central to the second view is the 

growing weight of intangible investment. Because these assets require substantial upfront costs and 

reward scale, they tend to favour larger firms, which have both the resources to invest and the ability to 

fully benefit of the investment returns (De Ridder, 2024[44]; Bessen et al., 2020[45]; Autor et al., 2020[9]). 

These features display several analogies with AI technologies and can help guiding early empirical 

investigation of the phenomena.  

Most of the early contributions on AI’s impact on market competition focused on the market for foundation 

models, arguing that AI’s technological features are conducive to higher concentration (Marar, 2024[46]; 

Korinek and Vipra, 2024[47]; Azoulay, Krieger and Nagaraj, 2025[48]; Gans, 2026[49]; Schrepel and Potts, 

2025[50]). Gans (2026[49]) distinguishes AI outputs from inputs (data, talent and compute) and identifies a 

mechanism of increasing returns to scale, whereby data and AI attract users whose data in turn improve 

model performance and reinforce market power (Farboodi and Veldkamp, 2023[51]). This advantage is 

compounded by network effects and high switching costs, as the ecosystem of tools built around a given 



   3 

      
  

 

model raises its value while making migration costly (Agrawal, Gans and Goldfarb, 2019[52]). Korinek and 

Vipra (2024[47]) complement this description by emphasising large training costs, economies of scale and 

scope, the growing scarcity of compute, skilled workers and data, and a tendency towards vertical 

integration, while Azoulay, Krieger and Nagaraj (2025[48]) describe complementary assets as competitive 

moats.  

At the same time, recent OECD work points to signs of dynamism in model development: André et al. 

(2025) document rapid turnover at the frontier and falling quality-adjusted prices, while cautioning that the 

concentration of critical inputs and the presence of vertically integrated hyperscalers could erode 

contestability over time, and Demirer et al. (2025[53]) highlight the potential role of open-source models. 

The picture that emerges is one in which the market for top-tier foundation models is difficult to enter yet 

strongly contested among leading players, alongside a more competitive segment of lightweight non-

frontier models with lower computational requirements (Korinek and Vipra, 2024[47]). 

A possible way to relate AI to competition is to consider the mediating role of productivity. Under standard 

models of imperfect competition (Jaumandreu, 2025[54]), productivity gains raise market shares, so that 

uneven adoption widens their dispersion; consistent with this, AI users are found to be more productive 

and larger, though the differential is substantially attributable to complementary assets rather than to AI 

itself (Calvino and Fontanelli, 2023[14]), with (Babina et al., 2024[16]) finding that gains accrue 

disproportionately to large firms in already concentrated industries. The same channel may extend to 

markups (De Loecker, Eeckhout and Unger, 2020[8]; Autor et al., 2020[9]) and operates alongside returns-

to-scale and data mechanisms that tend to favour larger firms  (Varian, 2019[55]; Lu, Phillips and Yang, 

2024[56]) , even as cloud adoption may disproportionately benefit smaller ones (Caldarola and Fontanelli, 

2024[57]). For generative-AI users, diffusion may be pro-competitive, fostering business dynamism where 

human-AI complementarity prevails (OECD, 2025[58]; Calvino, Reijerink and Samek, 2025[30]), while the 

countervailing concern is that uneven absorptive capacity widens leader-laggard gaps and entrenches 

first-mover advantages. 

More closely related to this work, which studies the impact of AI on competition from a firm dynamics 

perspective, the empirical literature has studied the drivers of markups and market power. To the best of 

the authors' knowledge, apart from Calligaris et al. (forthcoming), no study directly relates AI adoption to 

firm-level markups. Calligaris et al. (forthcoming) find no evidence that AI users set higher markups using 

cross-sectional variation from ICT surveys, but do find (non-causal) evidence that firms with AI patenting 

activities exhibit higher markup growth rates, a trend driven mostly by the ICT sectors; within these sectors, 

firms associated with AI-related patents display higher markups. This pattern might suggest an effective 

role of AI in creating market power, but only in those sectors where AI constitutes an output rather than an 

input. This evidence sits within a longer trajectory in which markups are higher in digital-intensive sectors 

(Calligaris, Criscuolo and Marcolin, 2024[10]). 

Beyond this, the literature has approached markups and market power through several channels. The first 

is demand-side learning and pricing optimisation: (Adams et al., 2026[17]), using a firm-level measure of AI 

pricing adoption built from Lightcast job-posting data, document that adopters, disproportionately large, 

high-productivity firms, subsequently grow faster in sales and markups, which their model attributes to AI's 

role in learning the demand function and pricing closer to the full-information optimum; their identification 

rests on long differences and is confined to the United States. A second channel is algorithmic pricing and 

tacit coordination:  (Calvano et al., 2020[59]) show that independent Q-learning algorithms reliably learn 

supracompetitive prices without communication. (Assad et al., 2024[60]) find that, in Germany's retail 

gasoline market, algorithmic-pricing adoption raises margins, but only in non-monopoly markets, and in 

duopolies only when both stations adopt, providing evidence that the competitive consequences are 

genuinely strategic. 

Finally, this paper estimates markups using the production approach of De Loecker and Warzynski 

(2012[61]), which extends the industry-level framework of Hall (1988[62]) to the firm level by recovering the 
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markup as the wedge between the output elasticity of a variable input and that input's revenue share, 

without imposing a demand system or assumptions on how firms compete. Bond et al. (2021[63]) caution 

that, when output elasticities are estimated from revenue rather than physical quantities, the resulting 

estimator may be uninformative about the level of markups. De Ridder, Grassi and Morzenti (2026[64]) 

substantially qualify this concern, showing that revenue-based estimates nonetheless recover the 

dispersion of markups across firms and their evolution over time, and preserve their correlations with other 

firm characteristics. 
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2.1. Lightcast  

Lightcast (formerly Burning Glass Technologies) provides one of the largest and most widely used 

databases of online job vacancies available to researchers and policymakers. The data are collected 

through web scraping of online job advertisements posted on thousands of job boards, company websites, 

and recruitment platforms. Following collection, vacancies are deduplicated and processed using natural 

language processing techniques to extract structured information on occupations, industries, employers, 

locations, education requirements, and detailed skill requirements, among other information. The resulting 

dataset offers highly granular and near-real-time information on labour demand that is typically unavailable 

from traditional labour force surveys or employer surveys. The cross-country coverage is also large, 

including Australia, New Zealand, Canada, the United States, most countries in Europe, and a substantial 

number of Latin American countries. Against these advantages, the coverage of the dataset is not uniform 

across sectors, occupations or countries, as some employers rely more on online recruitment than others.    

A distinctive feature of the Lightcast data is the richness of the information contained in vacancy texts: 

detailed descriptions of tasks, technologies, software, tools, and competencies sought by employers. This 

makes the data particularly valuable for studying technological change, occupational transformation in the 

task content of occupations and sectors, and the evolution of skill demand, making it possible to identify 

emerging trends before they become visible in conventional statistical sources.  

A growing academic and policy literature, including at the OECD, has leveraged Lightcast data to study 

the diffusion of AI, changes in skill demand related to AI across countries and occupations, and AI adoption 

at the firm level (Acemoglu et al., 2022[65]; Babina et al., 2024[16]; Borgonovi et al., 2023[66]).  The underlying 

premise is that firms adopting AI-related technologies seek workers with AI-related skills or advertise 

positions involving AI tools, algorithms, machine learning, data science, or related competencies. The 

present study builds on the same approach.   

2.1.1. Identifying AI postings based on job ads  

The identification of job postings that seek AI related skills follows and updates the approach used by  

Borgonovi et al. (2023[66]) to identify job vacancies that seek AI related skills. The methodology uses the 

text of the job ads and classifies them based on whether they include relevant keywords. The set of 

keywords used by Borgonovi et al. (2023[66]) was expanded to cover developments in AI relevant to our 

sample peridod, and translate them in the 20 languages that are covered by the Lightcast database in our 

sample. The resulting set of keywords include more than 900 keywords, classified to be either generic or 

specific. The requirement of a job ad being classified as seeking AI related skills is that it includes at least 

either two generic keywords or a specific one.3  

 
3 The method used here relies on specific keywords, which means it might miss AI jobs described in unusual ways or 

using jargon not in the used keyword list (e.g., saying “cutting-edge algorithms” without saying AI explicitly). Using an 

expert-validated list should mitigate this risk. The method could also flag a job as AI-related when the context is just 

mentioning AI in passing. Using the co-occurrence of more than one AI-related keyword to identify AI postings should 

minimise the frequency of these false positives.  

2 Data and measurement 
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The share of AI intensive job vacancies by sector is similar to what is expected based on AI exposure by 

sector: knowledge intensive services (ICT services, professional services, publishing and media) rank 

highly, as well as some manufacturing sectors that are closely related to the production of the technology 

(computer manufacturing) (Figure 1 and Box 1 below).4  

Figure 1. Share of firms with AI vacancies by sector 

 

Note:  The graph is based on the sample of firms matched between Orbis and Lightcast data, ordered by the share of AI intensive firms. The 

numbers on top of bars refer to the number of firms present in the matched sample in each sector. See more details on the matching procedure 

in Subsection 1.1.2 and on the definition of AI intensive firms in Subsection 3.1. 

Source: Authors’ elaboration on matched Orbis-Lightcast data. 

 
4 Some more traditional sectors report high AI incidence (Coke/petrol, mining, transportation), but these are extremely 

small sectors in our sample (<1k) so the firms  observed in these sectors may be a particular selection of highly digital 

firms actively recruiting online. 

Box 1. Comparing AI exposure measure with an AI job posting measure 

This box compares sectoral AI exposure with a job-posting-based indicator of firms’ demand for AI 

related skills, used as an indirect proxy for AI adoption among firms. AI exposure captures the technical 

potential for AI adoption, while the AI job-posting measure is defined as the share of AI related job 

postings in total job postings within each industry in the matched Orbis Lightcast dataset. The 

comparison examines whether industries with higher AI exposure are also those where firms show 

stronger AI related recruitment demand. This comparison draws on OECD work using online vacancies 

to measure AI skill demand (Borgonovi et al., 2023[66]), and is also consistent with broader OECD work 

comparing sectoral indicators of AI related skill demand, AI innovation, AI exposure and actual AI use 

across industries (Calvino et al., 2024[67]). 

The exposure measure is based on the task content of occupations within each industry. Following 

Eloundou et al. (2024[38]), a task is classified as exposed when an LLM or LLM powered software could 

reduce the time required to complete the task by at least 50 percent, while maintaining equivalent 

quality. The industry level exposure value should therefore be interpreted as the share of tasks in the 

industry that are technically exposed to AI. This makes the measure an indicator of potential AI use at 
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the industry level, while actual adoption by firms also depends on technology adoption, worker training, 

process adjustment and integration into production or service delivery.  

For the job posting measure, AI related vacancies are identified within the broader set of online job 

postings covered by the matched Orbis Lightcast dataset, using structured information on the vacancy, 

especially the skills required. Firm and industry information in the matched data is then used to 

aggregate the measure at the industry level. The measure should be interpreted as recruitment based 

demand for AI related skills, capturing one observable channel through which firms build AI related 

capabilities. Firms may also adopt AI through existing workers, internal training, external providers or 

ready-made AI tools.  Borgonovi et al. (2023[66])  provide a detailed discussion of the Lightcast data 

collection and processing procedures, as well as coverage and representativeness issues in online 

vacancy data. 

Figure 2. Sectoral Comparison of AI Exposure and AI Job Posting Rankings, 2022Figure 2 examines 

whether industries with higher AI exposure also show stronger AI related recruitment demand. It 

compares industry rankings based on AI exposure with rankings based on AI related job postings. The 

comparison suggests that the two measures are positively related, but only partially aligned. 

The vertical axis ranks industries by the share of AI related job postings in total job postings within each 

industry, with rank 1 indicating the highest share. The horizontal axis ranks industries by weighted AI 

exposure. The fitted trend line has a positive but relatively flat slope: a one rank difference in the AI 

exposure ranking is associated with only about a half-rank difference in the AI job-posting ranking. This 

suggests that industries with higher AI exposure tend to show stronger AI related recruitment demand, 

while the relationship remains partial. This partial alignment is consistent with recent evidence showing 

that AI exposure and AI adoption are distinct but related dimensions of AI diffusion.[1]  

The 45-degree line shows where the two rankings would be identical: industries on this line have the 

same position in the AI exposure ranking and in the AI job-posting ranking. Because rank 1 denotes the 

highest value, industries above the line rank lower in AI related job postings than in AI exposure, while 

industries below the line rank higher in AI related job postings than in AI exposure. Finance, education 

and health are examples of industries above the line, while mining, manufacturing and accommodation 

and food services are examples of industries below it. 

The positive correlation between AI exposure and the AI job posting measure is also observed in the 

two previous years, as shown in Appendix A. This persistence over time suggests that the pattern 

shown in Figure 2 is not driven by a one-year fluctuation in job posting data. Rather, it points to a more 

stable industry level relationship between potential AI use and firms’ demand for AI related skills. 

Taken together, the positive correlation supports the relevance of the AI job-posting measure, while the 

imperfect alignment suggests that industries differ in how far AI exposure is reflected in firms’ demand 

for AI-related skills. 

https://frc-word-edit.officeapps.live.com/we/wordeditorframe.aspx?ui=en-GB&rs=fr-FR&wopisrc=https%3A%2F%2Foecd-my.sharepoint.com%2Fpersonal%2Fpeter_gal_oecd_org%2F_vti_bin%2Fwopi.ashx%2Ffiles%2F310945ef5f4a412ea482d86b776b0b1c&wdlor=c2CB50DC0-AF50-46D8-B15C-1F25050C8AC1&wdenableroaming=1&mscc=1&wdodb=1&hid=B1301FA2-0038-1001-BE6F-4F40BE19EB06.0&uih=sharepointcom&wdlcid=en-GB&jsapi=1&jsapiver=v2&corrid=847ece76-97b5-1653-2abc-5fe45bc33e05&usid=847ece76-97b5-1653-2abc-5fe45bc33e05&newsession=1&sftc=1&hfto=1781889120916.9&uihit=docaspx&muv=1&ats=PairwiseBroker&cac=1&sams=1&mtf=1&sfp=1&sdp=1&hch=1&hwfh=1&dchat=1&sc=%7B%22pmo%22%3A%22https%3A%2F%2Foecd-my.sharepoint.com%22%2C%22pmshare%22%3Atrue%7D&ctp=LeastProtected&rct=Normal&wdorigin=Outlook-Body.Sharing.DirectLink.Copy&wdhostclicktime=1781889120458&afdflight=18&csiro=1&instantedit=1&wopicomplete=1&wdredirectionreason=Unified_SingleFlush#_ftn1
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2.2. Orbis  

This paper uses a harmonized firm-level productivity database, based on underlying data from the recently 

updated OECD-Orbis database (see Gal (2013[68])). The database contains several productivity measures 

(variants of labour productivity and multi-factor productivity, MFP) and covers 24 OECD countries over the 

period 1995 to 2024 for the non-farm, non-financial business sector. The underlying data are sourced from 

annual balance sheet and income statements, collected by Moody's (BVD) – an electronic publishing firm. 

It is the largest available cross-country company-level database for economic and financial research. The 

data harmonisation and cleaning steps closely follow Kalemli-Ozcan et al. (2015[69]) and previous OECD 

work (Bajgar et al., 2020[70]; Andrews, Criscuolo and Gal, 2016[4]).5 

 
5 Three broad steps are: i) ensuring comparability of monetary variables across countries and over time (industry-level 

PPP conversion and deflation); ii) deriving new variables that will be used in the analysis (capital stock, productivity); 

and iii) keeping company accounts with valid and relevant information for our present purposes (filtering or cleaning). 

Finally, Orbis is a subsample of the universe of companies for most countries, retaining the larger and hence probably 

more productive firms. To mitigate problems arising from this – particularly the under-representation of small firms – 

the sample is restricted to firms with more than 20 employees on average over their observed lifespan. For more 

details, see the Annex B. 

Figure 2. Sectoral Comparison of AI Exposure and AI Job Posting Rankings, 2022 

Notes: The vertical axis ranks industries by the share of AI-related job postings in total job postings within each industry. The horizontal axis 

ranks industries by AI exposure, calculated as a weighted average of country specific exposure values. Weights are based on each country’s 

share of total job postings in the same industry across countries. Rank 1 indicates the highest value. The 45-degree line indicates parity 

between AI exposure and AI job posting rankings. 

Source: Authors’elaboration on Lightcast data. 
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2.2.1. Estimating firm-level markups  

Markups, the ratio of output price, 𝑃𝑖𝑡, to marginal cost, 𝑐𝑖𝑡, serve as a firm-level measure of market power. 

Individual firms’ markups are estimated using the production-side approach of De Loecker and Warzynski 

(2012[61]), which extends the industry-level framework of Hall (1988[62]) to the firm level. The key feature of 

this approach is that markups can be recovered from the firm's cost minimisation problem conditional on 

its production technology, without imposing assumptions on the demand structure or the nature of 

competition. A second advantage of this method is that it is particularly suited to datasets including firms’ 

balance sheets, such as ORBIS, where output prices are not observed and marginal costs have no 

empirical counterpart.  

The method rests on two core assumptions: that at least one input can be adjusted freely within the period, 

and that firms minimise costs. These are complemented by an assumed functional form for the production 

function. In this application, the production function is specified as Cobb-Douglas with intermediates 

serving as the flexible input.6 

Under these assumptions, the markup can be expressed as the ratio of the output elasticity with respect 

to the flexible input in a given industry, 𝛼̂𝑀, to that input's expenditure share in total revenue, 𝑆𝑖𝑡
𝑀: 

µ
𝑖𝑡

=
𝑃𝑖𝑡

𝑐𝑖𝑡

=
𝛼̂𝑀

𝑆𝑖𝑡
𝑀 Equation 1 

Further details on the derivation of Equation 1 are provided in the appendix. Consistent with standard 

practice, the baseline production function parameters are assumed to be industry-specific and estimated 

at the three-digit NACE Rev.2 level, pooling observations across all years and countries in the sample.7 

This choice reflects a trade-off between allowing for heterogeneity and ensuring the precision and stability 

of the estimated elasticities, given insufficient number of observations to support reliable estimation at a 

more disaggregated country–industry level. Moreover, for the span of time considered (2018–2023), this 

empirical strategy appears appropriate, as the relatively short time horizon limits the extent of technological 

change within industries and supports the assumption that firms operating in the same industry share 

similar production elasticities. For robustness, also a time varying estimate of elasticities was produced.  

It is worth mentioning that the methodology has been scrutinised in a rich debate, with two major 

conclusions: Bond et al. (2021[63]) point out that, when output elasticities are estimated from revenue rather 

than physical quantities, the resulting estimator may be uninformative about the level of markups. De 

Ridder, Grassi and Morzenti (2026[64]) reach a more positive assessment, showing that revenue-based 

estimates nonetheless recover the dispersion of markups across firms, their evolution over time, and 

preserve their correlations with other firm characteristics. Importantly for this work, the use of fixed effect 

in regressions (in particular, at least at the industry level) allows to meaningfully use markups in empirical 

analysis. 

 
6 The production function has the form 𝑌𝑖𝑡 = Ω𝑖𝑡𝑀𝑖𝑡

𝛼𝑀 𝐿𝑖𝑡

𝛼𝐿 𝐾𝑖𝑡

𝛼𝐾 , with gross output 𝑌𝑖𝑡, idiosyncratic productivity Ω𝑖𝑡, and 

three inputs (capital 𝐾𝑖𝑡, labour 𝐿𝑖𝑡, and intermediates 𝑀𝑖𝑡) 

7 This level of granularity mitigates a potential issue: competition authorities consider cases within relevant markets, 

which often go beyond the product-level of disaggregation. Product-level data at the cross-country level and that can 

be matched with the full array of firm characteristics are rarely available and the three-digit level of disaggregation 

serves as a valuable proxy. 
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2.3. Matching  

 The matching of Lightcast with Orbis is based on company names. Beyond exact matching, a number of 

steps were taken to increase the matching rate. These include standardising company names (i.e. 

removing legal status, special characters, etc.) and introducing a fuzzy matching technique to control for 

typos.8 Moreover, a supervised learning method is developed based on a small sample to reduce false 

positive matches that result from fuzzy matching.9  

The share of firms in the Orbis dataset - with available information on total factor productivity and markups 

– that were matched with Lightcast based on exact matches is 12% for the median country, which raises 

to 16% when fuzzy matching is also applied. For several countries where Orbis includes a large number 

of firms this match rate reaches 60-75%. 

 

 

 
8 Containment matching, Levenshtein Distance matching, No-Suffix matching and Permutation matching were all used 

to obtain fuzzy matches. When discrepancies emerged across methodologies, the “true” match was chosen using a 

deep learning model and manual labeling. The model is used to predict the likelihood that a matched pair is a true 

match, with accuracy being set at 95%.  

9 The matching rate by country is shown in Annex (Figure A1Error! Reference source not found.), and the set of 

countries included in the matching includes AUT, BEL, BGR, CZE, DEU, DNK, ESP, EST, FIN, FRA, GBR, GRC, 

HUN, IRL, ITA, LVA, NLD, POL, PRT, ROU, SVK, SVN, SWE, USA. Countries are included in the sample if at least 

500 firms are matched or the matching rate is at least 5%.  
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3.1. Definition of AI adoption 

In the data, firms often post only a very small share of AI vacancies. On average, for 75% of firms posting 

AI-related vacancies in the period 2018-2023, AI-related vacancies account for at most 2% of total 

vacancies in a year (Figure 3). Such episodes are unlikely to correspond to a significant scale-up in AI 

adoption by firms. To better identify the effects of AI adoption on firm-level outcomes, this study therefore 

focuses on firms where AI vacancies represent a more significant share of firms’ hiring. Namely, a firm is 

defined as adopting AI in the first year in which the share of AI-related vacancies over total vacancies 

exceeds a pre-specified threshold, defined as the 75th percentile (circa 2.2%) of the distribution of AI 

vacancy shares over the period 2018-2023. From that year onward, the firm is considered as having 

adopted AI. According to this definition, around 4.63% of matched firms adopt AI in the sample (Table A1). 

If firm-level outcomes are available over the period 2018-2023, the use of Lightcast data through 2024 

allows identifying adoption until 2024. Table 1  illustrates this setting. Firms that adopt AI in 2018 and firms 

with only post-treatment observations are excluded, since they are always treated within the estimation 

sample (1% of matched firms). Firms adopting in 2024 (0.6% of matched firms) are never observed to 

adopt AI but contribute to the control group as not-yet-treated firms in earlier years. 

Figure 3. Distribution of firms with top 25% AI postings 

 

Note: Sample of matched firms that posted at least one AI-related vacancy in the period 2018-2023. 

Source: Authors’ elaboration on matched Orbis-Lightcast data. 
 

3 Empirical strategy to identify AI’s impacts 
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Table 1. Firms adopt AI at different points in time 

Illustration of the setting: 1=has adopted AI 

Firms 2018 2019 2020 2021 2022 2023 

F1 (adopts 2019) 0 1 1 1 1 1 

F2 (adopts 2020) 0 0 1 1 1 1 

F3 (adopts 2021) 0 0 0 1 1 1 

F4 (adopts 2022) 0 0 0 0 1 1 

F5 (adopts 2023) 0 0 0 0 0 1 

F6 (adopts 2024) 0 0 0 0 0 0 

F7 (never adopts) 0 0 0 0 0 0 
 
Note: Each row represents a group of firms (F*) defined by the first year of AI adoption, and each column represents a calendar year. 
Treatment switches from zero to one in the first adoption year and remain equal to one thereafter.  
Source: Authors’ elaboration. 

3.2. Identification 

The empirical analysis is based on the idea that AI adoption may change the trajectory of firm-level 

outcomes from the year of adoption onward. The data is analysed through the lenses of two models. 

The first model is a between-firm specification with year fixed effects that compares AI adopters with firms 
that never adopt AI. It assumes that firm outcomes follow: 

𝑌𝑖𝑡 = 𝛽𝑝𝑟𝑒−𝐴𝐼   𝟏(𝑡 < 𝐺𝑖  ) + 𝛽𝑝𝑜𝑠𝑡−𝐴𝐼  𝟏(𝑡 ≥ 𝐺𝑖  ) + 𝜏𝑡 + 𝜃(X𝑖
0 × 𝜏𝑡)  + 𝜀𝑖𝑡 Equation 2 

where 𝑌𝑖𝑡 is a firm-level outcome, such as log productivity or log markups in calendar year 𝑡, 𝐺𝑖 is the first 

year in which firm 𝑖 adopts AI, and 𝜀𝑖𝑡 represents random, nonsystemic shocks.10 The coefficient 𝛽𝑝𝑜𝑠𝑡−𝐴𝐼 

captures the average difference in outcome between post-adoption observations of AI adopters and never 

adopters, conditional on year fixed effects and baseline-characteristic trends.11 In other words, this 

coefficient will detect the productivity and markup differential between non-adopters and AI adopters 

following AI adoption. The coefficient 𝛽𝑝𝑟𝑒−𝐴𝐼 measures instead whether systematic differences between 

adopters and never adopters were already present before AI adoption. The inclusion of year fixed effects, 

𝜏𝑡, absorbs aggregate shocks common to all firms in a given year, while X𝑖
0 × 𝜏𝑡 controls for differential 

trends associated with firms’ baseline characteristics. Equation 2 is estimated using a linear regression, 

where controls include trends by firms’ baseline characteristics and country-sector-year fixed effects where 

indicated, which absorb shocks common to firms operating in the same country-sector-year or with similar 

baseline characteristics. 

A second model is a static event-study specification (Goodman-Bacon, 2021[71]): 

𝑌𝑖𝑡 =  𝛽𝑝𝑜𝑠𝑡−𝐴𝐼𝟏(𝑡 ≥ 𝐺𝑖) + 𝛾𝑖 + 𝜏𝑡 + 𝜃(X𝑖
0 × 𝜏𝑡) + 𝜀𝑖𝑡 Equation 3 

where 𝛾𝑖 are firm fixed effects. Differently from Equation 2, this specification controls for permanent 

 
10 For never adopters, both event-time indicators (pre and post AI adoption) are set equal to zero, so that they form 

the reference group. 

11 Baseline-characteristic trends allow firms with different initial size and age to follow different trajectories.  
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differences across firms through firm fixed effects 𝛾𝑖. Hence, identification stems from comparing within-

firm changes in outcomes following AI adoption to the evolution of the outcome in control firms that have 

not adopted AI. Control firms may include both firms that, according to Lightcast data, have not yet adopted 

AI, and firms for which no AI adoption episode is observed (never adopters). However, firms adopting AI 

are likely to follow structurally different trends in productivity and markups, beyond having different levels 

of these variables, threatening the identifying parallel-trend assumption. The sample is thus restricted to 

firms that eventually adopt AI.12 As a consequence, identification relies on differences in adoption timing 

rather than on comparison between adopters and never adopters (Figure 4). The coefficient 𝛽𝑝𝑜𝑠𝑡−𝐴𝐼 

captures the average post-adoption effect of AI adoption for treated firms, relative to the evolution they 

would have experienced in the absence of adoption, using firms that have not yet adopted AI as the 

comparison group, after accounting for permanent firm differences, common year shocks, and differential 

time patterns by baseline firm characteristics.13  

Figure 4. Firms adopting AI are compared with firms adopting later 

 
Note: The figure is purely illustrative and does not represent estimated trends. Never adopters are excluded from the estimation sample of 
Equation 3. 
Source: Authors’ elaboration. 

 
Equation 3 can be expanded obtaining the following dynamic event-study specification (Miller, 2023[72]): 
 

𝑌𝑖𝑡 = ∑ 𝛽𝑒  𝟏(𝑡 − 𝐺𝑖 = 𝑒)

−2

𝑒=−5

+  ∑ 𝛽𝑒  𝟏(𝑡 − 𝐺𝑖 = 𝑒)

4

𝑒=0

+ 𝛾𝑖 + 𝜏𝑡 + 𝜃(X𝑖
0 × 𝜏𝑡) + 𝜀𝑖𝑡 

Equation 4 

 

This specification is very similar to the static event-study but allows to detect the dynamic effects of AI 

adoption, starting from the year at which firms report high AI postings. Here, 𝑒 = 𝑡 − 𝐺𝑖 denotes the event 

time, namely the number of years before or after AI adoption. The year immediately before adoption, 𝑒 =

 
12 Excluding firms for which only post-treatment observations are available leaves an estimation sample corresponding 

to 3.61% of matched firms. See Table A1 in the Annex for details.  

13 As illustrated in 1Part IAnnex C, when using Callaway and Sant’Anna (2021[73]) estimator the effects are relative to 

contemporaneous changes among firms that have not yet adopted. 
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−1, is omitted and serves as reference period. The coefficients for 𝑒 ≥ 0 capture the evolution of the 

difference in outcomes after adoption, relative to the reference period. The identifying assumption is that, 

in the absence of adoption, firms that adopt AI earlier would have followed the same outcome trends as 

firms that adopt AI later, conditional on fixed effects and controls (conditional parallel-trend assumption). 

Under this assumption, deviations in the outcomes after the adoption year between adopters and firms 

that have not yet adopted can be interpreted as the causal effect of AI adoption. 

The coefficients for 𝑒 < 0 provide evidence on whether firms that adopted earlier and not-yet-adopters  

were already on different trajectories before AI adoption. The parallel-trends assumption holds true if these 

coefficients are not significantly different from zero. However, the identifying assumption would still be 

violated if firms adopted AI exactly when they were about to experience differential changes in productivity 

or markups for reasons unrelated to AI. Several features of the empirical design are meant to make sure 

that the approach partials out any confounding, and that the parallel trend assumption is respected. First, 

Equation 3 is estimated on the sample of eventual adopters, avoiding direct comparison between adopters 

and never adopters, that are structurally different. Second, the inclusion of baseline-characteristic trends 

allows firms with different initial size and age to follow different trajectories. Third, country-sector-year fixed 

effects absorb shocks in common among firms operating in the same country and sector in a given year.  

Equation 3 and Equation 4 are estimated using estimators that are robust to heterogeneous treatment 

effects (Callaway and Sant’Anna, 2021[73]), allowing treatment effects to differ across adoption cohorts and 

over time. The estimator uses not-yet-treated firms as control group, so that early adopters are compared 

with firms that adopt AI later but have not yet adopted in the same calendar year. 

3.3. Heterogeneity 

In the heterogeneity analysis, the effect of AI adoption is allowed to vary with pre-determined firm-level or 

country-sector characteristics 𝑍𝑖
0: 

𝑌𝑖𝑡 = 𝛽𝑝𝑜𝑠𝑡−𝐴𝐼𝟏(𝑡 ≥ 𝐺𝑖) +  𝛽𝑖𝑛𝑡𝟏(𝑡 ≥ 𝐺𝑖) × 𝑍𝑖
0 + 𝛾𝑖 +  𝜏𝑡 + 𝜃X𝑖

0 × 𝜏𝑡 + 𝜀𝑖𝑡 Equation 5 

Equation 5 is estimated using fixed-effects regressions including firm fixed effects, country-sector-year 

fixed effects, and baseline-characteristic trends. The interaction coefficient, 𝛽𝑖𝑛𝑡, measures whether the 

effect of AI adoption is larger or smaller for firms with different initial characteristics, or for firms operating 

in different country-sector environments.14 These effects should be interpreted as differential post-adoption 

changes associated with 𝑍𝑖
0, relative to pre-treatment outcomes, after accounting for firm fixed effects, 

common shocks, country-sector-year shocks, and baseline-characteristic trends. 

Using this approach, multiple margins of heterogeneity are explored. First, it is analysed whether the effect 

of AI adoption varies with the baseline intensity of AI-related hiring in the firm’s industry, measured as the 

average share of AI-related vacancies over total vacancies in the industry before adoption. This exercise 

distinguishes firms adopting AI in sectors where hiring of AI workers  was still limited from firms adopting 

AI that operate in industries where AI-related hiring was more widespread. To ease interpretation, the 

baseline industry AI-posting measure is mean-centered by subtracting its sample average. With this 

transformation, 𝛽𝑝𝑜𝑠𝑡−𝐴𝐼  captures post-adoption effect for firms in industries with average baseline AI-

posting intensity. The interaction coefficient, 𝛽𝑖𝑛𝑡, captures how this effect changes when the baseline 

industry AI-posting measure increases by one percentage point. The total effect for a firm 𝑖 in an industry 

 
14 In these specifications, 𝑍𝑖

0 is measured before AI adoption to avoid conditioning on variables that may themselves 

be affected by treatment. In our setting baseline year is 2018. 
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𝑗 with baseline AI-adoption intensity 𝑍𝑗(𝑖)
0  is therefore given by 𝐸𝑓𝑓𝑒𝑐𝑡(𝑍𝑗(𝑖)

0 ) = 𝛽𝑝𝑜𝑠𝑡 + 𝛽𝑖𝑛𝑡(𝑍𝑗(𝑖)
0 − 𝑍0̅̅ ̅), 

where 𝑍𝑗(𝑖)
0  is the baseline AI-posting intensity of firm 𝑖’s industry, expressed in percentage points.  

Another exercise assesses  whether firms adopting AI from a stronger initial market position obtain larger 

returns from adoption. To construct firm-level market share, real firm-level gross output from Orbis is used 

as numerator, and real annual gross output at the level of the relevant market from National Accounts as 

denominator.15 Following the literature, the logarithm of firm’s baseline market share is taken to reduce the 

influence of the strong skewness in the market-share distribution. This variable is then mean-centred by 

subtracting its sample average. With this transformation, 𝛽𝑝𝑜𝑠𝑡−𝐴𝐼 captures the effect of AI adoption for a 

firm with average baseline market share, while 𝛽𝑖𝑛𝑡 captures how the treatment effect changes with a one-

log-point increase in baseline market share. Equivalently, a 1% higher baseline market share changes the 

treatment effect by approximately 𝛽𝑖𝑛𝑡 × 0.01, while a doubling of the baseline market share changes the 

treatment effect by 𝛽𝑖𝑛𝑡 × log(2). Therefore, the implied treatment effect for a firm with baseline market 

share 𝑍𝑖
0 is 𝐸𝑓𝑓𝑒𝑐𝑡(𝑍𝑖

0) = 𝛽𝑝𝑜𝑠𝑡 + 𝛽𝑖𝑛𝑡[log(𝑍𝑖
0) − log(𝑍0)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ]. 

 
15 Production data at the 3-digit level of aggregation are obtained combining OECD Structural Business Statistics and 

Eurostat National Accounts, as detailed in (Calligaris et al., 2026[12]). Relevant markets are defined at the Nace Rev. 

2 two-digit level, distinguishing between domestic and internationally tradable markets using the taxonomy defined in 

Calligaris et al. (2026[12]). For domestic markets, the denominator is computed at the country-sector-year level; for 

tradable markets, gross output is aggregated across countries within the same sector-year. Due to data limitations 

United States and Great Britain are excluded from this analysis.  



   3 

      
  

 

4.1. Main results: productivity gains in highly AI-exposed country-sectors 

Table 2 reports estimates of the relationship between AI adoption and firm-level outcomes. Columns (1) 

and (2) compare AI adopters with never adopters using the between-firm specification in Equation 2. The 

“Before AI adoption” coefficient captures the average difference in outcomes between future AI adopters, 

before their adoption year, and firms that never adopt AI. The “After AI adoption” coefficient captures the 

corresponding difference after adoption. 

Both coefficients are estimated conditional on country-sector-year fixed effects. The estimates show that 

AI adopters are more productive and have higher markups than never adopters, both before and after 

adoption.16 This pattern is consistent with previous evidence showing that AI adoption is concentrated 

among larger, more productive, and more technologically advanced firms (Calvino and Fontanelli, 2026[29]; 

Babina et al., 2024[16]; Adams et al., 2026[17]).  

To provide further evidence on selection into AI adoption

Table A2. Selection into AI adoption I: adopters are larger, more productive, and have higher markups 

reports average outcomes for AI adopters and never-adopters in 2018 and 2023, while Table A3 estimates 

the specifications in Columns (1) and (2) for all outcomes, further controlling for trends by baseline firm’s 

characteristics. Compared with non-adopters, AI adopters are larger, more capital intensive, more 

productive, generate higher value added, pay higher real wages, and display higher markups. This 

suggests that AI adoption is concentrated among firms with stronger organisational capacity and 

technological complementarities.  

 
16 Including baseline-characteristic trends preserves the statistical significance of the coefficients, while reducing their 

magnitude by about half.  

4 Results  Log MFP Markup GO VA 

  2018 2023 2018 2023 2018 2023 2018 2023 

Adopt in 2019 11.98 12.11 1.43 1.54 100.71 142.38 34.60 50.52 

Adopt in 2020 11.89 11.88 1.33 1.38 67.40 76.32 24.49 27.72 

Adopt in 2021 11.65 11.63 1.31 1.33 53.27 52.95 17.52 17.65 

Adopt in 2022 11.68 11.79 1.31 1.37 53.53 55.85 18.81 18.26 

Adopt in 2023 11.67 11.78 1.38 1.40 46.22 52.77 15.29 16.95 

Never-Adopters 10.85 10.82 1.23 1.22 15.76 14.75 4.27 4.22 

  L LP K/L RW 

  2018 2023 2018 2023 2018 2023 2018 2023 

Adopt in 2019 300 392 189.03 233.14 54.21 70.56 113.20 119.42 

Adopt in 2020 237 311 165.99 234.07 45.19 62.55 95.12 98.22 

Adopt in 2021 193 215 135.80 149.53 47.70 54.06 83.69 77.85 

Adopt in 2022 206 196 137.19 258.59 44.96 49.22 75.75 82.92 

Adopt in 2023 175 193 128.92 150.77 37.81 49.42 79.92 86.47 

Never-Adopters 70 70 85.27 90.65 36.43 39.47 51.83 50.05 
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Motivated by these findings, Columns (3) and (4) report the results from running the static event-study 

specification in Equation 3, which controls for any firm-specific difference but based on the sample of 

eventual AI adopters only. In this setting, the “After AI adoption” coefficient captures the average post-

adoption effect of AI adoption for treated firms, relative to the counterfactual evolution of firms that have 

not yet adopted AI, after accounting for permanent firm differences, common year shocks, and differential 

time patterns by baseline firm characteristics. The average post-adoption effect is close to zero and 

statistically insignificant for both productivity and markups. The raw differences between adopters and 

never adopters in Columns (1) and (2) therefore mainly reflect pre-existing differences across firms rather 

than the effect of AI adoption itself. 

Table 2. Selection into AI adoption, no average effects but heterogeneous productivity effects 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Notes: AI adoption is defined as the first year in which the share of AI-related vacancies over total vacancies exceeds the 75th percentile of the 

AI-vacancy-share distribution. Columns (1) and (2) include both AI adopters and never adopters and estimate Equation 2, including country-

sector-year fixed effects; the “Before AI adoption” and “After AI adoption” coefficients capture the average difference in outcomes between AI 

adopters, before and after their adoption year, and firms that never adopt AI. Columns (3)–(6) restrict the sample to AI adopters. Columns (5) 

and (6) further restrict the sample to observations in the fourth quartile of the AI-exposure distribution. Columns (3), (4), (5), and (6) are estimated 

using the Callaway and Sant’Anna (2021[73]) estimator and correspond to Equation 3 that includes firm and country-sector-year fixed effects and 

baseline-characteristic trends. The “After AI adoption” coefficient captures the average post-adoption effect of AI adoption for treated firms, 

relative to the counterfactual evolution of firms that have not yet adopted AI. Standard errors are clustered at the firm level. Significance levels: 

* p<0.10, ** p<0.05, *** p<0.01. 

Source: Authors’ estimation on matched Orbis-Lightcast data.17 

 

The non-significant effect in Columns (3) and (4) may occur as the sample concerns a period where AI 

technologies are still not broadly diffused and limited to pre Gen-AI. Significant effects, therefore, could 

emerge in sectors that were initially highly exposed to AI, as AI can be applied to a broader set of tasks 

and deliver higher firm-level gains. Columns (5) and (6) focus on firms operating in countries and sectors 

that were highly exposed to AI.18 .  

 
17 The lower number of observations for the results on markups is explained by missing values on the outcome 

variable. 

18 AI exposure is measured as the share of production tasks that can be improved by AI in a given country-sector.  

The survey-based exposure measure was developed by Eloundou et al. (2024[38]) and further elaborated by Filippucci, 

 

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

 ln(MFP) ln(markup) ln(MFP) ln(markup) ln(MFP) ln(markup) 

Before AI adoption .428*** .037***     

  (.014) (.006)     

After AI adoption .491*** .050*** -.002 -.004  .043* -.023 

 (.017) (.007) ( .015) ( .008) ( .026) ( .017) 

       

Fixed effects       

Firm FEs N N Y Y Y Y 

Size, age x year FEs N N Y Y Y Y 

Country x sector2 x year FEs Y Y Y Y Y Y 

Sample All All 

AI 

adopters 

AI 

adopters 

High AI 

exposure 

High AI 

exposure 

Observations 652,987 525,138 26,038 23,576 6,541 6,379 

Firms 151,921 121,940 5,447 4,944 1,361 1,336 

Treated firms 4,382 3,987 3,938 3,566 1,008 980 
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Within this group, AI adoption increases MFP by around 4.3% relative to firms that have not yet adopted 

AI. No statistically significant effect is detected for markups. This suggests that productivity gains from AI 

adoption are concentrated in environments where the task content of production is more exposed to AI. 

Moreover, a positive and statistically significant effect is detected on labour productivity (Table A4). Positive 

effects of AI adoption on labour productivity were found also by Aldasoro et al. (2026[19]), although using 

an IV strategy that cannot explicitly control for firm-specific unobserved differences, and in event-studies 

that control for firm-specific effects conducted on Italian (Ropele and Tagliabracci, 2026[24]), Spanish 

(Pastor-Merino et al., 2026[23]) and German (Czarnitzki, Fernández and Rammer, 2023[18]) firms.19  

 

Beyond aggregation biases across sectors of differing initial AI exposure, an alternative explanation for the 

lack of average productivity effects  is the fact that general purpose technologies such as AI require 

complementary investment in skills, data, software and organisational change that may be poorly 

measured and may reduce measured productivity initially, before any gain can materialise (Brynjolfsson, 

Rock and Syverson, 2021[20]). Recent evidence on industrial AI in the United States find J-curve-shaped 

effects (McElheran et al., 2025[74]), with initial productivity losses followed by later gains. Such a pattern 

does not appear in the present setting, likely because only early effects of AI adoption can be captured. 

However, as discussed in Section 4.4, dynamic estimates for the ICT and Industry sector indicate that 

productivity gains emerge only gradually, becoming, for the ICT sector, statistically significant four years 

after adoption.  

4.2. Heterogeneity results: markup advantages for early-adopters and firms with 

initially higher market share 

The average null effect presented in Table 2 potentially masks heterogeneity across firms. This hypothesis 

is tested following the approach described in Section 3.3, focusing on two margins that are relevant from 

a competition perspective, early-adopters vs. late-adopters, and high-market-share firms vs. low-market-

share firms. 

4.2.1. Sectoral AI frontrunners vs. late-adopters 

Columns (1) and (2) in Table 3 examine whether the causal effect of AI adoption varies with the baseline 

intensity of AI-related postings in the firm’s industry. In other words, the analysis distinguishes between 

the effect of adoption in industries where many firms had already adopted AI at baseline and in industries 

where adoption was still limited. Namely, The “After AI adoption” coefficient captures the effect of AI 

adoption for firms operating in industries with average baseline AI-posting intensity, while the interaction 

coefficient captures how this effect changes when baseline industry AI-posting intensity increases by one 

percentage point.20 This analysis is motivated by the idea that the returns to a new technology may depend 

on how widespread the technology already is among competitors. Early adoption can generate temporary 

 
Gal and Schief (2024[25]), who harmonised the measure across countries. The sample is restricted to firms in the fourth 

quartile of the AI-exposure distribution (“high exposure”).   

19 At the same time, other firm-level evidence finds that AI-investing firms grow faster in sales, but do not experience 

immediate productivity gains (Babina et al., 2024[16]). The magnitude of the effect in Column (5) found in the ICT sector 

is close to those in Aldasoro et al. (2026[19]) and Ropele and Tagliabracci (2026[24]) for the aggregate economy. 

20 As described in Section 3.3 the baseline industry AI-posting measure is expressed in percentage points and mean-

centered. Estimates account for firm fixed effects, country-sector-year fixed effects and baseline-characteristic trends, 

including industry AI-posting intensity. 
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competitive advantage, while these gains may dissipate as adoption becomes more widespread  (Gómez 

and Palomas, 2024[75]).  

The results show no statistically significant heterogeneity in productivity effects. For markups, the post-

adoption effect for a firm in an industry at mean baseline AI-posting intensity is small and statistically 

insignificant, around -0.4%. The interaction coefficient is negative and statistically significant: a one-

percentage-point higher baseline industry AI-posting intensity reduces the effect of AI adoption on markups 

by around 0.9 percentage points. This suggests that the markup effect of AI adoption is weaker, and 

eventually negative, in industries where AI-related hiring was already more widespread before adoption. 

More concretely, for a firm in the industry with the lowest initial share of AI-related posting the implied effect 

on markups is positive and statistically significant, at around 2.5%. By contrast, for a firm in the industry 

with the highest baseline share the effect is negative and statistically significant, at around -6.0%.  

The left panel of Figure 5 reports implied effects across percentiles of the baseline AI-posting intensity 

measure. The effect is positive and statistically significant only at the very bottom of the distribution, while 

is negative and statistically significant for the top quartile. From a competition perspective, this pattern is 

consistent with the idea that new digital technologies can create temporary rents and competitive 

advantage for very AI frontrunners, but that these rents may erode as adoption spreads within the industry. 

Hence, later adoption may reflect competitive pressure rather than generate additional market-power 

gains. This interpretation is also consistent with recent cross-sectional evidence from an ECB survey, 

which suggests that peer pressure plays a role in inducing firms to adopt AI (Chaloupka, Lalinský and 

Lopez-Garcia, 2026[76]). 

4.2.2. High-market-share firms vs. low-market-share firms 

The second margin investigated studies whether the effect of AI adoption varies with firms’ initial market 

position, measured by baseline market share21 (Columns (3) and (4) in Table 3). Indeed, a concern is that 

AI adoption may strengthen the position of already dominant firms, in line with the evidence that digital 

technologies and intangible assets can be associated with higher markups, rising concentration and 

“superstar firm” dynamics (Autor et al., 2020[9]; Calligaris, Criscuolo and Marcolin, 2024[10]; Aghion et al., 

2023[77]; Crouzet and Eberly, 2019[78]).  

As described in Section 3.3, baseline market share enters the specification in logs and is mean-centred. 

The “After AI adoption” coefficient therefore captures the effect of AI adoption for firms with average 

baseline log market share, and the interaction coefficient captures how this effect changes with a one-log-

point increase in baseline market share. 

Column (3) shows no significant heterogeneity in the effect on productivity. Column (4), instead, points to 

significant heterogeneity in markup effects. For firms with average baseline log market share, AI adoption 

is associated with a small reduction in markups of around 0.8%. The positive and significant interaction 

coefficient indicates that this effect becomes more favourable as baseline market share increases. A one-

log-point increase in baseline market share raises the estimated markup effect by around 0.6 percentage 

points; a doubling of baseline market share increases the effect by around 0.4 percentage points. When 

evaluated at the lower end of the market-share distribution, the implied effect is negative and statistically 

significant corresponding to a reduction in markups of around 4.5%. When evaluated at the upper bound 

of the market-share measure, the implied effect is positive and statistically significant, at around 4.2%.  

 
21 Market share is proxied by the ratio of firm-level real gross output, from Orbis, to total real gross output in the 

relevant market, from SBS and Eurostat National Accounts data. Markets are defined at the Nace Rev. 2 two-digit 

level, distinguishing between domestic and tradable markets: for domestic markets, the denominator is computed at 

the country-sector-year level; for tradable sectors, it is aggregated across countries within the same sector-year. 
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The right panel of Figure 5 reports the implied effects across percentiles of the market-share distribution. 

The effect becomes positive and increasing for firms in the top 10% of the distribution.22 This is consistent 

with a “superstar firms” interpretation, whereby new technologies disproportionately benefit firms that are 

better position to scale up new capabilities. It is also consistent with evidence that leading firms may charge 

higher prices without necessarily becoming more productive (Gutiérrez and Philippon, 2019[79]; Babina 

et al., 2024[16]; Adams et al., 2026[17]) and that increases in market power can be concentrated among firms 

at the top of the distribution (De Loecker, Eeckhout and Unger, 2020[8]).23 

 

Table 3. Markup gains concentrate among AI frontrunners and high-market-share firms 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Notes: AI adoption is defined as the first year in which the share of AI-related vacancies over total vacancies exceeds the 75th percentile of the 

AI-vacancy-share distribution. Columns (1) and (4) include only AI adopters, excluding firms that never adopt AI and estimate Equation 5 that 

includes firm and country-sector-year fixed effects and baseline-characteristic trends. Columns (1) and (2) further include trends by baseline 

sector-level AI-posting intensity at the two-digit sector level. In columns (1)-(2), the first coefficient reports the post-adoption effect for firms in 

industries with average baseline AI-posting intensity,  while the second coefficient shows how this effect changes when baseline industry AI-

posting intensity increases by one percentage point. In columns (3)-(4), the first coefficient reports the post-adoption effect for firms with average 

baseline log market share, while the second coefficient shows how this effect changes for a one-log-point higher baseline market share. Standard 

errors are clustered at the firm level. Significance levels: * p<0.10, ** p<0.05, *** p<0.01. 

Source: Authors’ estimation on matched Orbis-Lightcast data. 

 
22 In Appendix, Figure A2Error! Reference source not found. shows that firms with high market share are 

concentrated in the Industry sector while firms with low market share belong primarily to the ICT sector.   

23 For firms starting from weaker competitive positions, the negative effect is more difficult to interpret. One possible 

explanation is that AI adoption may require complementary investments, such as specialised workers, training, 

software, and organisational adjustment but these firms may not be able to pass these costs into higher prices 

(Brynjolfsson, Rock and Syverson, 2021[20]). An alternative explanation is that firms with weaker market positions may 

use AI adoption to compete more aggressively on prices in the short run to gain market shares. However, these 

mechanisms cannot be tested with the data at hand.  

 

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

 ln(MFP) ln(markup) ln(MFP) ln(markup) 

AI adopters, after AI adoption .003 -.004 -.005 -.008** 

(effect at the mean) (.009) (.004) (.008) (.004) 

After AI x baseline industry -.008 -.009***   

AI-posting Intensity (p.p.) (.007) (.003)   

After AI x baseline firm’s   -.005 .006*** 

log market share   (.004) (.002) 

     

Fixed effects     

Firm FEs Y Y Y Y 

Size, age x year FEs Y Y Y Y 

AI-posting share x year FEs Y Y N N 

Country x sector2 x year FEs Y Y Y Y 

Sample 

AI 

adopters 

AI 

adopters 

AI 

adopters 

AI 

adopters 

Observations 26,719 24,223 21,177 20,060 

Firms 5,594 5,083 4,414 4,195 

Treated firms 4,262 3,874 3,384 3,203 
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Figure 5. AI adoption raises markups only for firms with high baseline market share and early AI 
adopters, while gains fade as AI hiring spreads 

Marginal Effect of AI on ln(markup) 

  

 
Notes: AI adoption is defined as the first year in which the share of AI-related vacancies over total vacancies exceeds the 75th percentile of the 
AI-vacancy-share distribution. The figure reports implied marginal effects of AI adoption on the logarithm of markup, evaluated at selected 
percentiles of baseline industry AI-posting intensity (left panel) and at selected percentiles of firms’ baseline log market share (right panel). 
Baseline industry AI-posting intensity is measured at the two-digit sector level, expressed in percentage points, and mean-centred. Estimates 
are based on Equation 5, using the sample of AI adopters only and excluding firms that never adopt AI. The specification includes firm fixed 
effects, country-sector-year fixed effects, baseline-characteristic trends including, for the left panel only, trends by baseline sector-level AI-
posting intensity. Standard errors are clustered at the firm level. Confidence intervals are reported at the 90% level. 
Source: Authors’ estimation on matched Orbis-Lightcast data. 

 

Putting the results in Table 2 and Table 3 together suggest that the causal effect of AI adoption is highly 

heterogeneous. On average, AI adoption does not generate statistically significant productivity or markup 

gains among adopters. However, productivity gains emerge among firms operating in highly AI-exposed 

environments, while markup gains are concentrated among firms adopting under more favourable initial 

conditions: either when AI was still relatively scarce in their industry, or when the firm already had a strong 

market position.  

4.3. Heterogeneity by size 

Previous evidence has shown that larger firms are more likely to adopt digital technologies (Calvino, 

Criscuolo and Ughi, 2024[80]; Forman, 2005[81]) and may be better positioned to benefit from them 

(Brynjolfsson et al., 2023[82]), potentially as they are more able to exploit them. This motivates Table 4, 

which investigates whether the causal effect of AI adoption also varies with firm size, measured by firms’ 

baseline employment-size class. The first coefficient reports the post-adoption effect for the reference 

category, firms with less than 50 employees, while the interaction terms capture additional effects relative 

to that category.  
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The estimates show that productivity gains are concentrated among the largest firms with an effect of 

around 3% for firms with more than 1,000 employees. By contrast, among firms with fewer than 50 

employees, AI adoption reduces markups by around 1.9%.24 These results are in line with evidence 

showing that the benefits of AI adoption are concentrated among medium and large firms (Aldasoro et al., 

2026[19]). Like for past digital technologies, larger firms may be better able to combine AI with 

complementary assets such as data, digital infrastructure, managerial capabilities and skilled labour. 

Farboodi et al. (2019[83]) argue that economic activity generates data and large firms generate more data 

and that induces economies of scale even when the technology of physical production has constant 

returns, thereby reinforcing scale advantages. Since data is a crucial input to AI implementation, this raises 

the possibility that AI adoption may reinforce winner-take-most dynamics, rather than uniformly benefiting 

firms across the size distribution. This interpretation is also consistent with Babina et al. (2024[16]) who find 

that AI investments are associated with increased industry concentration. 

Table 4. AI adoption disproportionately benefits larger firms. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note: AI adoption is defined as the first year in which the share of AI-related vacancies over total vacancies exceeds the 75th percentile of the 

AI-vacancy-share distribution. The Table include only AI adopters, excluding firms that never adopt AI and estimate Equation 5, where 𝑍𝑖
0 is 

baseline firm-size class. The first coefficient reports post-adoption effect for the reference category (firms with fewer than 50 employees); the 

interaction terms capture additional effects relative to that category. These effects are measured relative to pre-adoption firm’s outcomes, 

conditional on firm fixed effects, country-sector-year fixed-effects, baseline-characteristic trends, including trends by baseline size category. 

Standard errors are clustered at the firm level. Significance levels: * p<0.10, ** p<0.05, *** p<0.01. 

Source: Authors’ estimation on matched Orbis-Lightcast data 
 

 

 

 
24 For firms with more than 1,000 employees the effect is positive and statistically significant, although small in 

magnitude (around 0.3%). 

 (1) (2) 

 ln(MFP) ln(markup) 

baseline size: <50 employees -.019 -.019* 

  ( .023) ( .011) 

additional effect: 50–249 employees  .009  .011 

  ( .026) ( .013) 

additional effect: 250–999 employees  .028  .015 

  ( .026) ( .013) 

additional effect: 1000+ employees  .049*  .022* 

  ( .029) ( .013) 

   

Fixed effects   

Firm FEs Y Y 

Size, age x year FEs Y Y 

Size category x year FEs Y Y 

Country x sector2 x year FEs Y Y 

Sample AI adopters AI adopters 

Observations 26,727 24,231 

Firms 5,598 5,087 

Treated firms 4,263 3,875 
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4.4. Heterogeneity by sector 

Figure A3Error! Reference source not found. shows that the share of AI-related vacancies over total 

vacancies has increased steadily across all sectors since 2018, with important heterogeneity in levels.25 

These patterns suggest that the effect of AI adoption may differ substantially across sectors.  

Table 5 explores this heterogeneity. The estimates indicate that AI adoption increases productivity in ICT, 

with an average post-adoption effect of around 4.3%, relative to the counterfactual evolution of firms that 

have not yet adopted AI, after accounting for permanent firm differences and common country-sector-year 

shocks. By contrast, not statistically significant effects on markups are detected in ICT. For Professional 

Services, the estimates point to a positive and statistically significant effect on markups, of around 3.5%, 

while the productivity effect is not statistically significant. 

Table 5. Productivity effect in ICT, markup effect in Professional Services 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note: AI adoption is defined as the first year in which the share of AI-related vacancies over total vacancies exceeds the 75th percentile of the 

AI-vacancy-share distribution. Coefficients are estimated using the Callaway and Sant’Anna (2021[73]) estimator and report the average post-

adoption coefficient, 𝛽𝑝𝑜𝑠𝑡 , from Equation 3. Each coefficient is estimated on the subsample of firms belonging to the corresponding sector. 

These effects are measured relative to the counterfactual evolution of firms that had not yet adopted AI, conditional on firm fixed effects, country-

sector-year fixed-effects. Standard errors are clustered at the firm level. Significance levels: * p<0.10, ** p<0.05, *** p<0.01 

Source: Authors’ estimation on matched Orbis-Lightcast data. 

Figure 6 decompose these sectoral effects dynamically by estimating the dynamic event-study 

specification in Equation 4 separately by sector group. This provide a check for the parallel-trend 

assumption by looking at the coefficients before adoption, that is, before the vertical dashed line. Since 

these coefficients are close to zero and statistically insignificant, there is no evidence of differentials pre-

trends.  

 
25 ICT remains the sector with the highest average share throughout the period, rising from 1.9% in 2018 to 3.2% in 

2024. This is in line with recent evidence showing that AI use is highest in ICT and Professional Services (Calvino and 

Fontanelli, 2023[14]). Among the other sectors, Professional services and Retail and Wholesale experienced the largest 

increases, from 0.5% to 0.9%, and from 0.1% to 0.3%, respectively. 

 (1) (2) 

 ln(MFP) ln(markup) 

Knowledge-intensive services   

--- ICT (J)  .043* -.024 

  ( .025) ( .017) 

--- Professional serv. (L-N) -.022  .035* 

  ( .029) ( .019) 

Industry (B-F) -.033 -.002 

  ( .029) ( .011) 

Other services -.049 -.007 

 ( .038) ( .013) 

Fixed effects   

Firm FEs Y Y 

Country x sector-group x year FEs Y Y 

Sample AI adopters AI adopters 

Observations 26,735 24,209 

Firms 5,573 5,058 

Treated firms 4,045 3,664 
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Moreover, the Figure offers insights about the dynamic of the effects. In the upper panel, it emerges that 

the average productivity effect in ICT detected in Table 5 takes time to materialise. Post-adoption 

coefficients increase gradually and reach around 12.3% four years after adoption. In the Industry sector, 

instead, there is evidence of short-run productivity losses followed by a later recovery. This pattern is close 

to what the literature describe as a productivity J curve: productivity may initially decline while the benefits 

materaialise only later, once AI is fully integrated into production process. This delayed pattern is consistent 

with the idea that general purpose technologies may require complementary investments and 

organizational adjustments before productivity gains become visible in measured outcomes, as highlighted 

by the productivity J-curve literature (Brynjolfsson, Rock and Syverson, 2021[20]).26 Figure A4 shows that 

the dynamic effects on labour productivity display a similar pattern to those on productivity, with an effect 

that reaches 13.8% four years after adoption. 

 

The lower panel focuses on markups. For Professional Services, the markup effect also appears gradually 

becoming larger over time after adoption and reaching around 10% after four years. In ICT, the initial dip 

is followed by a later recovery. One possible interpretation is that AI adoption may first require 

experimentation, organisational adjustment and time to be integrated into services and client relationship 

before firms are able to translate new AI capabilities into higher margins. However, the analysis does not 

directly test the underlying mechanism.  

Taken together, these results suggest that the effects of AI adoption are concentrated in knowledge-

intensive sectors, but along different margins: productivity gains appear stronger in ICT, while markup 

gains realize in Professional Services. In both cases these effects build gradually over time. 

 
26 It is possible that post-adoption effects are driven by further increases in AI-related hiring after the adoption threshold 

is crossed. The evidence points to only mild persistence in AI scale-up over time, suggesting that this channel is 

unlikely to fully explain the delayed effects. 
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Upper panel 

Lower panel 

Notes: AI adoption is defined as the first year in which the share of AI-related vacancies over total vacancies exceeds the 75th percentile of the 

AI-vacancy-share distribution. Coefficients are estimated using the Callaway and Sant’Anna (2021[73]) estimator and report the dynamic event-

study effects from Equation 4. Each coefficient corresponds to a specific event time relative to the adoption year, with (𝑡 = −1) omitted as the 

reference period. Estimates are computed separately for firms belonging to each sector group and are measured relative to the counterfactual 

Figure 6. Dynamic event-study by sector. Productivity effect in ICT, markup effect in 
Professional Services 
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evolution of firms that had not yet adopted AI, conditional on country-sector-year fixed-effects. Standard errors are clustered at the firm level. 

Confidence intervals at the 95% level. 

Source: Authors’ estimation on matched Orbis-Lightcast data. 

4.5. Robustness, additional heterogeneity and other outcomes 

We conduct several robustness checks to assess whether the results are driven by specific definition of AI 

vacancies used in the analysis, or by countries and sectors where the AI job-posting measure is not well 

aligned with survey based AI exposure measure. The results are reported in the Annex (Table A7, Table 

A8, Table A9). Overall, the signs of the coefficients remain consistent, and statistical significance is 

generally preserved when restricting the sample to countries and sectors for which the correlation between 

the AI-posting measure and AI-exposure measure is high.27 When using the Borgonovi et al. (2023[66]) 

definition of AI vacancies, the signs of the coefficients also remain consistent although estimates are less 

precise and statistical significance is weaker. 

Further analyses examine whether the estimated effects vary with firms’ baseline age, the type of AI activity 

prevalent in their industry, and their exposure to earlier adopters (Table A11, Table A12, and Table A13). 

Table A11 shows that neither baseline industry AI-user nor AI-developer intensity significantly changes the 

AI-adoption effect on MFP, whether the two measures are entered separately or jointly. The results do not 

identify individual firms as AI users or developers. They nevertheless indicate that the productivity 

response is not systematically stronger in more AI-developer-intensive industries, leaving open the 

possibility that productivity gains detected in Table 2 and Table 5 extend to AI-user firms too. For markups, 

both interactions are negative and statistically significant when entered separately, but neither remains 

significant when included together. Table A12 reports average post-adoption effects separately across four 

baseline age groups. The estimates are statistically insignificant in all groups and do not display a clear 

age gradient. Table A13 examines whether the estimated effects vary with firms’ pre-adoption exposure to 

earlier adopters, measured in the last year in which each firm is observed untreated.28 The  are small and 

statistically insignificant for both MFP and markups,  no evidence of a linear relationship between pre-

adoption peer exposure and the effects of AI adoption.29 

Lastly, we extend the analysis beyond the two main outcomes and examine the effects of AI adoption on 

profitability.30 Focusing on this outcome complements the analysis in Table 3 where markup gains are 

detected for firms adopting AI under more favourable initial conditions. Profitability and markups need not 

move one-for-one. Markups capture the wedge between prices and marginal costs, while profitability also 

reflects fixed costs, overhead costs, investment costs, and other accounting components that may differ 

substantially across sectors. Therefore, observing an increase in profitability alongside an increase in 

markups would provide stronger evidence for an interpretation based on market power. This is what 

Column (1) of Table A10 suggests. The interaction coefficient is statistically significant and indicates that 

firms adopting AI in industries where AI-related hiring was initially lower not only experience higher 

markups, but also higher profitability. More specifically a one-percentage-point lower baseline share of AI-

related postings in the industry increases the estimated effect of AI adoption on profitability by around 2.7 

 
27 This restriction identifies the part of the data where the job posting proxy provides a clearer signal of AI related firm 

activity. 

28 Peer exposure is the share of other firms that have already adopted AI in the relevant market-year, with the relevant 

market defined according to firms’ geographic scope. It is measured in the last year in which the firm was observed 

untreated and peer exposure is measurable. The focal firm is excluded from both the numerator and the denominator. 

29 While this does not rule out spillovers, it suggests that the estimated effects do not display a clear linear gradient 

with prior AI adoption in the relevant market. 

30 Profitability is measured as the ratio between EBITDA and gross output. 
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percentage points. By contrast, AI adoption does not appear to have significantly different effects on 

profitability for firms with high versus low baseline market share. 

4.6. Comparison with projected aggregate gains from AI 

An important part of the literature on the economic impacts of AI has focused on discussing the potential 

effects of AI over the next 10 years (Acemoglu, 2025[35]; Filippucci, Gal and Schief, 2024[25]). The debate 

has often centred on forecasting AI’s productivity potential, with radically different ballpark figures. Part of 

this disagreement reflects different assumptions about how beneficial AI is for the tasks to which it can be 

applied, and about the share of tasks within firms for which AI could generate productivity gains. The 

previous section documented significant productivity effects of AI in firms operating in highly exposed 

sectors, such as ICT. This evidence can be used to take forecasts about the aggregate effects of AI to 

data: do effects of this magnitude imply meaningful aggregate impacts of AI, or point instead to relatively 

modest macroeconomic effects? 

Following Filippucci, Gal and Schief (2024[25]), and based on Hulten’s theorem, the aggregate effects of AI 

over 10 years for a specific country/industry cs can be approximated as the product of task-level 

performance gains from AI, times how many tasks AI can be applied to in that industry, times the increase 

in adoption over 10 years in that industry.  

𝐴𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 𝑒𝑓𝑓𝑒𝑐𝑡 𝑜𝑣 10 𝑦𝑒𝑎𝑟𝑠𝑐𝑠 ≃ 𝑇𝑎𝑠𝑘 𝑙𝑒𝑣𝑒𝑙 𝑒𝑓𝑓𝑒𝑐𝑡 × 𝑒𝑥𝑝𝑜𝑠𝑢𝑟𝑒𝑐𝑠 × Δ 𝑎𝑑𝑜𝑝𝑡𝑖𝑜𝑛 (𝑜𝑣 10 𝑦)𝑐𝑠 

A natural way to link the micro-evidence to the task-based estimates is to assume that the firm-level effect 

of AI over 10 years can be approximated as the product of the task-level effect and sectoral exposure, 

namely 𝐹𝑖𝑟𝑚 𝑙𝑒𝑣𝑒𝑙 𝑒𝑓𝑓𝑒𝑐𝑡 (𝑜𝑣 10 𝑦) = 𝑇𝑎𝑠𝑘 𝑙𝑒𝑣𝑒𝑙 𝑒𝑓𝑓𝑒𝑐𝑡 × 𝑒𝑥𝑝𝑜𝑠𝑢𝑟𝑒𝑐𝑠, as firm-level productivity gains 

arise from AI being applied to exposed tasks within firms. Under this assumption, the estimates in this 

paper can be used to recover an implied firm-level effect over a 10-year horizon.  

The exercise is limited to the ICT sector, where the analysis in the previous section detects a significant 

firm-level impact of AI on labour productivity.31 In this sector, the estimated effect of AI on labour 

productivity displays a growing dynamic, which is possible to observe only over the first five years in the 

data available, as shown in Annex Figure A4. The effect over a 10-year horizon may therefore differ 

depending on how this dynamic evolves beyond the remaining years. Annex Figure A5 describes 

alternative scenarios for the continuation of the effect over 10 years, and the following exercise will use 

the firm-level effect of AI adoption over 10 years in the ICT sector resulting from the intermediate scenario.  

Not all of the firms are expected to adopt AI over 10 years. To account for this, the firm-level effect of AI 

adoption over 10 years in the ICT sector is then multiplied by the range of scenarios for the expected 

increase in AI adoption in the ICT sector over the same horizon, taken from Filippucci et al. (2025[84]), for 

the 24 countries in the sample. This yields the values reported in the leftmost column of Figure 7, upper 

panel. Alternatively, it is possible to use the expected adoption for the US only, and obtain the central 

colum in the Figure. This latter column can be compared to the last column, in red, which is the projected 

gain for the ICT sector over 10 years according to OECD estimates in 2024 (Filippucci, Gal and Schief, 

2024[25]).  

The ICT sector represents a small part of the economy, however, and most of the current macroeconomic 

debate has focused on the aggregate economy. For benchmarking, one can look at the aggregate 

estimates implied by Filippucci, Gal and Schief (2024[25]), for the aggregate economy, in the lower panel 

of Figure 7. Since the micro estimates for the ICT sector in this paper are in line with ICT gains from 

Filippucci, Gal and Schief (2024[25]), this can be considered as an initial evidence supporting the moderately 

 
31 This doesn’t exclude possible smaller effects in other sectors, where the analysis in this paper may lack power to 

detect an effect. 



   31 
       

      
  

 

optimistic projections of Filippucci, Gal and Schief (2024[25]) for the aggregate economy. However, it is 

clearly necessary to keep monitoring gains in other sectors, which may become more detectable as 

adoption increases.32  

Figure 7. The estimated firm-level effects in the ICT sector are consistent with past projections of 
aggregate gains from AI  

Upper Panel 

 

Lower Panel 

 

Notes: Purple columns indicate projected aggregate gains derived from the present analysis. Red columns report projections from Filippucci, 
Gal and Schief (2024[25]). Parentheses report the publication year and the country covered.  
Source: Authors’ estimation on matched Orbis-Lightcast data, and cited papers. 

4.7. Implications for productivity divergence 

Past OECD evidence has documented increasing productivity divergence between firms at the global 

productivity frontier and laggard, or non-frontier, firms, with this divergence being particularly pronounced 

in digital sectors (Andrews, Criscuolo and Gal, 2016[4]). In this respect, besides detecting productivity 

 
32 Gains in other sectors may be more affected by J-curve dynamics or be characterised by lower task-level gains. 

One should also keep in mind that this paper covers mostly pre-Gen AI. 
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effects in some sectors, the results in this paper show that AI adoption is disproportionately concentrated 

among high-productivity firms. This raises the concern that AI may contribute to productivity divergence, 

insofar as its productivity benefits accrue mainly to firms that were already at the productivity frontier before 

AI adoption, and further benefit in terms of productivity from AI. 

Focusing again on the ICT sector, it is possible to estimate how much the combination of higher AI adoption 

among frontier firms and the productivity benefits associated with AI adoption contributes to frontier-

laggard productivity divergence. In the left panel of Figure 8, the solid lines show the path of average MFP 

for firms in the top decile of the MFP distribution (frontier firms), and for the rest of the distribution 

(laggards). These paths imply a widening productivity gap over time, shown by the solid line in the right 

panel, confirming that the trends observed by Andrews, Criscuolo and Gal (2016[4]) are also present in our 

sample. 

To study the role of AI in this divergence, a counterfactual can be constructed in which frontier firms do not 

exhibit differentially higher AI adoption and hence do not enjoy AI’s productivity benefits more.33 This 

counterfactual is shown by the dashed lines in Figure 8. The results suggest that productivity growth among 

frontier firms would have been roughly halved in the absence of these AI-related channels, pointing to a 

significant role of AI adoption in the productivity growth of frontier firms in the ICT sector over the period 

considered. The frontier-laggard gap would also have been around half a percentage point lower, 

corresponding to roughly one-fifth of the realised gap. This reduction is somewhat smaller, but still present, 

when comparing frontier and laggard firms that are comparable in terms of sector, size quintile and age 

quintile, thereby keeping the composition of the two groups constant. 

Figure 8. AI has a significant role in the divergence between frontier and laggards firms in terms of 
productivity in the ICT sector 

  

Notes: Values are normalized to zero in 2018. Frontier firms are firms in the top decile of the productivity distribution; laggard firms are all other 
firms. 
Source: Authors’ estimation on matched Orbis-Lightcast data. 

 
33 This is obtained in two steps. First, differences in predicted AI adoption between frontier firms and other firms are 

estimated using the following specification: 𝐴𝐼 𝑎𝑑𝑜𝑝𝑡𝑖𝑜𝑛𝑖𝑡 =  𝛾𝑡  ×  𝑓𝑟𝑜𝑛𝑡𝑖𝑒𝑟𝑖 × 𝑦𝑒𝑎𝑟𝑡 + 𝜏𝑡 × 𝑦𝑒𝑎𝑟𝑡 + 𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖𝑡, where 

𝛾𝑡 and 𝜏𝑡  capture the differential between frontier and laggards in adoption and laggards’adoption, respectively. 

Second, predicted AI adoption is multiplied by the estimated productivity effect of AI to quantify the contribution of AI. 

Finally, by subtracting the contribution of AI to the path of MFP for frontiers and laggards it is possible to construct a 

counterfactual scenario in which the productivity effect associated with AI adoption is set to zero. 
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This paper contributes to the literature by examining the productivity and competition effects of AI adoption 

jointly and from a causal perspective, within a single cross-country firm-level framework. Analysing these 

outcomes in the same framework is important given that the two potentially reinforce one another and are 

linked in non-trivial ways: an efficiency gain may be passed through as lower prices, retained as a wider 

margin, or used to expand market share, and only estimating both equations truly allows distinguishing 

between adoption that raises efficiency and adoption that confers market power.  

Three key findings emerge from this analysis. First, there is a considerable degree of selection among AI-

adopters, as they differ ex-ante from non-adopters: they are on average larger, more productive, and 

exhibit higher markups. Second, once these pre-existing differences are accounted for, the average effect 

of AI adoption on both markups and productivity is not statistically distinguishable from zero. Third, the 

absence of an average effect on productivity masks substantial heterogeneity across firms and sectors: 

adoption does in fact affect both outcomes, but its effects vary in sign and magnitude, suggesting that AI 

adoption effects materialise through different margins. These effects tend to emerge gradually, suggesting 

a possible J-curve effect, and that effect may become larger over time. 

A first margin concerns the conditions under which firms adopt. Markup gains are concentrated among 

those firms defined as AI frontrunners (in a relative sense, compared to their industry), which are the firms 

posting AI vacancies in industries with relatively low AI posting intensity at the beginning of the period. No 

corresponding heterogeneity is found for productivity along this margin, suggesting that what frontrunners 

may capture is a temporary competitive rent rather than an efficiency premium. This pattern is in fact 

potentially consistent with a transitory first-mover competitive advantage, which then erodes as adoption 

spreads in the industry. A risk for competition would emerge if the position of AI frontrunners were to 

become entrenched. Competition authorities should accordingly monitor whether these rents consolidate 

in specific settings, in particular through consolidation by leading firms or multiple acquisitions of innovative 

AI developers that could prevent diffusion from eroding early advantages. 

A second margin concerns firm scale and initial market position. Productivity gains rise with firm size, 

accruing disproportionately to the largest firms while remaining absent among the smallest ones. Markup 

effects, by contrast, vary more considerably with baseline market shares: they are negative for firms in the 

lower part of the distribution of market shares, and become positive for firms at the very top of that 

distribution. The two patterns, while not necessarily coinciding at the firm level, point in the same direction, 

with the largest and best-positioned firms capturing either productivity gains, or markup gains, or both.  

This pattern is in line with broader evidence that digital technologies and intangible assets can reinforce 

"superstar" dynamics, and raises the possibility that AI adoption strengthens incumbents’ positioning rather 

than levelling the playing field. The appropriate response is to keep AI-relevant inputs contestable, so that 

the returns to adoption do not accrue disproportionately to incumbents by virtue of scale alone. Access to 

computational power, data, and skilled labour is central in this respect: where effective AI use depends on 

a highly skilled workforce and on data assets that scale with firm size, barriers to accessing these inputs 

may function as barriers to entry. Skills and labour-market policies therefore have direct implications for 

competition, and supporting broad-based adoption may be a more effective lever than ex-post intervention. 

A third margin is sectoral, with relevant heterogeneity emerging when considering sector-specific patterns. 

Adoption in fact raises productivity in sectors that are highly exposed to AI, most distinctively in ICT, without 

any accompanying markup increase. Conversely, AI raises markups in professional services, without a 

measurable productivity gain. The impact in the ICT sector, where efficiency gains are passed through 

5 Discussion and conclusion 
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rather than retained as margin, is consistent with adoption raising productive capacity without conferring 

market power. Both productivity and markup effects tend to emerge gradually, and the evidence in this 

paper points to sector-specific J-curve dynamics, as in McElheran et al. (2025[21]). The sector-specific 

results can also inform the debate about the aggregate impact of AI adoption. Applying Hulten’s theorem 

to the ICT sector estimate and scaling it by expected adoption over a ten years horizon, yields productivity 

gains that are broadly in line with Filippucci, Gal and Schief (2024[25]). While confined to the ICT sector, 

the result suggests that the aggregate productivity effects of AI adoption could lie toward the more 

optimistic end of existing projections. 

A further consideration relates to sample composition. Given that a higher share of productivity frontier 

firms adopt, and adoption leads to a productivity benefit, our results suggest that AI adoption may increase 

the gap in outcomes between leading adopters and firms that never adopt, rather than acting as a force 

that levels the playing field. In fact, focusing on the ICT sector, the current analysis has documented that 

AI appears to have a significant role in the divergence between frontier and laggards firms in terms of 

productivity. 

Overall, the firm-level effects of AI may be better understood as gradual, selective, and sector-specific, 

and the competition challenges, where they arise, operate through firm scale and first-mover position rather 

than through adoption as such. At the same time, the productivity gains that emerge in the most exposed 

sectors and among the largest firms point to a latent dividend that remains unrealised for the wider 

population of firms. Enabling and facilitating diffusion may help extend these gains beyond the narrow set 

of sectors and firms in which they currently concentrate, and policies that decrease the cost of adoption 

and build complementary capabilities are therefore relevant not only for keeping markets contestable but 

also for ensuring that the productivity benefits of AI are broadly shared. 

A note of caution is due, especially with respect to the impact of AI on competition. The analysis in this 

paper identifies competition effects through firm-level markups. As such, it is worth mentioning a popular  

perspective (Shapiro and Yurukoglu, 2026[43]), according to which markups are best understood as a 

valuable "early warning system": they can help detect changes in industry structure and performance and 

point to potential issues in competition, but they do not allow one to separate a decline in competition from 

competition in action, since technologies that lower marginal costs while raising fixed costs raise markups 

even where consumers ultimately benefit. This limitation is intrinsic to the measure, since in the production 

approach price and marginal cost are not separately identified (Miller, 2025[42]). 

Moreover, AI may, affect competition through channels that are not reflected in markups, and, therefore, 

in the present empirical framework. A first channel operates through entry conditions. Where AI adoption 

requires large investment in customised solutions, it raises the scale at which adoption becomes profitable; 

where AI services can instead be bought on demand from cloud providers, that scale is lower and access 

to data becomes the main constraint. Testing this would require data on firm entry and exit and on the 

specific type of AI solutions adopted by firms, which the sample used here does not allow. A second 

channel concerns adopters' reliance on a concentrated set of providers of computing infrastructure and 

standardised AI solutions. The bundling of these services may generate switching costs and lock-in, 

weakening competitive pressure even where adopting firms themselves behave competitively. The data 

do not identify which providers firms rely on, and this dimension is left unexplored. None of these channels 

is tested in the analysis. They imply, nonetheless, that the absence of a broad-based markup effect should 

not be read as evidence that AI adoption is competitively neutral. 

Finally, this work focuses more closely on the downstream parts of the AI stack, namely the adoption and 

use of AI by firms. It does not focus on issues arising in the upstream layers of the AI ecosystem, such as 

chip production, nor does it specifically address competition in the market for foundation models, which 

deserve separate attention.   

More generally, the rapid pace of AI diffusion means that available data do not yet fully capture recent 

developments, and continued efforts to collect comprehensive information on firm-level adoption would 
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strengthen the capacity to monitor the evolving diffusion of AI and its impact on the economy. Data that 

distinguish between AI technology types and actors, capture the intensity and nature of use, and allow 

adoption events to be tracked over time would be particularly valuable to assess whether the temporary 

rents documented here dissipate or harden into a structural advantage, and whether productivity gains 

from AI technologies can spread across firms. 
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Annex A. Additional Tables and Figures 

 

Table A1. Sample selection by sector and treatment status 

Note: Further observations are dropped due to fixed effects when singletons appear.34 Last wave firms are observations treated in 2024. 

Source: Authors’ elaboration on matched Orbis-Lightcast data.

 

 

 

 

 

 

 

 

 

 

 

 
34 See Correia (2017[86]) for details. 

 
Industry (B-

F) 

Wholeale/retail 

(G) 

Transport & 

Accom (H,I) 
ICT (J) 

Professional 

serv. (L-N) 

Other 

services (P-

S) 

Total 
% over total 

observations 

All treated 2231 796 210 2015 1580 274 7106 4.63% 

Drop 2018 1948 722 181 1669 1345 242 6107 3.98% 

Drop always 

treated 1826 677 175 1455 1186 220 5539 3.61% 

Drop last wave 1569 569 150 1229 995 178 4690 3.05% 

Balanced pairs 1355 495 134 1086 841 145 4056 2.64% 

Non-treated         

Few AI, never 

intensive 1089 537 209 508 1312 223 3873 2.52% 

Never AI 57376 29067 16326 6149 21719 11905 142542 92.85% 
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Table A2. Selection into AI adoption I: adopters are larger, more productive, and have higher 
markups 

 

Note: Monetary variables are expressed in real terms. Gross output, and value added are reported in EUR millions; labour productivity, capital 

per worker and average wage are reported in EUR thousands per worker. Gross output, value added, employment and capital per worker are 

reported as medians; log MFP, markup, labour productivity and average wage are reported as means. MFP is reported in logs. 

Source: Authors’ elaboration on matched Orbis-Lightcast data.

 Log MFP Markup GO VA 

  2018 2023 2018 2023 2018 2023 2018 2023 

Adopt in 2019 11.98 12.11 1.43 1.54 100.71 142.38 34.60 50.52 

Adopt in 2020 11.89 11.88 1.33 1.38 67.40 76.32 24.49 27.72 

Adopt in 2021 11.65 11.63 1.31 1.33 53.27 52.95 17.52 17.65 

Adopt in 2022 11.68 11.79 1.31 1.37 53.53 55.85 18.81 18.26 

Adopt in 2023 11.67 11.78 1.38 1.40 46.22 52.77 15.29 16.95 

Never-Adopters 10.85 10.82 1.23 1.22 15.76 14.75 4.27 4.22 

  L LP K/L RW 

  2018 2023 2018 2023 2018 2023 2018 2023 

Adopt in 2019 300 392 189.03 233.14 54.21 70.56 113.20 119.42 

Adopt in 2020 237 311 165.99 234.07 45.19 62.55 95.12 98.22 

Adopt in 2021 193 215 135.80 149.53 47.70 54.06 83.69 77.85 

Adopt in 2022 206 196 137.19 258.59 44.96 49.22 75.75 82.92 

Adopt in 2023 175 193 128.92 150.77 37.81 49.42 79.92 86.47 

Never-Adopters 70 70 85.27 90.65 36.43 39.47 51.83 50.05 
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Table A3. Selection into AI adoption II: differences are statistically significant both before and after 
AI adoption 

 

Notes: AI adoption is defined as the first year in which the share of AI-related vacancies over total vacancies exceeds the 75th percentile of the 

AI-vacancy-share distribution. Sample include both AI adopters and never adopters and estimate Equation 2. Standard errors are clustered at 

the firm level. Significance levels: * p<0.10, ** p<0.05, *** p<0.01. 

Source: Authors’ elaboration on matched Orbis-Lightcast data. 

 

Table A4. Firms highly exposed to AI experience productivity gains 

Notes: AI adoption is defined as the first year in which the share of AI-related vacancies over total vacancies exceeds the 75th percentile of the 

AI-vacancy-share distribution. The sample is restricted to observations in the fourth quartile of the AI-exposure distribution and includes AI-

adopters only. Columns (1)-(8) are estimated using the Callaway and Sant’Anna (2021[73]) estimator and correspond to Equation 3. Standard 

errors are clustered at the firm level. Significance levels: * p<0.10, ** p<0.05, *** p<0.01. 

Source: Authors’ estimation on matched Orbis-Lightcast data. 

 (1) (2) (3) (4) (5) (6) (7) (8) 

 

ln(MFP) ln(markup) ln(GO) ln(VA) ln(L) 

ln(labour 

productivit

y) ln(K/L) 

ln(real 

wage) 

Before AI adoption .304*** .028*** .430*** .466*** .227*** .239*** .208*** .235*** 

  (.013) (.006) (.019) (.017) (.013) (.010) (.025) (.008) 

After AI adoption .344*** .039*** .563*** .615*** .368*** .247*** .225*** .250*** 

 (.016) (.007) (.025) (.023) (.020) (.013) (.029) (.011) 

         

Fixed effects         

Firm FEs N N N N N N N N 

Size, age x year FEs Y Y Y Y Y Y Y Y 

Country x sector2 x year 

FEs Y Y Y Y Y Y Y Y 

Sample All All All All All All All All 

Observations 647,007 520,353 647,007 647,007 647,007 647,007 647,007 647,007 

Firms 150,660 120,923 150,660 150,660 150,660 150,660 150,660 150,660 

Treated firms 4,317 3,927 4,317 4,317 4,317 4,317 4,317 4,317 

 (1) (2) (3) (4) (5) (6) (7) (8) 

 
ln(MFP) ln(markup) ln(GO) ln(VA) ln(L) 

ln(labour 

productivity) 

ln(K/L) 

 

ln(real 

wage) 

After AI adoption .043* -.023 -.021 -.035 -.089*** .054**  .055 .025 

 (.026) (.017) (.028) (.036) (.030) (.026) ( .064) (.020) 

         

Fixed effects         

Firm FEs Y Y Y Y Y Y Y Y 

Size, age x year FEs Y Y Y Y Y Y Y Y 

Country x sector2 x year FEs Y Y Y Y Y Y Y Y 

Sample 

High AI 

exposure 

High AI 

exposure 

High AI 

exposure 

High AI 

exposure 

High AI 

exposure 

High AI 

exposure 

High AI 

exposure 

High AI 

exposure 

Observations 6,541 6,379 6,541 6,541 6,541 6,541 6,541 6,541 

Firms 1,361 1,336 1,361 1,361 1,361 1,361 1,361 1,361 

Treated firms 1,008 980 1,008 1,008 1,008 1,008 1,008 1,008 
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Table A5. AI adoption disproportionately benefits larger firms 

Note: AI adoption is defined as the first year in which the share of AI-related vacancies over total vacancies exceeds the 75th percentile of the 

AI-vacancy-share distribution. The Table include only AI adopters, excluding firms that never adopt AI and estimate Equation 5, where 𝑍𝑖
0 is 

baseline firm-size class. The first coefficient reports post-adoption effect for the reference category (firms with fewer than 50 employees); the 

interaction terms capture additional effects relative to that category. These effects are measured relative to pre-adoption firm’s outcomes, 

conditional on firm fixed effects, country-sector-year fixed-effects, baseline-characteristic trends, including trends by baseline size category. 

Standard errors are clustered at the firm level. Significance levels: * p<0.10, ** p<0.05, *** p<0.01. 

Source: Authors’ estimation on matched Orbis-Lightcast data 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 (1) (2) (3) (4) (5) (6) (7) (8) 

 
ln(MFP) ln(markup) ln(GO) ln(VA) ln(L) 

ln(labour 

productivity) 

ln(K/L) 

 

ln(real 

wage) 

baseline size: <50 

employees -.019 -.019* .000 -.017 .008 -.025 -.024 .002 

  ( .023) ( .011) (.022) (.028) (.025) (.024) (.043) (.015) 

additional effect: 50–

249 employees  .009  .011 .002 .011 -.000 .011 -.001 -.003 

  ( .026) ( .013) (.024) (.032) (.027) (.027) (.047) (.017) 

additional effect: 

250–999 employees  .028  .015 -.011 .011 -.027 .038 .002 -.015 

  ( .026) ( .013) (.024) (.032) (.027) (.028) (.048) (.017) 

additional effect: 

1000+ employees  .049*  .022* .014 .052 .002 .050 .024 -.008 

  ( .029) ( .013) (.027) (.036) (.032) (.032) (.049) (.021) 

         

Fixed effects         

Firm FEs Y Y Y Y Y Y Y Y 

Size, age x year FEs Y Y Y Y Y Y Y Y 

Size category x year 

FEs Y Y Y Y Y Y Y Y 

Country x sector2 x 

year FEs Y Y Y Y Y Y Y Y 

Sample 

AI 

adopters 

AI 

adopters 

AI 

adopters 

AI 

adopters 

AI 

adopters 

AI adopters AI 

adopters 

AI 

adopters 

Observations 26,727 24,231 26,727 26,727 26,727 26,727 26,727 26,727 

Firms 5,598 5,087 5,598 5,598 5,598 5,598 5,598 5,598 

Treated firms 4,263 3,875 4,263 4,263 4,263 4,263 4,263 4,263 
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Note: AI adoption is defined as the first year in which the share of AI-related vacancies over total vacancies exceeds the 75th percentile of the 

AI-vacancy-share distribution. Coefficients are estimated using the Callaway and Sant’Anna (2021[73]) estimator and report the average post-

adoption coefficient, 𝛽𝑝𝑜𝑠𝑡 , from Equation 3. Each coefficient is estimated on the subsample of firms belonging to the corresponding sector. 

These effects are measured relative to the counterfactual evolution of firms that had not yet adopted AI, conditional on firm fixed effects, country-

sector-year fixed-effects. Standard errors are clustered at the firm level. Significance levels: * p<0.10, ** p<0.05, *** p<0.01.  

Source: Authors’ estimation on matched Orbis-Lightcast data. 

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 
 

Table A6. AI adoption affects sectors differently: productivity gains in ICT, markup gains in 
Professional Services 

 (1) (2) (3) (4) (5) (6) (7) (8) 

 
ln(MFP) ln(markup) ln(GO) ln(VA) ln(L) 

ln(labour 

productivity) 

ln(K/L) 

 

ln(real 

wage) 

Knowledge-intensive 

services       

  

--- ICT (J) .043* -.024 -.020 -.027 -.081** .054** -.049 .018 

  (.025) (.017) (.031) (.039) (.033) (.025) (.062) (.020) 

--- Professional serv. 

(L-N) -.022 .035* .021 .034 .088* -.055 -.153 -.036 

  (.029) (.019) (.042) (.046) (.049) (.036) (.093) (.025) 

Industry (B-F) -.033 -.002 -.063* -.068 -.050 -.017 -.002 -.007 

  (.029) (.011) (.035) (.042) (.036) (.028) (.046) (.018) 

Other services -.049 -.007 -.013 -.035 -.002 -.033 .057 -.047* 

 (.038) (.013) (.049) (.052) (.047) (.035) (.075) (.027) 

Fixed effects         

Firm FEs Y Y Y Y Y Y Y Y 

Country x sector-group 

x year FEs 
Y Y Y Y Y Y Y Y 

Sample 

AI 

adopters 

AI 

adopters 

AI 

adopters 

AI 

adopters 

AI 

adopters AI adopters 

AI 

adopters AI adopters 

Observations 26,735 24,209 26,735 26,735 26,735 26,735 26,735 26,735 

Firms 5,573 5,058 5,573 5,573 5,573 5,573 5,573 5,573 

Treated firms 4045 3664 4045 4045 4045 4045 4045 4045 
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Notes: AI adoption is defined as the first year in which the share of AI-related vacancies over total vacancies exceeds the 75th percentile of the 

AI-vacancy-share distribution. Columns (1) and (2) include both AI adopters and never adopters and estimate Equation 2. Columns (3)–(10) 

restrict the sample to AI adopters. Columns (5) and (6) further restrict the sample to observations in the fourth quartile of the AI-exposure 

distribution. Columns (3), (4), (5), and (6) are estimated using the Callaway and Sant’Anna (2021[73]) estimator and correspond to Equation 3. 

Columns (7) and (10) estimate Equation 5. Columns (7) and (8) further include trends by baseline sector-level AI-posting intensity at the two-

digit sector level. In columns (7)-(8), the first coefficient report the post-adoption effect for firms in industries with average baseline AI-posting 

intensity,  while the second coefficient shows how this effect changes when baseline industry AI-posting intensity increases by one percentage 

point. In columns (9)-(10), the first coefficient report the post-adoption effect for firms with average baseline log market share, while the second 

coefficient shows how this effect changes for a one-log-point higher baseline market share. The sample is restricted to countries with high 

correlation between AI-posting and AI-exposure measures and it includes: the United States, the United Kingdom, Austria, Denmark, Germany, 

France, Spain, Czech Republic, Hungary, Italy, Latvia, Greece and the Netherlands. Standard errors are clustered at the firm level.     

Significance levels: * p<0.10, ** p<0.05, *** p<0.01. 

Source: Authors’ estimation on matched Orbis-Lightcast data. 

 

 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

 ln(MFP) ln(markup) ln(MFP) ln(markup) ln(MFP) ln(markup) ln(MFP) ln(markup) ln(MFP) ln(markup) 

           

AI adopters, before 

AI .466*** .061***         

 (.018) (.007)         

AI adopters, after AI 

adoption .558*** .079*** .003 .003 .018 -.011 -.012 -.008* -.014 -.010* 

 (.021) (.009) (.020) (.010) (.035) (.025) (.011) (.005) (.011) (.006) 

After AI x baseline 

industry       .005 -.008**     

AI-posting Intensity 

(p.p.)       (.009) (.004)     

After AI x baseline 

firm’s           .001 .002 

log market share           (.005) (.003) 

           

Fixed effects           

Firm FEs N N Y Y Y Y Y Y Y Y 

Size, age x year FEs N N Y Y Y Y Y Y Y Y 

AI-posting share x 

year FEs 
N N N N N N Y Y N N 

Country x sector2 x 

year FEs 
Y Y Y Y Y Y Y Y Y Y 

Sample All All 

AI 

adopters 

AI 

adopters 

High AI 

exposure 

High AI 

exposure 

AI 

adopters 

AI 

adopters 

AI 

adopters 

AI 

adopters 

Observations 440,615 352,802 13,798 12,529 3,389 3,288 14,186 12,902 11,283 10,663 

Firms 108,191 86,525 2,987 2,713 733 715 3,069 2,795 2,451 2,326 

Treated firms 2,981 2,650 2,029 1,831 521 505 2,228 2,019 1,758 1,654 

Table A7. Robustness I: definition of AI (Borgonovi et al., 2023[66]) and main countries. Signs are 
consistent but less statistical power  
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Table A8. Robustness II: Countries with high correlation between the AI-posting and AI-exposure 
measures. Signs and statistical significance are consistent 

Notes: AI adoption is defined as the first year in which the share of AI-related vacancies over total vacancies exceeds the 75th percentile of the 

AI-vacancy-share distribution. Columns (1) and (2) include both AI adopters and never adopters and estimate Equation 2. Columns (3)–(10) 

restrict the sample to AI adopters. Columns (5) and (6) further restrict the sample to observations in the fourth quartile of the AI-exposure 

distribution. Columns (3), (4), (5), and (6) are estimated using the  Callaway and Sant’Anna (2021[73]) estimator and correspond to Equation 3. 

Columns (7) and (10) estimate Equation 5. Columns (7) and (8) further include trends by baseline sector-level AI-posting intensity at the two-

digit sector level. In columns (7)-(8), the first coefficient report the post-adoption effect for firms in industries with average baseline AI-posting 

intensity,  while the second coefficient shows how this effect changes when baseline industry AI-posting intensity increases by one percentage 

point. In columns (9)-(10), the first coefficient report the post-adoption effect for firms with average baseline log market share, while the second 

coefficient shows how this effect changes for a one-log-point higher baseline market share. The sample is restricted to countries with high 

correlation between the AI-posting and AI-exposure measures. Countries included are: the United States, the United Kingdom, Austria, Denmark, 

Germany, France, Spain, Czech Republic, Hungary, Italy, Latvia, Greece and the Netherlands. Standard errors are clustered at the firm level.  

Significance levels: * p<0.10, ** p<0.05, *** p<0.01. 

Source: Authors’ estimation on matched Orbis-Lightcast data. 

 

 

 

 

 

 

 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

 ln(MFP) ln(markup) ln(MFP) ln(markup) ln(MFP) ln(markup) ln(MFP) ln(markup) ln(MFP) ln(markup) 

           

AI adopters, before 

AI .403*** .045*** -.005 .010 -.016 .005     

 (.017) (.007) (.016) (.009) (.028) (.022)     

AI adopters, after AI 

adoption .472*** .061*** -.002 -.004 .056* -.016 .006 -.003 -.004 -.008* 

 (.022) (.009) (.017) (.009) (.031) (.020) (.010) (.004) (.010) (.005) 

After AI x baseline 

industry       -.010 -.010***     

AI-posting Intensity 

(p.p.)       (.008) (.003)     

After AI x baseline 

firm’s           -.005 .004* 

log market share           (.005) (.002) 

           

Fixed effects           

Firm FEs N N Y Y Y Y Y Y Y Y 

Size, age x year FEs N N Y Y Y Y Y Y Y Y 

AI-posting share x 

year FEs 
N N N N N N Y Y N N 

Country x sector2 x 

year FEs 
Y Y Y Y Y Y Y Y Y Y 

Sample All All 

AI 

adopters 

AI 

adopters 

High AI 

exposure 

High AI 

exposure 

AI 

adopters 

AI 

adopters 

AI 

adopters 

AI 

adopters 

Observations 441,059 353,169 18,870 16,918 4,714 4,573 19,413 17,436 14,294 13,490 

Firms 108,236 86,566 4,068 3,659 1,012 988 4,190 3,776 3,096 2,933 

Treated firms 3,133 2,827 2,791 2,503 709 686 3,056 2,755 2,253 2,122 
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Table A9.  Robustness III: Sectors with high correlation between the AI-posting and AI-exposure 
measures. Signs consistent but less statistical power 

 

Notes: AI adoption is defined as the first year in which the share of AI-related vacancies over total vacancies exceeds the 75th percentile of the 

AI-vacancy-share distribution. Columns (1) and (2) include both AI adopters and never adopters and estimate Equation 2. Columns (3)–(10) 

restrict the sample to AI adopters. Columns (5) and (6) further restrict the sample to observations in the fourth quartile of the AI-exposure 

distribution. Columns (3), (4), (5), and (6) are estimated using Callaway and Sant’Anna (2021[73]) estimator and correspond to Equation 3. 

Columns (7) and (10) estimate Equation 5. Columns (7) and (8) further include trends by baseline sector-level AI-posting intensity at the two-

digit sector level. In columns (7)-(8), the first coefficient report the post-adoption effect for firms in industries with average baseline AI-posting 

intensity,  while the second coefficient shows how this effect changes when baseline industry AI-posting intensity increases by one percentage 

point. In columns (9)-(10), the first coefficient report the post-adoption effect for firms with average baseline log market share, while the second 

coefficient shows how this effect changes for a one-log-point higher baseline market share. The sample is restricted to sectors with high 

correlation between the AI-posting and AI-exposure measures. Sectors included are, following NACE Rev. 2 industries: J62, J58, M, J61, C26, 

D, C20, C27, C21, H52, H50, B05, H51, N, E, B09, H49, C22, C25, F, I and C16. Standard errors are clustered at the firm level.    

Significance levels: * p<0.10, ** p<0.05, *** p<0.01. 

Source: Authors’ estimation on matched Orbis-Lightcast data. 

 
 
 
 

 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

 ln(MFP) ln(markup) ln(MFP) ln(markup) ln(MFP) ln(markup) ln(MFP) ln(markup) ln(MFP) ln(markup) 

           

AI adopters, before 

AI .351*** .052***         

 (.016) (.008)         

AI adopters, after AI 

adoption .432*** .067*** .012 -.012 .025 -.022 .004 -.011** -.014 -.016*** 

 (.020) (.009) (.018) (.010) (.028) (.022) (.011) (.005) (.009) (.005) 

After AI x baseline 

industry       -.013 -.005     

AI-posting Intensity 

(p.p.)       (.011) (.004)     

After AI x baseline 

firm’s           -.005 .007*** 

log market share           (.005) (.002) 

           

Fixed effects           

Firm FEs N N Y Y Y Y Y Y Y Y 

Size, age x year FEs N N Y Y Y Y Y Y Y Y 

AI-posting share x 

year FEs 
N N N N N N Y Y N N 

Country x sector2 x 

year FEs 
Y Y Y Y Y Y Y Y Y Y 

Sample All All 

AI 

adopters 

AI 

adopters 

High AI 

exposure 

High AI 

exposure 

AI 

adopters 

AI adopters AI adopters AI adopters 

Observations 346,155 250,133 17,597 15,704 4,102 4,009 18,080 16,169 14,552 13,706 

Firms 81,351 59,107 3,697 3,312 804 793 3,808 3,420 3,060 2,893 

Treated firms 3,012 2,705 2,706 2,416 627 609 2,932 2,630 2,360 2,222 
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Notes: AI adoption is defined as the first year in which the share of AI-related vacancies over total vacancies exceeds the 75th percentile of the 

AI-vacancy-share distribution. Columns include only AI adopters, excluding firms that never adopt AI and estimate Equation 5 that includes firm 

and country-sector-year fixed effects and baseline-characteristic trends. Column (1) further includes trends by baseline sector-level AI-posting 

intensity at the two-digit sector level. In column (1), the first coefficient reports the post-adoption effect for firms in industries with average 

baseline AI-posting intensity,  while the second coefficient shows how this effect changes when baseline industry AI-posting intensity increases 

by one percentage point. In column (2), the first coefficient reports the post-adoption effect for firms with average baseline log market share, 

while the second coefficient shows how this effect changes for a one-log-point higher baseline market share. Standard errors are clustered at 

the firm level. Significance levels: * p<0.10, ** p<0.05, *** p<0.01. 

Source: Authors’ estimation on matched Orbis-Lightcast data. 

 

 

 

 

 

 

Table A10. Sectoral AI frontrunners and high-market-share firms, effect of AI on profitability 

 (1) (2) 

 ln(ebitda/GO) ln(ebitda/GO) 

AI adopters, after AI adoption -.001 -.004 

(effect at the mean) (.015) (.016) 

After AI x baseline industry -.027**  

AI-posting Intensity (p.p.) (.012)  

After AI x baseline firm’s  -.001 

log market share  (.006) 

   

Fixed effects   

Firm FEs Y Y 

Size, age x year FEs Y Y 

AI-posting share x year FEs Y N 

Country x sector2 x year FEs Y Y 

Sample AI adopters AI adopters 

Observations 23,686 18,822 

Firms 5,181 4,091 

Treated firms 3,759 2,991 
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Table A11. Heterogeneity by baseline industry AI-user and AI-developer intensity 

Notes: AI adoption is defined as the first year in which the share of AI-related vacancies over total vacancies exceeds the 75th percentile of the 

AI-vacancy-share distribution. Columns include only AI adopters, excluding firms that never adopt AI and estimate Equation 5 that includes firm 

and country-sector-year fixed effects, baseline-characteristic trends. In Columns (1-2), the first coefficient reports the post-adoption effect for 

firms in industries with average baseline AI-users intensity, while the second coefficient shows how this effect changes when baseline industry 

AI-users intensity increases by one percentage point. In Column (3-4), the first coefficient reports the post-adoption effect for firms with average 

baseline AI-developers intensity, while the second coefficient shows how this effect changes when baseline industry AI-developers intensity 

increases by one percentage point. In Columns (5-6), the first coefficient reports the post-adoption effect for firms with average baseline AI-

users intensity and average baseline AI-developers intensity, while the other coefficients show how this effect changes when the baseline 

industry intensity measure increases by one percentage point while controlling for the other intensity measure. Standard errors are clustered at 

the firm level. Significance levels: * p<0.10, ** p<0.05, *** p<0.01. 

Source: Authors’ estimation on matched Orbis-Lightcast data. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

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

 ln(MFP) ln(markup) ln(MFP) ln(markup) ln(MFP) ln(markup) 

AI adopters, after AI adoption .002 -.006* .002 -.006 .002 -.006 

(effect at the mean) (.008) (.004) (.008) (.004) (.008) (.004) 

After AI x baseline industry -.003 -.003**     -.003 .000 

AI-users Intensity (p.p.) (.003) (.001)     (.005) (.003) 

After AI x baseline industry     -.001 -.001** -.000 -.001 

AI-developers Intensity (p.p.)     (.001) (.001) (.002) (.001) 

       

Fixed effects       

Firm FEs Y Y Y Y Y Y 

Size, age x year FEs Y Y Y Y Y Y 

Country x sector2 x year FEs Y Y Y Y Y Y 

Sample AI adopters AI adopters AI adopters AI adopters AI adopters AI adopters 

Observations 25,733 23,477 25,733 23,477 25,733 23,477 

Firms 5,376 4,920 5,376 4,920 5,376 4,920 

Treated firms 4,112 3,755 4,112 3,755 4,112 3,755 
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 Table A12. Heterogeneity by baseline firm’s age. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note: AI adoption is defined as the first year in which the share of AI-related vacancies over total vacancies exceeds the 75th percentile of the 

AI-vacancy-share distribution. Coefficients are estimated using the Callaway and Sant’Anna (2021[73]) estimator and report the average post-

adoption coefficient, 𝛽𝑝𝑜𝑠𝑡 , from Equation 3. Each coefficient is estimated on the subsample of firms belonging to the corresponding age 

category. Baseline firm’s age is measured with the first non-missing value. These effects are measured relative to the counterfactual evolution 

of firms that had not yet adopted AI, conditional on firm fixed effects, country-sector-year fixed-effects, and baseline size trends. Standard errors 

are clustered at the firm level. Significance levels: * p<0.10, ** p<0.05, *** p<0.01.  

Source: Authors’ estimation on matched Orbis-Lightcast data. 

 

 (1) (2) 

 ln(MFP) ln(markup) 

   

AI adopters, after AI adoption: 0-5 years -.032 -.023 

  (.054) (.038) 

AI adopters, after AI adoption: 6-10 years  .073 .015 

  (.048) (.030) 

AI adopters, after AI adoption: 11-20 years -.004 -.002 

  (.028) (.014) 

AI adopters, after AI adoption: 21+ years -.009 -.007 

 (.020) (.009) 

Fixed effects   

Firm FEs Y Y 

Country x sector x year FEs Y Y 

Size x year FEs Y Y 

Sample 

AI 

adopters 

AI 

adopters 

Observations 26,038 23,576 

Firms 5,447 4,944 

Treated firms 3,938 3,566 
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Table A13. No evidence of a linear relationship between peer exposure and post-adoption effects 
on MFP or markups. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Notes: AI adoption is defined as the first year in which the share of AI-related vacancies over total vacancies exceeds the 75th percentile of the 

AI-vacancy-share distribution. Columns include only AI adopters for which it was possible to compute the peer exposure measure, excluding 

firms that never adopt AI and estimate Equation 5 that includes firm and country-sector-year fixed effects, baseline-characteristic trends, pre-

adoption peer exposure trends, cohort-specific after-adoption effects. Peer exposure is the share of other firms already treated in the relevant 

market-year defined according to firms’ geographic market scope, in the last measurable year in which the firm was still untreated . The focal 

firm is excluded from both the numerator and the denominator. The first coefficient reports the post-adoption effect for firms with peer exposure 

equal to zero, and is standardised to the treatment-cohort distribution of the estimation sample. The second coefficient shows how the post-

adoption effect changes when peer exposure increases by one percentage point. Standard errors are clustered at the firm level. Significance 

levels: * p<0.10, ** p<0.05, *** p<0.01. 

Source: Authors’ estimation on matched Orbis-Lightcast data. 

 

 

 

 

 (1) (2) 

 ln(MFP) ln(markup) 

AI adopters, after AI adoption at 0% pre-adoption peer 

exposure .005 .002 

 (.012) (.005) 

AI adopters, after AI adoption × pre-adoption peer exposure 

(p.p.) .000 -.001 

 (.001) (.001) 

   

Fixed effects   

Firm FEs Y Y 

Size, age x year FEs Y Y 

Pre-adoption peer exposure × year effects Y Y 

Cohort-specific post-adoption effects Y Y 

Country x sector2 x year FEs Y Y 

Sample 

Adopters with 

measures peer 

expsoure 

Adopters with 

measured peer 

expsoure 

Observations 24,725 23,122 

Firms 5,158 4,842 

Treated firms 3,970 3,717 
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Figure A1. Number of firms ever matched with Lightcast in Orbis 

 

Notes: Countries are included in the sample if at least 500 firms are matched or the matching rate is at least 5%.  

Source: Authors’ elaboration on matched Orbis-Lightcast data. 

 

 

Notes: Sample includes AI adopting firms in the period 2018-2024. To construct firm-level market share,  real firm-level gross output from Orbis 

is used as the numerator. The denominator is obtained by aggregating real annual gross output at the level of the relevant market. Relevant 

markets are defined at the Nace Rev. 2 two-digit level, distinguishing between domestic and internationally tradable markets.   

Source: Authors’ estimation on Orbis data. 

Figure A2. Baseline firm-level market share distribution. 
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Note: Sample of firms matched in Lightcast and Orbis.  

Source: Authors’ elaboration on matched Orbis-Lightcast data. 

Notes: AI adoption is defined as the first year in which the share of AI-related vacancies over total vacancies exceeds the 75th percentile of the 

AI-vacancy-share distribution. Coefficients are estimated using the Callaway and Sant’Anna (2021[73]) estimator and report the dynamic event-

study effects from Equation 4. Each coefficient corresponds to a specific event time relative to the adoption year, with (𝑡 = −1) omitted as the 

reference period. Estimates are computed separately for firms belonging to each sector group and are measured relative to the counterfactual 

evolution of firms that had not yet adopted AI, conditional on country-sector-year fixed-effects. Standard errors are clustered at the firm level. 

Confidence intervals at the 95% level.  

Source: Authors’ estimation on matched Orbis-Lightcast data. 

Figure A3. Average firm-level share of AI-related vacancies, by sector 

Figure A4. Dynamic event-study by sector: labour productivity gains in ICT, J-Curve in Industry 
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Figure A5. Dynamic firm-level effects on labour productivity and projection over 10 years 

 

Notes: the blue series reports the estimated effect of AI adoption on firms’ labour productivity. AI adoption is defined as the first year in which 
the share of AI-related vacancies over total vacancies exceeds the 75th percentile of the AI-vacancy-share distribution. Coefficients are 
estimated using the Callaway and Sant’Anna (2021[73]) estimator and report the average post-adoption coefficients from equation (3). Each 
coefficient is estimated on the subsample of firms belonging to the corresponding sector. The pessimistic (red line) scenario assumes that no 
further gains occur after the last estimated dynamic coefficient. The optimistic scenario (green line) assumes gains keep rising following a 
sigmoid fitted on the empirically estimated coefficients in the first 5 years. The median scenario (pink line) is the median of the two scenarios. 
Source: Authors’ estimation on matched Orbis-Lightcast data. 
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Annex B. Markups derivation 

Deriving markups from cost minimisation 

The expression for markups follows from the firm's cost minimisation problem, building on the approach of 

Hall (1988) as extended to the firm level by De Loecker and Warzynski (2012[61]). Consider a firm 𝑖 at time 

𝑡 with a production technology that combines labour 𝐿𝑖𝑡, capital 𝐾𝑖𝑡, and intermediates 𝑀𝑖𝑡, to produce 

output 𝑌𝑖𝑡, given firm-specific productivity Ω𝑖𝑡. Intermediates are purchased at price 𝑃𝑖𝑡
𝑀and are assumed to 

be chosen freely each period without intertemporal considerations (as labour is subject to additional 

adjustment frictions). Capital is a dynamic state variable predetermined at the start of each period. The 

production function takes the general form: 

𝑌𝑖𝑡  =  𝐹(Ω𝑖𝑡 , 𝐿𝑖𝑡  , 𝐾𝑖𝑡 , 𝑀𝑖𝑡) 
Equation 6 

Firms choose inputs optimally given their production technology, and the first-order condition for the flexible 

input holds. The first-order condition of this problem with respect to intermediates is: 

𝑃𝑖𝑡
𝑀 = 𝜆𝑖𝑡

𝜕𝑌𝑖𝑡(. )

𝜕𝑀𝑖𝑡

, 
Equation 7 

where the Lagrange multiplier 𝜆𝑖𝑡 is the marginal value of the objective function if the output constraint is 

relaxed(i.e., the marginal cost of producing an additional unit of output). Multiplying both sides by the 

quantities 𝑃𝑖𝑡  𝑌𝑖𝑡  𝑀𝑖𝑡, rearranging terms, and noting that the markup is defined as price over marginal cost, 

𝜇𝑖𝑡 = 𝑃𝑖𝑡/𝜆𝑖𝑡, yields: 

𝜇𝑖𝑡 =  (
𝜕𝑌𝑖𝑡(. )

𝜕𝑀𝑖𝑡

𝑀𝑖𝑡

𝑌𝑖𝑡

)
𝑃𝑖𝑡𝑌𝑖𝑡

𝑃𝑖𝑡
𝑀𝑀𝑖𝑡

=
𝛼𝑀

𝑆𝑖𝑡

. 
Equation 8 

The markup is thus the ratio of the output elasticity of the variable input, 𝛼𝑓𝑡
𝑀, to that input's cost share in 

total revenue, 𝑆𝑓𝑡. Crucially, this expression is obtained purely from the cost side and requires no 

assumptions on demand conditions or the nature of competition among firms. 

Estimating markups 

Empirically, markups are recovered from balance sheet data on revenues and input expenditures by 

estimating the output elasticity of intermediates, 𝛼𝑀, separately for each three-digit industry. The approach 

rests on two main assumptions: that at least one input can be adjusted freely within the period, and that 

firms are price takers for that input. Beyond these, a functional form for the production function must be 

chosen. Following standard practice, a Cobb-Douglas specification is adopted in each three-digit NACE 

Rev.2 industry: 

𝑌𝑖𝑡 = Ω𝑖𝑡𝑀𝑖𝑡

𝛼𝑀 𝐿𝑖𝑡

𝛼𝐿𝐾𝑖𝑡

𝛼𝐾 , 
Equation 9 
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Which in logs becomes: 

𝑦
𝑖𝑡

 =  𝛼𝑀𝑚𝑖𝑡  +  𝛼𝐿𝑙𝑖𝑡  +  𝛼𝐾𝑘𝑖𝑡  + 𝜔𝑖𝑡 Equation 10 

Production function parameters are estimated using the control function approach of Ackerberg, Caves 

and Frazer (2015[85]), following the implementation in De Loecker and Warzynski (2012[61]). The procedure 

delivers industry-specific estimates of all input elasticities, including 𝛼̂𝑀. Given that the intermediate cost 

shares 𝑆𝑖𝑡
𝑀 are directly observed in the data, estimated markups are computed as: 

𝜇̂
𝑖𝑡

=
𝛼̂𝑀

𝑆𝑖𝑡
𝑀  Equation 11 

 

In the baseline specification, production functions are estimated separately for each three-digit industry 

and held constant over time, pooling all sample years. This choice is motivated on several grounds. First, 

theoretically, output elasticities should reflect the underlying technology of the industry rather than cyclical 

conditions, and given the short time span considered, it seems reasonable to assume time-invariant 

elasticities. Second, practical considerations play an important role: the Orbis database exhibits significant 

changes in sample composition over time, with coverage expanding considerably in more recent years, 

and minimum observation requirements for consistent production function estimation create a trade-off 

between industry granularity and temporal disaggregation; the baseline resolves this in favour of the finest 

industry granularity. 

Sample construction for markup estimation 

Estimating firm-level markups from production function parameters requires reliable data on revenues and 

input costs, specifically employee compensation, intermediates expenditure, and capital. All relevant 

variables are expressed in real terms using purchasing-power-parity-adjusted, country-industry-year 

deflators sourced from OECD STAN and OECD SNA, available at the two-digit industry level; where two-

digit deflators are unavailable, more aggregated values are used. Gross output is deflated by the gross 

output deflator, intermediates by the intermediate input deflator, and investment and capital by the gross 

fixed capital formation deflator, all converted to 2015 euro prices.  

The intermediates variable is not taken directly from Orbis but is constructed via the standard accounting 

identity (intermediates = operating revenue turnover − EBITDA − cost of employees), which draws on 

variables with substantially better coverage (Gal, 2013[68]). Where values for key variables such as value 

added or intermediates costs remain missing, they are imputed where possible using related variables 

available in the dataset: missing observations are replaced by the lagged value of the variable multiplied 

by the annual growth rate of its closest available counterpart, following (Gal, 2013[68]). Coverage in Orbis 

is uneven across firm sizes, with smaller firms systematically underrepresented (Bajgar et al., 2020[70]). 

Since reporting thresholds in many countries exclude firms with fewer than 20 employees, observations 

corresponding to firms whose average employment over the sample period falls below this threshold are 

dropped, in line with Calligaris et al. (2024[10]). The final sample for estimation includes all the countries 

reported in footnote 9, with the exception of Greece and Latvia, due to data limitations. 
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Annex C. Implementation with the Callaway and 

Sant’Anna estimator for event-study specification 

Equation 3 and Equation 4 summarize the model underlying our analysis, i.e. an event-study specification. 

The average and dynamic treatment effects are estimated using the difference-in-differences estimator of 

Callaway and Sant’Anna (2021[73]). This estimator is suited to staggered adoption settings because it 

allows treatment effects to differ across adoption cohorts and over time since adoption. 

Let 𝐺𝑖 denote the first year in which firm 𝑖 adopts AI. For each adoption cohort 𝑔 and calendar year 𝑡, the 

estimator recovers group-time average treatment effects of the form: 

𝐴𝑇𝑇(𝑔, 𝑡) = 𝐸[𝑌𝑖𝑡(g) − 𝑌𝑖𝑡(0) ∣ 𝐺𝑖 = 𝑔] 
Equation 12 

Under the conditional parallel trends assumption, the unobserved change in untreated potential outcomes 

in year 𝑡 for firms first treated in year 𝑔, 𝐸[ 𝑌𝑖𝑡(0) ∣∣ 𝐺𝑖 = 𝑔 ], is recovered from the observed change in 

outcomes of firms that have not yet adopted AI by year 𝑡.  

The group-time treatment effects are then aggregated in two ways. First, the program computes an 

average post-adoption effect: 

𝐴𝑇𝑇𝑝𝑜𝑠𝑡 = ∑ ∑ 𝑤𝑔,𝑡

𝑡≥𝑔

𝑔

𝐴𝑇𝑇(𝑔, 𝑡) 
Equation 13 

 

where 𝑤𝑔,𝑡  are aggregation weights. In a similar way, it computes dynamic event-study effects by 

aggregating group-time effects, 𝐴𝑇𝑇𝑒, according to event time 𝑒 = 𝑡 − 𝑔. 

This implementation avoids relying on already-treated firms as controls for later-treated firms and is robust 

to heterogeneous treatment effects across cohorts and over time. 

 

 


