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Abstract
This paper provides an overview of evidence on firms’ adoption of Artificial Intelligence 
(AI). We revisit the main conceptual drivers of AI uptake discussed in the literature and 
summarize global trends in AI diffusion. We then examine the firm characteristics associated 
with adoption—including the distinction between in-house development and external 
acquisition—and highlight how patterns differ between general AI and generative AI 
technologies (GenAI). Next, we review the emerging literature on the productivity effects of 
AI, distinguishing non-experimental firm-level studies from recent experimental and quasi-
experimental evidence on task-level impacts. As a case study, we draw on recent firm-level 
data from the German Innovation Survey to investigate how adoption decisions correlate 
with firm size, age, R&D intensity, human capital, location, and strategic orientation, and 
how these patterns vary across stages and types of AI adoption.
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1. Introduction 

Artificial intelligence (AI) is rapidly transforming the way firms operate, compete, and 

innovate. By enabling machines and algorithms to process complex and unstructured data, 

make predictions, and generate content or decisions, AI technologies have opened new 

possibilities for automation, product development, and strategic decision-making. The past 

decade has seen a sharp rise in the deployment of AI tools across a wide range of sectors, 

driven by advancements in machine learning, the proliferation of data, and growing 

computational capacity. Generative AI (GenAI), in particular, has further expanded the scope 

of applications, enabling firms and workers to automate tasks previously thought to require 

human judgment, creativity, or skills. 

Understanding how AI adoption unfolds across firms is critical for anticipating its broader 

economic impacts. Patterns of diffusion, adoption strategies, and productivity effects vary 

significantly across industries, firm sizes, and organizational structures. These differences 

have implications for competition, workforce dynamics, and inequality, and they are 

increasingly shaping policy debates on innovation, digital infrastructure, and labor markets.  

This chapter provides an overview of recent evidence on AI adoption by firms. We review the 

main conceptual drivers of AI adoption discussed in the literature and summarize global 

trends in AI diffusion. We also examine which firm characteristics are associated with AI 

uptake, the distinction between in-house development and external acquisition, and how 

patterns differ between general AI and GenAI technologies. In addition, we assess whether 

early adopters differ systematically from those adopting later. As a case study, we exploit 

recent firm-level data from Germany to investigate how adoption decisions correlate with 

firm size, age, R&D intensity, human capital, location, and strategic orientation, and how 

these patterns vary across different types and stages of AI adoption. 

The findings reviewed confirm that AI adoption has expanded steadily across countries and 

over time, with particularly rapid growth in digitally intensive sectors and among firms with 

strong absorptive capacity. Adoption is more likely among larger, younger, and more 

innovative firms, and this pattern is even more pronounced for GenAI, which appears to favor 

firms with a highly skilled workforce, active R&D engagement, and international exposure. 

Finally, we review the emerging literature on the productivity effects of AI adoption, 

distinguishing between non-experimental firm-level studies and recent experimental or quasi-

experimental evidence focused on task-level impacts. While observational studies often link 
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AI use to higher firm productivity, especially for firms with strong digital foundations, 

experimental studies highlight substantial performance gains from GenAI tools at the task 

level, particularly for lower-skill workers. Taken together, the evidence suggests that AI is 

becoming a widely adopted general-purpose technology, but its benefits remain unequally 

distributed across firms, sectors, and skill levels. 

According to the latest OECD definition of AI, “an AI system is a machine-based system that, 

for explicit or implicit objectives, infers, from the input it receives, how to generate outputs 

such as predictions, content, recommendations, or decisions that can influence physical or 

virtual environments. Different AI systems vary in their levels of autonomy and adaptiveness 

after deployment.” (OECD, 2023).  In essence, AI technologies enable the analysis of vast, 

often unstructured data (including language, images, and sounds) and train models to perform 

tasks autonomously, adapting over time through learning. This capability supports both the 

automation of existing workflows and the creation of novel products and business models.  

AI adoption in firms reflects a combination of internal enablers and external pressures. 

Internally, key prerequisites include in-house knowledge (notably AI-specific skills and data 

science capabilities) and complementary technologies, particularly those related to data 

infrastructure and software systems. Externally, firms respond to a mix of demand-side pull 

(e.g., need for new solutions or efficiency gains), competitive pressure, and the broader 

regulatory and policy environment. In sum, the adoption of AI follows patterns familiar from 

other general-purpose technologies: diffusion depends not just on technological capability but 

on the alignment of organizational, technical, and institutional conditions. The current 

landscape shows that where these drivers are in place, typically in advanced industries, larger 

firms, and digitally advanced regions, AI adoption is accelerating, delivering tangible 

benefits. 

2. Diffusion of AI technologies 

AI adoption has been rapidly increasing worldwide, with firms using AI technologies rising 

in major economies such as the U.S., Germany, France, South Korea, and across the EU. This 

surge has driven strong demand for AI‐related jobs and skills, reflected in growing AI job 

vacancies, extensive large language models (LLMs) task complementarities, and widespread 

corporate reskilling plans, while AI patent filings continue to accelerate. Adoption patterns 

show that companies most often deploy AI in organizational decision‐making, marketing, 
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cybersecurity, and R&D, with usage concentrated in ICT and professional services and 

varying by firm size and sector according to where the highest returns on AI investments are 

expected. 

In the United States, the share of firms adopting AI-related technologies rose from 3.2% 

during 2016–2018 to 6.6% by 2024 (Zolas et al., 2020; Acemoglu et al., 2022; Bonney et al., 

2024; McElheran et al., 2024). In Germany, 7% of firms had implemented at least one AI-

based method before 2018, increasing to 12% by 2023 (Rammer et al., 2022; Czarnitzki et 

al., 2023; Rammer, 2024). In France, 6.2% of firms adopted at least one AI technology 

between 2021 and 2023, a rate comparable to that observed in Belgium, Israel, and Japan 

(Calvino & Fontanelli, 2023; Calvino & Fontanelli, 2025). In South Korea, the share of AI 

users among firms climbed from 1.4% in 2017 to 4.3% in 2022 (Cho et al., 2023; Chang et 

al., 2025). Across the European Union, the proportion of businesses using AI technologies 

increased from 7.7% in 2021 to 13.5% in 2024 (Eurostat, 2025).1 

Most recent data from Germany show that the diffusion rate of AI among firms is still at its 

steeply rising section, particularly when one includes the use of generative AI tools by 

employees (Figure 1). 

 

1 As with other general-purpose technologies, AI requires substantial complementary investments in 
organizational capital, workforce upskilling, and business-process redesign, factors that have historically slowed 
diffusion (Brynjolfsson & Hitt, 2003; Brynjolfsson et al., 2021). Indeed, by 2023, firm‐level AI adoption in the 
U.S. remained modest compared to earlier general-purpose technologies such as electric power and personal 
computers (Filippucci et al., 2024). Likewise, the geographic dispersion of digital‐technology jobs, especially 
those involving machine learning, across U.S. regions is projected to unfold over several decades (Kalyani et al., 
2025). Yet from an employee’s perspective, the diffusion of generative AI tools among U.S. workers to date 
appears at least as rapid as the earlier spread of computers and the internet (Bick et al., 2024). 
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Figure 1: Diffusion rate of AI among firms in Germany 

 
* extrapolated for end of 2025. 
Source: German CIS, own calculation. 

Empirical evidence also indicates a growing demand for AI‐related jobs and skills. In the 

U.S., AI‐related job vacancies surged beginning in 2010 and accelerated through the 2010s, 

reflecting deeper integration of AI into firms’ development processes (Alekseeva et al., 2021; 

Acemoglu et al., 2022; Kalyani et al., 2025). Between 2018 and 2023, the share of AI roles 

among all U.S. job postings rose by 21% (Bone et al., 2024). Recent estimates suggest that 

48% of U.S. occupations could have at least half of their tasks complemented by LLMs 

(Eloundou et al., 2024) and that AI is used intensively in roughly 36% of U.S. occupations 

(Handa et al., 2025). European labor markets likewise recorded employment gains linked to 

AI‐enabled automation between 2011 and 2019 (Albanesi et al., 2025). A 2025 global survey 

of C-level executives and senior managers found that 72% expect to reskill more than 10% of 

their workforce within the next three years due to AI adoption (McKinsey, 2025). Mirroring 

these labor-market trends, AI patent applications by firms have accelerated markedly over the 

past decades, indicating continued technological diffusion (Damioli et al., 2021; Dibiaggio et 

al., 2022). 

Usage rates of specific AI technologies vary markedly across firms. Conditional on AI 

adoption, U.S. companies in 2024 most frequently deployed virtual agents or chatbots, 

natural language processing, and voice/speech recognition systems (Bonney et al., 2024). 

Over the same period, text-mining and natural-language-generation tools registered the 

highest uptake among EU enterprises (Eurostat, 2025). In the case of Germany, as shown in 

Panel A of Figure 2, language understanding and text generation were the main AI methods 
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employed by firms in 2025 (91%). The prominence of natural language processing reflects 

the rapid emergence of generative-AI platforms, such as ChatGPT, GitHub Copilot, and 

DALL-E, over the past few years (Brynjolfsson et al., 2025). For example, just twelve 

months after ChatGPT’s public release, 50% of Danish workers in AI-exposed occupations 

reported using the tool; adoption ranged from 79% of software developers to 34% of financial 

advisors (Humlum & Vestergaard, 2024).  

Figure 2: Type of AI use in firms in Germany 2025 
 Panel A: AI Method Panel B: Business function  

 
Source: German CIS, own calculation. 

When broken down by business function, AI adoption is highest in organizational processes, 

such as planning and investment decisions, and commercial and marketing activities, 

including marketing automation, even before the surge in generative AI in early 2023. For 

example, between 2021 and 2023, French firms most often deployed AI to support decision-

making, analyze employee performance, conduct risk assessments, and power virtual 

assistants alongside other core organizational tasks (Calvino & Fontanelli, 2025). German 

firms in 2025, as shown in Panel B of Figure 2, mainly adopted AI for products and services 

(68%), as well as for sales, marketing and communication (49%), and production and 

logistics processes (46%). Usage patterns in business functions also vary by firm size. In 

2024, small enterprises in the EU primarily applied AI software to marketing and sales 

activities (35%), whereas large enterprises focused on cybersecurity applications (47%) 

(Eurostat, 2025). Although functional uses of AI remain in their nascent stages, many firms 

are already planning organizational adjustments. Among U.S. companies surveyed in 2024 

that expect to implement AI within the next six months, the most commonly anticipated 

measures are training existing staff and redesigning workflows to integrate AI tools 

effectively (Bonney et al., 2024). 
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Sectoral patterns of AI adoption have remained remarkably consistent across nations. In 

OECD countries, including Belgium, Denmark, France, Italy, Japan, and Korea, firms in the 

information and communication technology (ICT) and professional and scientific services 

sectors recorded the highest AI‐usage rates during 2019–2020, whereas transport and storage, 

wholesale and retail, construction, and accommodation and food sectors showed the lowest 

uptake (Calvino & Fontanelli, 2023). A similar distribution appears in the U.S. In 2024, the 

information sector (NAICS 51) and the professional, scientific, and technical services sector 

(NAICS 54) led in AI use, while construction (NAICS 23) and agriculture, forestry, fishing, 

and hunting (NAICS 11) lagged behind (Acemoglu et al., 2022; Bonney et al., 2024). 

Aggregated EU figures for 2024 reinforce this pattern: over 30% of firms in ICT and 

professional, scientific, and technical activities employ AI, whereas fewer than 10% of 

companies in construction, accommodation, and transportation and storage do so (Eurostat, 

2025). As reported in Figure 3, in 2025, German firms in consulting services (75%), 

information services (72%), advertising (62%) and computer programming (60%) reported 

the highest adoption rates, whereas firms in land transport (6%) reported the lowest. 

Figure 3: AI adoption by firms in Germany 2025, by selected industries 

 
Source: German CIS, own calculation. 
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While marketing and sales remain the most common AI applications across industries, firms 

tailor their use of AI to the functions promising the highest returns. In the U.S., the primary 

barrier to future AI adoption is its perceived inapplicability to core business activities 

(Bonney et al., 2024). Private surveys reveal that global companies focused on service 

operations predominantly deploy AI in media and telecommunications, technology firms 

concentrate on software development and engineering, and professional-services 

organizations apply AI to knowledge management (McKinsey, 2025). In Europe, 26.2% of 

manufacturing firms use AI to optimize production processes; utilities companies (covering 

electricity, gas, steam, air conditioning, and water supply) most often employ AI for ICT 

cybersecurity (34.8%); and in the ICT sector the leading AI application is research, 

development, and innovation activities (43.5%) (Eurostat, 2025). 

Recent literature has begun to unpack the sector‐ and function‐specific implications of AI 

adoption, including supply-chain management (Culot et al., 2024), marketing activities 

(Labib, 2024), strategic decision-making (Csaszar et al., 2024), business-model innovation 

(Kanbach et al., 2024), production and manufacturing (Heimberger et al., 2026), circular-

economy innovations (Czarnitzki et al., 2025), engineering design (Alam et al., 2024), 

innovation management (Gama & Magistretti, 2025), and financial institutions (Bahoo et al., 

2024). 

3. Characteristics of AI adopting firms  

Empirical evidence consistently demonstrates a positive association between firm size and AI 

adoption. Across multiple countries, including the United States (McElheran et al., 2024), 

Germany (Rammer et al., 2022), the United Kingdom (Calvino et al., 2022), France (Calvino 

& Fontanelli, 2025), South Korea (Chang et al., 2025), and numerous OECD and other 

European economies (Calvino & Fontanelli, 2022; Eurostat, 2025), larger firms exhibit 

higher rates of AI uptake. Two mechanisms help explain this relationship. First, larger firms 

typically possess greater financial and organizational resources, enabling them to self-select 

into AI adoption: they are more likely to invest heavily in R&D, post specialized AI skills in 

job openings, and absorb the integration and training costs associated with advanced 

technologies (Alekseeva et al., 2021; Brynjolfsson et al., 2021; Acemoglu et al., 2022). 

Second, the adoption of AI itself may drive firm growth by lowering the costs of product and 

process innovation, thereby generating higher value-added and reinforcing further investment 

in AI capabilities (Damioli et al., 2023; Babina et al., 2024). 
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Empirical studies also reveal a negative relationship between firm age and AI adoption: 

younger firms are more likely to deploy AI than their older counterparts. This pattern holds 

across multiple OECD economies (Calvino & Fontanelli, 2022), in France (Calvino & 

Fontanelli, 2025), South Korea (Chang et al., 2025), and the United States (Acemoglu et al., 

2022). Such a trend aligns with the notion that younger firms face fewer legacy‐system 

constraints and lower reorganization costs when reallocating staff and automating tasks. 

Supporting this trend, recent U.S. evidence shows that firms most often undertake four key 

organizational adjustments when integrating AI: reskilling existing employees, developing 

new workflows, acquiring cloud and data-storage services, and overhauling data-management 

practices (Bonney et al., 2024). OECD reports show that startups are disproportionately likely 

to experiment with AI (Calvino & Fontanelli, 2023). In the context of AI startup firms, 

Bessen et al. (2022) find that the use of proprietary data in the development of algorithms is a 

key component for their business and for capturing venture capital funds.  

AI adoption by firms also depends critically on a firm’s digital infrastructure and 

complementary technological assets and ICT skills. Firms rarely adopt AI in isolation; 

instead, AI is layered on top of existing digital capabilities. Empirical studies find that AI use 

is strongly linked to the presence of complementary digital technologies and processes within 

the firm (Calvino & Fontanelli, 2025; Pulito et al., 2026; Lo Turco and Sterlacchini, 2026). 

European companies that innovated in AI between 1995 and 2016 benefited from 

complementarities with specialized knowledge in network and communication technologies, 

as well as in high-speed computing and data analysis (Igna & Venturini, 2023). Similar 

results are found for Korean firms (Song et al. 2026). In practice, companies adopting AI 

almost invariably use tools like cloud computing, big data analytics, enterprise software, and 

automation hardware. For example, U.S. data shows that AI use primarily appeared in firms 

that already had a high reliance on digital information systems and cloud computing 

(McElheran et al., 2024). Consistently, cross-country analyses show that firms with greater 

intangible capital, like software tools, databases, and digital know-how, have a higher 

probability of using AI (Calvino & Fontanelli, 2023). For SMEs, a high perceived risk and a 

lack of trust associated with AI technology can act as a barrier to AI adoption (Ledesma 

Chaves et a. 2026). 

The literature also distinguishes between firms that purchase AI systems and those that 

develop AI technologies in‐house. AI developers are typically venture‐backed start-ups or 

R&D‐intensive incumbents (Bessen et al., 2022; Damioli et al., 2021). In contrast, AI buyers, 
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ranging from large enterprises to SMEs with existing digital infrastructures, focus on 

integrating off-the-shelf or API-based AI solutions into their workflows (McKinsey, 2025). 

Recent evidence indicates that growth volatility among French firms is concentrated among 

AI buyers, a tendency that may be reduced by increasing the share of ICT engineers and 

technicians in their workforces (Fontanelli et al., 2025). Over the last years, as presented in 

Figure 4, the share of German AI buyers increased from 60% in 2019 to 81% in 2025, while 

the share of German AI developers among AI users dropped from 16% to 6%, reflecting the 

rapid diffusion of AI technologies among firms with no in-house AI development activity. 

Figure 4: AI using firms in Germany by who developed the AI technology used 

 
Source: German CIS, own calculation. 

Other factors also appear to influence a firm’s decision to adopt AI. For example, German 

data show that firms facing unfilled high-skill vacancies are not only more likely to adopt AI 

but also to deploy it extensively across their operations (Carioli et al., 2024). Companies on 

the technological frontier, those that invest heavily in research or develop new products, are 

likewise more prone to implement AI solutions (Rammer, 2024). In the U.S., young firms that 

recently introduced product or process innovations have proven far more likely to use AI than 

those without recent innovations (McElheran et al., 2024). 

4. Determinants of AI adoption in German firms 

We use detailed data from the German Innovation Survey to analyse a set of determinants that 

may drive AI adoption, covering the most recent time period (2019 to 2025). 2 Table 1 

presents the probability of various AI outcomes as a function of firm characteristics 

(measured in the previous period). Consistent with the evidence surveyed above, larger firms 

 

2 See the Appendix for a description of the sample and the variables used in the analysis. 
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are significantly more likely to adopt AI (with a marginal effect of 0.031). Similarly, R&D 

intensity, whether continuous or occasional, emerges as one of the strongest predictors of AI 

adoption (with effects of 0.152 and 0.110, respectively). Younger firms are also more likely to 

adopt AI (negative coefficient on age), consistent with the notion that these firms may face 

fewer organizational rigidities and legacy constraints. Moreover, firms located in peripheral 

regions are less likely to adopt AI. The only significant strategy determinant for adopting AI 

is related to the offering of new products by firms. In terms of competition factors, short 

product life cycle, rapid technological change, and threats from market entry all significantly 

correlate with the decision of firms to adopt AI. Industry effects further reinforce known 

sectoral patterns: adoption is highest in IT services, financial services, and consulting 

services.  

In Table 2, we examine the differences between the adoption of general AI technologies and 

generative AI (GenAI). While the determinants of both types of adoption overlap in several 

respects, the regression results reveal distinctive patterns associated with GenAI. In 

particular, GenAI adoption is significantly more likely among younger, larger, and highly 

skilled firms, with especially strong associations with the share of graduates, R&D intensity, 

and innovation activity. Exporting firms also show a higher likelihood of adopting GenAI. 

Although broad sectoral patterns are similar, firms that adopt only GenAI appear to operate in 

competitive environments that are less shaped by rapid technological change but more 

frequently affected by market uncertainty. 
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Table 1: Determinants of AI adoption in firms in Germany (2019-2025): results of probit 
regressions (marginal effects) 

Determinants 
(all measured in t-1) 

AI 
adoption 

AI 
mainly 

deve-
loped in-

house 

AI 
mainly 

deve-
loped by 

others 

AI 
develo-

ped both 
in-house 

and by 
others 

Early AI 
adopters 
(before 

2015) 

Middle 
AI 

adopters 
(2015-
2019) 

Late AI 
adopters 
(2020 or 

later) 

Age (years, log) -0.008*** -0.001 -0.004 -0.000 0.002* -0.003** -0.001 
Size (FTE, log) 0.031*** 0.002*** 0.012*** 0.005*** 0.003*** 0.007*** 0.005*** 
R&D, continuous 0.152*** 0.019*** 0.056*** 0.032*** 0.022*** 0.040*** 0.030*** 
R&D, occasional 0.110*** 0.019*** 0.063*** 0.013*** 0.010** 0.031*** 0.030*** 
Innovative, no R&D 0.061*** 0.002 0.051*** 0.006** 0.004* 0.018*** 0.017*** 
Credit rating -0.005 -0.001* -0.002 -0.002 0.001 -0.001 -0.004*** 
Share of graduates 0.079*** 0.008*** 0.013* 0.014*** 0.008*** 0.012*** 0.013*** 
Part of group 0.009** 0.002* 0.007 -0.001 -0.001 0.002 0.002 
Export activity 0.015*** 0.001 0.010*** 0.002 0.002 0.001 0.003** 
Product diversity 0.029*** -0.001 0.029*** -0.002 0.000 0.003 0.008*** 
Location: periphery -0.014*** -0.002** -0.008** -0.004*** -0.002 -0.003* -0.003** 
Strategy               
New product offerings 0.027*** 0.002** 0.011*** 0.005*** -0.001 0.006*** 0.005*** 
Price leadership -0.009 0.001 -0.004 -0.001 0.005 -0.007*** -0.002 
Quality leadership -0.001 0.000 -0.004 0.000 0.000 -0.002 -0.002 
Niche products 0.001 -0.000 0.004 0.001 -0.000 0.001 0.002 
Standardised products 0.013 0.003 0.005 -0.001 0.001 -0.002 0.005 
Customer-spec. solut. 0.003 -0.002* 0.003 -0.001 -0.003** 0.002 0.001 
Competitive situation               
Short product life cycles 0.022** 0.001 0.008 0.001 0.001 0.004 0.001 
Rapid technol. change 0.017** 0.004 -0.002 0.003 0.004 0.001 0.002 
Easy substitution -0.004 -0.000 0.013** -0.002 -0.003* 0.002 0.004** 
Threat by market entries 0.027*** 0.001 0.010 0.005 0.005 0.004 0.003 
High market uncertainty -0.003 0.000 0.007 0.001 -0.000 0.002 0.003 
Threat by foreign comp. 0.004 0.002 -0.009* 0.001 0.004 0.001 -0.003 
High price elast. dem. -0.001 -0.001 0.000 -0.000 -0.001 -0.003 -0.000 
Industry (ref.: metals)               
Consumer products 0.009 0.001 0.008 0.001 -0.002 -0.006 0.010* 
Non-metal materials  -0.008 -0.003** 0.008 -0.002 -0.005** 0.007 -0.001 
Chemistry/pharmaceut. -0.006 -0.001 -0.006 0.002 -0.001 0.002 -0.001 
Electronics, electr. eq.  0.047*** 0.011* 0.004 0.008 0.004 0.013* 0.010 
Machinery, vehicles  0.018* -0.000 0.003 0.008 -0.004 0.004 0.007 
Utilities, waste manag.  0.027** -0.001 0.004 0.010 -0.003 0.011 0.004 
Construction, trade  0.037*** 0.000 0.003 -0.000 -0.005* 0.004 0.008 
Transport 0.013 0.004 0.007 -0.003 0.000 0.004 0.003 
Media services 0.120*** 0.002 0.072*** 0.014 0.014* 0.010 0.037*** 
IC services  0.186*** 0.024** 0.039** 0.041*** 0.013 0.053*** 0.043*** 
Financial/consult. serv. 0.233*** 0.009 0.166*** 0.018** 0.019** 0.068*** 0.066*** 
Technical/R&D services  0.060*** 0.005 0.032** 0.008 0.004 0.013* 0.013** 
Other industries  0.025** -0.003 0.010 0.009 0.001 0.001 0.007 
# observations 32,238 14,647 14,663 14,647 14,574 14,590 14,574 

***, **, *: statistically significant at p<0.01, p<0.05, p<0.1 
Source: German CIS, own calculations 
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Table 2: Determinants of AI adoption and the use of generative AI in firms in Germany 2025: 
results of probit regressions (marginal effects) 

Determinants AI adoption Use of 
generative AI 

only AI 
adoption  

only 
generative AI 

AI adoption 
& generative 

AI 
Age (years, log) -0.010 -0.033*** 0.009** -0.009 -0.020** 
Size (FTE, log) 0.057*** 0.072*** 0.003 0.010*** 0.049*** 
R&D, continuous 0.343*** 0.345*** 0.036*** 0.054*** 0.313*** 
R&D, occasional 0.319*** 0.308*** 0.053*** 0.067*** 0.280*** 
Innovative, no R&D 0.218*** 0.225*** 0.040*** 0.060*** 0.183*** 
Credit rating -0.027* -0.039** -0.002 -0.008 -0.024* 
Share of graduates 0.190*** 0.281*** -0.021* 0.036** 0.194*** 
Part of group 0.052*** 0.068*** -0.000 0.011 0.049*** 
Export activity 0.016 0.058*** 0.001 0.034*** 0.017 
Product diversity 0.069** 0.094*** -0.004 0.012 0.070*** 
Location: periphery -0.044*** -0.051*** -0.009 -0.016* -0.031** 
Strategy           
New product offerings 0.045*** 0.040** 0.005 -0.001 0.037*** 
Price leadership -0.018 0.004 -0.014* 0.004 0.000 
Quality leadership -0.001 -0.001 -0.002 -0.004 0.002 
Niche products 0.012 0.028 -0.008 0.004 0.019 
Standardised products 0.014 0.012 0.016 0.011 -0.007 
Customer-spec. solut. 0.010 0.016 -0.005 -0.002 0.015 
Competitive situation           
Short product life cycles 0.012 0.016 0.005 0.002 0.004 
Rapid technol. change 0.019 -0.053 0.023 -0.033** -0.009 
Easy substitution 0.021 0.037* -0.002 0.010 0.025 
Threat by market entries 0.020 0.036 -0.002 0.009 0.020 
High market uncertainty 0.026 0.038* 0.012 0.021* 0.009 
Threat by foreign comp. -0.004 0.002 -0.014* -0.013 0.012 
High price elast. dem. 0.002 -0.013 0.006 -0.004 -0.004 
Industry (ref.: metals)           
Consumer products 0.101** 0.089** 0.017 0.012 0.076* 
Non-metal materials  0.041 0.023 -0.004 -0.012 0.044 
Chemistry/pharmaceut. -0.004 -0.018 -0.002 -0.006 0.001 
Electronics, electr. equ.  0.103** 0.082* 0.019 0.002 0.084** 
Machinery, vehicles  0.049 0.035 0.004 -0.002 0.045 
Utilities, waste manag.  -0.000 -0.048 0.020 -0.017 -0.042 
Construction, trade  0.143*** 0.108** 0.013 -0.008 0.122*** 
Transport 0.039 0.027 -0.000 -0.011 0.034 
Media services 0.342*** 0.214*** 0.044 -0.045** 0.295*** 
IC services  0.392*** 0.382*** 0.022 0.007 0.361*** 
Financial/consult. serv. 0.431*** 0.376*** 0.035 -0.005 0.397*** 
Technical/R&D services  0.112** 0.076* 0.014 -0.006 0.098** 
Other industries  0.132*** 0.112** 0.001 -0.008 0.131*** 
# observations 4,972 4,972 4,972 4,972 4,972 
# AI users 1,439 1,726 229 516 1,210 

***, **, *: statistically significant at p<0.01, p<0.05, p<0.1 
Source: German CIS, own calculations 
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5. Productivity effects of adopting AI 

Empirical evidence from a variety of countries, firms, and productivity metrics suggests that 

AI adoption is positively associated with firm‐level productivity gains. Before the recent 

surge in generative AI applications, studies have exploited establishment‐level surveys, job‐

vacancy and resume data, and AI‐patent filings to estimate the productivity impact of AI-

related investments. A key caveat, however, is that adopters often differ systematically from 

non‐adopters, complicating causal inference. With the advent and public release of generative 

AI tools, such as ChatGPT, Claude, and GitHub Copilot, new empirical work has shifted to 

measuring the effects of AI use on individual worker productivity. These studies leverage 

experimental or quasi‐experimental variation in task execution to identify causal effects, 

yielding precise estimates for specific activities but limiting generalizability beyond those 

narrow contexts or tasks. 

Babina et al. (2024) exploit U.S. vacancy data from 2007 to 2018 to show that firms’ AI 

investments are positively linked to subsequent growth and valuation: a one-standard-

deviation increase in the share of AI‐skilled employees corresponds to 18–22% higher sales, 

employment, and market value. The authors attribute these gains to both product and process 

innovations, which in turn lower operating costs and drive firm expansion. Using an 

establishment‐level AI‐exposure index derived from occupational data, Acemoglu et al. 

(2022) find that AI systems deployed between 2007 and 2010–2018 functioned primarily as 

task replacers, yielding more modest productivity improvements. Complementing these 

findings, several studies report an AI‐skill wage premium: workers with AI competencies 

earn higher wages, consistent with the productivity gains associated with these skills 

(Alekseeva et al., 2021; Bone et al., 2024). 

Firm‐level analyses of AI patenting further corroborate the positive productivity effects of AI 

adoption. Damioli et al. (2021) examine a global sample of companies that filed AI‐related 

patents between 2000 and 2016 and find that each additional AI patent application is 

associated with higher revenue per employee. In the United States, Alderucci et al. (2020) 

report that firms with AI patents exhibit greater output per worker than non‐patentees. Using 

European patent data from 2009 to 2014, Benassi et al. (2022) show that a larger stock of 

“Fourth Industrial Revolution” patents (including AI) correlates with higher firm‐level 

productivity. More recently, da Silva Marioni et al. (2024) exploit variation in AI patenting 

success across France, Germany, Italy, and the U.K. between 2011 and 2019 to estimate 
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productivity gains attributable to AI. Depending on the model specification, they report 

productivity effects ranging from 2.1 to 17%.  

The final group of analyses draws on firm‐level survey data to assess AI’s productivity 

impacts without experimental variation. For instance, Calvino & Fontanelli (2022) examine 

OECD firms from 2016 to 2021 and find that AI‐using companies exhibit 4–15 percent 

higher labor productivity, measured as turnover per employee, although this association 

attenuates once other ICT investments are controlled for. Similarly, Czarnitzki et al. (2023) 

employ an instrumental‐variable approach on 2018 German survey data to demonstrate that 

AI adoption boosts both sales and value‐added, a finding corroborated by Licht & Wohlrabe 

(2024) in their subsequent German study. Calvino & Fontanelli (2025) analyze 2019 French 

establishments and report that productivity gains occur primarily among firms developing 

new AI technologies in-house. In contrast, Acemoglu et al. (2022) use the 2019 U.S. Annual 

Business Survey, which captures multiple advanced technologies, and find no significant link 

between AI adoption and labor productivity, noting that this null result may reflect either a 

lag in realizing AI’s benefits or measurement confounding from concurrent technology 

uptake (e.g., cloud computing). A recent paper by Aldasoro et al. (2026) uses data from the 

European Investment Bank Investment Survey to analyse productivity and employment in 

European firms. It finds a 4 percent higher labor productivity for firms adopting AI, but no 

effects on employment, suggesting capital deepening as the key mechanism for productivity 

gains. Across these non‐experimental studies, the evidence consistently points to larger firms 

capturing greater productivity gains from AI, in line with the resource‐buffer hypothesis 

outlined earlier.3  

Following the recent surge in generative AI, several studies have used experimental or quasi-

experimental designs to quantify its impact on employee task performance. In a controlled 

trial, Peng et al. (2023) find that software developers granted access to GitHub Copilot 

completed tasks 56% faster than a control group. Cui et al. (2025) show similar findings in 

field experiments with professional programmers. In an online experiment, Noy and Zhang 

(2023) randomly assigned participants to use ChatGPT for mid-level professional writing 

tasks and observed significant improvements in both completion time and output quality. 

 

3 Empirical evidence from studies of advanced digital technologies related to AI, such as the Internet of Things, 
advanced robotics, and cloud computing, suggests similar productivity effects on firm performance across 
countries (Behrens & Trunschke, 2020; DeStefano et al., 2025; Nucci et al., 2023). 
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Brynjolfsson et al. (2025) exploit variation in tasks performed by customer-support agents 

and report a 15% productivity boost, along with enhanced worker learning and job 

satisfaction, when AI assistance is available. Dell’Acqua et al. (2025) show that consultants 

randomly given access to GPT-4 produce higher-quality deliverables and work more 

efficiently. Notably, these studies consistently find that lower-skill workers account for a 

large share of productivity gains from generative AI. However, because the evidence is task-

specific, translating these results into firm-level productivity estimates remains challenging.4 

6. Conclusion 

The evidence reviewed in this chapter highlights the rapid diffusion of artificial intelligence 

(AI) across firms, with adoption patterns shaped by a combination of technological 

capabilities, organizational characteristics, and sector-specific dynamics. While core enablers 

such as firm size, R&D intensity, and workforce skills consistently increase the likelihood of 

AI adoption, important heterogeneity emerges across different adoption strategies and 

technologies. Firms developing AI in-house, adopting early, or implementing generative AI 

tend to be larger, younger, and more innovation-intensive than their peers. At the same time, 

the broader availability of off-the-shelf AI tools has expanded access to a wider range of 

firms, supporting the continued diffusion of AI technologies. Productivity estimates from 

both firm-level and task-based experimental studies point to meaningful gains from AI use, 

particularly among firms with strong absorptive capacity or among lower-skill workers 

assisted by generative AI. Taken together, this outlook highlights that AI adoption is not only 

accelerating but also becoming more diverse in its drivers, uses, and potential impacts across 

firms and sectors.  
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APPENDIX 

Sample Description 

The empirical analysis presented in Figures 1 to 3 and Tables 1 and 2 use data from the 

German Innovation Survey. This survey is part of the European Commission’s Community 

Innovation Survey (CIS). Differently to most other national CIS, the German CIS is 

conducted annually and based on a panel sample (called Mannheim Innovation Panel – MIP). 

In addition, the German CIS deviates from the standard CIS by including questions that are 

not part of the CIS questionnaire. Among these additional questions is one on the use of AI, 

which was first introduced in the survey conducted in 2019 and which has been included 

since then in every second survey year (2021, 2023, 2025). The question collects data on the 

use of AI by type of AI method and application area. In 2019, 2023 and 2025, data on who 

developed the AI methods used by the firm and the year when the firm used AI for the first 

time were included. In 2025, an additional question asked on the use of generative AI tools. 

Figure A1 shows the AI question of the German Innovation Survey 2025. 

Figure A1: AI question in the German Innovation Survey 2025 

 

The panel sample of the German CIS rests on a stratified random sample which is updated 
every second year in order to compensate for panel mortality. More details on the survey 
methodology, response rates and other survey features can be found in Peters and Rammer 
(2023).  
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For the analysis in this paper, data from the four survey waves 2019, 2021, 2023 and 2025 
were used, producing a total number of 33,544 firm x year observations with full information 
on all variables used in the model estimations. On average, 14.5% of these firms used AI. The 
share was below 10% in the 2019 wave and increased to more than 30% in the 2025 wave. 

For the results shown in Figures 1 to 3, survey data were weighted to represent the total target 
population of the German CIS, which covers firms with 5 or more employed persons in 
mining, manufacturing, utilities, waste management, wholesale trade, transportation, 
information and communication services, financial services, professional services and other 
business services. Weighting takes into account a likely response bias between responding 
and non-responding firms with respect to innovation activities, exploiting information 
collected through a non-response survey (see Peters and Rammer, 2023 for more details). 

The definition of all model variables along with descriptive statistics is provided in Table A1. 

 



Table A1: Descriptive statistics for model variables of AI adoption by firms in Germany 

Variable Definition # obs. Mean Std.D. Min Max 
AI adoption 1 if firm uses AI technologies in products or processes, 0 otherwise 33,544 0.145 0.352 0 1 
AI mainly in-house 1 if AI technologies used by the firm were mainly developed in-house, 0 otherwise 15,984 0.019 0.137 0 1 
AI mainly by others 1 if AI technologies used by the firm were mainly developed by other, 0 otherwise 15,984 0.094 0.292 0 1 
AI in-house & by others 1 if AI technologies used by the firm were developed both in-house and by others, 0 otherwise 15,984 0.032 0.175 0 1 
Early AI adopters  1 if firm used AI for the first time prior to the year 2015, 0 otherwise 15,930 0.017 0.129 0 1 
Middle AI adopters  1 if firm used AI for the first time prior between 2015 and 2019, 0 otherwise 15,930 0.033 0.178 0 1 
Late AI adopters  1 if firm used AI for the first time in the year 2020 or later, 0 otherwise 15,930 0.087 0.282 0 1 
Use of generative AI 1 if firm uses generative AI in 2025, 0 otherwise 7,615 0.368 0.482 0 1 
only AI adoption  1 if firm uses AI technologies in products or processes in 2025, but no generative AI, 0 otherwise 7,615 0.045 0.207 0 1 
only generative AI 1 if firm uses generative AI in 2025, but not AI technologies in products or processes, 0 otherwise 7,615 0.110 0.312 0 1 
AI adoption & gen. AI 1 if firm uses both generative AI and AI technologies in products or processes in 2025, 0 otherwise 7,615 0.258 0.438 0 1 
Age (years, log) Logarithm of the number of years since the firm was founded 33,544 3.244 0.756 -0.693 6.816 
Size (FTE, log) Logarithm of the number of employed persons measured in full-time equivalents 33,544 3.199 1.626 -0.693 11.985 
R&D, continuous 1 if firm conducts in-house R&D on a continuous basis, 0 otherwise 33,544 0.230 0.421 0 1 
R&D, occasional 1 if firm conducts in-house R&D occasionally, 0 otherwise 33,544 0.117 0.321 0 1 
Innovative, no R&D 1 if firm conducts innovation activities, but no in-house R&D, 0 otherwise 33,544 0.280 0.449 0 1 
Credit rating Credit rating of the firm by the credit rating agency Creditreform (5=best, 0=worst) 33,544 3.699 0.529 0 5 
Share of graduates Share of employed persons with a university degree  33,544 0.243 0.279 0 1 
Part of group 1 if firm is part of an enterprise group, 0 otherwise 33,544 0.292 0.455 0 1 
Export activity 1 if firm sells products to customers abroad, 0 otherwise 33,544 0.622 0.485 0 1 
Product diversity Share of sales generated by products that are not part of the firm’s main product line 33,544 0.229 0.230 0 1 
Location: periphery 1 if firm is located in a peripheral region (according to the BBSR classification), 0 otherwise 33,544 0.300 0.458 0 1 

New product offerings 1 if offering entirely new products or improving existing products is a highly important competitive 
strategy of the firm, 0 otherwise 33,544 0.518 0.500 0 1 

Price leadership 1 if offering low-price products is a highly important competitive strategy of the firm, 0 otherwise 33,544 0.096 0.295 0 1 

Quality leadership 1 if offering a high product quality is a highly important competitive strategy of the firm, 0 
otherwise 33,544 0.623 0.485 0 1 
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Niche products 
1 if offering a small number of key products is a highly important competitive strategy of the firm 
(while offering a broad range of products is not a highly important competitive strategy), 0 
otherwise 

33,544 0.067 0.249 0 1 

Standardised products 1 if offering standardised products is a highly important competitive strategy of the firm (while 
offering customer-specific solutions is not a highly important competitive strategy), 0 otherwise 33,544 0.038 0.191 0 1 

Customer-spec. solut. 1 if offering customer-specific solutions is a highly important competitive strategy of the firm 
(while offering standardised products is not a highly important competitive strategy), 0 otherwise 33,544 0.345 0.475 0 1 

Short product life cycles 1 if the firm’s market is characterised by products becoming outdated quickly, 0 otherwise 33,544 0.040 0.195 0 1 
Rapid technol. change 1 if technology development in the firm’s market is difficult to predict, 0 otherwise 33,544 0.047 0.211 0 1 
Easy substitution 1 if the firm’s products can easily be substituted by products of competitors, 0 otherwise 33,544 0.170 0.375 0 1 
Threat by market entries 1 if the firm’s market position is threatened by entry of new competitors, 0 otherwise 33,544 0.105 0.307 0 1 
High market uncertainty 1 if competitor actions or demand development is difficult to predict, 0 otherwise 33,544 0.202 0.401 0 1 
Threat by foreign comp. 1 if there is strong competition from abroad in the firm’s market, 0 otherwise 33,544 0.130 0.336 0 1 
High price elast. dem. 1 if price increases lead to immediate loss of clients, 0 otherwise 33,544 0.124 0.329 0 1 
Consumer products 1 if the firm’s industry is manufacture of consumer products, 0 otherwise 33,544 0.089 0.285 0 1 
Non-metal materials  1 if the firm’s industry is manufacture of consumer products, 0 otherwise 33,544 0.058 0.234 0 1 
Metals 1 if the firm’s industry is manufacture of metals, 0 otherwise 33,544 0.052 0.223 0 1 
Chemistry/pharmaceut. 1 if the firm’s industry is manufacture of chemicals and pharmaceuticals, 0 otherwise 33,544 0.060 0.238 0 1 
Electronics, electr. eq.  1 if the firm’s industry is manufacture of electronics and electrical equipment, 0 otherwise 33,544 0.091 0.288 0 1 
Machinery, vehicles  1 if the firm’s industry is manufacture of machinery and vehicles, 0 otherwise 33,544 0.078 0.268 0 1 
Utilities, waste manag.  1 if the firm’s industry is energy and water supply, waste management or mining, 0 otherwise 33,544 0.081 0.272 0 1 
Construction, trade  1 if the firm’s industry is construction or trade, 0 otherwise 33,544 0.064 0.244 0 1 
Transport 1 if the firm’s industry is transportation services, 0 otherwise 33,544 0.043 0.202 0 1 
Media services 1 if the firm’s industry is media services, 0 otherwise 33,544 0.046 0.209 0 1 
IC services  1 if the firm’s industry is information and communication services, 0 otherwise 33,544 0.097 0.296 0 1 
Financial/consult. serv. 1 if the firm’s industry is financial or consulting services, 0 otherwise 33,544 0.100 0.300 0 1 
Technical/R&D services  1 if the firm’s industry is technical or R&D services, 0 otherwise 33,544 0.069 0.253 0 1 
Other industries  1 if the firm operates in any other industry, 0 otherwise 33,544 0.075 0.263 0 1 

 



 




